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Low-temperature plasma-processing technologies are essential for material synthesis and device fabrication. Not only the utilization but also the
development of plasma-related products and services requires an understanding of the multiscale hierarchies of complex behaviors of plasma-
related phenomena, including plasma generation in physics and chemistry, transport of energy and mass through the sheath region, and
morphology- and geometry-dependent surface reactions. Low-temperature plasma science and technology play a pivotal role in the exploration of
new applications and in the development and control of plasma-processing methods. Presently, science-based and data-driven approaches to
control systems are progressing with the state-of-the-art deep learning, machine learning, and artificial intelligence. In this review, researchers in
material science and plasma processing, review and discuss the requirements and challenges of research and development in these fields. In
particular, the prediction of plasma parameters and the discovery of processing recipes are asserted by outlining the emerging science-based,
data-driven approaches, which are called plasma informatics. © 2022 The Author(s). Published on behalf of The Japan Society of Applied Physics
by IOP Publishing Ltd

Abbreviations

0D, 1D, 2D,
3D

0, 1, 2, 3-dimensional

AC alternative current
AI artificial intelligence
AL active learning
ALD atomic layer deposition
ALE atomic layer etching
ANN artificial neural network
APC advanced process control
APPJ atmospheric pressure plasma jet
APS atmospheric pressure spray
BE Boltzmann equation
CCP or E-mode capacitively coupled plasma
CD critical dimension
CFD computational fluid dynamics
CNN convolutional neural networks
CVD chemical vapor deposition
DC direct current
DFT density functional theory
DNN deep neural network
DNS direct numerical solution
EEDF electron energy distribution function
EFR electric field reversal
ELM extreme learning machine
EVDF electron velocity distribution function
FDC fault detection classification
HAR high-apect-ratio

HVAF high velocity jets with air fuel
HVOF high velocity jets with oxygen fuel
ICP or H-mode inductively coupled plasma
MC Monte Carlo
MD molecular dynamics
MHD magneto-hydro-dynamics
ML machine learning
MPC model predictive control
OES optical emission spectroscopy
PDE partial differential equation
PFI particle flux imaging
PIC particle-in-cell
PINN physics-informed neural network
PVD physical vapor deposition
R2R run-to-run
RbR run-by-run
RF radio frequency
RL reinforcement learning
RNN recurrent neural network
SEM scanning electron microscopy
SHAP Shapley additive explanation value
SLFN single hidden layer feed-forward neural

network
SPC statistical process control
SVID status variable identification
SVM support vector machine
Te electron temperature
VM virtual methodology or metrology

Content from this work may be used under the terms of the Creative Commons Attribution 4.0 license. Any further distribution of this
work must maintain attribution to the author(s) and the title of the work, journal citation and DOI.

SA0803-1
© 2022 The Author(s). Published on behalf of

The Japan Society of Applied Physics by IOP Publishing Ltd

Japanese Journal of Applied Physics 62, SA0803 (2023) PROGRESS REVIEW
https://doi.org/10.35848/1347-4065/ac9189

https://crossmark.crossref.org/dialog/?doi=10.35848/1347-4065/ac9189&domain=pdf&date_stamp=2022-11-30
https://orcid.org/0000-0003-3115-8719
https://orcid.org/0000-0003-3115-8719
https://orcid.org/0000-0003-3401-3355
https://orcid.org/0000-0003-3401-3355
https://orcid.org/0000-0003-1648-628X
https://orcid.org/0000-0003-1648-628X
https://orcid.org/0000-0001-6580-8797
https://orcid.org/0000-0001-6580-8797
https://orcid.org/0000-0002-8288-6620
https://orcid.org/0000-0002-8288-6620
mailto:ishikawa.kenji@nagoya-u.jp
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.35848/1347-4065/ac9189


1. Introduction

Low-temperature, plasma-processing technologies are essen-
tial for material synthesis and device fabrication.1,2) Plasma is
a unique state-of matter that is ionized by the application of
electromagnetic energy. Ionized fluids consist of electrons,
positive and negative ions, chemically reactive atoms and
molecules, radicals, and excited states. Electrons are sus-
tained as energetic owing to the acceleration resulting from
externally applied electromagnetic forces. As energetic elec-
trons collide with neutrals, they induce electron collision
reactions, such as ionization, excitation, dissociation, and
attachment. When the frequency of collisions is sufficiently
small, a low temperature is generated. Frequent collisions
lead to a different mode of thermal arc discharges. Given the
reactivity of these plasmas, their applications, particularly in
plasma electronics, have been steadily increasing. Both
thermal and nonthermal plasmas are useful in various
technical fields (e.g. electronics, energy, environment, agri-
culture and aquaculture, life sciences, and medicine)3)

(Fig. 1).
Typically, low-temperature plasma is processed in a

chamber used as a reactor that is isolated to control the
reaction field independently in an unregulated environ-
ment. Plasma generates reactive species, which are trans-
ported towards the target substrate placed in the chamber.
At the boundary or surface in contact with the plasma,
material synthesis and etching fabrication are enabled
through plasma-surface interactions. Problems arise in
the results of these complex interactions. Discovery and
optimization of the best recipe are difficult processes.
Recently, the machine learning (ML) technique for data
analysis enables us to optimize processing recipes and
discover the best one. In future, it will be possible to
achieve optimization using a virtual methodology and
plasma informatics (Fig. 2).
Herein, we review the recent progress in the field of

plasma processing for material synthesis, film deposition, and
etching nanofabrication, focusing on science-based research

and data-driven approaches (Fig. 3). Computing power has
increased significantly, and informatics has developed ever
since information technologies, such as ML, deep learning,
and data-driven science, were first applied extensively in
plasma processing.4,5) Section 2 provides the background for
this review. The plasma-processing system comprises the
hierarchies of plasma, sheath, and surface of the substrate,
and the problems in each region, interface, and system are
highlighted. The comprehensive construction of a model that
can represent the nonlinearity of the group of equations and
the nonequilibrium dynamics of the behavior is underdeve-
loped owing to its complexity. State-of-the-art technology
allows for multiscale simulations that integrate the three
domains of plasma, sheath, and surface. Currently, the
process is being automatically controlled using a data-driven
approach, and novel controllers are being developed. In
Sect. 3, we introduce the new concept of plasma informatics
and briefly examine its basic concepts, such as isolation and
regression of data, prediction and presumption, and kernel-
based and neural networks. In Sect. 4, we discuss plasma as
an electromagnetic fluid and its fundamental governing
equation, the Boltzmann equation (BE). Attempts have
been made to solve the complex ensembles of electrodynamic
behaviors by applying various ML techniques. In Sect. 5, we
review the progress in computational simulations of micro-
and nano-sized particle syntheses in plasma. The complex
coupling between plasma fluidity and heterogeneity related to
geometric surfaces, such as particles, mists, and bubbles, are
treated using multi-scale approaches. In Sect. 6, we review
the progress in solving the plasma-surface interaction pro-
blem. Plasma-enhanced film deposition and plasma etching
technologies are discussed in this paper. In particular, to
discuss the morphology, topography, and feature profiles, we
must consider the trajectories and motions of energetic
particles in the sheath region, which appear between the
plasma and surface. Moreover, industrial applications are
reviewed with examples of image processing for plasma
etching. In Sect. 7, we envision future innovations in the
development of plasma processing, data-driven plasma

Fig. 1. (Color online) Application fields of plasma technologies. Thermionic emission generates liberated electrons from an electrode. Gaseous discharges
produce sources of light and heat. Vacuum and radio frequency power technologies realized various material processing as well as fusion plasma. The major
difference in reactive plasma is chemical complexity, which is caused by electron collisions and secondary processes and is recognized on long time scales.
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science, and plasma informatics in all the phases of research
and development, process, and assembly.

2. Background

Herein, we introduce the background of the plasma processing
technology. Plasma-related phenomena have been clarified by

leading-edge measurements and modeled using theoretical equa-
tions developed in the modern physics and chemistry disciplines.
We attempted to solve the complexity of plasma phenomena
using reductionism approaches. The rebuilding of each science
field is expected to achieve success in modeling the hierarchy of
plasma processes. There is room for improvement from the
conclusion; thus, data-driven approaches should be considered.
Before starting the main topic, we reviewed the recent develop-
ments in science-based plasma diagnostic research. This section
comprises reviews on the measurement of bulk plasma properties
and multiscale plasma reactor simulations. Feature profiles and
plasma-induced damage are also noted.

Fig. 2. (Color online) Overview of the data-driven innovation of plasma processing technologies. Research and development (R&D) is the work for creation
of products and services. In the process of marketing and launching them, it needs to assemble and integrate huge number of individually and/or interrelated
elemental technologies. The goal of this assembly is to optimize under a number of constraints. This complex loop of R&D, process, and assembly must be
cycled with robust feedback, without arbitrary decisions. Therefore, the topical trends of smart manufacturing and digital transformation are gaining attention to
solve this requirement through analysis, optimization, assessment, and prediction.

Fig. 3. Overview of this review. This review covers technological areas of
low-temperature plasma processing.

Fig. 4. Development of science over the centuries. The fourth paradigm is
the data-driven science.7)
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2.1. Brief description of development of science
In the development of science over the centuries (Fig. 4),
empirical science has been developed along the lines of
observations. The purely experimental approach has moved
the realm of theoretical models and formulated general-
izations. The laws can be described by mathematical equa-
tions. Overcoming the limitations of analytical equations, the
computational approach has facilitated the simulations of
complex phenomena based on theoretical models.
Developing from the previous paradigms, today huge
amounts of data are being generated by experiments and
simulations. In response to such big data, a new approach
called as data-driven science has emerged in informatics.6) To
enable the timely discovery and deployment of scientific
knowledge now, we will provide an overview of the science
and technology to understand and control the dynamics of
plasma processes in real time.
As shown in Fig. 1, manufacturing material-processing,

such as film deposition and etching materials, are now used
plasma technologies. Regardless of substrate temperature,
electron-collision-induced chemistry of ions and radicals
enables us to coat and etch films, and to modify surface
properties of fragilely functional materials. For examples,
nitrogen molecule is inert and no thermal process with a use
of nitrogen gas can carry out. On the contrary, electrical
discharges of nitrogen gas can produce a rich chemistry.
In situ plasma functionalization with the creation of ammonia

and nitric acids from water nitrogen plasma has attracted
much attention for building a circular economy.8,9)

2.2. Plasma processing in spray coating
For a long period of time, conventional thermal plasma was
used for all types of coating10) (Fig. 5). Recent spray coatings
has expanded from thermal spraying to cold spraying to high
velocity jets with oxygen fuel (HVOF) and air fuel
(HVAF).11–13) The coating processes of deposition of pow-
dery metals or compounds should be controlled by a total of
500 or more of all dependent variables.14–16) Using the
variables as a black box, a ML approach is used to calculate
the porosity, macrostructure, and mechanical properties of the
coating films as targets. There are functional coatings as well
as mechanical coatings. Elementary processes are important
to understand through calculations based on temperature and
velocity of molten powdery particles.
2.3. Plasma processing in semiconductor
manufacturing
As exemplified in semiconductor manufacturing, optimiza-
tion cannot always be achieved through trial and error. Cost
reduction and simplification are expected to be obtained in
virtual experiments that require numerical computations
based on theories and stored fundamental datasets.17)

Automation of plasma processing has been addressed for a
long time. Statistical process control (SPC) was developed in
the 1980s18) and was based on the design of experiments
proposed by Taguchi.19) In 2005, Hiramatsu and Hori argued
that behaviors of radicals in plasma should be constantly
monitored and controlling compositions and densities in real
time20) (Fig. 6).
The radical densities were controlled independent on

source gases by the radical injection method.21) Radical
densities were monitored by optical method and substrate
temperature affects radical reactions.22) Substrate temperature
is monitored by an optical interferometric method.23)

Following the monitor, feedback was applied autonomously
in real time to maintain optimal plasma conditions24) (Fig. 7).
Yamamoto et al. reported that etched feature profiles were
modified by a real time control of radical densities on the
basis of substrate temperature change.25) The controlling
method developed that etchant radical density of H atom
increased in early stage with low substrate temperature and
passivation radical density of N atom increased at later stage
with high substrate temperature. H and N atom densities in
the H2 and N2 mixture plasma were monitored in real time by
the vacuum ultraviolet absorption spectroscopy.26) As re-
ported by Suzuki et al., it was demonstrated that these
densities were maintained autonomously by a feedback
controller system, even when chamber wall conditions were
disturbed.27,28) To apply a plasma etching process, etched
featured profiles were tailored by lateral etching amount in a
trend of processing time (Fig. 8). More precise substrate
temperature was controlled by feedback operated on-off
sequences of plasma and bias powers.29)

Advanced process controls (APC) have become wide-
spread in semiconductor manufacturing. However, there is
still room for improvement, and the methodology is challen-
ging in real-time run-to-run (R2R) and run-by-run (RbR)
control and in fault detection and classification (FDC). A
predictive analysis can be performed through regression,

Fig. 5. (Color online) Schematic illustration of spray coating. Inert gas
flows with high speed and powder accelerates toward downstream. The
flowing gas is reached to temperature of up to 1000 °C. The powder is melted
and vaporized and then spray particles and clusters are directed and coated on
the substrate. Spray clusters passing through the De Laval nozzle are injected
outward from the nozzle throat at supersonic speeds.

Fig. 6. Schematic diagram of autonomous nano-process system with
radical injection [Reprinted from M. Hiramatsu, J. Plasma Fusion Res. 81,
669 (2005).20)].
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classification, and deep learning of data for sensing and
monitoring of plasma reactors (Fig. 9).
2.4. Science-based modeling hierarchies of plasma
processes
To realize this, knowledge hierarchies of several levels
involving areas such as plasma physics, plasma chemistry,
plasma sheath, fluid dynamics, ion optics, particle-motion
dynamics, surface reaction chemistry, and thermodynamics
should be integrated30) (Fig. 10). A design of processing
chamber determines structural parameters, such as processing
volume and area, feeding methods of electromagnetic power,
vacuum and flow of gases, temperature. First, a electromag-
netic power source generates electromagnetic fields for

Fig. 7. (Color online) Autonomous nano-process system for plasma etching of films. Schematic diagram of feedback control system for radical density ratio
H/(H + N). PLC stands for the programmable logic controller, and Fourier transformed infrared reflection absorption spectrometer (FT-IR-RAS) and vacuum
ultraviolet (VUV). [Reprinted from S. Takahashi, et al. Jpn. J. Appl. Phys. 51, 016202 (2012).24)].

Fig. 8. (Color online) Temporal trends of measured density ratio of H and N atoms and etched feature profiles obtained with or without real time control of
the radical density ratio [Reprinted from T. Suzuki et al., J. Phys. D: Appl. Phys. 47, 422001 (2014).28)].

Fig. 9. The science-based, data-driven process control opens a new avenue
for future innovations in low-temperature plasma processing.
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acceleration of electrons. The important internal parameter of
a collection of electrons is electron velocity distribution
function (EVDF). Second, highly energetic electron possibly
induces collisional reactions with atoms and molecules, such
as ionization, excitation, and dissociation. Ions, metastables,
radicals, and light are produced and irradiated towards the
substrate surface passing through the sheath boundary region.
For positive ions, the sheath develops high electric field and
then highly accelerated ions can bombard the surface with
sputtering effects and secondary electron generations. Third,
the by-products of precursor’s reactions potentially change
processing conditions. There are many key parameters for
controlling processing (Fig. 11).
Plasma processes occur at the heterogeneous interface

between the plasma and the surface. We consider that the
“process architecture” comprises plasma, sheath, and a
geometrical surface (Fig. 12).30) That is, the hierarchical
systems of bulk plasma, sheath transport, and surface
reactions are handled here.
Bulk plasma is characterized by the key parameter of the

EVDF. This is formulated using the BE. However, this
nonlinear equation cannot be solved analytically whenever
assumptions are made regarding plasma physics and
boundary conditions. More importantly, especially for low-
temperature plasma, a variety of reactive species is generated
from electron collision-induced reactions. Multiple particles,
such as electrons, ions, and radicals in the plasma are
analyzed using both plasma physics and chemistry.
The space between the plasma and surface is called plasma

sheath. The sheath region also contains complex phenomena
wherein plasma-generated species are transported towards the
surface of the substrate, mass, and energy flow between the

bulk plasma and wall boundary. In this sheath region, there is
motion of the charged particles through the building electro-
magnetic fields.
The particles react chemically at the surface of the

substrate. Electrically neutral species, such as atoms, mole-
cules, and radicals, are adsorbed on the surface, whereas
charged species (e.g. electrons, ions, and negative ions) hit
the surface. The states of the surface change sequentially, and
the accumulation of the adsorption and bombardment is
determined recurrently in the next-stage state. That is, a
nonlinear process in a nonequilibrium state occurs at the
surface during contact with the plasma. Elementary surface
processes are governed by physical chemistry formulations;
however, no single solution can be obtained. Hence, diag-
nostics and monitoring of the bulk plasma, sheath, and
reacting surface should be conducted in situ and in real
time. In view of this hierarchy, the combinational approaches
comprising the building of theory, computational modeling,
and experimental monitoring play an important role in
controlling the processes.
2.5. Electron behaviors in bulk plasma—Plasma
physics
2.5.1. Time-averaged measurements of the parameters
of bulk plasma. The electron density in the bulk plasma can
be measured using Langmuir probe.32) Measurement of the
deposition of plasma using the Langmuir probe often fails
because of the deposits on the probe surface. These deposits
disturb the electrical conduction between the plasma and
probe.
Invasive diagnostics of plasma properties are obtained

using microwave probes.33) These methodologies are based
on the detection of the resonant frequency of the surface-

Fig. 10. (Color online) Schematic illustration of plasma processing and the equipment [Translated and modified from R. Itatani (1990).31)].

SA0803-6
© 2022 The Author(s). Published on behalf of

The Japan Society of Applied Physics by IOP Publishing Ltd

Jpn. J. Appl. Phys. 62, SA0803 (2023) PROGRESS REVIEW



wave component generated at the interface between the
plasma and surface. Even thick micron-scale deposits are
not affected to the measurements. The design of the probe has
been continuously improved and is called curling probe. For
instance, a double-curling probe was demonstrated34,35) and
successfully monitored in real time.36) The curling probe was
used for the measurements of the plasma thruster.37) The
hairpin resonator has also been used to measure the electron
temperature.38) The spatial distribution of plasma density in a
chamber was revealed by the cutoff probe39,40) and the
surface-wave probe.41,42)

Optical diagnostics are categorized into passive and active
methodologies. The former is optical emission spectroscopy
(OES), in which plasma, as a measurement target, is emitted
as a light source. The latter is laser spectroscopy, in which
laser light as the other light source is used for the detection of
scattering and fluorescence by the excitation of species in the
plasma. The electrons can be measured using laser Thomson
scattering.43) Low pressure inductively coupled plasma (ICP)
discharge was measured by Thomson scattering, and its

electron density was calculated using the finite element
analysis method.44) An automatic measurement of Thomson
scattering was proposed.45) The temporal variation in 2D
measurements of electron density and electron temperature
was reported in the case of laser-produced plasma, although it
is slightly different from that in high-pressure plasma, using
collective Thomson scattering with ion features.46)

Optical emissions can be measured relatively simply and
are commonly diagnosed by analysis using the collisional
radiative model.47,48) Emissions of two excitation energy
levels can be drawn on an electron density and electron
temperature plane; thus, a pair of density and temperature can
be obtained at an intersection point on the contour plane.49)

These relationships can be stored in relation to the probe data
without a physical model through ML. In actual cases, the
model, as suggested by the collisional radiative model, is
only an approximation. Therefore, it is more accurate to use
stored data based on actual measurements, such as Thomson
scattering data. Nishijima et al. reported the ML prediction of
the electron density and Te of OES data acquired by a

Fig. 11. Process outputs closely related with plasma external parameters and plasma internal parameters. Inelastic collisions which govern chemical
reactions, such as ionization, excitation dissociation, are also coupled with behaviors of space charge potentials and charged particles. This diagram was drawn
originally in the entitled article of “Well-controlled Reactive Plasma” in 1990 [Translated and modified from R. Itatani (1990).31)].
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multispectral camera.50–53) Multiple regression of optical
emissions could be applied to real-time measurements for
roughing the surface during sputtering processing54)

(Fig. 13).
In past, multivariate principle component analysis and

partial least squares were employed to relate the various OES
signatures to etching performance, such as etch rates,
uniformity, and aspect-ratio-dependent etching.55) The highly
accurate end-point detection of etching by impedance mon-
itoring was demonstrated.56)

2.5.2. Phase-resolved measurements of the parameters
of bulk plasma. As an example of reactive plasma with
electronegativity, pulsed fluorocarbon plasma is operated by
turning on and off the excitation power, and a surface-wave
probe was used to measure the electron density decay.57,58)

Phase-resolved OES data were analyzed by the corona model
and local thermal equilibrium approximations that are satis-
fied by simultaneously the Boltzmann and Saha equations for
to determine the plasma density and Te.59) The plasma
density in the afterglow speedily decreased within a short
time of approximately 5 μs. The production of ion–ion
plasmas by the effective utilization of negative ions in the
afterglow phase was suggested.59) Makabe et al. reviewed the
electronegativity of reactive plasmas60) (Fig. 14).

Fig. 12. (Color online) Architecture of the plasma processes and modeling hierarchies for the plasma processing reactor. Discovery of processing recipes
through the combination of theory, computation, and experiments [Reprinted and modified from Jpn. J. Appl. Phys. (57, 06JA01, 2018).30)].

Fig. 13. (Color online) A setup of the ML prediction of electron density
and temperature of optical emission spectra acquired by a hyperspectral
imaging system and simultaneously the Thomson laser scattering measure-
ment.
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In situ monitoring of plasma ignition in capacitively
coupled plasma has been reported.61) The transient behavior
of pulsed electronegative plasmas has attracted considerable
attention. Measurements of pulsed Ar capacitive coupled
plasmas (CCPs) through phase-resolved OES showed an
overshoot in the light emission intensity at the reignition of
the pulsed discharge and differences in spatial emission
patterns, depending on the pulse frequency. Lower frequency
is exhibited in a mixture of the α heating mode and drift-
ambipolar heating mode, which is ordinarily only found in
electronegative discharges.62) Electrical characteristics, such
as RF current and voltage, power, and direct current (DC)
bias voltage, were measured as a function of time during the
reignition of pulsed Ar plasmas. The overshoot at reignition
reflected the moving heating mechanisms, from stochastic
heating to a combination of stochastic and ohmic heating.63)

2.5.3. Electron heating and other mechanisms. The
Te was computationally calculated when the plasma was
sustained by a 5 kHz pulsed power using Ar/Cl2 mixtures at
20 mTorr. Te spikes to a high value during a low-to-high
power transition and to a low value during a high-to-low
power transition, and Te reaches a quasi-steady state during
both high- and low-power excitations. This is determined by
the electromagnetic skin depth.64)

The dynamics of power matching to pulsed ICPs of Ar/Cl2
mixtures of tens of mTorr pressure using fixed-component
impedance matching networks were investigated.65) This
early power coupling enables a more rapid ramp-up in the
plasma density while being mismatched during the induc-
tively coupled (H)-mode later in the pulse. The early match
also produces a more energetic ion bombardment of the
surfaces. Matching late in the pulse diminishes the power
dissipated in the capacitively coupled (E)-mode at the cost of
reducing the rate of increase in the plasma density.65)

Another example is the measurement of microarcs by
electrical detection66) and a microwave flat cutoff probe.67)

Sensory data can be used to detect abnormalities in the
plasma processing apparatus.
The ion flux uniformity and electron temperatures of the

dual-antenna ICP were measured using a Langmuir probe
floating by a DC blocking capacitor based on the floating
harmonic method. At high pressures, electron heating
occurred locally, and the ion flux uniformity was affected
by the gas flow rate or gas residence time in the electron-
heating region.68)

2.6. Reactive species in bulk plasma—plasma
chemistry
2.6.1. Motivation of the control of reactive species. The
process results must be controlled, and the process value was
controlled in a closed loop by using a sensor to maintain the
set value. In the absence of a suitable sensor signal, the
system is controlled based solely on independent equipment
parameters in an open loop manner. At the most basic level,
quality control is used by statistical process control methods
to monitor and control a process.
For example, in semiconductor fabrication of ultra-large-

scale integrated circuit, plasma processes are indispensable
for geometrical pattern transfer and the fabrication of high-
aspect-ratio (HAR) features.69,70) For the fabrication of wires
and interconnects of the device, an insulating film is
deposited, and then holes and trenches are manufactured by
etching uncovered areas of the film with the protection of a
patterned resist mask.71) Reactive plasma is used for etching
the insulating dielectric films, such as silicon dioxide,72)

silicon nitride,73) silicon oxyfluoride,74) and silicon
oxycarbide.75–78) Since the late 1990s, anisotropic etching
has been used for the fabrication of deep holes and trenches
with dimensions narrower than 100 nm and high-aspect ratios

Fig. 14. (Color online) Schematic diagram of positive and negative ions from pulsed plasma with DC bias operation.48) In pulsed plasmas, negative ions can
be extracted from the bulk plasma to boundary surface applying electrical reversal potential or positive bias.50)
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of more than 20.71) In addition, the structures and functions
were controlled, and material damage could be minimized.79)

To satisfy the requirements for controlling the feature
profiles and reducing damage, all levels of the plasma,
sheath, and surface reactions were characterized by quanti-
tative measurements.
2.6.2. Models of electron collision-induced reactions
in bulk plasma. Reductive approaches to understand the
collection of electron-collision-related reactions in plasma
can be evaluated using the statistical average of all single
events. Assuming the Boltzmann distribution, multivariable
integration can be employed using the Monte Carlo (MC)
method to solve the macroscopic behavior of the plasma
system using information from microscopic elementary
reactions.
The motion of an electron close to the chamber wall in a

magnetized ICP was analyzed, and a counterintuitive me-
chanism of electron reflection was revealed.80) Lorentz force
along the RF electric field induced electron motions parallel
to the sidewall. The behavior of the majority of electrons was
determined by individual electrons that gained energy
stochastically.81) The azimuthal velocity of electron motion
in a cylindrical chamber under an RF electric field and
confronting divergent magnetic fields was simulated to
evaluate the phase-resolved profiles of power deposition on
electrons in a low-pressure inductively coupled magnetized
plasma.82) The average velocity of electron motion under
crossed fields of alternative current (AC) electric and DC
magnetic components was formulated analytically. The
velocity vector draws elliptical loci with alternating electric
fields. The electron transport phenomena in magnetized
plasmas were explicitly described with the collision fre-
quency, which was described as the electron collision cross-
section of gases.83) The elliptical loci for electron swarms in
F2 or Ar/CF4 changed significantly because of the directional
electron drift in inductively coupled magnetized plasmas.84)

The effects of ionization and electron attachment have shown
that ionization increases the proportion of isotropic electrons
and electron attachment reduces the population of scattered
electrons.85)

Breakdown data for alcohol vapors were provided by the
electrical and OES data of emissions for excited OH, CH, and
H atoms.86,87) Discharges in liquid alcohol have been used in
material synthesis applications, particularly of nanographene
synthesis at room temperature.88–91) The voltage and current
characteristics of low-pressure, low to moderate DC current
discharges in vapors of alcohols, such as methanol, ethanol,
isopropanol, and n-butanol, were reported.92) Further inves-
tigation showed that the effective ionization coefficients for
the alcohol vapors were measured by breakdown voltage and
emission profile measurements in low-pressure DC
discharges.93) Electron collision cross-sections of dimethyl
ether (DME, C2H6O) were measured under a constant electric
field and crossed electric and magnetic fields through the
standard swarm analysis.94)

A multiple term solution of the BE for electron noble
gases, including He, Ne, Ar, Kr, and Xe, were discussed by
considering the third-order transport coefficient tensor95) and
the effect of longitudinal field components on the spatial
profile of electron swarms.95,96) The third-order transport
coefficients for electrons in N2 and CF4 were discussed.97)

To date, 2D simulations of ICPs of Ar/CF4/O2 mixtures for
etching applications showed the results of spatially and
temporally plasma density and energy-resolved ion and
radical fluxes towards surface.98–100) The plasma kinetics of
perfluorocyclobutane (c-C4F8) was modeled using a self-
consistent plasma fluid simulation model.101) Applying a
high negative DC voltage to a RF biased electrode, the flux of
secondary electrons and plasma uniformity were discussed
with phenomena of trapping and dumping of ballistic
electrons that depend on the magnitudes of overlapped
voltages. High-energy secondary electrons altered the

Fig. 15. (Color online) Electron collision processes in gas-phase. Computational approaches for estimation of:: reaction pathway and threshold energy of
these reactions (Courtesy: Toshio Hayashi).
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electron energy distribution function (EEDF) at the wafer,
high-energy electron flux to the wafer and the plasma density
profile.102)

Inelastic dissociation processes under consideration of the
vibrational states were reported.103–105) Simulations of atmo-
spheric pressure plasma at the nonequilibrium phase were
reviewed by Tochikubo.106)

2.6.3. Computational chemistry for electron molecule
collisions. Computational quantum chemistry approaches to
electron-molecule collisions have been investigated107)

(Fig. 15). In the semiconductor industries, film depositions
used silicon precursors such as silane (SiH4) for silicon films
and carbon precursors such as methane (CH4), and material
etching used halogen etchants such as tetrafluoromethane (CF4).
Electron-molecule collision cross-sections for polyatomic

molecules have been studied for fluorocarbon and hydrofluor-
ocarbon etchants used in the semiconductor industry.108,109)

Electron impact dissociation cross-sections for C2F6 have been
reported.110) Meanwhile, electron impact ionization cross-
sections for C2F6 and C3F8 have been reported.111) The total
ionization cross-sections for perfluorocarbons, such as C4F6
and C4F8, were calculated using the binary-encounter Bethe
method.112) Various types of analyses of C4F8 plasma were
performed, and the dissociation of CF2 via C2F4 was presumed
based on the analysis of the results.113) Thereafter, the electronic
excited states of C4F8 were calculated.114) Furthermore, the
dissociation channels for C4F8 into CF2 and C3F5

+ ions were
assigned to the ab initio molecular orbitals.115,116) The electron
impact elastic and excitation cross-sections of C4F6 isomers
have been reported.117) The electron impact dissociation chan-
nels for C5F8 and C5HF7 have been studied.118) The electron
impact ionization process of C3F6O has been reported.119)

The primary dissociation channels of hydrofluoro compounds
were predicted through quantum chemical calculations,120–123)

including fluoromethane compounds (e.g. CF4, CF3, CHF3,
CH2F2, and CH3F),

120)
fluoroethane compounds,121) and

1,1,1,2-tetrafluoroethane (HFC-134a).122) Among these, 1,1,2-
trifluoroethane (CH2FCHF2) was examined for the generation
of CH2F and CHF2 radicals and ions by quadrupole mass
spectrometry. In addition, the etch selectivity of silicon nitride
(SiN), silicon dioxide (SiO2), and poly-Si films using
CH2FCHF2 plasma mixed with O2 and Ar was explained
with respect to the CH2FCHF2 and O2 mixed gas-phase using
quantum chemical calculations.123)

2.7. Sheath-related phenomena—dynamics in
transports of mass and energy
2.7.1. Ion trajectories at sheath and feature levels. Ion
trajectories are issued to control the feature profiles. Wafer-

scale simulations have been reported for this purpose. The
formation of DC self-bias voltage in CCP RF plasmas driven
by multi-frequency waveforms has been reported.124)

Electron-induced secondary electron emission (γ-electrons)
strongly affects the ionization dynamics and plasma
density.125) The focus ring skews the difference in sheath
thickness above the wafer and focus ring.126) The plasma
discharge is concentrated over the focus ring, not being in the
center of the reactor. A large potential difference and a high
capacitive power deposition appears at the surface area
between the substrate and focus ring127) (Fig. 16).
Multiscale modeling with a sheath was applied to predict
ion fluxes around a gap between a wafer and a focus ring in a
dual-frequency (40 MHz+ 3.2 MHz).128) The uniformity
across the large area of wafer has been attracted attention in
plasma sheath formation around the edge and gap of focus
ring.129–132)

Electric field reversals (EFRs) in the sheath and pre-
sheath, the electronegative nature, and increasing mole
fractions of O2 impede electron transport to the surface,
which further increases EFR.133–135) The 2D axisymmetric
plasma sheath model predicted ion trajectory deviations at
the plasma–wafer interface for actual chamber geometries
and etch conditions.136) The plasma sheath was deformed,
and the ion trajectories tilted from the normal to the surface
in the vicinity of the wafer edge. The feature-scale kinetic
MC etch model determines the asymmetries in the post-
etched feature profiles.137) The topographic simulation
platform simultaneously considers 3D surface movement,
neutral and ion transport, and surface reactions in plasma
HAR oxide etching.137) The stochastic charging of the
inside surfaces of features resulted in tilting of the HAR
features in random directions.138) The ion energy and
angular distribution functions (IED and IAD) of ions and
fast neutrals were estimated computationally by a hybrid
model of fluid and particles and they were validated across a
range of operating conditions of experiments.139) The IED
were measured by a retarding field energy analyzer and the
IED function varies over a pulse period. The results were
shown that the ion energy increased and energy spread from
single peaked to bi-modal with the decrease of RF power
duty cycle.140) During transitions of plasma in a pulsed
period from a plasma ignition stage to a stable glow stage
and to an afterglow period, the ion energy and ion flux were
tailored by pulsing waveforms.141)

2.7.2. Measurement of transport in the interior of HAR
features. Inside the HAR features, the entrance of electrons
is shaded, and the feature bottom will have electrostatic
charges built up owing to the unbalanced entrance of
electrons and positive ions (Fig. 17). Noda et al. reported
that the ions that penetrated real contact holes with a diameter
of 0.2 μm fabricated on a micro-capillary plate were directly
measured by using an electrically floated quadruple mass
spectrometer.142) The charge density at the bottom was
monitored using the capillary-hole method.143,144) The an-
gular distributions of energetic neutrals and ions were
analyzed.145)

2.8. Plasma-induced surface reactions—Surface
chemistry
2.8.1. Molecular simulations of plasma-induced surface
reactions. The cyclic process of deposition and etching is

Fig. 16. (Color online) A schematic cross-section of a plasma etching
reactor. A wafer edge is surrounded by a focus ring made of insulating
materials. A gap between the wafer edge and the focus ring is closely related
plasma uniformity at the edge of a wafer.
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called (quasi) atomic layer etching (ALE). The computational
results of the ALE of SiO2 on flat surfaces and in short
trenches using capacitively coupled plasmas comprising a
deposition step (fluorocarbon plasma) and an etch step (argon
plasma) showed a delicate balance between the deposition of
the polymer during the first half cycle and etching (with
polymer removal) during the second half cycle.146) The
thermal ALE process of crystalline HfO2 and ZrO2 using a
hydrogen fluoride (HF) pulse was calculated using a compu-
tational model.147)

2.8.2. Minimization of plasma-induced damages. Plasma-
induced damage has been recently characterized by various
methods, such as the combination of quantum chemical
computation148) and electrical conductance
measurements.149,150) It is caused by bombardment of ener-
getic ions, penetration of chemically active atoms, and
radiation of high-energy photons.151) The effects of ion
bombardment on the surface were analyzed experimentally
and numerically.152) On-wafer monitoring of the ion bom-
bardment energy has been reported.153)

2.9. Science-based modeling hierarchies of plasma
processing reactors
2.9.1. Simulation of multiscale modeling of plasma
processes in a reactor. The previous section reviewed the
recent progress in the measurement of bulk plasma. At the
next level, multiscale modeling of plasma processing should
be developed, including particle transport and surface reac-
tions inside the reactors. That is, plasma processing has been
modeled using multiscale simulations for equipment-scale
plasma and feature-scale profiles (Fig. 18).
In plasma etching, multiscale models have been developed

to simulate both the gas-phase reactions and transportation
phenomena in Cl2/Ar plasma chambers, as reported by
Osano and Ono,154–158) Kushner et al.,159–162) Chang and

Sawin,163–165) Graves, et al.,166,167) Hamaguchi et al.,168–170)

and Tinck and Bogaerts.171–173)

Kuboi et al. modeled the surface reactions and plasma-
induced damage on SiO2 and Si3N4 with fluorocarbon plasma
using the voxel-slab model developed by Kuboi.174–178)

Vanraes reviewed the standardized computational methods
to be used for multiscale modeling in a case study of Si and
SiO2 etching by fluorocarbon plasmas.179)

In plasma film deposition, Depoh et al. reported plasma
and feature profile simulations of plasma-enhanced chemical
vapor deposition (PECVD) of a titanium film.180) Numerical
simulations were also performed for physical vapor deposi-
tion (PVD), such as ionized magnetron sputter
deposition.181–184)

The etching properties of C6F6/Ar/O2 in ICP and CCP
systems were compared.185) Pulse-modulated plasma for
SiO2 etching characteristics was reviewed.186)

2.9.2. Monitor and control of substrate
temperature. Noncontact measurements of the substrate
temperature have been reported by low-coherence
interferometry.187) The uniformity of the substrate tempera-
ture was controlled using a multizone heating system.188–191)

The temperature of the electrostatic chuck, used as a wafer
susceptor, was monitored using a wireless-type on-wafer
temperature monitoring system.189) To understand the tem-
perature results, the heat transfer characteristics of the
ceramic puck for the electrostatic chuck, and the effects of
different types of heating zones, such as multi-zone/single-
zone heaters,190) and the temperature uniformity of the
ceramic puck191,192) were investigated.

3. Toward plasma informatics—basics of data-driven
approaches

Data-driven approaches have been taken into account also in
plasma science recently,5,193) which may be called “plasma
informatics.”6,194) Accordingly, the plasma informatics is
defined as applications of techniques based on informatics
and data-driven sciences to plasma science (Fig. 19).
Recent significant improvements in the information proces-
sing capabilities of computers and the development of
sensor technology have facilitated the collection of large
amounts of data, and the high-speed processing of big data
has allowed for qualitatively different and useful results to
be obtained.6) The emphasis that informatics and data-
driven science are merely statistical methods of regression
and sorting of data without physics, it is meaningless
without combination of theory, computation, and experi-
ments.
Historically, the first paradigm is empirical science-based

on observation; the second one is model-based theoretical
science; the third one is computational science, which
comprises simulations; and the fourth one is evolutionarily
big data-driven science.195,196) In the research and develop-
ment phase, data-driven approaches have emerged.7) In fact,
a large dataset contributes to the discovery of complex
plasma.197,198)

Predictive analysis is possible in the regression of data.
The quality in the production of the materials and fabrication
of the devices must be controlled by informatics. Simply
stated, it is to explore relationship between inputs and outputs
through computation. There are three such learning

Fig. 17. (Color online) A diagram of schematics of transports inside high-
aspect-ratio features. Neutral transport rate is obtained by molecular diffusion
and the surface sticking coefficient. The sticking of neutrals determines the
neutral flux towards the bottom of feature during the transport. Ion energy
and angular distribution determines global sheath field and local charge-built
up surface (Reprinted from Jpn. J. Appl. Phys. 57, 06JA01 (2018).30)
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approaches: supervised learning, unsupervised learning and
network modeling based on the Graph theory using a
collection of nodes and edges. This review provides an
overview of these advances, focusing on plasma processing
researches and not fusion plasma. Consequently, smart
manufacturing and an understanding of the mechanisms

and properties of complex systems are topics in plasma
informatics.
3.1. Basics of machine learning
Deep learning is defined as a subset of ML methods for
prediction and classification to learn the underlying features
in data using deep neural networks (DNN), such as

Fig. 18. (Color online) Schematic diagram of process development, including (i) modeling and simulation and (ii) monitoring and control, for nanoscale dry
processing without damage. (Reprinted from Jpn. J. Appl. Phys. 58, SE0804 (2019).17)

Fig. 19. (Color online) Diagram of science-based, data-driven approaches called as plasma informatics. LSTM stands for long short-term memory.
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convolutional neural networks (CNN). Autonomous control
can be built on two different architectures: a reactive system
based on a simple loop of sensing and action. Another is a
cognitive system based on a complex loop of sensing,
cognition, decision, action, adaption, and learning (Fig. 20).
In these systems, data are collected and processed to achieve
an environmental state under specific time and space con-
straints. Perception comprehensively integrates information
to create awareness in the decision-making process. To
extend this perception, artificial intelligence can be built by
mimicking or reversing the engineering of biological
intelligence.199)

3.2. Overview of data regression
Regression using ML has two advantages in obtaining
accurate predictions. First, a regressor is obtained without
assuming the exact regression functions. Better regression
functions can be obtained by optimizing the hyperparameters
to adjust the coefficients in a regression function. A
parameter search method using a grid search or gradient
method was used to optimize the hyperparameters. Second,
unacquired data can be predicted with a high generalization
performance. That is, a regressor that avoids overfitting can
be obtained through regularization.
Table I lists the typical methods that can be used as

regressors. There are a wide variety of methods, such as
kernel-, decision tree-, and neural network-based. However,
no method can be appropriate for all task types. Each method
has its weaknesses and strengths. For example, a DNN has
universal approximation ability. However, it requires a large
amount of learning data to determine its coefficients.
Therefore, it is better to select methods that are well-suited
to a target task.

3.3. Kernel-based models—gaussian process re-
gression and support vector machine (SVM)
Gaussian process regression, a statistical ML method, can be
applied to spectroscopy measurement data and crystal growth
data, which can accelerate material research by reducing the
experimental time and cost. It is important to design and use
appropriate evaluation functions for the exploitation and
exploration of experimental data using ML. The prediction
accuracy of unknown experimental data varies significantly
depending on the adequacy of the evaluation functions.
Therefore, it is necessary to evaluate the accuracy of the
model and check whether overfitting has occurred using test
data that are not included in the training data. Cross-
validation during training or validation with test-specific
training is used for the check.
3.4. Decision tree-based models—random forest
In the decision tree, the explanatory variables are split into
intervals. A cost function is used to determine the range and
number of intervals. The split constitutes a tree structure that
branches step-by-step from the root node. Therefore, it is
easy to explain the reason for obtaining an inference result by
following the branch nodes. In recent years, more advanced
methods, such as extreme gradient boosting (XGBoost)200)

and light gradient boosting machine (LightGBM),201) which
apply a boosting technique to decision trees, have been
developed and used for various problems.
3.5. Network-based models—deep neural networks
(DNNs)
Deep learning with neural networks has emerged in various
fields, such as regression, classification, computer vision, and
natural language processing. A neural network has input and
output layers and middle layers. A network with a large

Fig. 20. (Color online) A diagram of cognitive system with artificial intelligence technology.

Table I. List of regressors using machine learning.

Model Data size availability

Kernel based
Gaussian process regression Bayesian optimization High dimensions
Support vector regression (SVM) Sparse model High dimensions
Decision tree-based
Random forest Few hyperparameters, but overfitting Large dataset
Extreme gradient boosting Many hyperparameters Small dataset
Network-based
Deep neural network (DNN) Universal approximation Large dataset
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number of middle layers is called a DNN. Overfitting has
long been a problem in the training of neural networks.
However, methods that can avoid overfitting, such as
dropout,202) have been developed in recent years, and the
application of neural networks has expanded significantly.
Various models have been proposed depending on the
network structure, such as the number of layers and nodes,
function and interconnection of layers, and recursion of
inputs and outputs. Typical examples are CNNs, which
capture features by convolutional layers and are often used
for image recognition, and recurrent neural networks
(RNNs), which are excellent for processing time-series
data, such as sensor logs and sounds.

4. Recent progress in bulk plasma research—
machine learning of plasma parameters

4.1. EVDF and BE solver
The EVDF provides basic information on electron transport
and reactions in plasma. The electron transport coefficients

and rate coefficients for electron collision-induced reactions
can be calculated using the EVDF. These coefficients are
required for the plasma simulation. The EVDF can be
obtained as a solution to the electron BE, and various
numerical methods have been developed for solving the
BE.203) The direct numerical solution (DNS), where no
expansion of the EVDF is required, is the best method to
calculate the EVDF exactly.204–206) However, the calculation
of the 3D or higher-dimensional EVDF by DNS has still been
restricted owing to the high memory capacity required for
storing the EVDF. Recently, the physics-informed neural
network (PINN) approach has attracted significant attention as
a mesh-free approach for solving partial differential equations
(PDEs).207) In this approach, an artificial neural network
(ANN) is employed as a function approximator and is trained
to satisfy both PDEs and boundary conditions. The trained
ANN represents the solution function of the PDE. The partial
derivatives of the function represented by the ANN can be
calculated analytically using automatic differentiation,208)

making the PINN approach mesh-free. The PINN approach
allows us to address high-dimensional problems while saving
the memory capacity required for the calculation. The applic-
ability of the PINN approach for solving the BE was
demonstrated in the calculation of the 2D equilibrium EVDF
under DC uniform electric fields209) and the 3D equilibrium
EVDF under DC uniform electric and magnetic fields.210)

Figure 21 shows a diagram of the PINN approach for
calculating the 3D EVDF f (vx, vy, vz). The inputs of the ANN
are the components of the electron velocities vx, vy, and vz.
The output of the ANN is the value of the function f (vx, vy,
vz). The ANN was constructed in accordance with the
architecture presented by Wang et al.,211) and it has four
hidden layers and 100 units per layer. All BE terms are
transferred to the left-hand side, and the BE is represented as
ˆ ( ) =Lf v v v, , 0.x y z How well the ANN respects the BE is
measured by the loss function defined as the mean absolute
value of ˆ ( )Lf v v v, , .x y z We sampled points in the velocity

Fig. 21. Diagram of the PINN approach for calculating the EVDF.

Fig. 22. (Color online) Electron velocity distribution function f (vx, vz) in
SF6 at E/N = 2000 Td (1 Td = 10−21 Vm2) and B/N = 2000 Hx
(1 Hx = 10−27 Tm2). Here, E denotes the electric field strength, B denotes the
magnetic flux density, and N denotes the number density of gas molecules.
f (vx, vz) is calculated by taking a projection of f (vx, vy, vz) to the vx–vz plane.
The contours of f (vx, vz) are plotted from 0.0025 to 0.0225 in steps of 0.0025.

Fig. 23. (Color online) Electron energy distribution function (EEDF) in
SF6. The value of B/N is fixed at 2000 Hx.
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space, calculated the output of the ANN at the sampling points
and the value of the loss function, and then trained the ANN to
minimize the value of the loss function via a gradient-based
optimizer, such as Adam.212) The training of the ANN was
continued until the value of the loss function converged.
The equilibrium EVDF and EEDF calculated from the

PINN approach in SF6 under DC uniform electric and
magnetic fields are shown in Figs. 22 and 23. The MC
simulation results are shown in these figures. The applied
electric and magnetic fields are parallel to −vz and −vy,
respectively, making the EVDF anisotropic. The PINN
approach can obtain a smooth distribution and properly
reproduce the anisotropic EVDF. The EEDF calculated by
the PINN approach reproduces the MC similation (MCS)
results excellently over a wide range of E/N values.
The 3D EVDF was represented by an ANN with 41 700

parameters. The EVDF in the same condition was also
calculated by DNS206) and was stored in a 3D array with a
size of 10 000× 45× 720. Given that the precision of the
floating point used in the calculation is the same, the PINN
approach allows us to represent the 3D EVDF properly, with
approximately 0.01% of the memory capacity required in the
conventional DNS.
4.2. Plasma density profile in a reactor and surrogate
model of particle-in-cell simulations
In surrogate models of plasma discharge, a large amount of
work has been conducted on plasma discharge simulations
based on fluid-based models, particle-based models, and their
combinations (hybrid models) (Fig. 24). A recent study213)

presented surrogate models based on ML techniques, mostly
neural networks, using simulation data of Ar plasmas. The
basic concept is to perform numerical simulations with a
variety of system parameters, such as the applied voltage and
gas pressure, and to use the resulting profiles of, for example,
the electron density, electrical potential, and electron tem-
perature, as learning data.
A surrogate model is constructed as an appropriate

interpolation of these data, from which approximate plasma
properties can be instantly predicted for arbitrary combina-
tions of system parameters; thus, the surrogate model can be
used as a real-time simulator. Figure 25 shows an example of
a surrogate model-based on a 1D fluid-based simulation of Ar
plasmas.
A surrogate model-based on relatively simple simulations

can be used as a reference for the development of a more
complex model via transfer learning. For example, particle-
in-cell/Monte Carlo Collision (PIC/MCC) models can handle
non-Maxwellian electron distributions and typically provide
more accurate predictions of plasma dynamics than that of
fluid-based models. PIC/MCC simulation is far more time-
consuming and, thus, more expensive than the corresponding
simulation with fluid-based models. A surrogate model for
1D plasma simulation that can handle non-Maxwellian
electron distributions was created using PIC simulation data
via transfer learning from a fluid-based ML model of 1D
plasmas.
Plasma processing involves complex physical and che-

mical systems under nonthermal equilibrium conditions.
Therefore, the numerical simulation of plasma processing
often requires multi-scale modeling of complex physical
systems. A data science-based approach to such problems

may provide a different insight into the underlying physical
mechanisms of the observed phenomena and some practical
solutions to technical problems.
4.3. Network in plasma chemistry using the
graph theory
Plasma chemistry consists of a complex system of tremen-
dous chemical reactions of large variance lifetime species,
such as electrons, positive and negative ions, excited neutrals,
and radicals. Besides, researchers have studied some sig-
nificant reactions among these species and the selected
reactions with rate coefficients are listed in database. To
understand overall reactions, scientific modeling through
network analysis based on graph theory is necessary. Sakai
et al. demonstrated a web-like network analysis of chemical
reactions of methane plasma. For examples, electron impact
dissociation of CH4 takes place with generation of CH3

radical and H atom. These species of CH4, CH3, and H are
represented as nodes and the reaction is also represented by a
graph representation of directed edges which are connected to
the nodes. Decomposition and/or synthesis of species in the
plasma are linked with intermediate species, such as atoms,
molecules, and radicals.214) From this network, Mizui et al.
reported that the centrality of species reveals in the network
structure in plasma chemistry.215) The presented graph of
reactions in silane plasma216) and methane plasma217) in-
cluded the diagram which showed a relationship between
betweenness and closeness centralities. These values indicate

Fig. 24. Surrogate models based on ML techniques accelerate simulation-
based analyses using high-fidelity, time-consuming calculations.

Fig. 25. (Color online) Comparison of the electron density profiles (blue
curve) obtained from 1D fluid-based simulation of Ar plasmas with that from
the neural network-based prediction (brown curve). The modeled plasma is a
parallel-plate CCP driven by 13.54 MHz RF power without bias voltage. The
peak-to-peak voltage was 300V and Ar gas pressure was 60 Pa.213)
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mathematical notation of dependencies of each reactions.
They pointed out that the plasma-enhanced chemical reac-
tions takes place tens of chemical reactions in parallel.216,217)

Murakami et al. reported a graph representation of reac-
tions for the He and O2 mixed plasma chemistry and
extracted inherent information from the network. Scalability
of the network was also discussed. They assumed that the
network can rescale with criteria: (1) maintain the scale-
freeness and self-similarity in the network topology and (2)
select the primary species considering its topological cen-
trality. The unique scale-freeness of plasma-induced chem-
istry allows a robust rescaling of the chemical network. From
this, the complex network as the initial set with 65 species
and 1360 reactions was able to be compressed and reduced
the reaction set with 12 species and 104 reactions, which
retains the network topology and reduces similar network218)

(Fig. 26).
Holmes et al. studied graph visualization for atmospheric

chemistry reactions using the graph theory for exploring
engineering of plasma chemical reactions with temperature
dependent rate coefficients. The Dijkstra’s shortest path
algorithm219) can probe significant reaction pathways, applying
a open-source graph visualization software (Gephi).220) The
optimal condition approaching via reaction-in-network analysis
was used for a graph analysis of ozone production in humid air
plasma discharge. Time dependent 0D simulations calculated
formation for O and O3.

221)

Very recently, Sakai et al. addressed that plasma proces-
sing reactions occurred not in a uniquely determinant
pathway. Always there is a possibility for determining one
in multiple pathways that meant microscopic causal relation-
ships are not established. Direct application of ML methods
is not always possible, since levels of complexities are very
high in comparison with other scientific research targets,
considering causalities in the plasma processing’s complex-
ities. Therefore, they proposed that sophisticated plasma
diagnostics and data acquisition systems were required for
the use of predictively computational deduction of experi-
ments. It is required to handle a large number of data
obtained from visualization, acquisition, and analysis
methods for development of intellectual design in industrial
plasma processes.222)

5. Recent progress in material synthesis and real time
control

5.1. Spray coating
The atmospheric plasma (thermal) spray is a method for
metal or non-metallic coatings.223) In the thermal spray
processing, there are at least essentially forty processing
parameters that define the overall coating quality and these
must be selected in an optimized fashion to manufacture a
coating that exhibits desirable properties. The proper combi-
nation of processing variables is critical since these influence
the cost as well as the coating characteristics. The in-flight

Fig. 26. The initial reaction set allows the reaction network to be reduced while preserving network similarity [Modified from Murakami and Sakai, Plasma
Sources Sci. Technol. 29, 115018 (2020).218)].

Fig. 27. Example of architectures of single layer feed-forward network (SLFN)225) and artificial neural network (ANN) for spray coating.227)
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particle characteristics have significant influence on the in-
service coating properties. Choudhury et al. studied optimi-
zation procedures that were demonstrated to predict the
output of the in-flight particle, based on the ANN
method.224) They demonstrated that modeling of the in-flight
particle characteristics of the atmospheric plasma spray
(APS) process. The single hidden layer feed-forward neural
network (SLFN) and an extreme learning machine (ELM)
algorithm, instead of traditional back propagation algorithms,
were used for rapid prediction of the in-flight particle
characteristics.225) To train and optimize the thermal spray
processing, they demonstrated an effective way of making
subsets of the input and output relationship and applying a
modular ANNs structure. For example, the spray process
divided into sub-tasks such as the in-flight particle tempera-
ture, diameter, velocity and then the trained databases were
built for ANN modular components226) (Fig. 27).
Based on the fact that a disturbance of the coating process

results in a change of the properties of the spray particle
stream, this change of properties can be recorded using the
diagnostic system particle flux imaging (PFI) which char-
acterizes the particle stream on the basis of ellipsoidal shapes.
Deviations from a reference ellipse defined for optimal
coating parameters means a deviation from the optimal
process. Based on this, an ANN-based control was imple-
mented using PFI ellipse numbers as input values.228)

Batra and Taetragool calculated numerically mean parti-
cles’ temperature and mean particle velocity parameterized
flow rates of argon and hydrogen, powder feed rate, and
discharge current in APS processing conditions using the
LAVA-P-3D code.229,230) The spray process was monitored
through the least squares regression and the response surface
methodology of the gaseous synthesized particles arrived at
the substrate to be coated.231)

The CNN was used to optimize synthesized parameters of
in-flight particle characteristics of the spraying process. First,
the experimental datasets were trained and predicted by
analysis through the CNN models.232) The relationship
between process control parameters and in-flight particle
behavior was modeled by implementation of the parameter-
transfer learning method. Zhu et al. conducted the simulation
of the plasma spraying with various parameters such as arc
currents and voltages, process gases and flow rates, spray
distance, and average injection velocity using simulation
outputs running on the LAVA3D-P code.229,230) The CNN
model was trained prior to the targeted particle synthesis and
the pre-trained CNN model can predict the designed target
parameters.233)

In the thermal spray coating, an ANN model was used to
predict the HVOF sprayed chromium-nickel alloy (nichrome)
coatings.227) Liu et al. demonstrated that an ANN modeling
predicted complex 3D shapes in cold spray additive manu-
facturing which is a solid state deposition onto a flat substrate
and a curved substrate. A large set of profile data for the
deposition process was trained by the ANN model involving
the number of neurons in hidden layers.234)

Up to now, feed-forward ANNs with back propagation
algorithm has been popular for modeling the spray process.
The ANNs has a merit of solving intricate nonlinear
processes of the plasma spray coating with a number of
controllable parameters. They reviewed the processing with

ANNs which can control coating thicknesses, hardness,
microstructure and particles, tribological properties, rough-
ness, amphiphobic surface properties, and so on.235)

The perspective visions written by Mauer and Moreau are
that monitoring and controlling thermal spray processes are
extremely challenging since these processes involve a large
number of variables, some of them not being well-controlled
such as the electrode wear. From this view, future thermal
spray production units could comprise a series of process
diagnostic tools for monitoring on-line key extrinsic and
intrinsic spray parameters. Therefore, further development of
sensors, testing, modeling, and ML techniques are found in
concerted action with other activities to improve the design
and control of thermal spray processes.236)

Malamousi et al. reviewed the readily available digital
tools and methods for coating deposition optimization,
equipment health monitoring, process control and metallo-
graphic analysis in the thermal spray technologies. The most
promising ML methods are discussed for thermal and cold
spray. The transient kinetic models have been developed for
coating on topological surface. The tribological and mechan-
ical properties of the coating can be predicted from the spray
parameters. This enables us to evolve in a virtual environ-
ment and digital post examination of coating properties.
CNNs can be also used for the classification of spray process
images and real-time videos.237)

Properties such as hardness, bonding strength, and porosity
of the coatings of Ni-based alloy were optimized by the Back
Propagation ANNs model, although there were unmelted
particles on the surface of the coating, the overall spreading
was good and the compactness was high.238)

Particle deposition behavior was modeled by a 3D multi-
particle random deposition model-based on the coupled
Eulerian and Lagrangian (CEL) method. Mechanical strain
and stress fields affected to the pore defects and random grain
distribution.239) Composite coatings by APS are reported.240)

The transfer learning-based error control method was
proposed by Liu et al. The error mechanism modeling is
conducted to demonstrate the memory behavior of thermal
errors, and the applicability of a long short-term memory
network (LSTMN) for the error prediction was proven. The
improved least mean square (ILMS) filtered the high-
frequency noises and removed singular values. The differ-
ential spotted hyenas optimization algorithm was proposed
based on the chaos initialization strategy, differential muta-
tion operator, and nonlinear control factor to optimize the
hyperparameters of the LSTMN.241)

In the spray process, temperature of a droplet is one of the
key elements that controls the microstructure and properties
of the coating so deposited. Bobzin et al. have attempted the
methods, residual neural network and SVM, to estimate the
averaged in-flight particle properties, together with CFD
simulation results, central composite design and latin hyper-
cube sampling to cover the representative process parameters.
They have demonstrated that the trends of particle properties
are estimated to be extremely faster than the averaged plasma
jet simulation (from 3 h to less than 5 s).242)

By technological outcomes, this field is becoming a hot
topic for controlling using the ML and AI techniques without
physical understanding of the significant parameters. We
emphasize the importance of understanding the physics of the
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system in order to achieve comprehensive control of critical
parameters.
5.2. Multiscale simulation for plasma synthesis of
micro and nanoparticles
Nanoparticles are utilized in many applications of electronics,
optics, chemical engineering, and biomedical engineering. As
an example of a specific application, the generation of hybrid
micro-nanopowders are required for metal injection molding
using in situ one-step processes via RF thermal plasma
treatment.243) One of the nanopowder generators is to utilize
thermal plasmas generated by a RF-ICP torch. Figure 28
shows the growth process of the nanoparticles from micro-
scale macroparticles. The injected microparticles undergo

evaporation in the high-temperature region and condensation
in the low-temperature region. The ICP torch simulation
calculates the temperature profiles at the steady state, as
referred material properties shown in Table II. The evapo-
rated particles from monomers, homogeneous and hetero-
geneous nucleation processes are the dominant source of
nanoparticle formation. The nanoparticles interact by the
Coulomb force or coagulate to form large-size particles
again.
In order to understand the reaction mechanisms of metal

nanoparticle synthesis by a thermal plasma torch, we
introduced a computer simulation model. A combined
simulation method merges the ICP torch simulation and the
particle dynamics calculation, as shown in Fig. 29. The
inductively coupled RF plasma torch is simulated with a 2D
MHD fluid equation with a k-ε turbulence model.244,245) The
reaction data for the conservation equations for the ICP torch
are calculated from the local thermodynamic equilibrium
assumptions. For the particle dynamics, the Lagrangian
scheme for microparticles and the nodal method for the
nanoparticles are combined. The microparticles are simulated
using a particle method to calculate Newton’s equation of
motion following the Coulomb force and charging effect. For
the nanoparticles, the total number of particles gets very
large. Thus, a nodal method is utilized to include nucleation,

Fig. 28. (Color online) Schematic illustration of the growth process of nanoparticles from microparticles.

Table II. The species property data for the considered metal.

Particle
species

Melting tem-
perature (Tm)

Boiling tem-
perature (Tb)

Latent
heat at Tm

(Hm)

Latent
heat at Tb

(Hb)
[kJ kg−1] [kJ kg−1]

Silver 1235 K 2435 K 105 2390
Gold 1337 K 3129 K 63.7 1645
Copper 1357 K 2835 K 209 4730
Iron 1811 K 3134 K 247 6090
Tin 504 K 2875 K 59.2 2490
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condensation, evaporation, and coagulations in Eulerian
scheme. As the number of nanoparticles is larger than that
of microparticles, this method is beneficial in reducing the
calculation time.
Lee et al. simulated an RF plasma torch, as shown in

Fig. 30, obtaining the spatial temperature profiles for three
different feeding nozzle locations. They obtain a higher
temperature as the nozzle location is near the ICP antenna.
When particles are injected at the nozzle end, evaporation
occurs actively in the hot region of the ICP torch and
generates the monomer source. As a result, monomers are
consumed for the nucleation and the condensation of micro-
particles and nanoparticles. It is possible to control the size
distributions of the synthesized nanoparticles and micropar-
ticles by changing the location of the evaporation and
condensation reactions by the variation of the control
parameters, such as the driving power and frequencies, the
quenching gas flow rate, and the structure design.
Figures 31 and 32 show the distributions of the micro-

particle diameter in the axial direction for a long and an
intermediate nozzle length, respectively. Four different metal
species of silver, gold, iron, and tin are considered in the
system with an initial size of 5 mm. The melting point is
shown in black color, and the other three colors mean the
temperature ranges. As shown in Table II, the boiling
temperature is lowest for silver and then followed by copper,
tin, gold, and iron. For this reason, the vapor pressure is most
elevated for Ag followed by Cu, Au, Sn, and Fe for a
temperature larger than 2000 K. Because of the easy
evaporation, the size of silver microparticles decreases
rapidly from the injection position shown in Fig. 31(d).
As seen in Fig. 32, the shorter nozzle length results in

a higher gas temperature at the injection position, and the
evaporation happens much faster to reduce the size of the
precursors in a very short length. Finally, the change of the

nozzle location results in the size distributions of nano and
microparticles.
5.3. Unsupervised learning, real time control of
experiments
Recently, there were increased situations in which atmo-
spheric pressure plasma jets (APPJs) are used in biomedical
application as well as materials processing. The APPJ
distanced from the target surface and its plasma character-
istics varied sensitively independent on exogenous distur-
bances. For examples, to reduce the variability, a feedback
control of the target surface temperature with regard to the
thermal effect was conducted using a proportional-integral
(PI) control strategy and a model predictive control (MPC)
strategy based on OES intensities of the helium APPJ. The
existence of most living organisms is limited to a temperature
range and thus Yoshimura et al. successfully controlled gas
temperature of helium APPJ by considering a balance among
energy input and energy losses in open system.246) A data-
driven model of the APPJ was developed for a linear
operating range using the subspace identification method.
The MPC strategy successfully regulated the multivariable
dynamics of the APPJ in real-time and was able to track the
set-point in facing of disturbances and constraint handling247)

(Fig. 33).
Gidon et al. demonstrated that real-time diagnostics of

APPJ and data analytics of ML methods. OES and electro-
acoustic emission were used and they showed effective
means for estimation of operation-relevant parameters such
as rotational and vibrational temperature and substrate
characteristic in real time.248) Easy-to-use and open-source
software such as TensorFlow,249) and scikit-learn250) are
available to use ML for plasma processing applications.
Note that training data depends on (i) systematic validation
and cross-validation on independent datasets to avoid over-
fitting a model; (ii) use of some level of system knowledge or

Fig. 29. (Color online) Numerical computation schemes for combining the plasma simulation and the dynamics of particles.
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assumptions to improve the generalizability of a model
beyond training data; (iii) selection of relevant input features
to improve prediction accuracy and reduce computational
cost of a model; and (iv) training and testing model
ensembles, instead of a single model, to enhance reliability of
predictions.251) However, Mesbah and Graves addressed that
ML can use applications of predictive modeling, diagnostics,
and process control with supervised, unsupervised, and
reinforced learnings. The supervised leanings are regression,
neural networks, kriging, SVMs. The unsupervised learnings
are clustering, dimension reduction.251)

Ghahramani et al. pointed out that the paradigm of
probabilistic or Bayesian ML enables quantifying and manip-
ulating uncertainty about models and predictions.252)

Bayesian inference indicates predisposition of rare cases.
Probability of the rare cases can be represented by the
Bayes sum rule P(x)= Sum P(x, y) of y in Y and product

rule P(x, y) = P(x)P(x∣y). A target can be treated by the
Dicrete Marcov process, Wiener process, and Gaussian
process. Posterior probability distribution can be calculated
after receipt of current observation. Then the Bayesian
optimization method can be applied to the reinforcement
learning (RL).252)

As example for controlling, local thermal effects of APPJ
was considered, cumulative received heats can be accounted
by thermal dose as an indicator. The cumulative, nonlinear
thermal effects of plasma were able to be quantified from
translation of the cumulative dose over a dielectric substrate.
An optimization-based feedback control strategy was pro-
posed for real-time regulation of thermal dose delivery using
spatial measurements of substrate temperature and
OES.253,254)

The APPJ treatment conditions were optimized for redu-
cing cancer cell viability of less than a prescribed goal while

(a)

(b)

(c)

(d)

Fig. 30. (Color online) Spatial profiles of the gas temperature with the variation of the feeding nozzle locations at (a) 252 mm, (b) 202 mm, and (c) 157 nm
from the ICP antenna. (d) the temperature profile along the axis is shown together.
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minimizing a weighted sum of the treatment duration and
the discharge voltage. The MPC framework for the actual
cancer cell response and the efficacy of the proposed
approach were illustrated by numerical simulations based
on experimental data.255) Surface charging determines from
current voltage waveforms. The streamers inception and
propagation inside the dielectric channel and outside of
plasma device were calculated by 2D fluid model.
Recombination was considered and streamer propagation
through volumetric plasma.256)

A time-varying or non-uniform characteristic of APPJ
applications was controlled by the RL methods. The use of
a deep RL method regulated thermal properties of variant
APPJs on many kinds of substrates. Using simulated data
from an experimentally-validated, physics-based model of
the thermal dynamics of the plasma-substrate interactions, an
RL agent was trained to perform temperature set-point
tracking. The training the RL agent using a wide range of
simulated thermal dynamics of the plasma-substrate interac-
tions allowed for capturing the diverse temperature responses
of different substrates. The proposed RL agent for the APPJ
treatments enabled effective temperature control over a wide
variety of substrates with drastically different thermal and
electrical properties.257)

The MPC of APPJ requires highly computational costs
for solving theoretical plasma models. Simple, physics-
based models were able to be adapted to an optimal control
approach for controlling the nonlinear and cumulative
effects. Through parsimonious input parameterization, a
data-driven adaptive algorithm based on modifier adapta-
tion was dealt with the structural plant-model mismatch
by estimating the mismatch in the cost and constraints of
the optimization. The adaptive approach converged to a
Karush–Kuhn–Tucker point of the optimization for the true
system.258)

An active learning (AL) approach for exploring the multi-
variable and highly nonlinear parameter space was effective
for optimization of the low temperature, air plasmas produce
NOx for nitrogen fixation. A data-driven optimization
method, Bayesian optimization, was demonstrated in auto-
mated and efficient exploration of the high-dimensional
parameter space of the complex behaviors.259)

The following three challenges are stated: (1) data-driven
modeling of hard-to-model plasma-surface interactions and
plasma treatment outcomes; (2) learning data analytics for
plasma and surface diagnostics in real time; and (3) devel-
oping predictive controllers that enable reliable and effective
APPJ treatments.260)

(a) (b)

(c) (d)

Fig. 31. (Color online) Particle distributions in the axial direction for different metal species of (a) silver, (b) gold, (c) iron, and (d) tin with a long nozzle
length of 252 nm from the ICP.
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Closed loop simulations and real time control using a low
memory fast approximate nonlinear model predictive control
(NMPC) strategy for an APPJ, handles nonlinear control at
fast sampling time and DNN approximate an implicit NMPC

law with an explicit control law.261) The increasing com-
plexity of modern technical systems can exacerbate model
uncertainty in MPC. Real-time learning of model improved
control performance by reducing plant-model mismatch. A
learning-based stochastic model predictive control (LB-
SMPC) strategy for reference tracking of stochastic linear
systems with additive state-dependent uncertainty was de-
monstrated. Standard reachability and statistical tools were
leveraged along with the state-dependent uncertainty model
to develop a chance constraint-tightening approach, which
ensured state constraint satisfaction in probability. The
stability and recursive feasibility of the LB-SMPC strategy
were established for tracking time-varying targets.262)

6. Recent progress in surface chemistry for
semiconductor fabrication

6.1. Prediction of sputtering rates—a data-driven
scientific approach
The dimensions of advanced semiconductor devices are now
approaching the sizes of atoms, and further improvements in
performance have been achieved using complex 3D device
structures and new materials. Plasma processing, which is
widely used in semiconductor manufacturing, is a key
technology for forming complex device structures on

(a) (b)

(c) (d)

Fig. 32. (Color online) Particle distributions in the axial direction for different metal species of (a) silver, (b) gold, (c) iron, and (d) tin with a nozzle length of
202 nm from the ICP.

Fig. 33. (Color online) Setup of the APPJ irradiation system. The applied
voltage is manipulated by the controller. The MPC is applied by the real-time
measurement of voltage, current and substrate temperature.
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material surfaces with atomic-scale accuracy. For various
non-conventional materials used in micro/nanoelectronic
devices, such as ferromagnetic metals for magnetoresistive
random-access memories and perovskite-type oxides for
resistive random-access memories, new etching and deposi-
tion process techniques often need to be developed for better
process control and efficiency. In most cases, the interactions
between the newly introduced material surfaces and the
conventional or newly introduced gaseous species of plasma
processing are not well understood, making the process
development highly challenging and costly. Furthermore,
having a variety of choices for surface materials and process
conditions increases the complexity of process development,
and an exhaustive search for process optimization by experi-
ments becomes prohibitively expensive. One of the possible
ways to tackle these challenges is to use ML to predict the
gas-phase and surface reactions of plasma processing based
on the existing knowledge of such systems.
In the development of classical interatomic potential

models, plasma-surface interactions can be modeled using
classical molecular dynamics (MD) simulations for a large
number of atoms representing a surface material and incident
species (e.g. ions and radicals).263) One of the major
challenges in such simulations is the development of new
potential functions for new materials.264–266) Data on the total
potential energies of multi-atom systems obtained from
density functional theory (DFT) calculations can be used to
construct interatomic potential models using ML
techniques.267,268) The development of interatomic potential
functions that can represent both small molecules and large
solids with reasonable accuracy is a significant challenge.
To predict the sputtering yields, experimental and simula-

tion data of the physical sputtering yields of single-element
materials under single-species ion bombardment obtained as
functions of the ion incident energy for normal injection by
the mid-90s are summarized in Ref. 269 (Fig. 34). It has been
found that the sputtering yield generally depends strongly
only on a relatively small number of physical parameters,
such as the masses of the material and incident atoms, and the
melting temperature of the material.270) Based on Gaussian
process regression, the sputtering yield was predicted for

various combinations of materials and incident ion species
for which experimental data was lacking.271)

6.2. Autonomous image processing of plasma-
processed micro- and nano-features
Next, as shown in Fig. 12 for the plasma processing
hierarchy, plasma etching can remove materials from un-
masked area where it uncovered a resist mask. After the
plasma etching, cross-sections of etched features are checked
by microscopic techniques. From the observation, images of
the cross-sections are analyzed in quality check control of the
manufacturing. The smallest dimension of the open area of
etched features is called critical dimension. As well as the
dimensions, profile shapes of the etched features are im-
portant for the control, because the shape abnormality may
cause electrical opening or shortage of device interconnects,
and so on.
Selecting the appropriate CD and depth as feature profile

parameters and the exact values of the feature parameters in
the etching results of scanning electron microscope (SEM)
images are required to evaluate the etching profile. The
prediction accuracy of the ML model also depends on the
quality of the feature parameters and values. In addition, the
feature parameters change; therefore, the parameters must be
measured again because better measurement points can be
found by repeating the etching experiments. Therefore, the
measurement of feature values in SEM images is as time-
consuming as etching experiments. Figure 35 shows a
schematic illustration of object detection using ML, which
can be used for auto-measuring feature values. The object
detection model learns the relationship between the SEM
images and the positions of each feature profile parameter in
the images which can improve the measurement speed and
quality.272)

Region-based CNN (R-CNN)273,274) can be applied to
recognize and crop a unit pattern, such as a line and space
pattern, for which the width, depth, and thickness are
measured in SEM images. Semantic segmentation can be
applied to identify materials or vacuum areas, such as masks,
etched trenches or holes, and substrates in SEM images.
Typical CNN and generative adversarial networks are applied
to the quality enhancement of CD-SEM (a top view of a
sample piece or wafer) images.275)

6.3. Advanced process control in plasma etching
Controls of plasma processing are issued on problems. To
date, no fully closed loop control has been achieved because
of its complexity. Statistics of process results are used for

Fig. 34. (Color online) A scheme of sputtering process and typical
representation of incident energy-dependence of sputtering yields. Lower
energies than the threshold are negligible of the sputtering and an increase in
the incident energy yields the rate dependent on a squared root of incident
energy.

Fig. 35. Schematic illustration of the extraction of feature profile values
using ML. Critical dimensions (CD1 and CD2) and etched depth (Depth1)
are used for feature extraction variables.
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checking and controlling each process. A semi-closed loop
control can be used. Recurrently, a monitor of the process
results, updates to modify parameters of a process recipe by
feedback.
The development of a RNN-based model predictive

controller for a plasma etching process on a 3D substrate
was reported by Xiao et al.276) Time-series data obtained by a
spatial-temporal discrete method were computed by the fluid
model and kinetic MC (kMC) model concurrently. A neural
network was used to reduce computational resources and
optimize the model-based feedback control using proportion
integral (PI) loops.277,278)

The feed-forward ANN model was used to determine the
optimal operating conditions for the thermal ALE process of
aluminum oxide, as reported by Yu et al.279) The kMC
algorithm was based on the calculated activation energies of
half cycles of kinetic mechanisms for hydrofluoric acid (HF)
and tri-methyl aluminum (TMA) using the DFT.
6.4. Advanced process control of chemical vapor and
atomic layer depositions
Process controllers are generalized in a class of nonlinear
dynamic systems. If nonlinear PDEs are linearized by taking
the component of a Taylor series expansion, the stability of
the systems can be analyzed using the Lyupanov function. It
was reported that the closed loop stability analysis failed, and
the slow and fast variables in the system were separated.280)

In addition to identifying the fast and slow process state
variables,281) the development of a Lyupanov-based model
predictive controller using the feed-forward neural network
model was reported by Dodhia et al.282) The model predictive
controller systems for nonlinear processes could be utilized to
predict nonlinear dynamics by RNN models in open-loop
simulations.283,284)

The multiscale data-driven model from a first-principles-
based multiscale CFD model was utilized for a single-wafer
process of thermal atomic layer deposition (ALD) for SiO2

thin-film deposition using bis(tertiary-butylamino)silane
(BTBAS) and ozone as the precursors,285–287) for a vertical
industrial-scale furnace ALD reactor288) and for plasma-
enhanced atomic layer deposition (PEALD) of SiO2 using
BTBAS and Ar/O2 plasmas.289)

Multiscale CFD simulations of PEALD of hafnium dioxide
(HfO2) were reported by Yun et al.290,291) Closed loop results
under a feedback controller and integration of feedback and
R2R control were demonstrated.292)

The feed-forward Bayesian regularized ANN model was
also used to determine the feasible operating region and to
identify the optimal process conditions, as reported by Ding
et al.293)

A CFD model of the ALD reactor for ZnO deposition
inside porous Al2O3 was constructed, and the prediction of
optimal conditions was performed using the data-driven
model, as reported by Zhyang et al.294,295)

Dallaev reported the amount of hydrogen impurities in
ALD aluminum nitride (AlN) films deposited by PEALD
using TMA and N2+H2 plasma and analyzed them using
elastic recoil detection analysis, nuclear reaction analysis, and
secondary-ion mass spectrometry.296)

Sharma et al. reviewed the science-guided ML approach
for nonlinear chemical processes.297) The dynamic behavior
of complex, nonlinear chemical processes is captured from

operational data and learned by ML techniques using RNNs
and feed-forward neural networks.298) Paulson et al. com-
pared optimization methods for simulated ALD processes,
including random optimization, Bayesian optimization, and
expert system optimization.299)

Cheimarios et al. reviewed a multiscale process at the
reactor scale and atomic-scale based on kMC models of
physicochemical surface phenomena in deposition processes
compared with molecular mechanics or MD.300,301) Albao
reported that a combined DFT and kMC simulation of
epitaxial growth and surface diffusion was conducted under
far-from-equilibrium conditions, however different kinetics
with pinning effect of diffusing atoms appear, and not equal
surface mobility.302,303)

The radial and azimuthal uniformities of hydrogenated
amorphous silicon (a-Si:H) film deposition were controlled
combining R2R and CFD models.304,305)

The growth of amorphous carbon films by PECVD using
H2, CH4, and C3H6 mixture was systematically and quantita-
tively analyzed by using appearance mass spectrometry and
spectroscopic ellipsometry (Fig. 36). The acquired data was
classified into levels of contribution of film deposition and
obtained a correlation model between process conditions and
film properties by a random forest regression model of ML.
Further, the representative oxygen etching rates for the films
could be predicted by the mass spectroscopic data through the
learning model. The prediction accuracy was improved by the
use of Shapley additive explanation value (SHAP) in ML.306)

6.5. Fault detection and classification
Process fault detection was demonstrated using OES data.
Abnormal equipment conditions were detected using the
extended isolation forest approach to demonstrate the ICP of
SF6, O2, and Ar mixtures.307) A non-invasive in situ plasma
monitoring sensor was installed in the main chamber with a
small chamber to generate self-plasma OES to show the
chemical species residing inside the chamber.308,309)

It has been reported that the end-point detection technique
is improved by the CNN-based classifier as compared with
the third-order SVM and adaptive boosting (Adaboost)
ensemble classifiers.310)

Fault detection and classification of silicon etching in
SF6/O2/Ar plasma were performed using ML of OES data for
advanced equipment control in real time. Parameters such as
the electron temperature and Te density were derived from
the SHAP for fault detection and control from the OES data.
By combining the isolation forest algorithm for finding
plasma abnormalities in real time and the Adaboost algorithm
for classifying the root causes of faults, the DeepSHAP
algorithm identified critical parameters.311) It has been
reported that fault detection using a one-class SVM deter-
mines anomalies and fault classification using XGBoost.312)

ML-based virtual metrology (VM) predicted the etch
profile and depth in deep silicon trench etching with
SF6/O2/Ar plasma by using random forest and XGBoost
algorithms, recipe-based equipment status variable identifica-
tion (SVID) data, and OES data.313) The etching profiles of Si
were estimated from the ratio of the intensities of the oxygen
emission to the fluorine lines in the OES data for the
SF6/C4F8/O2 plasma.314)

To monitor the condition of the equipment and examine
the potential cause of the fault, SVID was identified from
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sensor data using k-means and ML methods, k-nearest
neighbors (kNNs algorithms),315) and naive Bayes classifiers.
Multidimensional SVID are graphically depicted using t-
distributed stochastic neighbor embedding.316)

ANNs have been reported to provide accurate real-time
fault detection of overhead transport systems, which consist
of a rail network and vehicles in 300 mm semiconductor
factories.317) The sheet resistance of sputter-deposited thin
indium-doped zinc oxide films was predicted by deep
learning of the ANN of the spectral data of plasma
emission.318)

A data-driven method of AdaBoost was implemented to
identify the key features of process monitoring and for fault
detection of natural variation in wafer-to-wafer in semicon-
ductor manufacturing.319)

The plasma density of the etch equipment was predicted
using a regression method of multilayer perceptron em-
ploying a pre-trained variational auto-encoder of the OES
data.320) The real-time end-point of SiO2 plasma etching
using OES data was improved by using a Gaussian mixture
model as compared with the clustering method of the
modified k-means cluster analysis.321) An integrated algo-
rithm of regression and clustering of wafer defects in the
semiconductor manufacturing process was improved by
prescreening of degradation in the yield at early evaluation,
which was processed sequentially.322) Abnormal discharge in
the aluminum sputtering chamber was detected by using
equivalent electrical circuits.323)

Tsuda et al. developed the equipment monitoring system
that handles the data in a superior method in high speed and
in real time. They developed a system which can stop
automatically when the equipment was detected as fault
condition and extract immediately key data. The high-speed
and high-accuracy process control system was developed and
implemented virtual metrology and the R2R function for the
purpose to reduce process variation.324) Big data challenges
in semiconductor manufacturing are solved effectively in
advanced process control, predictive maintenance, virtual
metrology, and yield prediction.325) Furthermore, the state-
of-the-art metrology in semiconductor industry has advanced

significantly. Nanoscale roughness and atomical defects are
evaluated by CD scanning electron microscopy (CD-SEM),
scatterometry, atomic force microscopy (AFM), small angle
scattering X-ray (SAXS), and transmission electron micro-
scopy (TEM).326) No single method solves adequate mea-
surements. The advanced data would be able to meet the
future demands and increase performance of modeling and
simulations.

7. Perspectives

7.1. Virtual metrology (VM)
Typically, research in physics explores a universal theory that
can explain the data by deriving first-principles. We believe
that these theoretical representations correspond to the
experimental data. Considering statistics, fitting the data
with a theoretical curve can guarantee the correctness of
the physical theory. Conversely, it destroys any theory for
data fitting, and only using informatics approaches is
criticized as non-scientific. This review and recent trends
show that the research of effective methods to solve problems
that are too costly to reproduce is worthwhile, even if they
can be solved as a complete theory.327) In this review, it has
already been discussed that ML techniques can effectively
handle the BE solver. Currently, only time and space
equilibrium (flow) velocity distribution functions are being
handled. In future, time- and space-dependent calculations
will be performed. In addition to the velocity space, the
position space and time scale will be considered to address
higher-dimensional computational domains. Consequently,
the proposed method is expected to reduce memory usage in
the future.
As mentioned in Sect. 2, plasma processes behave in a

nonlinear manner in a nonequilibrium state. The plasma
processing architecture is complex to construct by stacking
blocks of the elementary reactions. Its complexity is solved
using data assimilation methods in modeling hierarchies.
That is, real-time monitoring feeds forward and back into the
predictive computations. Thus, plasma processing as a target
can be reproduced in a virtual environment using data-driven
simulations with science-based modeling. Consequently, the

Fig. 36. (Color online) A direct, fast predicting method of film structure and property of the deposited films by using mass spectrometric detection of
chemical species in gas-phase plasma and in situ spectroscopic ellipsometry of film quality.
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virtual methodology for the plasma process will be able to
realize effective development of plasma processes.
7.2. Material informatics and plasma informatics
In the development phase of new materials, material infor-
matics is progressing as an experimental technique to explore
new materials using high-throughput screening (HTS).
Wakabayashi et al. demonstrated Bayesian optimization of
the molecular beam epitaxy of ternary compounds, such as
SrRuO3.

328–340) HTS techniques can reduce the number of
trials and reach a goal using predictive conditions obtained
from the data of previous runs.341) Predictive RbR control has
enabled the efficient development of a processing method for
new materials.
In practice, material design is a process of developing

material functionality in three stages.342 The stages contain
“process”, “structure”, and “property”. The properties in the
third stage determine the total performance of the new
material. Thus, this representation of the process-structure-
property-performance (PSPP) reciprocity gives knowledge in
the form of relationships among these factors.343) The
framework expands into materials and informatics and this
is called as materials-information twin tetrahedral (MITT)344)

(Fig. 37).
In the case of plasma processing research, the time

evolution of processing should be further considered when
compared with materials informatics. In this review, RNN
approaches are introduced as examples. Informatics techni-
ques rely on each discipline and problem. In the past, plasma
science has developed in its own manner and its original
concepts are characteristic, even when compared with
ordinary disciplines, such as fluid dynamics and material
sciences. The theory and instrumentation in plasma science,
that is, in plasma informatics, are expected to develop in their
own ways. Similarly, the data-driven scientific approaches in
plasma science will be unique and different from those in
condensed matter physics and fluid mechanics.327)

Materials are stationary and it is sufficient to consider their
static phases. Plasma processes as manufacturing technolo-
gies must take into account the interactions among the
excited plasma phases, the transports of reactive species in

the sheath regions, and the activated surface reactions. In
other words, all the plasma processes occur instantaneously.
Therefore, sequences and dynamic behaviors in plasma
processes must be considered, and differentiation of state
variables for the plasma processes plays an important role in
understanding and controlling plasma-based stimulations to
systems, where the physical action (the impulse) catalyzes
chemical relaxations.8)

Analogous to the PSPP chain, a plasma processing-
information relationship has a tetrahedron framework invol-
ving four edges, such as electron dynamics, chemical
kinetics, sheath boundary transport, and surface reactions
(ECSS) (Fig. 38). In the context on “how should we know the
best recipe for plasma process?”, it is important to recall the
science-based explanation of electron-dynamics and chemical
kinetics, serving to quantum chemistry and statistical analysis
with the Boltzmann equation. These give knowledge for
complex and heterogeneous reactive species. Instead, proces-
sing performance have to be known transport and reactions of
these species at targeted surface. In this aspect, the ECSS
relationship may explain the process performance.
In the other fields, supervised ML can derive models

automatically from labeled training data. However the
method is only good as the quality of the data.345,346) In
other words, good quality data is required to progress in the
field. We emphasize that science-based approaches involving
diagnostics and first principle computation are becoming
more important. The informatics is supported by scientific
data of the plasma processing. Repeatedly the ML method
can actually help development and establishment of princi-
ples. The data-driven science facilitates a sort of knowledge,
thus an importance of that approaches can be found in
seamless integration of theory, computation, and experi-
ments. At least, the data science can accelerate the develop-
ment and also guide future directions.
7.3. Smart manufacturing (SM) and digital
transformation (DX)
In manufacturing processes using plasma, monitoring and
controlling processes are important for improving produc-
tivity and yields.

Fig. 37. (Color online) Materials-information twin tetrahedra of process-structure-property-performance (PSPP) reciprocity [Reprinted from M. E. Deagen,
et al., MRS Bull. 47, 38 (2022).344)].
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While the core of plasma processes is studied by science,
collective behaviors of the chemical species ensembles are
controlled by data-driven science and network science. The
emerging science uses digital space to create smarter and
more digitalized artificial control environments for manufac-
turing and industrial applications. In the previous Sects. 4–6,
with the increase in computational power, combinations
among theory, computation, and experiments have been
progressing and all the data are fused and considered.
There are unquestionable outcomes of the strategy of max-
imizing the use of fully computational power with the
supports of data-driven science and informatics. However,
no progress will stop somewhere in absence of physics, if
only mathematical conclusions are drawn.
Revisiting the fundamentals and principles of reactive

plasma processing, electromagnetic power converts of elec-
tron dynamics and the chemical reactions of electrons and
reactants take place including transports of species generated
in plasma toward the reacted boundaries. It is desirable to
know the control knobs of the inputs to achieve the outputs
such as morphological shapes and material properties. In
other words, electron collision processes are indispensable
for determination the processing outputs. In this view, the
most important point begins with the selection of precursor,
that is, chemistry. Therefore elemental reactions in electron-
molecule collisions must be taken into account for controlling
the plasma processing based on the physics-based approach.
For this purpose, we stressed to attract quantum chemical
calculation-based data. In near future, the computational
prediction helps in development of an emerging precursor.
If a virtual environment for experiments will be available,

researches will be able to conduct a process development.
Stolterman and Fors wrote that “the digital transformation
can be understood as the changes that the digital technology

causes or influences in all aspects of human life. The research
challenge has to be accepted on behalf of humans, not in their
role as users, customers, leaders, or any other role, but as
humanity living a life.”347) As a result, it is expected to
reduce trial and errors during the development phase and
promotes energy-saving development. Furthermore, experi-
mental data should be stored in database (Fig. 39). Processing
recipes are provided for a specific condition of processing.
Processing results can be classified by software technique.
During the processing, operational variables can also be
monitored and sensed by sophisticated diagnostic methods. A
set of time-series data is stored in the database. The
development of such datasets is becoming more possible
than ever imagined. Discoveries that could not be reached by
conventional methodologies or human cognitive abilities are
expected. The power of informatics to analyze diverse and
vast datasets will lead to the discovery of unconscious
phenomena and their laws. Consequently, we believe that
the integrated fusion of informatics and engineering is an
indispensable way to realize the digitalization—digital trans-
formation—of the research environment and to open a new
avenue of plasma informatics.

8. Conclusion

The science-based and data-driven approaches to control the
low-temperature plasma processing systems are progressing
with the state-of-the-art machine learning, etc. The science-
based diagnostics of the plasma processes are reviewed and
the multiscale modeling of plasma hierarchies are developed
in advanced simulation methods. Especially for complex
plasma etching processing, it is recognized significant devel-
opments for fabrication of high-aspect-ratio features at
atomic-scale precision. The data-driven scientific approaches
are also emerging for the purposes of understanding system

Fig. 38. (Color online) A plasma processing-information relationship of electron dynamics, chemical kinetics, sheath boundary transport, and surface
reactions (ECSS) through consideration of activities, applicability, validation, and viability. Plasma informatics is developing with the framework that
considers both plasma science and technology with informatics side by side.
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behaviors effectively. Physics-based modeling of a set of
nonlinear equations, even if accurate, is often computationally
intensive or solution-less. The machine learning approaches
can solve these problems. Herein the demonstrations of EVDF
and spatial distribution of plasma density are reviewed.
Currently, the goal of developments to control complex plasma
processing is to create a virtual methodological field that
combines theory, computation and experiment. Accordingly a
level of advanced process control has been reached and
improved. In the next future, the virtual methodology and
plasma informatics is continuing to develop for comprehensive
control of plasma processing and for creation of industrial
applications based on low-temperature plasma sciences.
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