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Impedance matching plays a critical role in achieving stable and controllable plasma conditions in capacitive coupled
plasma (CCP) systems. However, due to the complex circuit system, the nonlinear relationships between components,
and the extensive parameter space of the matching network, finding optimal component values poses significant chal-
lenges. To address this, we employ an artificial neural network (ANN) as a surrogate model for the matching system,
leveraging its powerful pattern learning capability for a reliable and efficient search for matching parameters. In this pa-
per, we designed four different parameters as optimization objectives and took the modulus of the reflection coefficient
as an example to demonstrate the impedance matching optimization process of a CCP in detail using a particle-in-
cell/Monte Carlo collision (PIC/MCC) model. Our approach not only provides an effective optimization direction
but also furnishes an entire parameter space that aligns with expectations, rather than just a single point. Moreover,
the method presented in this paper is applicable to both numerical simulations and experimental matching parameter
optimization.

I. INTRODUCTION

Capacitively Coupled Plasma (CCP) is a plasma generation
technique that utilizes radio frequency (RF) energy to create
and sustain a low-pressure gas plasma. It involves the applica-
tion of an RF power supply to parallel electrodes separated by
an insulating material, leading to plasma formation1. When
an RF power supply is applied to the electrodes, an oscillat-
ing electric field is created between them. This electric field
ionizes the gas molecules, creating a plasma. The electrons in
the plasma are accelerated by the electric field, and they col-
lide with other gas molecules, causing them to become ionized
as well. This process creates a self-sustaining plasma, which
continues to exist as long as the RF power supply is turned
on. CCP has a wide range of applications, including plasma
etching2,3, plasma deposition4, plasma cleaning5, and plasma
surface modification6.

However, a significant challenge in CCP plasma generation
is that the impedance of the plasma is not always matched to
the impedance of the RF power supply. This can lead to power
losses and inefficient plasma generation, or worse, reflections
of RF power, which can damage the power supply7. To ad-
dress this issue, impedance matching circuits are often utilized
in CCP plasma systems; the goal of impedance matching is to
maximize the power transferred from the RF power supply to
the plasma by ensuring that the output impedance of the power
supply matches the input impedance of the plasma load8–10.
When the plasma impedance is matched to the impedance of
the RF power supply, reflections of RF power can be reduced,
which can help prevent damage to the power supply, CCP
plasma generation can be stable and efficient, which can help

improve the overall performance of the plasma system11,12.
The impedance matching circuit is often achieved by plac-

ing an impedance matching network (IMN) between the gen-
erator and the plasma chamber (Fig. 1). IMN comes in dif-
ferent configurations such as L-type, T-type, and π-type12–14.
Researchers have studied various techniques for designing ef-
fective IMNs and proposed several design approaches. In
numerical simulation, Qu et al.8 computationally modeled
the full circuit and adjusted matchbox capacitors to achieve
impedance matching to the time-varying plasma load during
pulsed operation, but faced limitations from plasma simplifi-
cations and inherent mismatches. Zhang et al.15 presented di-
rect search extremum seeking by incrementally perturbing ca-
pacitor setpoints to reduce reflected power, and perturbation-
based extremum seeking using sinusoidal dither signals, high-
pass filters, and gradient estimation to optimize capacitors.
Zhou et al.16 use 3D Maxwell finite element modeling to sim-
ulate the impedance of an inductively coupled plasma driver
with plasma represented as a uniform conductive medium,
providing impedance data to design the matching network.

In experimental work, Parro et al.7 presented a gradient-
based automated impedance matching system for industrial
microwave heating using adjustable waveguide posts and re-
flection magnitude feedback, but faced potential limitations
in convergence speed and finding the global optimal solution.
Vander et al.17 describe an impedance matching method us-
ing a switched stub approach with plasma switching, where
plasma cell switches are used to control the connection of stub
branches to a main transmission line, allowing dynamic tun-
able matching by varying the states of the switches.

However, due to the complex plasma behavior and non-
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FIG. 1. The CCP structure with an impedance matching network
added.

linear system dynamics, previous works have faced issues like
low optimization efficiency or convergence to local rather than
global optima18–21. In addition, one significant difficulty in
impedance matching in CCP systems is the extensive param-
eter space of the matching network22. The matching network
consists of various components such as capacitors, inductors,
and transmission lines, each with multiple parameters that in-
clude values, sizes, and positions. Optimizing the impedance
matching requires exploring this vast parameter space to find
the right combination that minimizes the reflected power and
maximizes power transfer efficiency. With numerous possi-
ble configurations, it becomes challenging to determine the
optimal values for each component, often requiring iterative
adjustments and extensive experimentation. The complex and
large parameter space poses a significant challenge in achiev-
ing efficient impedance matching in CCP systems.

In order to address the above issues, recently Yu et al.23 pro-
vided a possible best matching point through numerical iter-
ations. The method achieves impedance matching for single-
frequency CCP through an iterative, self-consistent coupling
of particle-in-cell plasma simulations with external circuit
models to minimize the reflection coefficient. However, in
practical industrial settings, it may only be adjusted to a cer-
tain interval and cannot be accurately adjusted to that point.
In addition, it is often more helpful to provide an optimization
direction rather than just a single data point. Therefore, based
on Yu’s work, this paper proposes using an artificial neural
network (ANN) as a surrogate model to effectively depict the
matching performance. This approach allows us to demon-
strate the direction of optimization during the optimization
process and also provides a parameter space that meets the
requirements.

ANN is a fundamental method used in machine learning. It
relies on its powerful ability to fit functions, and it can learn
and recognize patterns, relationships, and complex represen-
tations from input data. ANN excels at handling complex
and high-dimensional data, so it offers a suitable solution for
addressing the challenge of large parameter spaces and non-
linear behavior in impedance matching for CCP systems. By
using ANN as the Surrogate model, it becomes possible to
efficiently explore and optimize the parameter space, and the
model can approximate the behavior of the system, allowing
quick estimation of responses for different combinations of
parameters.

ANN has been used extensively for parameter estimation

and optimization, and this method has been proven effective
in plasma-related applications24–26. Specifically, Shadmehr et
al.27 use neural networks to estimate process parameters in
reactive ion etching. Hong et al.28 present a neural network-
based model for reactive ion etching using optical emission
spectroscopy data. Himmel and May29 discuss the advan-
tages of neural networks over traditional statistical techniques
in plasma etch modeling. Bleakie and Djurdjanovic30 propose
a multiple model system that uses neural networks to estimate
the quality of the manufacturing process. Gergs et al.31 em-
ployed neural networks to model aluminum film deposition
processes. Wang et al.32 trained deep neural networks on sim-
ulation data to predict discharge characteristics in CO2 dielec-
tric barrier discharges. Zhang et al.33 also developed a deep
neural network to efficiently predict discharge characteristics,
such as current density, in discharges from the dielectric bar-
rier of atmospheric pressure.

These papers demonstrate the successful utilization of
neural networks and machine learning techniques in var-
ious plasma-related applications, validating their potential
to optimize impedance matching parameters for a single-
frequency CCP. The work described in this paper is to use
ANN to accelerate the exploration process, reducing the need
for time-consuming experimentation and enabling improved
impedance matching in CCP systems. This paper is orga-
nized as follows: In Sec.II, we mainly introduced the numeri-
cal simulation methods of circuits and the fitting methods us-
ing ANN. In Sec. III, we provide a detailed demonstration
of the optimization process and results using ANN with the
reflectivity coefficient as the target. We also compare these
results with those obtained for three other target parameters.
The conclusion is presented in Sec.IV.

II. METHOD

The content of this section is arranged as follows: Sec. II A
introduces the circuit structure and the relevant parameters
used for numerical simulations. Sec. II B presents four met-
rics we have defined to measure matching performance, which
will be used as optimization objectives for the subsequent op-
timization of ANN. Sec. II C explains how this study utilizes
ANN as a surrogate model and describes the iterative opti-
mization process.

A. Analog circuit settings

A common circuit structure was selected for simulation, as
shown in Fig. 2. The whole system was divided into three
parts: radio frequency generator (RF), impedance matching
network (IMN) and plasma load. In the plasma circuit, the RF
generator is the source of RF power for the CCP, producing
a sinusoidal signal within the frequency range of a few MHz
to a few GHz. Its power output can be adjusted to regulate
the plasma’s intensity. To ensure efficient power transfer, the
IMN comes into play, harmonizing the impedance of the RF
generator with that of the plasma load. This network typically
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FIG. 2. The network of plasma coupled circuit that is simulated. The first part is the radio frequency generator. The second part is the
impedance matching network. The third part is the plasma load. Cm1, Cm2, and L are the matching parameters that we need to design.

consists of capacitors and inductors. The plasma load, in turn,
absorbs the RF power, enabling the creation of plasma. Typ-
ically, the plasma load comprises a gas that undergoes ion-
ization as a result of the RF power, forming a plasma state
characterized by a significant concentration of free electrons.

Here are the detailed parameter information for these com-
ponents:

• RF generator: The 13.56 MHz source was used in the
simulations, with internal impedance Rs of 50 Ω and
fixed power of 20 W.

• Impedance Matching Network(IMN): The IMN is an
L-type topology consisting of two capacitors: one in-
ductor and one equivalent loss resistance of the IMN.
The Cm1, Cm2, and L are the parameters to be adjusted.

• Plasma load: A 1D implicit particle in cell / Monte
Carlo collision (PIC-MCC)34–38 algorithm was used to
simulate single-frequency CCPs. The distance between
the electrodes was 0.03 m. The working gas was argon,
with the gas pressure and temperature of 100 mTorr
and 300 K, respectively. The space step was set at
4.6875× 10−4 m. The simulation time step was set to
1.0×10−10 s.

Regarding the PIC/MCC model being used here, the fol-
lowing points need to be noted:

• At low pressures (less than 10 Pa), metastables were
thought to have little effect on ionization in the plasma
bulk itself, since studies found that direct ionization
from the ground state dominated at such pressures39–41.
Additionally, tracking metastable particles in PIC/MCC
simulations requires high computational costs. There-
fore, in most current particle-based modeling stud-
ies, excited-state atoms with relatively low density are

excluded42,43. We also do not consider metastable par-
ticles here.

• The MCC model accounts for three types of electron-
neutral collisions (elastic, excitation, and ionization)
and two types of ion-neutral collisions (elastic scatter-
ing and charge exchange). Neutral particles are as-
sumed to be stationary and uniformly distributed, as
their total ionization degree is less than 0.01%. The
simulation accounts for ionization and excitation colli-
sions of electrons with Ar atoms and elastic collisions of
electrons and Ar+ ions with Ar atoms. These collisions
are simulated using a series of random numbers and col-
lision cross sections, which are downloaded from the
widely used LXCat database44–48.

Note that the parameter values mentioned above are the
same as those in Yu’s work23, so we can compare them with
previous results.

B. Optimization objectives

In order to evaluate the effectiveness of the match, we se-
quentially selected the following four parameters to measure
the performance of the match as optimization objectives, and
Table I summarizes the advantages and disadvantages of these
four optimization objectives.

1. The modulus of the reflection coefficient, |Γ|

The reflection coefficient, Γ, is commonly used in indus-
try to measure the matching performance between intercon-
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TABLE I. Comparison of optimization objectives for impedance matching.

Optimization
Objectives

Description Advantages Disadvantages

|Γ| The modulus of the reflection
coefficient.

Industry standard metric for measuring
impedance mismatch

Only considers modulus, not phase

Dcs Similarity between power impedance
and IMN impedance.

Considers both modulus and phase More complex calculation and less in-
tuitive than reflection coefficient

η The power absorption efficiency of the
plasma load.

Key indicator of impedance matching
performance

Requires integration over RF cy-
cle; does not provide impedance
information

Uccp Voltage across the plasma load at both
ends.

Simple direct measurement; important
for many plasma processes

Does not directly indicate impedance
matching; voltage alone does not fully
characterize plasma

nected components. It provides engineers with valuable infor-
mation about the level of impedance mismatch, which directly
affects signal integrity, power transfer efficiency, and overall
system performance. By analyzing the reflection coefficient,
engineers can optimize the design and performance of various
systems, such as RF circuits, antennas, transmission lines, and
audio systems.

The reflection coefficient has several characteristics:

• It is generally a complex number15. Because the reflec-
tion coefficient is obtained from Eq.1, where ZL is the
load impedance, and Z0 is the characteristic impedance
of the transmission line or system, the impedance in this
equation is a complex number consisting of the resis-
tance of the real part and the reactance of the imaginary
part, so the reflection coefficient obtained is naturally a
complex number.

Γ =
ZL −Z0

ZL +Z0
(1)

• The modulus of the reflection coefficient, |Γ|, represents
the fraction of the incident power that is reflected. The
modulus of the reflection coefficient can be anywhere
from 0 to 1. A modulus of 0 means that no power is
reflected, while a modulus of 1 means that all the power
is reflected.

• The angle of the reflection coefficient, θ , represents
the phase difference between the reflected and incident
waves. The angle of the reflection coefficient can range
from 0 to 360 degrees. A phase difference of 0 de-
grees means that the reflected wave is in phase with
the incident wave, while a phase difference of 180 de-
grees means that the reflected wave is 180 degrees out
of phase with the incident wave.

In this paper, Z0 refers to the output impedance of the RF
source, denoted as ZS. That is, the calculation equation for Γ

in this paper is

Γ =
ZL −ZS

ZL +ZS
. (2)

And in order to quantitatively measure the degree of match-
ing between the plasma load and the power supply, reference
to Yu’s work23, we use the modulus of the reflection coeffi-
cient, |Γ|, to be one of the measurement criteria.

2. Impedance similarity, Dcs

As mentioned above, the reflection coefficient is a com-
plex number, and when delivering AC power to complex load
impedances, the maximum real power is delivered to the load
when the impedance of the source is equal to the complex
conjugate of the load impedance49. Therefore, when evaluat-
ing the matching performance, only considering the modulus
of the impedance is not sufficient. Therefore, we introduced
the parameter ”impedance similarity”, denoted Dcs, to simul-
taneously characterize the matching of both the modulus and
phase angle.

The calculation method for this parameter is as follows:

Dcs =
a⃗ · b⃗

||⃗a|| ∗ ||⃗b||
∗ min(||⃗a||, ||⃗b||)

max(||⃗a||, ||⃗b||)
, (3)

where

a⃗ = (RL,XL), b⃗ = (Rs,Xs), (4)

RL and XL are the real and imaginary parts of the input
impedance of the matching network, Rs and Xs are the real and
imaginary parts of the output impedance of the RF source.

In Eq.3, the first term is to calculate the similarity between
two vectors. Cosine similarity is a metric used to measure the
similarity between two vectors in a vector space. It is widely
used in information retrieval, text mining, and recommenda-
tion systems. The cosine similarity is based on the concept of
cosine of the angle between two vectors. Given two vectors,
A⃗ and B⃗, the cosine similarity (SC) between them is calculated
using the following formula:

SC(A⃗, B⃗) =
A⃗ · B⃗

||⃗A|| ∗ ||B⃗||
, (5)
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where A⃗ · B⃗ represents the dot product of vectors A⃗ and B⃗, and
||⃗A|| and ||B⃗|| denote the magnitudes (or norms) of the vec-
tors. The resulting value of cosine similarity ranges from -1
to 1. A value of 1 indicates that the vectors are identical, 0
indicates that the vectors are orthogonal (i.e., not similar), and
-1 indicates that the vectors are diametrically opposed.

The second term in Eq.3 represents a penalty term when
the magnitudes of two vectors are not equal. When the mag-
nitudes of the two vectors are similar, the value of this term
tends to be 1. When the magnitudes differ significantly, the
value of this term tends to be 0.

So, based on the above statements, we can see that ”Dcs =
cosine similarity * modulus penalty term”. When the mag-
nitudes and angles of the two vectors are similar, the value
of Dcs tends to be 1. Additionally, when the magnitudes are
nearly identical, this parameter degenerates into cosine simi-
larity.

3. Power absorption efficiency, η

The power absorption efficiency of the plasma load, which
refers to the ratio of the active power of the plasma load to the
active power of the power supply, denoted as η . The power
absorption efficiency of the plasma is a measure of how much
of the RF power is actually absorbed by the plasma. This
efficiency can be used to measure the impedance matching
performance of the CCP. A high power absorption efficiency
indicates that the impedance of the plasma is well matched to
the impedance of the RF source, and vice versa8,50.

It can be calculated using the following method:

η =
Pccp

Ps
=

(∑nRun
i=nRun−N Pccp(i))/N

(∑nRun
i=nRun−N Ps(i))/N

. (6)

Here, the variable nRun represents the total number of radio
frequency cycles and N represents the number of cycles con-
sidered after reaching steady state, Pccp(i) and Ps(i), respec-
tively, represent the active power of the plasma load and the
power supply during the i−th radio frequency cycle, and their
calculation methods are as follows:

Pccp(i) =

∫ Tr f (i)/2
0 Uccp(t)Iccp(t)dt

Tr f (i)/2
(7)

and

Ps(i) =

∫ Tr f (i)/2
0 Us(t)Is(t)dt

Tr f (i)/2
, (8)

where Tr f (i) is the i− th RF cycle, Uccp and Iccp are the instan-
taneous voltage and current across the CCP load, respectively.
Us and Is are the instantaneous voltage and current of the radio
frequency power supply, respectively. Because the frequency
doubles when the voltage and current are multiplied, only half
of the RF cycle should be integrated.

4. Plasma load voltage, Uccp

Voltage across the plasma load at both ends, which refers to
the Uccp in Fig. 2.

In many applications of CCP, it is necessary not only to
achieve high plasma density but also to achieve high plasma
loading voltage to produce more energetic ions or create a
more uniform plasma. For example, in thin film deposition,
high voltage enhances the energy of plasma species, result-
ing in improved film adhesion and uniformity51. In plasma
etching, higher voltages accelerate the ion energy, allowing
more efficient material removal52. Furthermore, plasma sur-
face modification and sterilization processes benefit from high
CCP load voltages by promoting surface activation, chemical
reactions, and the generation of reactive species53.

In addition, compared to the parameters mentioned above,
the voltage across the two ends of the CCP load is a simpler
quantity that can be directly measured. It should be noted that
here we take the value of Uccp when the CCP reaches a stable
state.

C. Optimization methods

The working method of this paper is to treat the entire cir-
cuit model as a black box, as shown in Fig. 3, we input the
matching parameters into the black box and obtain the rele-
vant target variables. We don’t focus on the specific details
of the circuit or the interactions between its various compo-
nents. Instead, we only care about the circuit parameters we
can change and the corresponding effects we can achieve.

black box

Input
(𝐂𝐦𝟏,𝐂𝐦𝟐,𝐋…)

Outputs
(𝚪	/	𝛈	/	𝐃𝐜𝐬	/	𝐔𝐜𝐜𝐩)

FIG. 3. Black box model for impedance matching optimization. The
entire circuit is treated as a black box function, with matching param-
eters as inputs and the target variable, which measures the matching
performance, as the output.

In general, the black box model can be described by the
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following equation:

y = f (x1,x2, ...), (9)

where y is the variable measuring the matching performance
and xi represents the matching parameters of the circuit. Then
we use an ANN to fit this function, thereby transforming the
search problem for matching parameters into a function opti-
mization problem.

In this paper, the form of Eq. (9) is y = f (Cm1,Cm2,L),
where Cm1, Cm2, and L are the matching parameters in Fig. 2.
And for the convenience of visualizing the results, we fixed
the value of Cm2 to 200pF and only explored the impact of
Cm1 and L on the matching performance. That is, the actual
fitting equation is the following:

y = f (Cm1,L). (10)

Fig. 4 shows the workflow for determining the optimal
matching parameters and their corresponding ranges. Initially,
we construct a comprehensive parameter space, denoted Ai,
consisting of grids spaced at intervals of Si. Subsequently, we
input the parameters located on the grid points into the simu-
lation program to obtain the corresponding target variable, y.
Using the acquired data, we train a neural network model to
fit the function y = f (Cm1,L) and utilize this model to predict
both the optimal matching parameter Pi, and the next param-
eter space more accurate and refined Ai+1. We then reload
the parameter Pi into the simulation program and assess its
matching performance. If the performance meets our expec-
tations, we output the parameter. However, if the performance
falls short of expectations, we reduce the parameter space and
repeat the process.

Referring to the work of Bonzanini et al.24, we use fully
connected networks to fit Eq. (10), the architecture of the net-
works is shown in Fig. 5. We input Cm1 and L into the neural
network and output the predicted values of the corresponding
target variable (|Γ| or Dcs or η or Uccp).

The neural network architecture employs an identical num-
ber of nodes in each layer, with the specific value of the nodes
determined using the Bayesian optimization algorithm. The
activation function is fixed as the tanh function, and for each
model, a fixed number of 10000 iterations are executed. Due
to the limited size of the available data, the batch size is set
to the length of the entire data set. The other hyperparam-
eters of the ANN, including the number of nodes per layer
and the learning rate, are also optimized through the Bayesian
optimization algorithm, as illustrated in Fig. 6. To facilitate
this optimization process, we used the library available on
GitHub54. This library provides the necessary tools and func-
tionalities for implementing the Bayesian optimization algo-
rithm and effectively fine-tuning the ANN hyperparameters,
which ultimately enhances the model’s performance and gen-
eralization capabilities.

Fig. 6 shows the comprehensive workflow employed to har-
ness Bayesian optimization in the selection of optimal hyper-
parameters for ANN models. To facilitate the generation of
robust and more accurate models, we performed the following
pre-processing steps on the raw data. Our approach involved

a series of essential steps aimed at enhancing the performance
of the models. The initial step was to randomly shuffle the
data, which played a crucial role in eliminating any inherent
biases or patterns that might have existed in the raw data. By
doing so, we aimed to create a more diverse and representa-
tive dataset that would allow the model to learn from various
scenarios and generalize better to unseen data. The next crit-
ical stage involved data normalization. This process brought
all data points into a standardized range, which was particu-
larly beneficial for certain machine learning algorithms, in-
cluding neural networks. Normalization ensured that each
feature in the data set had a comparable scale, preventing any
specific feature from dominating the model’s learning process
due to its large magnitude. This step significantly improved
the model’s convergence, enabling it to find optimal solutions
more efficiently during the training phase. Subsequently, we
focused on partitioning the entire dataset into five distinct sub-
sets, each containing an equal representation of data instances.
This technique, known as cross-validation, played a pivotal
role in assessing the model’s performance and generalization
capabilities. By training the model on four of the subsets and
validating it on the fifth one in a cyclical manner, we could
identify potential overfitting and assess the model’s ability to
handle unseen data effectively.

The ensuing step entails the execution of a meticulous five-
fold cross-validation procedure, wherein the ANN model is
trained on each of the five subsets separately. This process
culminates in the calculation of the average Mean Squared
Error (MSE) as a performance metric. Herein, our primary
objective is to meet specific expectations concerning the MSE
value obtained. Should the resulting MSE satisfy our prede-
fined expectations, the corresponding hyperparameter combi-
nation is dutifully extracted and subsequently utilized to train
the entire dataset. However, in the event that the achieved
MSE value fails to meet the desired expectations, a more so-
phisticated approach is adopted. Here, we invoke the potent
Bayesian optimization algorithm to dynamically adjust and
optimize the hyperparameter combination, based on the infor-
mation learned from previous iterations. The Bayesian opti-
mization algorithm, known for its efficiency in optimizing ex-
pensive and nonconvex functions, guides the process towards
identifying improved hyperparameters that better align with
the desired performance criteria.

Following the Bayesian optimization-guided hyperparame-
ter update, a fresh round of 5-fold cross-validation is initiated,
allowing the ANN model to be retrained on the data subsets
using the refined hyperparameter combination. This iterative
process continues until the MSE value finally aligns with the
predefined expectations, signaling the convergence of the hy-
perparameters to an optimal configuration.

The integrative interplay between the Bayesian optimiza-
tion algorithm and the 5-fold cross-validation training tech-
nique ensures that the most suitable hyperparameters are as-
certained to maximize the ANN model’s performance on the
dataset. This systematic and data-driven approach offers an
efficient and effective methodology for hyperparameter tun-
ing, thereby bolstering the overall efficiency and accuracy of
the Artificial Neural Network model.
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the parameter 

space 𝑨𝒊/𝟏

No

Yes

FIG. 4. Workflow of the machine learning approach for finding the best matching parameters iteratively.

Input

(𝐶𝑚1, 𝐿)
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Nodes = m, Activation = tanh()
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Nodes = 1
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( 𝚪  / 𝜼 / 𝑫𝒄𝒔 / 𝑼𝒄𝒄𝒑)

FIG. 5. Architecture of the artificial neural network trained to predict
the target variable for measuring matching effectiveness. The neural
network has n hidden layers and each layer has the same number of
m nodes. The activation function used in each hidden layer is the
same and fixed to tanh().

In summary, our method is to use Bayesian optimization
algorithm and 5-fold cross-validation to find the best ANN
model hyperparameters and then use the model to fit the orig-
inal data to obtain the distribution of the target variable in the
full parameter space. It is important to note that after selecting
the best ANN hyperparameter combination shown in Fig. 6,
we used all the original data for model training.

III. RESULT

The main content of this section is as follows: Using the
methods mentioned above, in Sec. III A, we extensively dis-
cuss the optimization process and results with the reflection
coefficient as the objective. In Seq. III B, we present the op-
timization results with three other parameters (Dcs, η , Uccp)
as objectives and provide a detailed comparison of the four
optimization results.

run out 
of 

budget?

Experimental data

Data shuffling and 
normalization

Partitioned Dataset

Portion 1

Model 1 trained on 
portions 1,2,3,4

Averaged MSE

MSE 1 calculated 
on portion 5

Model 1 trained on 
portions 1,2,3,5

MSE 1 calculated 
on portion 4

Model 1 trained on 
portions 1,2,4,5

MSE 1 calculated 
on portion 3

Model 1 trained on 
portions 1,3,4,5

MSE 1 calculated 
on portion 2

Model 1 trained on 
portions 2,3,4,5

MSE 1 calculated 
on portion 1

Updating hyperparameter 
combinations through Bayesian 

optimization algorithm

Obtain the best combination of 
hyperparameters:

Layers = n, nodes = m, learning rate = lr

Yes

No

Portion 2 Portion 3 Portion 4 Portion 5

FIG. 6. The workflow for automatically obtaining hyperparameter
combinations of artificial neural network models. The workflow con-
sists of learning the weights and biases of the artificial neural network
model via 5-fold cross-validation and active learning of the hyperpa-
rameters of the neural network model.

A. Reflection coefficient as optimization objective

In this section, we demonstrate the optimization process in
detail using the reflection coefficient as the optimization ob-
jective. Section III A 1 shows the process of iteratively refin-
ing the parameter space to finally obtain an ideal parameter
region. The goal is to explain how we accomplish the selec-
tion and optimization of parameter regions and the rationale
behind our optimization choices. Since our aim is not only
to find the optimal parameter point, but more importantly to
identify a parameter region that meets the expected require-
ments, in Section III A 2, we randomly select points in differ-
ent value ranges in the final parameter space and compare their
matching performance. The proximity of matching effects for
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different points within the same region demonstrates that the
optimized region can indeed provide solutions that satisfy the
parameter range, rather than just a single optimal point. This
will have a very positive impact on industrial parameter tun-
ing.

1. Optimization process

Table II shows the parameter spaces we have scanned
sequentially, where A0 represents the parameter space we
scanned in the first round. A1 is the next optimization region
selected based on the results obtained from A0, and it is ac-
quired dynamically. Similarly, A2 is optimized based on A1.

The progressive optimization process of the parameter
space is as follows: In space A0, the value of Cm1 starts at
50 pF, ends at 1000 pF, with a step size of 50pF . The value of
L starts at 4.0 µH, ends at 9.0 µH, with a step size of 0.5 µH.
By dividing Cm1 and L, a parameter space with a horizontal
axis of Cm1 and a vertical axis of L was obtained, containing
a total of 220 combination points, then we load these points
into the simulation program and obtain the reflection coeffi-
cients corresponding to each set of parameters. Next, we used
these 220 sets of data to train the ANN. ANN hyperparameters
were obtained using the Bayesian optimization algorithm de-
picted in Fig. 6, when the 5-fold cross-validation error reaches
the expected level, the fitting of the ANN to Eq.11 is com-
pleted. Furthermore, we can use this trained model to provide
values of the reflection coefficient throughout the parameter
space, essentially continuously rather than only on the param-
eter grid, as shown in Fig. 7(a), the ANN hyperparameters
corresponding to it are also shown in Table II as A0.

|Γ|= f (Cm1,L) (11)

In Figure 7(a), the ANN model indicates that the mini-
mum reflection coefficient point occurs at the point (cm1,L)=
(452.167 pF,5.417 µH), which is approximately in the region
A1 = {Cm1 ∈ (200 pF,500 pF)} ∩ {L ∈ (5.4 µH,5.9 µH)}.
The MSE of the model corresponding to this point in Table
II(A0) is 0.0031, which seems to be a relatively accurate and
good result. However, it is also easy to see that there is a wide
range of unstable regions in the parameter space, indicating
that the training set we actually used is much smaller than the
data set we scanned. This has a certain impact on the accuracy
of the ANN model. Moreover, the existence of potential sad-
dle points also requires us to shrink the parameter space and
perform a more fine-grained scan to exclude the influence of
unstable regions, improve accuracy, and reliability. Therefore,
we are conducting a new round of scanning in the new param-
eter space, and the specific parameter settings are shown in A1
in Table II.

In Fig. 7(a), we need to pay special attention to the fol-
lowing points: First, the shaded areas in the figure are areas
where oscillations occur, which is an unstable discharge mode
caused by periodic breakdown of the CCP. In this particu-
lar mode, the plasma experiences erratic fluctuations, which

makes the simulation data derived from these regions unreli-
able and inaccurate. Therefore, during data preprocessing, we
labeled the oscillatory data and trained a classification model
to identify the oscillation regions within the entire parameter
space. Using this classification model, we were able to iso-
late and recognize these unstable regions, commonly charac-
terized by oscillations. Subsequently, we used shadowing to
mask these regions and avoided using data from these regions
during training with the reflectance coefficient as the target.
By avoiding the use of data from oscillation regions during
training, the model was rendered more robust and capable of
providing accurate predictions. Secondly, we did not impose
any range restrictions on the output results of the ANN. Our
objective is to find the minimum point, so even if the ANN
predicts results greater than 1 or less than 0 at certain posi-
tions, it does not affect our search for the relative minimum
value. The flexibility of the output range of neural networks
allows us to focus on locating the minimum point, and the size
of the output beyond the reasonable range can also reflect the
accuracy of the model to some extent.

The new discharge mode mentioned above mainly mani-
fests as significant periodic oscillations when certain compo-
nents in the circuit reach specific values. Parameters such
as the voltage across the plasma load, current in the cor-
responding branch, plasma load power, electron density be-
tween plates, and electron temperature all exhibit substantial
periodic oscillations. Furthermore, the frequency of the oscil-
lation is influenced by factors such as power supply voltage,
power supply frequency, component parameters of the match-
ing network, CCP’s plate area, and plate gap. When such os-
cillations occur, the obtained values of reflection coefficients
and the like are not accurate, so we need to avoid entering the
corresponding parameter space (shadowed area). The analysis
of this discharge mode is beyond the scope of this paper, so
we will discuss it in detail in a future paper.

Fig. 7(b) shows the distribution of reflection coefficients
corresponding to the parameter space A1, for the same reason
as in A0, we have obtained a third parameter space A2. And
after applying the same ”parameter grid - simulation program
- BO hyperparameter selection - ANN fitting” process to A2,
we obtained the distribution of reflection coefficients on A2 as
shown in Fig. 7(c).

Fig. 7(c) shows that the unstable region occupies only a
small part of the new parameter space, which to some extent
indicates that this is a relatively good region. Additionally,
Fig. 7(c) shows that when the matching parameters (Cm1,L)
are set to (469.444 pF,5.495 µH), we obtain the minimum
reflection coefficient. Notably, Fig. 7(c) exhibits multiple
nearby saddle points, implying that similar matching perfor-
mance could be achieved in different areas. Furthermore, we
randomly marked a point in each of the different value ranges
in Fig. 7(c). These points will be used to compare the match-
ing effects of the parameter values in different regions, which
we will introduce in detail later.

Up to this point, the process of optimizing with the reflec-
tion coefficient as the objective has concluded. We have ob-
tained three continuously refined parameter spaces as shown
in Fig. 7, along with their corresponding best-matching pa-
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TABLE II. Parameter space and corresponding hyperparameters of ANN models. Cm1, Cm2 and L represent the matching parameters in Fig. 2,
Hidden layers, Nodes, and Learning rate are the hyper parameters of ANN model fitting the corresponding parameter space data. MSE is the
mean squared error between the model’s predicted data and the original data.

name Cm1(pF)a Cm2(pF) L(µH) Hidden layers Nodes Learning rate MSE
A0 [50-1000-50] 200 [4.0-9.0-0.5] 4 21 0.003256 0.0031
A1 [200-500-10] 200 [5.4-5.9-0.05] 7 20 0.000246 0.0017
A2 [400-500-5] 200 [5.45-5.55-0.01] 3 19 0.001503 0.0011

a [A-B-C] indicates that the parameter starts at A and ends at B, with an interval of C between each step
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rameters predicted by the ANN. Next, we will conduct a fur-
ther analysis and discussion on these results.

2. Comparison of parameters across different value
domains

To demonstrate the matching performance of the param-
eters in different regions of the entire parameter space, we
selected several sampling points within different contour re-
gions in Fig. 7(c). Points marked with black crosses represent
the locations where the ANN predicts the minimum modu-
lus of the reflectance coefficient, called the point P2. The red
crosses indicate sampling points within different contour re-
gions. Here, R4 signifies that a point is located in an area
where the value is greater than the minimum by 0% to 4%,
R10 corresponds to 6% to 10%, R30 corresponds to 20% to
30%, R50 corresponds to 40% to 50%, and R70 corresponds
to 60% to 70%. The reason we avoid selecting adjacent con-
tour regions is that the points obtained from neighboring areas
might exhibit very similar matching performance, making it
less convenient to showcase the distinctions between different
regions. Additionally, since most of the data are concentrated
within a region that does not exceed 10% above the minimum
value, our points do not cover areas greater than 70%.

Fig. 8 illustrates a comparison of the matching performance
of parameter points distributed across different value ranges.
From the figure, as the value of the parameter |Γ| decreases,
the matching performance of the parameters in the simula-
tion program continuously improves. This is evident in the
significant increase in electron density after reaching a steady
state and in the voltage at both ends of the CCP. Furthermore,
when the value of |Γ| is in a region below a certain threshold
(such as the lowest 10%), the performance of the parameters
in this region becomes consistent and reaches a relatively high
level of matching performance. This observation is of signif-
icant practical importance in industrial operations. It implies
that fine-tuning parameters to achieve a single, specific point
within the parameter space is not essential. Instead, reach-
ing a certain region within the parameter space is sufficient to
achieve the desired outcomes. This insight can streamline the
optimization process in industrial applications, as operators
do not need to precisely adjust parameters to target a specific
point, which could be time-consuming and challenging.

Furthermore, the consistent parameter performance within
the identified region highlights the robustness and stability of
the system. Even if the specific parameter values vary slightly
due to inherent uncertainties or fluctuations in the operating
conditions, the overall performance remains reliable and sat-
isfactory. This robustness in the face of variations is crucial
for industrial applications where maintaining stable and pre-
dictable outcomes is critical.

B. Other target optimization parameters

Before analyzing the results, let’s consider the following
question: Under what circumstances can we consider a set of

parameters to be a better matching configuration? As men-
tioned in Sec. I, the goal of impedance matching is to max-
imize the power transferred from the RF power source to
the plasma by ensuring the output impedance of the power
source matches the input impedance of the plasma load, while
minimizing the reflection of RF power from the plasma load.
Therefore, theoretically, if a set of parameters corresponds to
higher absorption efficiency and lower reflection coefficient,
we consider those parameters to be a better set of matching
parameters.

In Sec. III A, we achieved a well-performing parameter re-
gion through continuous optimization of parameter |Γ|. In
this section, we will demonstrate the optimized parameter re-
gions for the objectives mentioned in Sec. II B, namely η ,
Uccp, and Dcs, using the same optimization approach. Fur-
thermore, by comparing the results obtained from different
optimization objectives, we will provide recommendations on
how to choose optimization objectives in practical industrial
production.

After an optimization process similar to the gradual reduc-
tion of the parameter space in Sect.III A, we obtained the final
parameter space corresponding to η , Uccp, and Dcs, as shown
in Table III. It can be seen that η and Uccp eventually con-
verge to the same region, while |Γ| and Dcs also converge to
the same region. This indicates that there is a positive linear
relationship between these parameters. Fig. 9 shows the re-
sults of using ANN to fit the values in the spaces mentioned
in the aforementioned sequentially. It can be observed that
saddle regions of varying sizes appear in the fitting graphs
corresponding to different optimization objectives.

Fig. 10 shows a comparison of plasma parameters for dif-
ferent optimization objectives, and the detailed values are
summarized in Table IV, Table V and Table VI. Table IV
shows the best matching parameter points obtained under each
of the four optimization objectives in this paper, as well as the
best matching parameter point obtained by Yu in his paper23.
However, since the point given by Yu is in the area of oscil-
lation, we only compare the performance of the four sets of
parameters in the following table. Table V shows the spe-
cific values of the optimization parameters corresponding to
different optimization targets. For example, the first row indi-
cates the specific values of absorption efficiency, plasma load
voltage, impedance similarity, and modulus of reflection co-
efficient obtained when the optimization objective is set to
absorption efficiency. Table VI shows the specific values of
the plasma parameters and circuit parameters corresponding
to different optimization targets. For example, the first row
represents the specific values of the electron density in the
middle of the electrode, the electron temperature, the power
output from the power source, the power dissipated in the
impedance matching network, and the power absorbed by the
plasma load when the optimization objective is set to absorp-
tion efficiency. In addition, we use feedback control as shown
in Eq.12 to regulate the power of the power supply. Therefore,
it is normal for the curve in Fig. 10 to have small fluctuations.
Unlike the oscillatory discharge mode mentioned earlier, the
latter exhibits significant periodic oscillations in parameters
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TABLE III. The parameter spaces corresponding to η , Uccp, Dcs and |Γ|, as well as the hyperparameters of the ANNs fitted to each parameter
space. Cm1, Cm2 and L represent the matching parameters in Fig. 2, Hidden layers, Nodes and Learning rate are the hyper parameters of ANN
model fitting the corresponding parameter space data. MSE is the mean squared error between the model’s predicted data and the original data.

name Cm1(pF)a Cm2(pF) L(µH) Hidden layers Nodes Learning rate MSE
η [275-305-1] 200 [5.710-5.732-0.005] 4 45 0.003321 0.0060

Uccp [275-305-1] 200 [5.710-5.732-0.005] 6 38 0.001880 0.0107
Dcs [400-500-5] 200 [5.45-5.55-0.01] 3 27 0.001105 0.0028
|Γ| [400-500-5] 200 [5.45-5.55-0.01] 3 19 0.001503 0.0011

a [A-B-C] indicates that the parameter starts at A and ends at B, with an interval of C between each step
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such as current, voltage, and power.

U0,new =U0,old +α

(
Pset −Pactual

Pset

)
, (12)

where U0,new is the voltage amplitude after feedback control,
U0,old is the voltage amplitude before feedback control, Pset is
the set power value, and Pactual is the actual power value, the
speed of feedback adjustment can be controlled by changing
α , here we set it to 10.0.

TABLE IV. The best matching parameters obtained under different
optimization objectives.

target Cm1(pF) Cm2(pF) L(µH)
η 286.027 200 5.726

Uccp 286.833 200 5.723
Dcs 444.667 200 5.507
|Γ| 469.444 200 5.495
Yua 461.900 200 5.560

a The best matching parameter combination given in Yu’s paper using
numerical iterative methods, the optimization direction chosen in his
paper is to minimize |Γ|.

TABLE V. The optimization parameter values corresponding to dif-
ferent optimization targets.a

target η Uccp(V ) DCS |Γ|
η 57.87% 590.67 0.35075 0.48066

Uccp 58.09% 591.62 0.36012 0.47065
Dcs 41.67% 502.98 0.85778 0.07692
|Γ| 40.13% 492.51 0.88930 0.07689

a All the data here is obtained under stable state.

TABLE VI. The values of plasma parameters and circuit parameters
corresponding to different optimization targets.a

target ne(m−3) Te(eV ) Ps(W )b PIMN(W )c PCCP(W )d

η 1.90∗1016 1.99 20 2.63 11.58
Uccp 1.91∗1016 1.99 20 2.62 11.63
Dcs 1.51∗1016 2.09 20 1.92 8.34
|Γ| 1.47∗1016 2.11 20 1.84 8.03

a All the data here is obtained under stable state.
b The power output from the power source.
c The power dissipated in the Impedance Matching Network (IMN).
d The power absorbed by the plasma load.

It is easy to see that the results optimized for absorption ef-
ficiency and CCP load voltage are basically the same, while
the results optimized for reflection coefficient and impedance
similarity are basically the same. In comparison, plasma per-
formance with respect to absorption efficiency and CCP load
voltage optimization is superior, exhibiting higher electron
density and absorption power. However, it should be noted
that the corresponding modulus of the reflection coefficient is
relatively large, reaching nearly 0.5. On the other hand, the

optimization results targeting impedance matching, while not
achieving as high electron density and absorption power, lead
to a significantly smaller modulus of the reflection coefficient.
This suggests that obtaining high electron density comes at
the expense of generating a higher degree of power reflection.
Therefore, if ensuring a sufficiently low level of power reflec-
tion is crucial in practical applications, then the two match-
ing objectives based on impedance matching should be cho-
sen. However, if there are no restrictions on reflection power
and only high electron density and plasma load voltage are re-
quired, then optimization based on absorption efficiency and
load voltage should be given greater consideration.

Regarding Table V, we should note that there are cases
where different optimization objectives converge to the same
region. As mentioned in Sec.III A 1, results within the same
region are very close. This leads to what is shown in the ta-
ble: When optimizing for absorption efficiency, the achieved
efficiency is slightly lower than that obtained when optimiz-
ing for plasmaload voltage. Similarly, when optimizing for
impedance similarity, the achieved impedance similarity is
slightly lower than that achieved when optimizing for the re-
flection coefficient. In such cases, as long as the results are
close, it is considered normal due to the convergence of opti-
mization regions.

IV. CONCLUSIONS

In this paper, we propose a machine learning-based ap-
proach to optimize impedance matching in CCP systems. The
proposed method utilizes ANN as a surrogate model to effec-
tively depict the matching performance. The ANN is trained
on a dataset of simulated circuit responses and can then be
used to predict the matching performance for different com-
binations of component values. This allows for efficient ex-
ploration of the vast parameter space, and can be used to find
optimal component values that minimize reflected power and
maximize power transfer efficiency.

This paper first provides a detailed introduction to the opti-
mization process with the modulus of the reflection coefficient
as the objective. It demonstrates that our method can yield a
correct and reliable optimization direction, and ultimately, we
can identify a parameter region that meets the requirements
and exhibits similar performance. Additionally, by compar-
ing the optimization results based on four different parame-
ters, namely plasma load power absorption efficiency, voltage
at both ends of the load, impedance similarity between the
power source and the load, and magnitude of the reflection
coefficient at the load, we outline the advantages and disad-
vantages of each optimization parameter. Furthermore, we
provide recommendations on which parameters to choose un-
der specific circumstances.

The proposed method has several advantages over tradi-
tional methods for optimizing impedance matching in CCP
systems. First, the ANN can be used to efficiently explore
the vast parameter space, which can significantly reduce the
time required to find optimal component values. Second, the
ANN is a nonparametric model, which means that it does not
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make any assumptions about the underlying relationship be-
tween the input and output variables. This makes the ANN
more robust to changes in the system and allows it to be used
to predict the matching performance for a wider range of com-
ponent values.

However, there are some limitations to the proposed
method. First, it is a time-consuming step to perform param-
eter scanning to obtain training data. Second, the proposed
method is still under development, and more work is needed
to improve its accuracy and robustness.

Note that although this paper only investigates the combi-
nation of Cm1 and L, ANN itself is an ′n to n′ method, so the-
oretically it is possible to explore multiple parameter combi-
nations simultaneously. However, the larger the combination
of parameters, the longer it takes to obtain the data and train
the model. Additionally, as ML is a data-driven method, it
can directly fit and optimize the experimental data. In our fu-
ture work, we will use experimental data for optimization and
compare it with the results of numerical simulations.

In conclusion, consistent parameter performance within the
identified region highlights the robustness and stability of the
system. Even if the values of the specific parameters vary
slightly due to inherent uncertainties or fluctuations in operat-
ing conditions, the overall performance remains reliable and
satisfactory. This robustness in the face of variations is cru-
cial for industrial applications where maintaining stable and
predictable outcomes is critical. Additionally, due to the ad-
vantages of machine learning in large parameter spaces, this
method is ultimately easy to expand to more complex cases
such as dual frequency and pulsed CCP.
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15C. Zhang and R. Ordóñez, “Impedance matching in semiconductor plasma
processing chamber,” in Extremum-Seeking Control and Applications:
A Numerical Optimization-Based Approach (Springer London, London,
2012) pp. 133–153.

16L. Zhou and D. Li, “Numerical simulation of icp source impedance and ex-
perimental verification,” in 2020 IEEE 1st China International Youth Con-
ference on Electrical Engineering (CIYCEE) (2020) pp. 1–5.

17Z. V. Missen, S. Macheret, A. Semnani, and D. Peroulis, “Plasma switch-
based technology for high-speed and high-power impedance tuning,” in
2021 IEEE 21st Annual Wireless and Microwave Technology Conference
(WAMICON) (2021) pp. 1–4.

http://dx.doi.org/10.1088/1361-6463/ac5da5
http://dx.doi.org/10.1088/1361-6463/ac5da5
http://dx.doi.org/10.1116/1.569958
http://dx.doi.org/10.1116/1.569958
http://arxiv.org/abs/https://pubs.aip.org/avs/jvst/article-pdf/16/2/391/11825372/391_1_online.pdf
http://arxiv.org/abs/https://pubs.aip.org/avs/jvst/article-pdf/16/2/391/11825372/391_1_online.pdf
http://dx.doi.org/ 10.1063/1.3290873
http://dx.doi.org/ 10.1063/1.3290873
http://arxiv.org/abs/https://pubs.aip.org/aip/jap/article-pdf/doi/10.1063/1.3290873/13057466/023309_1_online.pdf
http://arxiv.org/abs/https://pubs.aip.org/aip/jap/article-pdf/doi/10.1063/1.3290873/13057466/023309_1_online.pdf
http://dx.doi.org/ https://doi.org/10.1016/S0257-8972(03)00250-0
http://dx.doi.org/ https://doi.org/10.1016/B978-0-12-815577-6.00008-6
http://dx.doi.org/ https://doi.org/10.1016/B978-0-12-815577-6.00008-6
http://dx.doi.org/ https://doi.org/10.1016/B978-0-12-815577-6.00008-6
http://dx.doi.org/ 10.1163/156856193X00600
http://arxiv.org/abs/https://doi.org/10.1163/156856193X00600
http://dx.doi.org/10.1109/CCA.2004.1387201
http://dx.doi.org/10.1109/CCA.2004.1387201
http://dx.doi.org/10.1109/CCA.2004.1387201
http://dx.doi.org/10.1063/5.0002522
http://dx.doi.org/10.1063/5.0002522
http://arxiv.org/abs/https://pubs.aip.org/aip/jap/article-pdf/doi/10.1063/5.0002522/14769500/133302_1_online.pdf
http://arxiv.org/abs/https://pubs.aip.org/aip/jap/article-pdf/doi/10.1063/5.0002522/14769500/133302_1_online.pdf
http://dx.doi.org/10.1088/1361-6595/aad2cd
http://dx.doi.org/10.1088/1361-6595/aad2cd
http://dx.doi.org/10.1063/1.4921399
http://dx.doi.org/10.1063/1.4921399
http://arxiv.org/abs/https://pubs.aip.org/aip/rsi/article-pdf/doi/10.1063/1.4921399/13362444/053504_1_online.pdf
http://arxiv.org/abs/https://pubs.aip.org/aip/rsi/article-pdf/doi/10.1063/1.4921399/13362444/053504_1_online.pdf
https://doi.org/10.1140/epjd/e2017-80096-7
https://doi.org/10.1140/epjd/e2017-80096-7
http://dx.doi.org/10.3390/electronics10172074
http://dx.doi.org/10.3390/electronics10172074
http://dx.doi.org/ 10.1109/JESTPE.2022.3169230
http://dx.doi.org/ 10.1109/JESTPE.2022.3169230
http://dx.doi.org/ 10.1109/JESTPE.2022.3169230
http://dx.doi.org/ 10.1109/TMTT.2016.2558645
http://dx.doi.org/ 10.1109/TMTT.2016.2558645
http://dx.doi.org/ 10.1007/978-1-4471-2224-1_7
http://dx.doi.org/ 10.1007/978-1-4471-2224-1_7
http://dx.doi.org/ 10.1109/CIYCEE49808.2020.9332778
http://dx.doi.org/ 10.1109/CIYCEE49808.2020.9332778
http://dx.doi.org/ 10.1109/WAMICON47156.2021.9443612
http://dx.doi.org/ 10.1109/WAMICON47156.2021.9443612


Optimizing IMN Parameters for SF CCP via ML 14

18I. Adamovich, S. Agarwal, E. Ahedo, L. L. Alves, S. Baalrud, N. Babaeva,
A. Bogaerts, A. Bourdon, P. Bruggeman, C. Canal, et al., “The 2022 plasma
roadmap: low temperature plasma science and technology,” Journal of
Physics D: Applied Physics 55, 373001 (2022).

19M. Kambara, S. Kawaguchi, H. J. Lee, K. Ikuse, S. Hamaguchi, T. Ohmori,
and K. Ishikawa, “Science-based, data-driven developments in plasma
processing for material synthesis and device-integration technologies,”
Japanese Journal of Applied Physics 62, SA0803 (2022).

20S. Rauf and M. J. Kushner, “The effect of radio frequency plasma
processing reactor circuitry on plasma characteristics,” Journal of Ap-
plied Physics 83, 5087–5094 (1998), https://pubs.aip.org/aip/jap/article-
pdf/83/10/5087/10589503/5087 1 online.pdf.

21S. Rauf, “Dual radio frequency sources in a magnetized capacitively cou-
pled plasma discharge,” IEEE Transactions on Plasma Science 31, 471–478
(2003).

22M. M. Salem, J.-F. Loiseau, and B. Held, “Impedance matching for opti-
mization of power transfer in a capacitively excited rf plasma reactor,” The
European Physical Journal-Applied Physics 3, 91–95 (1998).

23S. Yu, Z. Chen, H. Wu, L. Guo, Z. Wang, W. Jiang, and Y. Zhang, “Best
impedance matching seeking of single-frequency capacitively coupled plas-
mas by numerical simulations,” Journal of Applied Physics 132, 083302
(2022), https://doi.org/10.1063/5.0096910.

24A. D. Bonzanini, K. Shao, D. B. Graves, S. Hamaguchi, and A. Mesbah,
“Foundations of machine learning for low-temperature plasmas: methods
and case studies,” Plasma Sources Science and Technology 32, 024003
(2023).

25J. Trieschmann, L. Vialetto, and T. Gergs, “Machine learning for ad-
vancing low-temperature plasma modeling and simulation,” arXiv preprint
arXiv:2307.00131 (2023).

26K. J. Kanarik, W. T. Osowiecki, Y. Lu, D. Talukder, N. Roschewsky, S. N.
Park, M. Kamon, D. M. Fried, and R. A. Gottscho, “Human–machine col-
laboration for improving semiconductor process development,” Nature 616,
707–711 (2023).

27R. Shadmehr, D. Angell, P. B. Chou, G. S. Oehrlein, and R. S. Jaffe,
“Principal component analysis of optical emission spectroscopy and mass
spectrometry: Application to reactive ion etch process parameter estimation
using neural networks,” Journal of The Electrochemical Society 139, 907
(1992).

28S. J. Hong, G. May, and D.-C. Park, “Neural network modeling of reactive
ion etching using optical emission spectroscopy data,” IEEE Transactions
on Semiconductor Manufacturing 16, 598–608 (2003).

29C. Himmel and G. May, “Advantages of plasma etch modeling using neural
networks over statistical techniques,” IEEE Transactions on Semiconductor
Manufacturing 6, 103–111 (1993).

30A. Bleakie and D. Djurdjanovic, “Growing structure multiple model system
for quality estimation in manufacturing processes,” IEEE Transactions on
Semiconductor Manufacturing 29, 79–97 (2016).

31T. Gergs, T. Mussenbrock, and J. Trieschmann, “Physics-separating arti-
ficial neural networks for predicting initial stages of al sputtering and thin
film deposition in ar plasma discharges,” Journal of Physics D: Applied
Physics 56, 084003 (2023).

32X.-C. Wang and Y.-T. Zhang, “Modeling of discharge characteristics and
plasma chemistry in atmospheric co2 pulsed plasmas employing deep neu-
ral network,” Journal of Applied Physics 133 (2023).

33Y.-T. Zhang, S.-H. Gao, and Y.-Y. Zhu, “Efficient numerical simulation
on dielectric barrier discharges at atmospheric pressure integrated by deep
neural network,” Journal of Applied Physics 133 (2023).

34J. Brackbill and D. Forslund, “An implicit method for electromagnetic
plasma simulation in two dimensions,” Journal of Computational Physics
46, 271–308 (1982).

35B. I. Cohen, A. Langdon, and A. Friedman, “Implicit time integration for
plasma simulation,” Journal of Computational Physics 46, 15–38 (1982).

36H. yu Wang, W. Jiang, and Y. nian Wang, “Implicit and electrostatic
particle-in-cell/monte carlo model in two-dimensional and axisymmetric
geometry: I. analysis of numerical techniques,” Plasma Sources Science

and Technology 19, 045023 (2010).
37H. Wu, Y. Zhou, J. Gao, Y. Peng, Z. Wang, and W. Jiang, “Electrical break-

down in dual-frequency capacitively coupled plasma: a collective simula-
tion,” Plasma Sources Science and Technology 30, 065029 (2021).

38M. M. Turner, A. Derzsi, Z. Donkó, D. Eremin, S. J. Kelly,
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