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1. Introduction

Uncertainty-aware machine learning-based
prediction of plasma parameters in a microwave
atmospheric pressure plasma jet

Suryasunil Rath,? Priyabrata Das,” Pulak Mohan Pandey® and Satyananda Kar (2 *2

Microwave atmospheric pressure plasma jets (MW-APPJs) exhibit significant potential for diverse
applications, i.e., hydrogen production, CO, dissociation, water treatment, material processing and waste
treatment due to their stable operation at atmospheric pressure and generation of highly tunable reactive
species. For effective utilization of MW-APPJs, a detailed understanding of the operational conditions that
influence plasma parameters is essential. The present work proposes an uncertainty-aware, multi-output,
interpretable supervised machine learning (ML) framework to predict eight plasma parameters, viz. electron
excitation temperature (Te,o), electron number density (ne), four reactive species (OH, Ny, H, and O), gas
temperature (T), and plume length. A dataset comprising 441 experimental runs was generated by varying
the input powers (700-1000 W), sliding short positions (0.95-1.0544/2) and argon flow rate (5-15 lpm). Six
regression models, namely k-nearest neighbours (KNN), extra trees (ET), random forest (RF), artificial neural
networks (ANN), gradient boosting (GB), and extreme gradient boosting (XGB), were optimized using Baye-
sian hyperparameter tuning and evaluated using both accuracy and reliability metrics. While XGB achieved
competitive pointwise accuracy, the optimized GB model emerged as the most balanced performer when
predictive accuracy, calibration behaviour, and uncertainty reliability were jointly considered. On a held-out
test set, the GB model achieved mean absolute percentage errors below 3% and R? values exceeding
0.97 across all plasma parameters. Bootstrap-based uncertainty quantification demonstrated near-nominal
90% prediction interval coverage with comparatively narrow uncertainty bounds, and calibration analysis
confirmed statistically consistent uncertainty estimates. Experimental validation using 30 independent
plasma operating conditions, separated into interpolated and extrapolated regimes, further confirmed
robust generalization, with increased epistemic uncertainty appropriately accompanying extrapolative pre-
dictions. SHapley Additive exPlanations (SHAP) based interpretability analysis identified microwave power as
the dominant controlling feature for most plasma parameters, while gas flow rate governed the intensity of
OH emission. Overall, this uncertainty-aware ML framework provides a reliable foundation for data-driven
plasma diagnostics and future optimization of MW-APPJ-based processes.

tunable reactivity, and strong coupling to electromagnetic
fields, render plasmas indispensable in fields ranging from

Plasma, often referred to as the fourth state of matter, is an
ionized gas consisting of electrons, ions, neutral particles, and
excited species. This state arises when external energy input
exceeds the ionization potential of a neutral gas, which leads to
the ionization of atoms or molecules. Unlike solids, liquids, or
gases, plasma exhibits collective behaviour due to the presence
of charged particles that respond to electromagnetic fields.
These unique properties, including high electrical conductivity,
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applications across diverse scientific and industrial domains.
Atmospheric pressure plasma jets (APPJs) provide significant
advantages, such as the elimination of vacuum systems, thereby
reducing operational expenses and providing better control over
plasma-chemical reactions."™ Furthermore, their open-air
configuration permits precise spatial and temporal control over
reactive species generation, enabling tailored plasma-chemical
processes for applications in hydrogen production,>® CO,
dissociation,” surface engineering,® food processing,’ biomedi-
cal treatments,'®"" and environmental remediation.'*>"* Micro-
wave atmospheric pressure plasma jets (MW-APP]s) represent a
distinct subclass of APPJ systems, characterized by their utiliza-
tion of high-frequency (commonly 915 MHz and 2.45 GHz) EM
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waves for plasma generation in both continuous and pulsed
modes."*"> A key feature of MW-APP]Js is the excitation of surface
waves at the plasma dielectric interface, which significantly
enhances discharge stability and efficient power coupling.'®™
Various microwave coupling configurations have been developed
for plasma generation, with waveguide-based geometries being
particularly effective due to their high power (kW) handling
capabilities with lower losses. These systems offer significant
advantages over electrode-based designs, including the elimina-
tion of electrode erosion and plasma contamination through
electrodeless operation. Among various waveguide configura-
tions, the surfaguide geometry is preferable due to its tapered
applicator section, which facilitates localized electric field inten-
sification, thereby promoting efficient plasma generation. This
combination of features enables robust plasma operation across
wide parameter ranges.*>>*

The plasma parameters, viz., electron excitation temperature
(Texc), electron number density (n.), emission intensities of
reactive species, gas temperature (7y), and plume length, are
crucial for understanding the discharge stability, optimizing
the performance for applications, chemical reactions, and the
spatial propagation dynamics of the plasma jet.**> The varia-
tion of input parameters significantly influences the output
plasma characteristics. The power applied to generate plasma
is usually in the form of an electric field or electromagnetic
radiation, such as microwaves. The energy transferred to the
gas excites the seed electrons, causing them to accelerate and
collide with neutral particles, which results in ionization. When
microwave power is increased at fixed gas flow rates and sliding
short positions (for reducing reflected power), the enhanced
energy input per neutral particle leads to greater electron
impact ionization and excitation rates. As a result, an incre-
ment in the key plasma parameters, including the Tec, 7,
emission intensities of reactive species, Ty, and plume length,
is observed. In contrast, gas flow rate variation at fixed power
and sliding short position exhibits a non-monotonic effect.
Since gas flow determines the neutral particle density available
for the generation of plasma, resulting in higher plasma para-
meters until an optimum flow rate is reached. Beyond this
point, the gas flow increases, diluting the energy per particle
and reducing ionisation due to insufficient power density. In
both cases, lower and higher flow rates signify lower power
coupling efficiency. For that, optimal operations are needed for
specific operations. Meanwhile, the sliding short position
critically governs microwave power coupling efficiency, control-
ling the reflection coefficient.

Recent studies have demonstrated the efficacy of machine
learning (ML) algorithms in predicting the plasma parameters
and optimizing plasma-based processes.>*”>° The investigation
conducted by Bakhtiyari et al.*® demonstrated the efficacy of
machine learning approaches, specifically artificial neural net-
works (ANN) and adaptive neuro-fuzzy inference systems
(ANFIS), in predicting spatiotemporal variations of plasma
temperature and electron density in cadmium laser-induced
plasmas (LIP). This prediction highlights the capability of data-
driven models to handle the temporal and transient behaviour
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characteristic of laser-produced plasmas. Furthermore, Suresh
et al.®" integrated random forest regression (RFR) and gradient
boosting regression (GBR) algorithms with a collisional radiative
(CR) model to estimate electron temperature and density in
gallium laser-produced plasmas. Their comprehensive validation
demonstrated remarkable consistency of electron temperature
with three diagnostic methods: the OES-CR model (0.67 eV), ML
(RFR-0.66 €V, GBR-0.67 €V), and line ratio methods (0.67 eV). The
use of ML in the domain of plasma catalysis was reported by Li
et al.,*> who have used ANN and reinforcement learning (RL)
algorithms for both prediction and optimization of plasma-based
conversion of CO, and CH,, particularly aiming to increase the
methanol production. The same research group later applied
supervised learning and RL models to optimize plasma-catalytic
dry reforming of methane (DRM) over Ni/Al,O; catalysts in a
dielectric barrier discharge (DBD) reactor.*>® They identified the
optimal conditions (60 W power, 9.5 wt% Ni/Al,O3, 74 mL min ™"
flow rate) that achieved 36% conversion at 34 eV per molecule
energy cost. Bong et al,** developed a hybrid deep learning
framework combining convolutional autoencoder (CAE) feature
extraction with dense neural network (DNN) regression to quan-
titatively analyze plasma images. Their optimized model achieved
96% prediction accuracy for both gas flow rate (+3.08 slpm) and
process gas concentration (£300 ppm), demonstrating the viabi-
lity of computer vision techniques for non-invasive plasma
process monitoring. The study conducted by Witman et al.
implemented RL with sim-to-real transfer to control substrate
temperature during APPJ treatment. The RL agent, which was
trained on simulated plasma-substrate thermal dynamics, exhib-
ited robust temperature regulation across substrates with varying
thermal and electrical properties. Lin et al.*® applied physics-
informed neural networks (PINN) to predict species emission
intensities of reactive species, gas temperature, and electron
temperature in cold atmospheric plasma (CAP) jets and validated
with the literature.

Although recent studies have demonstrated the potential of
ML for plasma diagnostics, most existing approaches are limited
to a limited set of algorithms and a small number of predicted
parameters, often neglecting uncertainty and generalization beha-
viour. In atmospheric plasma systems, output parameters such as
Texes ey TeACEIVE SPecies, Ty, and plume length exhibit distinct and
often nonlinear dependencies on input conditions (power, gas
flow rates, and sliding short position). To address these limita-
tions and enable a comprehensive understanding of plasma
behaviour, this study introduces an uncertainty-aware, multi-
output machine learning framework capable of capturing
complex interdependencies across a broad input-output space.
The performance of six distinct ML algorithms i.e., k nearest
neighbour (KNN), extra tree (ET), random forest (RF), artificial
neural network (ANN), gradient boosting (GB) and extreme
gradient boosting (XGB) is evaluated for predicting eight key
plasma parameters viz. Tey, N, four reactive species, Ty, and
plume length from three different input features (power, gas
flow rates, position of sliding short) before and after hyperpara-
meter tuning. Beyond pointwise accuracy, model reliability is
assessed through bootstrap-based uncertainty quantification,
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calibration analysis, and experimental validation under both
interpolative and extrapolative operating regimes. Furthermore,
the interpretability of the best performing model is assessed
using SHapley additive exPlanations (SHAP) analysis to eluci-
date the relative influence of input parameters on individual
plasma characteristics.

2. Methodology for predictive
modelling
2.1 Feature space design and data collection

The dataset used in this study was prepared by varying three
features, namely power, Ar gas flow rates, and position of the
sliding short within the ranges of 700-1000 W, 5-15 lpm, and
0.95/4/2-1.05/4/2, respectively. The A, is the guided wavelength
of rectangular waveguides.’” The lower power limit of 700 W
was selected because plasma does not emerge below 500 W due
to shielding by the Faraday cage, which protects microwave
radiation. Although the power supply capacity extends to
3000 W, the upper limit of the 1000 W range was chosen as it
represents the optimal balance between energy efficiency and
practical application needs. This power window achieves T,
within 600-1000 K, which is sufficient for various applications,
including hydrogen production, CO, dissociation, water treat-
ment, material processing and waste treatment while avoiding
the excessive energy consumption and potential thermal equi-
librium associated with higher power operation. The above
power range, greater than 1000 W, is commonly used for
increasing the production rate, a higher rate of molecular
dissociation, and a higher volume for waste treatment
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purposes. The gas flows below 5 Ipm reduce electron-neutral
collisions, which limits the ionization efficiency, while flows
above 15 Ipm cause axial and radial contraction, which causes
dilution of reactive species and plasma parameters. The range
for sliding short positions was selected through impedance
matching optimization studies. These positions maintain mini-
mum reflected power and operating outside this range (parti-
cularly beyond (0.95-1.05)/4/2) causes significant microwave
reflection, drastically reducing power coupling efficiency. In
our experimental setup, the tunable sliding short was adjusted
to a value in millimeter scale, which indicates that the point
close to 87 mm is actually the 45/2 position, which is the value
of the guided wavelength for the WR340 rectangular waveguide.
This parameter space provides a foundational framework that is
both scientifically relevant for fundamental plasma studies and
ensures optimal plasma parameters, and chemical output for
targeted applications. The feature space is composed of 441
instances by varying the power at an interval of 50 W, Ar gas flow
rate at an interval of 0.5 Ipm and considering three different
values of sliding short position (0.9544/2, 44/2, 1.051,/2) as
depicted in Fig. 1(a).

The plasma was generated in a MW-APP] whose schematic is
shown in Fig. 1(b). The setup consists of a power supply, magne-
tron, isolator, triple stub tuner, surfaguide launcher, and sliding
short. The magnetron generates a 2.45 GHz frequency, taking
power from the power supply and passing through a rectangular
waveguide (WR340). By preventing microwave backflow from the
applicator, the isolator safeguards the microwave source, while the
triple stub tuner provides variable capacitive and inductive reac-
tance for optimal impedance matching. Next to the triple stub
tuner, a microwave applicator is connected, which is known as a
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Fig. 1 (a) Dataset detail and (b) schematics of the MW-APPJ experimental set-up.

5140 | Phys. Chem. Chem. Phys., 2026, 28, 5138-5160

This journal is © the Owner Societies 2026


https://doi.org/10.1039/d5cp04364f

Published on 28 January 2026. Downloaded on 5/5/2026 2:05:41 AM.

Paper

surfaguide launcher. The surfaguide launcher is a tapered rectan-
gular (WR340) waveguide section designed to concentrate power in
the applicator region, achieving significantly higher electric field
intensities compared to conventional waveguide configurations.
The launcher incorporates a centrally positioned, precision-
aligned quartz tube (OD: 10 mm, ID: 6 mm, length: 400 mm)
oriented for vertical gas flow (top to bottom configuration). High-
purity argon (99.9999%) serves as the working gas for plasma
generation. To ensure operational safety and prevent microwave
leakage, the assembly features bilateral metallic extensions form-
ing a Faraday cage enclosure. Adjacent to the surfaguide launcher,
the adjustable sliding short circuit facilitates secondary impedance
matching by reflecting unabsorbed microwave power. This enables
the formation of standing waves and enhances the power coupling
efficiencies for plasma initiation and maintenance.

The microwave power supply has a regulated 3 kW (max-
imum) power with 10 W resolution. The cooling system employs
a dual-mode configuration: (1) a water-cooling circuit delivering
flow rates of 6 lpm to the magnetron and power supply
components, and (2) a secondary 2 lpm water cooling loop for
the stub tuners and applicator, both maintained at 25 + 2 °C.
The applicator features additional thermal cooling through a
45 lpm compressed air swirl flow surrounding the quartz tube.
Initially, plasma was generated at a very low power, i.e.,, 10 W
only. Microwave leakage is quantified using a standard cali-
brated radiation meter (confirmed <5 mW cm™>, at 5 cm from
the leakage). Impedance matching is optimized via a triple stub
tuner and sliding short adjustment vie minimum reflected
power. Power is gradually increased to the operational threshold
(>500 W) for measurement outside the applicator. The char-
acterization is performed within the 700-1000 W range under
stabilized conditions. The plasma characterization was per-
formed using standard diagnostic techniques to quantify funda-
mental parameters. Optical emission spectroscopy (OES) served
as the diagnostic tool, enabling non-invasive determination of
the Tex through Boltzmann plot analysis of atomic emission
lines of Ar, n. via the line intensity ratio methods,*® and relative
emission intensities of reactive species through calibrated emis-
sion line intensities. The T, was acquired using a calibrated K-
type (200-1200 °C) thermocouple. Plasma plume length was
quantitatively assessed through direct imaging with a precision
measuring scale, establishing the visible discharge boundary
along the axial direction.

2.2 Machine learning models and hyperparameter tuning

The “standard scaler” module of scikit-learn was used to normal-
ize the input dataset prior to ML modelling. This step is important
for the diverse range and scale of input variables in the dataset.
Such scaling ensures that each feature contributes equally during
model training and prevents features with larger magnitudes from
dominating the learning process. We have employed six different
vanilla regression ML models, viz., k nearest neighbour (KNN),
extra tree (ET), random forest (RF), artificial neural network (ANN),
gradient boosting (GB) and extreme gradient boosting (XGB), for
the multi-target prediction task. The rationale behind using six
different models is associated with the “no free lunch theorem”*’
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which underscores the challenge of constructing a single general-
ized ML model for different domain prediction tasks. The selec-
tion of models encompasses a diverse set of learning algorithms
such as instance-based (KNN), neural network-based (ANN),
bagging-based ensembles (RF, ET) and boosting-based ensembles
(GB, XGB). This step aids in assessing the suitability of each model
for the proposed prediction task, i.e. plasma characteristic targets
(output). Furthermore, to improve the generalization capability of
the models and to avoid the models from memorizing instead of
learning, a five-fold cross-validation strategy was implemented.
The predictive performance and generalization capability of ML
models are strongly influenced by the choice of hyperparameters.
Therefore, to ensure a fair and unbiased comparison among
different learning algorithms, systematic hyperparameter optimi-
zation was carried out for all six regression models considered in
this study, namely KNN, ET, RF, ANN, GB, and XGB. This step was
essential to avoid performance bias arising from the use of default
(“vanilla”) model settings, particularly given the known sensitivity
of certain models (e.g., neural networks and boosting algorithms)
to hyperparameter selection.

Hyperparameter tuning was performed using Bayesian
optimization,*® implemented via the BayesSearchCV frame-
work. Compared to exhaustive grid search or random search
strategies, Bayesian optimization offers improved sample effi-
ciency by sequentially exploring the hyperparameter space
based on a probabilistic surrogate model. This approach is
especially well-suited for problems with limited datasets and
moderately high-dimensional search spaces, as is the case in
the present study. For each regression model, a compact yet
physically and statistically meaningful hyperparameter search
space was defined based on prior knowledge of model behavior
and best practices reported in the literature. The hyperpara-
meter space corresponding to each model can be seen from
Table 1. All regression models were implemented in a unified
multi-output learning framework, wherein a single model was
trained to simultaneously predict all eight plasma characteristics.
This strategy avoids training separate models for each target
variable, thereby preventing an unnecessary increase in model
complexity and hyperparameter dimensionality. By optimizing a
single shared set of hyperparameters per model architecture, the
proposed approach ensures consistency, reduces the risk of over-
fitting, and enables a fair comparison across different learning
algorithms. Moreover, the multi-output formulation preserves
interdependencies among plasma parameters and provides a
computationally efficient alternative to independent single-target
modeling.

KNN is a non-parametric, instance-based algorithm that
generates predictions by averaging the target values of the
“k” most similar training instances. A Minkowski distance
metric with the k value of five was used for the model training.
The locality-based decision-making approach offered by KNN is
effective for modelling nonlinear relationships between
features and targets. ANN is a universal function approximator
composed of layers (input, hidden and output) of intercon-
nected nodes (neurons) with non-linear activation functions.
The ANN model learns by minimizing the loss function, i.e.
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Table 1 Hyperparameter search space for different ML regression models

ML model Hyperparameter space

ET n_estimators: [100, 1000], max_depth: [3, 20], min_sample_split: [3, 20], min_sample_leaf: [3, 20], bootstrap: [‘True’, ‘False’],
criterion: [‘squared_error’, ‘absolute error’]

GB n_estimators: [50, 500], learning_rate: [0.01, 0.3], max_depth: [2, 10], min_sample_split: [2, 20], min_sample_leaf: [1, 10],
subsample: [0.6, 1], loss: [‘squared_error’, ‘absolute error’]

KNN n_neighbors: [4, 20], weights: [‘uniformy’, ‘distance’], distance function: [‘euclidean’, ‘manhattan’, ‘minkowski’], p: [3, 15]

MLP hidden_layer_sizes: [(20,), (30,), (40,), (50,), (20,10), (30,15), (40,20), (50,25)], activation: [‘relw’, ‘tanh’], solver: [‘adam’, ‘Ibfgs’],
alpha: [1 x 107% 1 x 10 2], learning_rate_init: [1 x 10™*, 1 x 10 ']

RF n_estimators: [50, 500], max_depth: [2, 20], min_sample_split: [2, 20], min_sample_leaf: [2, 20], criterion: [‘squared_error’,
‘absolute error’]

XGB n_estimators: [50, 500], learning_rate: [0.02, 0.3], max_depth: [3, 10], min_child_weight: [1, 10], subsample: [0.6, 1],

colsample_bytree: [0.6, 1]

mean squared error (MSE), via backpropagation and stochastic
gradient descent. The MSE loss (Lysg) for any kind of regres-
sion task is given in eqn (1).

Luse =23 [ F(X,0F o
i=1

where n is the number of datapoints, Y; is the actual value of the
target and F(X;,0) is the predicted value of the target for the input
feature X; and weight 0. Both RF and ET are ensemble learning
methods, which build multiple decision trees and aggregate their
predictions to make a single prediction. However, both models differ
in terms of the split criterion. Random forest constructs trees using
bootstrapped samples of the data and selects optimal feature splits
based on impurity reduction, thereby reducing variance. On the
other hand, ET selects split thresholds completely at random with-
out performing optimization of the loss function. RF ensures higher
predictive accuracy by optimizing the splits to minimize MSE while
ET sacrifices marginal precision for computational efficiency. GB
and XGB are advanced ensemble learning techniques, which itera-
tively combine the weak learners to correct residual errors. GB
operates by sequentially fitting decision trees to the negative gradi-
ents (pseudo-residuals) of MSE for regression.** The pseudo residual
for an instance ‘7 at the mth iteration (r;,,) is given in eqn (2), which
is the difference between the actual value and predicted value of
instance i at the (m — 1)th iteration. In the subsequent step, a new
tree, i.e. h,(X) is trained on residuals, and the model prediction has
been updated by using the following eqn (3).

Tim =Y — Frnq(X)) (2)
Fu(X) = Fpp1(X) + o-hyy(X) (3)

where F,,(X) and F,, 4(X) are the prediction of the mth iteration
and (m — 1)th iteration respectively, and o is the learning rate
used to prevent overfitting. This gradient descent approach
minimizes the loss function but lacks explicit regularization,
relying instead on shrinkage and subsampling for robustness.
XGB enhances the performance of GB by augmenting regular-
ization and second order optimization. The equation of the
regularized objective function (loss function) with L,/L, penal-
ties used in XGB is given by eqn (4).**

L= LV F) + 3 (BT +050w) (@
i=1

k=1
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where f and y are hyperparameters to control T (leaves) and w
(leaf weight), respectively, and £ is the loss function. XGB
incorporates a second-order Taylor expansion, incorporating
both gradients and Hessians for precise updates. Additionally,
XGB employs efficient split-finding algorithms using approxi-
mate quantile sketches and handles missing values natively
through sparsity-aware partitioning.

2.3 Evaluation metrics

As our study focuses on predicting continuous target vari-
ables, i.e., a regression task, multiple complementary evalua-
tion metrics were employed to assess the predictive accuracy
and generalization capability of the ML models. We have used
mean squared error (MSE), mean absolute percentage error
(MAPE) and coefficient of determination (R*) to evaluate
the performance of predictive ML models. The MSE metric
quantifies the average squared deviation between predicted
and actual values, thereby penalizing larger errors more
strongly. The mathematical expression for MSE is given in

eqn (5).

MSE:%X}?:(Y,-— vi)’ (5)

i=1

where n is the number of instances, Y; is the actual value of
target, ¥; is the predicted value of target, and (Y; — ;) is the
residual corresponding to the instance, i.

MAPE was used to provide a scale-independent measure of
prediction accuracy. MAPE expresses the prediction error as a
percentage of the true value, enabling direct comparison of
model performance across different plasma parameters with
varying magnitudes and physical units. The expression for
MAPE is given in eqn (6).

(Yi - 1)

MAPE (%) :%Z v

x 100 (6)

Furthermore, the R*> was employed to evaluate the propor-
tion of variance in the experimental data that is explained by
the model. R* provides an intuitive measure of goodness-of-fit,
with values closer to unity indicating stronger agreement
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between predictions and observations. The mathematical for-
mulation for R? is given in eqn (7).

(v, 1)’

M:

RP=1-" (7)

(Y- 1)

M}l

Where Y is the mean value of the observed target values.

2.4 Uncertainty quantification and model reliability
assessment

While conventional regression metrics such as MSE, MAPE and
R? provide a quantitative measure of predictive accuracy, they do
not capture the reliability or confidence associated with indivi-
dual predictions. For practical deployment of machine learning
(ML) models in plasma diagnostics and process monitoring, it is
essential to quantify the uncertainty associated with model
predictions, particularly when predictions are used to guide
experimental decisions or parameter selection. Therefore, in
addition to point prediction accuracy, a systematic uncertainty
quantification (UQ) and reliability assessment framework was
implemented for all optimized regression models. In this study,
epistemic uncertainty, arising from limited data availability and
model uncertainty, was quantified using a bootstrap ensemble
approach. Epistemic uncertainty is relevant for data-driven
plasma modeling, where experimental datasets are often sparse
and expensive to acquire. Bootstrap-based methods offer a
practical, model-agnostic approach to approximating predictive
uncertainty, eliminating the need for explicit probabilistic for-
mulations of the learning algorithm.

2.4.1 Bootstrap-based epistemic uncertainty estimation. For
each optimized ML model (KNN, ET, RF, ANN, GB, and XGB),
uncertainty estimation was performed by constructing an ensem-
ble of models through bootstrap resampling of the training
dataset. Specifically, multiple bootstrap datasets (B = 50) were
generated by sampling the original training set with replacement,
and an identical model configuration (using the tuned hyperpara-
meters) was trained on each resampled dataset. Each trained
model then produced predictions on the fixed test set. The
resulting ensemble of predictions for a given input instance forms
an empirical predictive distribution. From this distribution, the
mean prediction represents the final point estimate, while the
standard deviation of predictions across the ensemble serves as a
measure of epistemic uncertainty. This approach captures varia-
bility in predictions due to changes in the training data and
provides a robust estimate of model confidence.

2.4.2 Prediction intervals and coverage analysis. To further
assess the reliability of uncertainty estimates, prediction intervals
(PIs) were constructed from the bootstrap prediction distributions.
For a given confidence level o, the lower and upper bounds of the
prediction interval were obtained from the corresponding percen-
tiles of the bootstrap ensemble. In this work, a 90% prediction
interval was primarily analyzed, defined by the 5th and 95th
percentiles of the predictive distribution. The quality of the pre-
diction intervals was evaluated using two complementary metrics,
ie. prediction interval coverage probability (PICP) and mean
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prediction interval width (MPIW). The PICP is defined as the
fraction of true test observations that fall within the predicted
interval, whereas MPIW is defined as the average width of the
prediction interval, reflecting the sharpness of the uncertainty
estimate. An ideal uncertainty model simultaneously achieves a
high PICP, close to the nominal confidence level, and a low MPIW,
indicating informative yet reliable uncertainty bounds. These
metrics were computed independently for each plasma parameter
to account for differences in scale and variability among targets.

2.4.3 Calibration analysis and uncertainty-error consistency
analysis. Beyond aggregate coverage metrics, the calibration
behavior of uncertainty estimates was examined using calibration
curves, which compare nominal coverage probabilities to
empirically observed coverage. For multiple nominal confidence
levels (e.g:, 50%, 70%, and 90%), empirical coverage was calculated
as the fraction of test points enclosed by the corresponding
prediction intervals, averaged across all target variables. A well-
calibrated model is expected to produce a calibration curve that
closely follows the diagonal (ideal calibration) line. Deviations
from this line indicate systematic overconfidence (empirical
coverage below nominal) or underconfidence (empirical coverage
above nominal). Calibration analysis, therefore, provides insight
into whether uncertainty estimates are statistically consistent and
trustworthy. To assess whether the estimated uncertainty
meaningfully reflects prediction reliability, an uncertainty-error
relationship analysis was performed. For each test instance and
target variable, the absolute prediction error |Y — Y| was plotted
against the corresponding epistemic uncertainty (standard devia-
tion of the bootstrap ensemble). A good model exhibits a positive
correlation between uncertainty magnitude and prediction error,
indicating that higher uncertainty is associated with less reliable
predictions. Such behavior confirms that the uncertainty estimates
are informative rather than arbitrary. This analysis was carried out
for all models and targets, enabling qualitative comparison of
uncertainty reliability across learning algorithms.

The combined evaluation of point prediction accuracy,
uncertainty calibration, prediction interval quality, and uncer-
tainty-error consistency enabled a holistic comparison of model
performance. Rather than selecting the best-performing model
solely based on error metrics, uncertainty-aware diagnostics
were used to identify models that provide both accurate and
reliable predictions. This integrated framework ensures that the
selected ML model not only achieves high predictive accuracy
but also delivers well-calibrated and interpretable uncertainty
estimates, which are essential for robust plasma parameter
prediction and subsequent experimental validation. The com-
plete workflow for the plasma parameter prediction can be
visualized in Fig. 2. The best-performing ML model was selected
for further investigations to gain deeper insight into its pre-
dictive capability. Subsequently, the selected model was
employed to predict plasma parameters for an independent
experimental dataset comprising thirty points. Of these, fifteen
data points lay within the training domain feature range of the
training dataset (interpolated regime), while the remaining
fifteen were located outside the training feature domain (extra-
polated regime). The predictive performance of the model was
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Fig. 2 Schematic of the machine learning framework used for the prediction of plasma parameters.

evaluated separately for the interpolated and extrapolated sub-
sets to rigorously assess its stability, generalization capability,
and robustness beyond the training domain.

3. Results and discussion

3.1 Data set visualization

The feature distribution in the used dataset can be visualised in
Fig. 3. All the features exhibit a discrete type of distribution,
which corresponds to the experimental design where the mea-
surements were performed at fixed operating levels. The fre-
quency along the y-axis in Fig. 3 denotes the number of data
points associated with each set of input parameters. For example,
there are 63 (3 x 21) data points available in Fig. 3(a) for three
sliding short positions and 21 gas flow rates. This particular
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representation of the process window can minimize the bias in
the feature space, which is favourable for supervised ML models.
The aim is to construct data-driven models that can accurately
predict plasma parameters across and beyond the continuous
input domain by capturing the governing trends embedded
within discretely sampled experimental datasets.

Further Pearson pairwise correlation (PCC) analysis was
performed for the target variables to understand the interde-
pendencies among them. PCC analysis quantifies the strength
and direction of linear relationships between variables. It is
crucial for identifying parameter interdependencies, reducing
feature redundancy, and improving the interpretability of
experimental or data-driven models. Based on the correlation
strength, the target pairs were categorised into highly corre-
lated (Pearson’s r > 0.8), moderately correlated (0.5 < Pear-
son’s r < 0.8) and weakly correlated (Pearson’s r < 0.5). The
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Fig. 3 Histograms showing the distribution of features: (a) power, (b) sliding short position, and (c) gas flow rates.
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pairwise scatterplots with marginal histograms and kernel
density estimation (KDE) contours for highly correlated, mod-
erately correlated and weakly correlated features are illustrated
in Fig. 4, 5 and 6, respectively. The KDE contours represent the
estimated joint probability density between the pair of target
variables. They provide a smooth estimation of concentrated
data and reveal the data distribution across the feature space.
Each successive contour encloses a higher concentration of
datapoints, which allows the user to visualize the data cluster
around a particular value combination. The presence of multi-
ple nested contours reflects the gradual change in data density
and highlights potential nonlinear or multimodal relationships

® L AT ®

e
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between target variables. Additionally, the distribution type of
each target variable is given in Table 2. Considering the diverse
distribution type of target variables, we have selected non-
parametric and ensemble-based ML models such as RF, ET, GB
and XGB, which are robust to distributional assumptions and
capable of capturing complex non-linear relationships. Further-
more, KNN and ANN also do not rely on the data normality
assumptions and are well-suited for capturing complex relation-
ships. In contrast, linear models, which assume a Gaussian
distribution, were not considered in this study owing to their
limited capability in addressing the non-Gaussian nature observed
in the dataset.*®
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Fig. 4 Pairwise scatter plots with marginal histograms and kernel density estimation (KDE) contours are shown for strongly correlated output parameter
pairs (Pearson’s r > 0.8). Each subfigure displays the joint distribution along with the Pearson correlation coefficient. (a) O (777.4 nm) vs. N, (337.1 nm), (b)

O (777.4 nm) vs. H, (656.3 nm), (c) plume length vs. T, (d) N, (337.1 nm) vs.

(337.1 nm), (h) O (777.4 nm) vs. Texe, (i) log(ne) vs. N, (337.1 nm).
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Fig. 5 Pairwise scatter plots with marginal histograms and kernel density estimation (KDE) contours are shown for moderately correlated output
parameter pairs (0.5 < Pearson’s r < 0.8). Each subfigure displays the joint distribution along with the Pearson correlation coefficient. (a) Plume length vs.
log(ne). (b) plume length vs. N, (337.1 nm), (c) H, (656.3 nm) vs. Texe, (d) Tg vs. Texe (€) loglne) vs. O (777.4 nm), (f) O (777.4 nm) vs. OH (309 nm), (g) H,
(656.3 nm) vs. O (777.4 nm), (h) N3 (337.1 nm) vs. OH (309 nm), (i) plume length vs. O (777.4 nm), (j) log(ne) vs. H, (656.3 nm), (k) T4 vs. log(ne), (1) Tq vs. N3
(337.1 nm).
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Table 2 The distribution type of each target variable

Target variable Distribution type

Texe Close to Gaussian

OH Right skewed

N, Left skewed/multimodal
H, Uniform

o Left skewed

Log(n.) Close to Gaussian

Ty Left skewed
Plume length Close to Gaussian

Some crucial targets are explained in Fig. 4-6. From Fig. 4, it
can be inferred that the T exhibited strong correlation with
N, (Fig. 4(d)), plume length (Fig. 4(e)), log(n.) (Fig. 4(f)) and O

This journal is © the Owner Societies 2026

(Fig. 4(h)). This can be fundamentally explained through
kinetic and thermodynamic considerations. The rise in Tey.
indicates higher energy input to plasma, which increases the
collisional process, which elevates the N,, plume length and
log(n.). The rise in electron number density resulting from
enhanced ionization rates leads to an increase in the plasma
plume and gas temperature, as illustrated in Fig. 5 (plume
length, (Fig. 5(a)), Ty (Fig. 5(k)). Furthermore, the OH parameter
displayed weak correlation with Ty, log(7.), plume length and
T, (Fig. 6(c), (d), (f) and (g)), respectively. The weak dependence
of OH intensities on plasma parameters stems from H,O
dissociation kinetics rather than electron-driven processes,
and its short lifetime causes rapid quenching, making it less
sensitive to Texc, Ne, plume length, and T,.**
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3.2 Optimized model performance and comparative
assessment

To ensure a fair and unbiased comparison among the different
learning algorithms, all six regression models (KNN, ET, RF,
ANN, GB, and XGB) were subjected to hyperparameter optimi-
zation using Bayesian search, as described in Section 2.2. The
optimized hyperparameter configurations obtained for each
model are summarized in Table 3. The corresponding default
(‘vanilla’) parameter settings provided by the used libraries are
reported in Table ST-1 for a direct comparison. This side-by-
side reporting highlights the extent to which model perfor-
mance is influenced by hyperparameter selection and avoids
performance bias arising from default configurations. The
predictive performance of the optimized models was evaluated
on an independent test set using MAPE and R> as the primary
performance metrics. For this purpose, the complete dataset
was randomly partitioned into training and test subsets in a
70:30 ratio. The test set was strictly excluded from model
training, thereby providing an unbiased assessment of model
generalization performance on previously unseen data. The
comparative results for all optimized models are presented in
Fig. 7, whereas the performance of the corresponding vanilla
models is provided in Fig. S1.

A comparison between the optimized and vanilla models
revealed a significant improvement in predictive accuracy
across all regression algorithms after hyperparameter tuning
except for tree-based bagging algorithms, i.e. ET and RF. The
hyperparameter tuned GB, KNN, MLP and XGB models exhibit
lower MAPE values than their untuned counterparts for almost
all targets, reflecting better generalization to the validation data.
In contrast, the tree-based bagging models (ET and RF) display a
marginal deterioration in MAPE after optimization, suggesting
that the imposed constraints in the tuning process limited their
representational capacity. In the optimized ET and RF config-
urations, the maximum tree depth was capped at 20, whereas
the vanilla implementations allowed unrestricted tree growth,
enabling them to fit more complex nonlinear relationships
specific to the present dataset. While deeper trees can capture
complex nonlinear patterns, they also increase the risk of over-
fitting, particularly for limited datasets. Across the different
algorithms, the magnitude of improvement in MAPE after
hyperparameter tuning varies substantially, and this pattern is
particularly informative about how each model responds to
optimization. The most dramatic gains are observed for the
MLP and KNN regressors, where hyperparameter tuning leads
to a near order-of-magnitude reduction in error for certain

Table 3 Optimized hyperparameter values for each ML regression model

View Article Online
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plasma parameters. For instance, in the MLP model, the MAPE
for O decreases from 26% in the vanilla configuration to 2.56%
after tuning, while N, drops from 20.28% to 2.69%, indicating
that the optimized network parameters allow the model to
capture the nonlinear dependence of these targets far more
effectively. A similarly strong effect is seen for KNN, where
parameters such as O and N, exhibit moderate reductions in
MAPE, reflecting that an appropriate choice of neighbors and
distance metric significantly improves the local representation
of the feature space. On the other hand, the tree-based boosting,
i.e. GB and XGB, showed minimal improvements, implying that
their baseline configurations were already reasonably close to
the optimal model configuration.

Although pointwise performance metrics such as MAPE and
R? provide a quantitative measure of prediction accuracy, they
do not convey information regarding the confidence or relia-
bility of the model predictions. Hence, uncertainty quantifica-
tion and model reliability assessment were performed in the
subsequent steps to evaluate predictive confidence, calibration
behaviour, and robustness under data variability.

3.3 Uncertainty quantification and model reliability
assessment

3.3.1 Epistemic uncertainty estimation. Epistemic uncer-
tainty reflects uncertainty arising from limited data availability and
imperfect model knowledge and is particularly relevant for data-
driven plasma diagnostics where experimental measurements are
sparse, costly, and unevenly distributed across the input space. In
this study, epistemic uncertainty for all optimized regression
models (KNN, ET, RF, ANN, GB, and XGB) was quantified using
a bootstrap ensemble approach, as described in Section 2.4. The
resulting uncertainty estimates were analyzed through uncer-
tainty—error relationship plots, shown in Fig. 8(a)—(f), where the
absolute prediction error |Y — ¥| is plotted against the corres-
ponding epistemic uncertainty (ensemble standard deviation) for
each test instance and plasma parameter.

Across all models, a non-uniform distribution of epistemic
uncertainty is observed, indicating that model confidence
varies remarkably across the feature space. This behavior is
expected for experimental plasma datasets characterized by
nonlinear dependencies and uneven sampling density. How-
ever, the extent to which uncertainty magnitude correlates with
prediction error differs markedly between learning algorithms,
providing insight into the reliability of the uncertainty esti-
mates. For the tree-based ensemble models ie. ET and RF
(Fig. 8(a) and (e)), a broad spread of epistemic uncertainty

ML model Optimized hyperparameters

ET n_estimators: 1000, max_depth: 12, min_sample_split: 3, min_sample_leaf: 3, bootstrap: ‘False’, criterion: ‘absolute error’
GB n_estimators: 271, learning rate: 0.122, max_depth: 10, min_sample_split: 4, min_sample_leaf: 2, subsample: 0.6, loss: ‘squared_error’
KNN n_neighbors: 4, weights: ‘distance’, distance function: ‘manhattan’, p: NA

MLP hidden_layer_sizes: (50,), activation: ‘relu’, solver: ‘Ibfgs’, alpha: 1 x 10, learning_rate_init: 0.0024

RF n_estimators: 278, max_depth: 20, min_sample_split: 2, min_sample_leaf: 2, criterion: ‘squared_error’

XGB n_estimators: 500, learning_rate: 0.067, max_depth: 10, min_child_weight: 4, subsample: 0.88, colsample_bytree: 1
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Fig. 7 The MAPE and R? value for the test set by using the hyperparameter tuned (a) ET, (b) GB, (c) KNN, (d) MLP, (e) RF and (f) XGB regressor ML model.

values is evident, extending up to approximately 600-700 units
for ET and 400-500 units for RF. These models exhibit a
moderate positive association between uncertainty and abso-
lute error, particularly for emission-intensity related para-
meters (e.g, OH 309 nm, O 777.4 nm), where higher
uncertainty generally coincides with larger prediction errors.
However, several low-error points are also associated with
relatively high uncertainty, suggesting a degree of conservative
uncertainty estimation inherent to bagging-based ensembles.
This behavior is consistent with prior observations that rando-
mization in tree construction can inflate variance estimates,
especially when tree depth is constrained during hyperpara-
meter optimization. The instance-based KNN model (Fig. 8(c))
displays the widest epistemic uncertainty range among all
models, with uncertainty values exceeding 1000 units for cer-
tain test samples. Correspondingly, KNN also exhibits the

This journal is © the Owner Societies 2026

largest absolute errors, reaching up to ~ 3000 units for specific
spectral emission parameters (OH 309 nm). While a general
upward trend between uncertainty and error is visible, the
dispersion is substantial, indicating that local data sparsity
strongly influences both prediction accuracy and uncertainty.
This highlights the sensitivity of KNN to the distribution of
training samples in the feature space, where extrapolative
predictions are inherently associated with high epistemic
uncertainty.

In contrast, the boosting-based models, i.e. GB and XGB,
depicted in Fig. 8(b) and (f), respectively, demonstrate com-
paratively compact uncertainty distributions, with epistemic
uncertainty largely confined below ~300-500 units. These
models show a monotonic relationship between uncertainty
magnitude and absolute error, where higher uncertainty con-
sistently corresponds to increased prediction error across most
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Fig. 8 Uncertainty—error relationship for the optimized regression models:

plasma parameters. This behavior suggests that boosting-based
ensembles provide more informative and calibrated epistemic
uncertainty estimates, likely due to their iterative residual-
correction mechanism and regularization strategies, which sta-
bilize predictions in regions supported by sufficient data. The
MLP model (Fig. 8(d)) exhibits an intermediate performance,
with epistemic uncertainty values primarily concentrated below
400 units and absolute errors mostly below ~500 units. A
positive uncertainty-error relationship is evident, although
some moderate-error points occur at relatively low uncertainty
values, which indicates localized overconfidence. Nevertheless,
compared to KNN and tree-bagging models, the ANN displays a
more compact and structured uncertainty distribution.

3.3.2 Prediction interval reliability and sharpness. The
reliability and informativeness of the uncertainty estimates were
further assessed through prediction interval coverage probability
(PICP) and mean prediction interval width (MPIW) at a nominal
confidence level of 90%. While PICP quantifies whether the
predicted uncertainty intervals are statistically consistent with
the observed data, MPIW reflects the sharpness of these inter-
vals. Table 4 summarizes the parameter wise PICP values
obtained for all optimized regression models. A PICP value close
to a nominal confidence level (~0.9) indicates well-calibrated
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Table 4 Parameter-wise prediction interval coverage probability (PICP) at
90% confidence for the optimized regression models

Targets ET GB KNN MLP RF XGB
Texc 0.47 0.8 0.72 0.95 0.28 0.72
OH 0.37 0.82 0.76 0.88 0.47 0.83
N, 0.49 0.88 0.7 0.77 0.3 0.81
H, 0.53 0.9 0.76 0.94 0.31 0.86
(6] 0.56 0.87 0.86 0.86 0.45 0.87
Log(e) 0.51 0.84 0.73 0.78 0.34 0.84

o 0.52 0.72 0.79 0.73 0.39 0.74
Plume length 0.53 0.86 0.86 0.8 0.28 0.84

uncertainty estimates, whereas lower values indicate under-
coverage or overconfident predictions. Furthermore, a very high
value indicates overly conservative uncertainty bounds. Among
the evaluated models, the ANN, GB and XGB regressors exhibit
the most consistent and near-nominal coverage across plasma
parameters. For instance, the ANN model achieves PICP values
of 0.95 for T, 0.94 for H,, and 0.88 for OH emission intensities,
indicating that the constructed prediction intervals reliably
enclose the true observations for the majority of targets. Simi-
larly, GB demonstrates strong coverage performance, with PICP
values exceeding 0.8 for most parameters and reaching 0.9 for
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H,. In contrast, the bagging-based ensemble models (ET and RF)
exhibit significantly lower PICP values across most targets. For
RF, coverage probabilities remain below 0.5 for all parameters,
which indicates under-coverage and overconfident prediction
intervals. ET shows moderately improved behavior relative to RF
but still fails to reach nominal coverage, with PICP values cluster-
ing around 0.5-0.56. The instance-based KNN model displays
intermediate performance, with PICP values ranging between
0.70 and 0.86 depending on the parameter, suggesting reasonable
but inconsistent reliability across targets. These trends indicate
that models relying heavily on local neighborhoods or bootstrap
aggregation are more sensitive to data sparsity and distributional
variability, leading to less reliable interval estimates.

The sharpness of the uncertainty bounds is illustrated in
Fig. 9(a)—(f), which reports the MPIW values for each plasma
parameter across all models. Noticeable differences in MPIW
are observed both across models and across target variables,
reflecting differences in output scale and intrinsic variability.
For emission-intensity based targets (OH, N,, H,, and O), KNN
and RF exhibit the widest prediction intervals, with MPIW
values exceeding 500 AU for O in KNN and RF, which implies
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highly diffuse uncertainty estimates. In contrast, ANN, GB, and
XGB produce narrower intervals (<270 AU) for the same
parameters. For example, the MPIW for O is reduced from
approximately 704 AU (KNN) and 568 AU (RF) to 241 AU (ANN),
262.5 AU (GB), and 258.1 AU (XGB), representing a reduction of
more than 50% in uncertainty width. For thermophysical
targets such as Ty, log(n.), and plume length, all models yield
comparatively narrow intervals. However, ANN and XGB again
demonstrate the best balance between sharpness and reliabil-
ity, maintaining MPIW values below 30 K for T, and below
3 mm for plume length while simultaneously achieving high
PICP values. This combination indicates that these models
provide informative uncertainty bounds without sacrificing
statistical coverage.

3.3.3 Calibration behavior. Fig. 10(a)—(f) presents the cali-
bration curves for all optimized regression models, comparing
nominal prediction interval coverage with the empirically
observed coverage on the test set. An ideally calibrated model
is expected to follow the diagonal line, indicating statistical
consistency between predicted uncertainty levels and observed
outcomes. Deviations below the diagonal indicate systematic
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Fig. 9 Mean prediction interval width (MPIW) at 90% confidence for individual plasma parameters obtained using the optimized (a) ET, (b) GB, (c) KNN,

(d) ANN, (e) RF, and (f) XGB regression models.

This journal is © the Owner Societies 2026

Phys. Chem. Chem. Phys., 2026, 28, 5138-5160 | 5151


https://doi.org/10.1039/d5cp04364f

Published on 28 January 2026. Downloaded on 5/5/2026 2:05:41 AM.

PCCP

Empirical coverage
S = = S
w L W =)

S
N

0.9

° o
~ -]

Empirical coverage
S
N

S
wn

e
=N

Empirical coverage
s o
s wn

S
w

=
D

Calibration curve for ET

—e— Empirical prg
***** Ideal > i

050 055 060 065 070 075 0.80 085 0.90

Nominal coverage

Calibration curve for KNN

—e— Empirical s
————— Ideal

050 055 060 065 070 075 0.80 085 0.90

Nominal coverage

Calibration curve for RF

—e— Empirical PPtas
----- Ideal P

050 055 060 065 070 075 0.80 085 0.90

Nominal coverage

(b)

0.9

o
%o

Empirical coverage

0.5

@

g e [ =
2N Q % o

Empirical coverage

b
n

0.4

®

0.9

S S S
2N Q %

Empirical coverage

S
173

View Article Online

Paper

Calibration curve for GB

Nominal coverage

Calibration curve for ANN

070 0.75 080 0.85 0.90

070 0.75 080 0.85 0.90

Nominal coverage

Calibration curve for XGB

0.70 075 0.80 0.85 0.90

Nominal coverage
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regression models.

under-coverage (overconfident predictions), whereas deviations
above the diagonal indicate overly conservative uncertainty
estimates. The ET and RF models exhibit pronounced under-
calibration across all nominal coverage levels (Fig. 10(a) and
(e)). For these models, empirical coverage remains substantially
below the nominal confidence even at the 90% level, with RF
showing empirical coverage below 0.4 at all tested levels. This
behavior is in line with the low PICP values reported in Table 4
and confirms that the uncertainty estimates produced by these
bagging-based models are overconfident and unreliable for
plasma parameter prediction. The KNN model depicted in
Fig. 10(c) demonstrates moderate calibration performance,
with empirical coverage increasing approximately linearly with
nominal coverage. However, the calibration curve consistently
lies below the ideal line, indicating persistent under-coverage.
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This suggests that although KNN captures relative uncertainty
trends, its prediction intervals remain insufficiently wide to
achieve nominal statistical coverage.

In contrast, ANN, XGB and GB display the most favorable

calibration characteristics among all evaluated models (Fig. 10(b),
(d), and (f) respectively). For these models, the empirical coverage
closely tracks the diagonal across all nominal confidence levels,
particularly at 70% and 90%. This indicates that the predicted
uncertainty intervals are statistically consistent and neither overly
optimistic nor excessively conservative. Notably, GB exhibits tighter
adherence to ideal calibration at each confidence level, while ANN
and XGB maintain stable behavior across the full range, corrobor-
ating their strong PICP performance reported in Table 4.

Considering the combined insights from scoring metrics, cali-

bration analysis, prediction interval coverage, and uncertainty-error
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consistency, the GB model demonstrates the most reliable uncer-
tainty characterization among the evaluated regressors. While ANN
and XGB achieve competitive point prediction accuracy, the GB
model exhibits the closest alignment between empirical and
nominal coverage across confidence levels, indicating superior
probabilistic calibration. Moreover, GB maintains high PICP values
without resorting to excessively wide prediction intervals, reflecting
an optimal balance between reliability and sharpness. The uncer-
tainty-error relationship further confirms that regions of elevated
prediction error are consistently associated with higher epistemic
uncertainty for GB, reinforcing the physical interpretability of its
uncertainty estimates. On the basis of these combined criteria, GB
was selected as the most suitable model for subsequent general-
ization analysis and experimental validation. The parity plot for all
target variables (Fig. 11(a)-(h)) depicts the correlation between
predicted and actual values obtained from the GB model. The
majority of data points align closely along the 45° diagonal, which
indicates strong predictive accuracy across the target. Minor devia-
tions observed in the case of log(n.) suggest under- or over-
prediction for a specific region of feature space (Fig. 11(g)). Such
deviations are expected for parameters exhibiting higher intrinsic
variability and reduced signal sensitivity and are consistent with the
comparatively higher uncertainty bounds observed for this target in
the uncertainty quantification analysis.

3.4 Model interpretability using SHAP

From the previous analysis, it was found that the GB model
outperformed all other machine learning models considered in
this study in terms of both predictive accuracy and uncertainty
reliability. Therefore, to gain a deeper understanding of its
predictive behaviour from a scientific standpoint, SHAP (Shap-
ley additive exPlanations) analysis was conducted to interpret
the model’s outputs and assess the relative contribution of each
input feature to the predictions.*” Fig. 12 depicts the SHAP bar
plot for all the output variables. These plots illustrate the
average magnitude of each feature’s contribution to the model
predictions. Notably, among features, power exhibited the
highest mean SHAP value across all outputs, except for OH
309 nm, where flow rate emerged as the most crucial feature. In
contrast, sliding short position consistently showed the lowest
mean SHAP value across all the targets, suggesting it had the
least influence on the model’s prediction. Although the bar
plots provided a clear overview of feature importance, they did
not capture the relationship between the individual features
and model outputs. Therefore, SHAP summary plots for all
target variables are generated and presented in Fig. 13(a)-(h).
In these plots, the y-axis represents the input features, while the
x-axis displays the SHAP values for each data point in the test
set. Across all targets, higher power values (indicated by red
markers) predominantly correspond to positive SHAP values,
demonstrating a strong positive correlation between input
power and plasma parameters. This indicates a strong positive
correlation between power input and these plasma parameters,
which is also studied by Zaplotnik et al.** The increase in input
power significantly influences plasma parameters by enhan-
cing the energy deposition per neutral particle within the
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discharge. This elevates the electron-impact ionization and
excitation rates, which leads to a rise in plasma parameters.
In the case of OH (Fig. 13(b)), low flow rates (indicated by blue)
are associated with high positive SHAP values, meaning that
lower flow rates contribute more positively to the prediction of
OH 309 nm emission intensity. In other words, there exists an
inverse relationship between flow rate and the OH 309 nm
spectral line. The observed reduction in the intensity of the OH
309 nm emission line with increasing gas flow rate can be
attributed to the decrease in dissociation efficiency of precursor
water molecules (H,O) within the plasma discharge region. At
higher flow rates, the residence time of H,O molecules in the
active plasma zone is significantly reduced, limiting the dissocia-
tion processes, which leads to diminished spectral emission
intensity. Further, SHAP summary plots for N,, H,, O, T,
(Fig. 13(c), (d), (e) and (g) respectively) reveal a wider SHAP value
spread for both power and flow rate, which indicates nonlinear
and complex interaction between these input features and the
corresponding outputs. Both input parameters are inherently
nonlinear and exhibit complex interactions due to competing
physicochemical mechanisms arising from the interplay between
energy coupling, transport phenomena, and reaction kinetics.
The sliding short position exhibits a consistently narrow range of
SHAP values with minimal deviation from zero across all targets,
reaffirming its limited influence on model predictions. The
observed minimal dependence of plasma parameters on sliding
short position variations can be explained through microwave
plasma coupling dynamics. The sliding short functions as a
reflective boundary condition that determines the standing wave
pattern and consequent power coupling efficiency to the plasma
discharge, making it more stable. For given Ar gas, the system
exhibits consistent impedance matching, and invariant power
absorption, which leads to the discharge being stable.

As the SHAP analysis indicated a negligible contribution of
the sliding short position to model predictions, an additional
reduced-order modeling exercise was performed. The hyper-
parameter-tuned GB model was retrained using a reduced feature
set comprising only power and flow rate. The predictive perfor-
mance of the reduced model was then compared with that of the
full feature model for all plasma parameters. The results of the
reduced feature modelling analysis are summarized in Table 5.
Upon removal of the sliding short position, a degradation in
predictive performance is observed across all targets. The dete-
rioration in performance metrics is severe in the case of Tey., OH
and log(n.). The MAPE and MSE value showed a sharp increase
for these targets whereas the R* significantly increased. These
results are in line with the mean SHAP plot (Fig. 12) and SHAP
summary plot (Fig. 13), where a higher contribution from the
sliding short position can be clearly seen for T.,., OH and log(n.)
targets. These results indicate that, although the sliding short
position exhibits a low mean SHAP magnitude and appears less
influential on a pointwise basis, it still contributes non-negligible
contextual information that enhances the global predictive cap-
ability of the model. The degradation observed in the reduced-
feature configuration suggests that the sliding short position
indirectly stabilizes the learned relationships between power,
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Fig. 11 Parity plots for (a) Texc. (b) OH (309 nm), (c) N5 (337.1 nm), (d) H,, (656.3 nm), (e) O (777.4 nm), (f) T, (9) log(ne), and (h) plume length, predicted by

the optimized GB model.

flow rate, and plasma response, likely by encoding impedance-
matching and coupling conditions that are not fully captured
by the remaining inputs alone. Therefore, despite its weak
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direct attribution in SHAP analysis, retaining the sliding short
position is necessary to preserve overall model accuracy and
generalization.
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Fig. 12 SHAP bar plot showing mean absolute Shapley values for (a) Teyc, (b) OH 309 nm, (c) N 337.1 nm, (d) H, 656.3 nm, (e) O 777.4 nm, (f) log(ne),

(9) Tq, and (h) plume length.

4. Experimental validation and
generalization assessment of the ML
models

To rigorously evaluate the real-world predictive capability and
generalization behaviour of the optimized GB model, an inde-
pendent experimental validation study was conducted. Experi-
mental validation was performed using 30 independent plasma
operating conditions, explicitly separated into 15 interpolated
and 15 extrapolated points based on their location relative to
the training-domain feature ranges. The interpolated points
were selected within the operating window spanned by the

This journal is © the Owner Societies 2026

training data, whereas the extrapolated points intentionally
lay outside this domain to assess model behaviour under out-
of-distribution conditions. This separation enables a more
nuanced assessment of model robustness beyond conventional
random test-set evaluation. The experimental input conditions,
along with the corresponding measured plasma parameters
and model predictions, are provided in the gitfront repository.
For each experimental instance, the GB model was used to
generate point predictions as well as prediction intervals,
allowing both accuracy and reliability to be assessed under
unseen conditions. Performance was quantified using MAPE,
MSE, PICP (90%) and MPIW under experimental deployment.
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Fig. 13 SHAP summary plot for (a) Texe, (b) OH 309 nm, (c) N, 337.1 nm,

Table 5 Comparison of predictive performance of the optimized GB
model using the full feature set and a reduced feature set excluding the
sliding short position, evaluated using MAPE, R?, and MSE for each plasma
parameter

Full feature GB Reduced feature GB

Target MAPE (%) R> MSE  MAPE (%) R*>  MSE
Texe 2.06 0.995 0.001  9.03 0.908 0.019
OH 2.57 0.994 9352.15 8.99 0.963 64083.97
N, 1.94 0.997 3620.65 3.74 0.994 8700.36
H, 1.33 0.998 1277.34 3.18 0.992 6166.44
0 1.91 0.998 6379.5 3.25 0.996 15259.23
Log(.) 0.62 0.97 0.04 2.03 0.783 0.27

T, 0.43 0.995 21.97  1.04 0.974 118.14
Plume length 1.05 0.997 0.13 4.5 0.96 2.19

Unlike the test dataset, which represents random samples drawn
from the same distribution as the training data, the experimental
dataset introduces additional sources of variability arising from
measurement noise, environmental fluctuations, and potential
deviations in plasma stability. Consequently, experimental valida-
tion provides a more stringent and practically relevant benchmark
for model performance. To capture this behaviour, interpolated
and extrapolated experimental points were evaluated separately,
and their predictive accuracy and uncertainty characteristics were
analysed independently.
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(d) H, 656.3 nm, (e) O 777.4 nm, (f) log(ne), (g) T4, and (h) plume length.

The performance evaluation of the optimized GB regressor for
the unseen dataset was done by determining the MAPE and MSE
regression metrics. These metrics were compared with their
respective values on the hold-out test set to evaluate model general-
ization. The comparison of MAPE and MSE is presented as a radar
plot in Fig. 14(a) and 3D bar plot in Fig. 14(b), respectively. For the
interpolation regime, the MAPE values for most plasma parameters
remained below 6%, with the lowest error observed for log(n.) and
the highest for T,.. For the extrapolated regime, the MAPE value
showed relatively large deviation from the hold-out-test set MAPE
value (seen from Fig. 7(b)), specifically for emission-intensity based
targets (OH, N,, H, and O).

To complement pointwise accuracy metrics, the reliability of
the optimized GB model under experimental deployment was
further evaluated using PICP (90%). While MAPE and MSE
quantify average predictive accuracy, they do not capture whether
the model’s uncertainty estimates remain statistically consistent
when transitioning from test data to real experimental condi-
tions. Therefore, PICP analysis was employed to assess the
robustness of the model’s uncertainty quantification across
different generalization regimes. Fig. 14(c) presents a compara-
tive bar chart of the 90% PICP values obtained for interpolated
experimental points and extrapolated experimental points for
each plasma parameter. For the interpolation regime, the PICP
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values remained close to the nominal confidence level for most
targets (between 0.53-0.8), indicating that the prediction intervals
constructed from the bootstrap ensemble reliably enclosed the
true experimental observations. The corresponding MPIW values
for the interpolated points (Fig. 14(d)) remained relatively narrow,
confirming that reliable coverage was achieved without exces-
sively conservative uncertainty bounds. In contrast, the extrapola-
tion regime exhibited a more pronounced deviation in PICP
values, particularly for emission-intensity based targets (H,, O)
and plume length. For H,, O and plume length, the PICP
decreased to 0.4, 0.4, and 0.53, respectively, reflecting increased
difficulty in capturing unseen nonlinear behaviour outside the
training domain. Importantly, this reduction in coverage was
accompanied by a widening of the prediction intervals, as
evidenced by the increased MPIW values in Fig. 14(d), with the
MPIW for O increasing from 236.7 (interpolation) to 411.96
(extrapolation). This behaviour indicates that the model appro-
priately responds to a distributional shift by expressing higher
epistemic uncertainty rather than producing overconfident pre-
dictions. Altogether, the PICP comparison across the test, inter-
polation, and extrapolation regimes demonstrates that the
optimized GB model maintains statistically meaningful uncer-
tainty estimates under experimental deployment. While coverage
naturally deteriorates for certain targets under extrapolation, the
model responds by increasing uncertainty width, thereby
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preserving reliability. This behaviour is critical for practical
plasma diagnostics, where reliable uncertainty bounds are essen-
tial for informed decision-making, especially when operating
near or beyond previously explored process conditions.

This work employs a data-driven, uncertainty-aware machine-
learning framework for the simultaneous prediction of multiple
plasma parameters from experimentally accessible operating con-
ditions. The results demonstrate that the proposed approach
achieves high predictive accuracy together with statistically mean-
ingful uncertainty estimates across both interpolative and extra-
polative regimes, thereby providing a reliable surrogate for plasma
diagnostics under practical operating conditions. Building
upon this foundation, the incorporation of physics-based
descriptors or hybrid ML-physics surrogates represents a pro-
mising direction to further enhance extrapolation performance
and physical interpretability. Moreover, the integration of
inverse design®®*’ and process-optimization strategies*® will
be pursued in future work, where the present predictive frame-
work will serve as the surrogate model for identifying operating
conditions that yield target species concentrations or desired
plasma states. In addition, the active learning strategy can also
be employed, which will enable iterative refinement of the
plasma database by adaptively selecting the most informative
experiments. Such strategies are expected to improve data
efficiency and accelerate model improvement, with the current
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supervised models providing a robust baseline and initial
surrogate within an integrated active-learning loop.

5. Conclusions

This study presents a comprehensive, uncertainty-aware multi-
output machine learning framework for predicting key plasma
parameters in MW-APPJs. A curated experimental dataset com-
prising 441 instances was generated by varying microwave
power, sliding short position, and argon flow rate, with simul-
taneous measurement of eight plasma characteristics. Six
regression models (KNN, ET, RF, ANN, GB, and XGB) were
systematically optimized using Bayesian hyperparameter tun-
ing and evaluated under a unified performance and reliability
framework. While the hyperparameter tuned XGB model
achieved competitive pointwise accuracy, the optimized gradi-
ent boosting (GB) regressor emerged as the most balanced
model when accuracy, calibration, and uncertainty reliability
were jointly considered. On the held-out test set, the GB model
achieved MAPE values below 3% for all the plasma parameters
and R values exceeding 0.97 across all outputs. Bootstrap-
based uncertainty quantification revealed that GB provided
near-nominal 90% prediction interval coverage (PICP varying
within 0.8-0.9 for all targets) while maintaining comparatively
narrow prediction intervals, outperforming instance-based and
bagging-based models that exhibited under-coverage or exces-
sively wide uncertainty bounds. Calibration curve analysis
further confirmed that the GB model exhibited the closest
alignment to the ideal diagonal among all evaluated models,
indicating statistically consistent uncertainty estimates. Experi-
mental validation was performed using 30 independent plasma
operating conditions, explicitly separated into 15 interpolated
and 15 extrapolated feature sets based on their location relative
to the training-domain feature ranges. For interpolated condi-
tions, experimental MAPE values remained below ~ 6% for all
outputs with R> values exceeding 0.85, which confirmed the
strong generalization within the training domain. Under extra-
polation, increased errors were observed, specifically for
emission-intensity based targets (H,, O). However, this degra-
dation was accompanied by an increase in epistemic uncer-
tainty, preserving coverage and reliability. SHAP analysis of the
optimized GB model identified microwave power as the domi-
nant controlling feature for most plasma parameters, while gas
flow rate governed OH emission intensity. The reduced feature
set analysis implied that, although the sliding short position
exhibited low feature importance in SHAP analysis, its inclu-
sion improved predictive accuracy for specific plasma para-
meters such as Tey., OH and log(n.). Altogether, the uncertainty-
aware hyperparameter tuned regression models demonstrated
a pathway for accurate prediction and robust generalization of
plasma parameters, which paves the way for optimized, energy
efficient, and sustainable plasma processes in future industrial
applications. This work also provides a strong foundation for
future integration of physics-guided features, active learning
strategies for plasma process control and optimization.
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