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Impedance matching in capacitively coupled plasma (CCP) systems is crucial. However, due to the complex nonlinear
interactions between the plasma and the external circuit, identifying control parameters that enable efficient and robust
power transfer remains particularly challenging. Traditional optimization methods, rely on favorable initial conditions
for convergence. Even when successful, they yield only a single set of control parameters and often require highly
complex optimization designs due to strong coupling with the CCP load. To address these challenges, we propose a
simpler yet more robust optimization method by shifting the optimization process from the control parameter space
to the load’s complex impedance space. In this approach, the load impedance acts as a bridge between the new and
old control parameters, decoupling the derivation of new parameters from historical trajectories. This eliminates de-
pendence on initial conditions and enables the method to yield multiple sets of control parameters at different saddle
positions. Additionally, the load impedance also acts as a bridge between the optimization algorithm and the load de-
vice, decoupling complex physical details from the optimization process, making our method remain consistent across
both numerical simulations and experimental setups. In this paper, when applying the method to a numerical CCP
system with an L-type matching network, it not only achieved efficient energy matching optimization within a few
iterations but also identified multiple well-matched solutions.

I. INTRODUCTION

Impedance matching is essential for capacitively coupled
plasma (CCP) systems, which are widely used in various in-
dustrial applications, such as semiconductor manufacturing,
surface modification, and thin film deposition!=. The primary
goal of impedance matching is to achieve optimal energy cou-
pling between the power source and the plasma load, ensuring
better process control, improved plasma uniformity, and min-
imized energy loss®”.

Researchers and engineers have developed various tech-
niques to achieve efficient matching in plasma systems. Tra-
ditional methods often use adjustable capacitor-inductor net-
works, such as L-type®®, m-type!?, or T-type!! configura-
tions, to manually or automatically tune the load impedance
to match the source impedance. Alternatively, impedance
matching can also be accomplished by adjusting the driving
frequency or power supply waveform'?>~'¢. In experiments,
Parro et al.'” developed an automatic impedance matching
system using gradient-based algorithms and adjustable me-
chanical posts to minimize reflection coefficients in industrial
microwave ovens. Franek et al.'® implemented an impedance
matching network (IMN) that customizes voltage waveforms
and independently controls harmonics to optimize ion energy
distribution. Wang et al.'® demonstrated a multi-frequency
matching technique with an LC resonant circuit matchbox,
successfully achieving simultaneous harmonic matching for

surface processing. Khomenko et al.>’ explored CCP dis-
charges as tunable impedance elements, showing that plasma
excitation frequency and power can control impedance prop-
erties. Missen et al.”! developed a plasma-switch impedance
tuner using gas discharge tubes for rapid switching, enabling
wideband tuning in dynamic RF environments.

For numerical methods, Li et al.® analyzed transmission
line effects in RF microplasma discharge, demonstrating that
adjusting line length and capacitance can optimize match-
ing and regulate high terminal voltages. Schmidt et al.??
integrated a nonlinear equivalent circuit plasma model with
an L-type matching network, solving Kirchhoff’s equations
and iteratively adjusting plasma parameters to achieve opti-
mal matching. Yu et al.”® performed iterative simulations
to optimize control parameters, significantly reducing reflec-
tion coefficients and improving power absorption efficiency.
In follow-up research, Yu further explored transmission line
model-based matching?*. Tian et al.>> employed 2D parti-
cle in cell / Monte Carlo collision (PIC/MCC) simulations
to investigate the uniformity in dual-frequency CCP at 1.356
MHz and 27.12 MHz, identifying how pressure and voltage
influence plasma profiles and ion energy distributions. Cao
et al.?® applied an artificial neural network (ANN) as a sur-
rogate model for CCP matching optimization, enhancing the
efficiency of saddle points exploration. Yuan et al.”” studied a
13.56 MHz CCP with various 7-type matching networks us-
ing a MATLAB-based nonlinear global model and FFT anal-


mailto:yazhang@whut.edu.cn
mailto:weijiang@hust.edu.cn

Generalized Method for IMN Optimization in CCP

ysis, demonstrating that a specific configuration effectively
suppresses higher-order harmonics and improves plasma sym-
metry.

However, the aforementioned methods either struggle to
converge, converge only to a single local optimum, or in-
volve highly time-consuming processes. Moreover, many
of these methods are closely tied to specific devices, limit-
ing their adaptability to varying discharge conditions. As a
result, a universal and robust optimization method for CCP
impedance matching has yet to be developed. In fact, the key
limitation of existing methods lies in their forward-adjustment
strategies, where each set of control parameters is directly de-
rived from the previous one, creating a strong dependence on
the past iterations. This not only makes the choice of ini-
tial conditions crucial but also makes it difficult for the sys-
tem to escape saddle points. To address this, we propose
a novel matching strategy based on inverse reasoning. By
shifting the optimization process from the control parameter
space to the plasma impedance space, new control parame-
ters are inversely derived from the impedance space. The
plasma impedance serves as a bridge between the old and
new control parameters, decoupling them from their histor-
ical trajectories. The resulting path-independent nature en-
ables optimization from any initial state, removing the depen-
dence on favorable initial conditions and significantly enhanc-
ing robustness. Furthermore, the plasma impedance, being a
measurable parameter, effectively conceals the internal mod-
eling details of the plasma, making this optimization method
applicable to 1D, 2D, and 3D simulations, as well as practi-
cal applications. Additionally, the path-independent charac-
teristic of our method inherently allows for the exploration of
multiple saddle points, enabling a comprehensive gathering of
well-matched point distributions, thereby offering more opti-
mization possibilities. This feature sets our method apart from
conventional approaches.

This paper is organized as follows: Sec. II introduces the
optimization strategy and the relevant modeling methods. Sec.
IIT provides a detailed example of the method’s implementa-
tion and discusses how each component influences the opti-
mization results. Finally, Sec. IV summarizes the conclusions.

II. METHOD

Fig. 1 shows the workflow of our optimization method,
which aims to find the optimal control parameter set P by min-
imizing the objective parameter A. The workflow includes the
following steps:

Step 1: Coupled circuit model construction.

To clarify the optimization process, we designed a stream-
lined coupling circuit, shown in Fig. 2, as a case study for
optimization. From left to right, the circuit can be divided
into three parts: (i) An RF source with a fixed internal resis-
tance R;. The source operates at a single, fixed frequency f;,
and delivers a steady output power P;. The voltage drop across
the source is denoted as Us. (ii) An L-type matching network,
consisting of two variable capacitors C,; and C,y, a variable
inductor L, and a fixed resistor R,,. R,, is used to calculate
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FIG. 1. The workflow for optimizing control parameters. P: The
control parameter set. Z,: The steady-state impedance of the plasma
load. A: The optimization objective. min(): The reverse reasoning
algorithm to identify control parameters minimizing A.

the total power loss in the circuit, with its value depending on
the specific circuit configuration. (iii) A capacitively coupled
plasma load, characterized by current /,, voltage drop U, and
complex impedance Z,. To capture the dynamic changes dur-
ing each RF cycle and highlight the details of the optimiza-
tion process, we use a one-dimensional implicit PIC/MCC
simulation®®3? to model the plasma load. The simulation as-
sumes pure argon as the working gas, with a gas temperature
of 300 K and a pressure of pg,. The electrode areais A, and
the electrode spacing is D,. The spatial and time step sizes are
set to 3.125 x 10~* m and 1.0 x 1071 s, respectively. To ac-
celerate steady-state convergence, the initial electron density
between the plates is set to 1 x 101> m~3.

It is worth noting that the plasma model focuses on low-
pressure conditions (below 10 Pa). Numerous studies have
demonstrated that, under these conditions, direct ground-state
ionization is the dominant process, while metastable particles
have negligible impact on ionization in the plasma bulk3—3>.
To enhance computational efficiency, we exclude metastable
particles from our simulation, which is consistent with prior
studies®®37.  The MCC model incorporates various colli-
sion processes, including electron elastic scattering, excita-
tion, ionization, as well as ion elastic scattering and charge
exchange. Given that the total ionization degree is less than
0.01%, we assume that neutral particles remain stationary and
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FIG. 2. The simulated network: plasma coupled with its external
circuit. Z;: Total load impedance. Z;: Impedance of the C,,; branch.
Z,: Impedance of the G5 branch. R, and C: Equivalent resistance
and capacitance of the plasma.

are uniformly distributed throughout the system. The simu-
lation considers electron ionization and excitation collisions
with Ar atoms, as well as elastic collisions of electrons and
Ar™ ions with Ar atoms. These collisions are modeled using
random numbers and collision cross-sections. The electron
and ion collision models are based on the work of Yamabe
et al.’® and Phelps et al.*”. The interaction cross-sections are
taken from the LXCat Phelps database*’. For implementation
details, see the code repository*!.

The plasma is self-consistently coupled to the external cir-
cuit through an iterative solution of Kirchhoff’s law for the
network shown in Fig. 2, alongside the PIC/MCC plasma
simulation, while keeping the external circuit components un-
changed. This modeling approach has been thoroughly vali-
dated in our previous studies>>?%*>~#*_ As this paper focuses
on the matching method, and as our optimization approach,
which we will discuss later, is independent of specific mod-
eling details, the external circuit coupling process and plasma
model implementation are not discussed in depth here.

Step 2: Impedance analysis.

To achieve optimal impedance matching for the circuit
shown in Fig. 2, we now perform an impedance analysis.
First, the impedance of the power source is:

Z, =R;. (D

The total load impedance of the circuit can be expressed as:

VYAV
7= , 2
21+,
where:
Z, =7 71 3)
1= m == ’
: chml
Zy =Zc,, V21 +2Zg, +Z,
“4)

1
= jOL+R,,, +Z
F0C +JOL+ R, + 24y,

j is the imaginary unit. ® = 27 f;, where f; is the driving
frequency. Z, is the complex impedance of the plasma load,
calculated from:

zZ,= %ej ¢
U 5)
P . .
= —~(cos@ + jsing),
I
where U, represents the amplitude of the voltage waveform
across the plasma load, I, represents the amplitude of the cur-
rent waveform passing through it, and ¢ is the phase shift be-
tween the voltage and current waveforms. The correspond-
ing amplitude and phase difference can be directly calculated
from the original signal using the Hilbert transform*>-4¢,
The optimal impedance matching condition is:

Z,=7. (6)

According to Egs. (2) to (5), Z; is a complex number and can
be expressed as:

Z; =R+ jX, )

where R; and X; are the real and imaginary parts, respectively.
Similarly, Z; is also a complex number but consists only of
a real part, R;. Therefore, the matching condition can be in-
terpreted as the vector alignment between (Ry,0) and (R, X)),
leading to the following condition:

Zy(Rs,0) = Z;(R;, X)) ¥

Step 3: Impedance-based objective function design.

Based on the matching conditions specified in Egs. (6) and
(8), we introduce the following four optimization objectives.
The first three focus on impedance matching, while the fourth
aims to maximize the voltage drop across the plasma load. A
summary of their key characteristics is provided in Table I.

* 1. Magnitude of the reflection coefficient, |T.

The reflection coefficient, denoted as I', is a complex-valued
parameter that quantifies impedance mismatch in various
systems, such as RF plasma system, antenna design, and
transmission line theory*’~°. However, directly using com-
plex number as optimization objective can be cumbersome.
Therefore, we typically use its magnitude as the optimiza-
tion target instead, which is:

Zl _Zs
Z1+Z

Il = ; ©))

where Z; represents the total load impedance of the system,
and Z; denotes the output impedance of the power source.
The value of |T'| ranges from O to 1, with |I'| = 0 indicating
perfect power coupling (no reflection), and |I'| = 1 indicat-
ing total reflection (no power coupling).

¢ 2. Modified impedance similarity, D.,.



Generalized Method for IMN Optimization in CCP

TABLE 1. Comparison of different optimization objectives for impedance matching.

Optimization = Description Advantages Disadvantages

Objectives

T The modulus of the reflection Standard industry metric for measuring Only considers modulus, not phase.
coefficient. impedance mismatch.

D Similarity between source impedance Considers both modulus and phase. More complex calculation and difficult
and total load impedance. to differentiate.

D, Euclidean distance between source Computationally convenient and geo- Just the straight-line distance between
impedance vector and total load metrically intuitive. two vectors, providing limited depic-
impedance vector. tion of matching performance.

K Amplification factor of power supply Directly indicates the voltage drop Highly complex derivation and com-

voltage.

across the plasma load; simple and di-
rect measurement.

putation; voltage alone does not fully
characterize plasma.

Dy is a parameter introduced in our previous work?® to
provide a more comprehensive assessment of matching ef-
fectiveness compared to |I'|, considering both the magni-
tude and phase matching. To facilitate comparison with the
changing trend of |I'|, we modify the original calculation to:

Dy =1-Dy
ZI'Z\'
[1Z2l1 1]

, min([1Zi[].[1Z:]]) (10)

max([|Zy]], ||Zs][)

The value of D, also ranges from 0 to 1. It is easy to prove
that, in cases of perfect matching and total reflection, Dés
aligns with |T'|. In less-than-ideal matching scenarios, D/,
provides a more precise assessment>®. However, it is worth
noting that the use of min() and max() functions in its def-
inition makes it unsuitable for optimization algorithms that
require differentiation.

* 3. Euclidean distance, D,.

The Euclidean distance, a fundamental concept in mathe-
matics and applied sciences, quantifies the straight-line dis-
tance between two points in Euclidean space. For two points
p=(pi1,...,pn) and q = (q1,...,q,) in an n-dimensional
Euclidean space, the distance is given by:

d(p,q) =P —4l|

i(pt -

i=1

Y

For the two impedance matching vectors, Eq. (11) becomes:

De :d(Zl;ZS)
=12, - Zi||

= /(R —R)* + (X, —0)2.

From this definition, it is clear that D, represents only
the straight-line distance between two impedance vectors.
When there is a mismatch, it may result from differences in
magnitude, phase, or both. This easily leads to a situation

12)

where the same D, value corresponds to different matching
performances. Nonetheless, in a perfect match, the value
of D, approaches zero, consistent with |I'| and D.,. And
compared to the previous two optimization objectives, this
metric has the notable advantage of a straightforward geo-
metric interpretation, making it easier to compute and un-
derstand. Furthermore, by framing impedance matching as
the minimization of the distance between vectors Z1 and ZS,
any distance metric - such as the Manhattan or Chebyshev
distance®® - can be used as an optimization objective.

4. Amplification factor of source voltage, K.

For the circuit shown in Fig. 2, the voltage drop across the
plasma load can be represented in terms of its impedance as:

U,=1,%x2Z,
= (IS _Ile) *Zp
U, Us— I xZ
Zi+7; Zc,,
UsxZs
US _ (]S B ZJ‘T’Z]
Zi+7; Z¢,,
Zc  —Z
le I Zp ,
(Zs —l—ZZ)*ZC .

)*Zp
(13)

=

)*Zp
:Us

where Zc,,, Z;, Zs, and Z, are as defined in Egs. (2) to
(5). Then, we can establish the relationship between the
amplitude of U, and Uj as:

|U |_ Zle _ZZ *Z |
. (Zet+2)xZc,y "
: ml
=|Us|*K ,

|Us| |
(14)

where K is defined as the circuit’s amplification factor for
the power supply voltage. For a fixed power source, max-
imizing K also maximizes U,, indicating improved match-
ing.

Step 4: Activation of the CCP system.
For the circuit depicted in Fig. 2, we set the discharge pa-

rameters, such as the source output power, to fixed values.
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TABLE II. Comparison of different minimization algorithms and their strategies.

Algorithms

Key Characteristics

Optimization Strategy

Grid Search (GS)

Differential Evolution (DE)°!

Simple, systematic evaluation of all
possible parameter combinations over a
defined range.

Robust, population-based metaheuris-
tic using differential mutation; self-

Exhaustive search ensuring comprehensive exploration
of the parameter space.

Evolves the population by scaling differences between
randomly selected candidates; balances exploration and

adaptive nature.

Gradient-based Optimizer (GBO)*2
based techniques’>

based search.

Improved Dung Beetle Optimization
(IDBO)54,55

Novel algorithm combining gradient-
with population-

Enhanced version of DBO inspired
by dung beetle behaviors; incorporates
multiple strategic improvements.

exploitation dynamically.

Gradient Search Rule (GSR) for enhanced exploration
and accelerated convergence; Local Escaping Operator
(LEO) to avoid local optima.

Integrates chaotic maps, opposition-based learning,
adaptive step sizes, and stochastic differential variation
to enhance diversity and convergence precision.

This ensures that the system’s matching state is solely de-
termined by the values of the IMN components, which are
designated as the control parameters. Traditional optimiza-
tion methods typically rely on experience to select appropriate
initial values for these control parameters to achieve conver-
gence. In contrast, our optimization approach is independent
of initial conditions, allowing the initial control parameters P
(including Cp,1, Cy2, and L) to be set randomly. After con-
figuring these parameters, the CCP system is activated. Once
steady-state is reached, the plasma impedance Z, can be de-
termined.

It is worth noting that in addition to computational methods
— such as those based on Eq. (5) using the Hilbert transform
to derive Z, from voltage and current waveforms — plasma
impedance can also be measured experimentally using tech-
niques like RF probes and vector network analyzers (VNAS).
RF probes (e.g., Langmuir probes), inserted into the plasma
chamber, capture local voltage and current signals, enabling
Z, to be calculated as the amplitude ratio with phase differ-
ence, analogous to Eq. (5). VNAs, by injecting a small-signal
RF sweep and analyzing reflection and transmission coeffi-
cients, characterize the system’s overall impedance. Z, can
then be extracted by accounting for the matching network and
external circuitry, as described in Egs. (2)-(4). Both methods
are widely validated and complement our simulation-based
approach.

Step 5: Calculation of the optimization objective.

After obtaining the steady-state impedance of the plasma
load, select a performance metric from Step 3, such as one
of those listed in Table I, to serve as the optimization objec-
tive A. With the discharge parameters fixed, the optimization
objective can be expressed as:

A =f(PZp), (15)
where P represents the control parameters and Z,, denotes the
corresponding plasma impedance.

Step 6: Result output or re-optimization.

If the current optimization objective A meets the desired
threshold, the optimization is considered complete, and P is

output as the optimal control parameter set. Otherwise, the
impedance term Z, in Eq. (15) is fixed, and an optimization
algorithm min() is applied to inversely compute the control
parameters that minimize A. The resulting set, P, is then
fed back into the system for further optimization.

In this step, the original matching problem has been en-
tirely transformed into an algorithmic optimization problem
for Eq. (15). The inverse reasoning algorithm min() can be
any suitable algorithm. For instance, we briefly introduce sev-
eral in Table II, including the basic brute-force grid search,
the classic differential evolution algorithm, gradient descent,
and the recently proposed Improved Dung Beetle Optimiza-
tion algorithm. Alternatively, you may also opt for any other
algorithms you are familiar with, such as machine learning or
particle swarm optimization. The key point is that the goal is
to apply these min() algorithms to estimate the control param-
eters P that minimize the optimization objective A, and any al-
gorithm that effectively achieves this can be chosen. Further-
more, as we will demonstrate in Sec. III B, the optimization
results are independent of the specific algorithm used. There-
fore, we will not delve into the detailed implementation of
each algorithm, but rather summarize their key characteristics
to highlight differences in their optimization strategies.

Step 7: Iteration until 1 convergence.

The iterative process continues until A reaches an accept-
able value.

lll. RESULT

Following the optimization workflow outlined above, this
section details its implementation and application. Sec. III A
presents a comprehensive example of the implementation pro-
cess. Sec. III B explores how key elements of the workflow
impact the optimization results. Sec. III C demonstrates the
workflow’s application under various discharge conditions.



Generalized Method for IMN Optimization in CCP
A. Optimization Example for |I'|

We choose the reflection coefficient magnitude, |I'|, as the
objective to illustrate the optimization process. For the CCP
system shown in Fig. 2, we set the discharge parameters to
the values listed in Table III. With these parameters fixed, the
system is determined solely by the IMN and the plasma state,
allowing Eq. (9) to be expressed as:

Tl = f(P.Zp). (16)

TABLE III. Discharge parameters of the simulation.

Types Parameters Value
fs (MHz) 13.56
Power source P (W) 20
Rs (Q) 50
Ct F). Gz (). L (1H) Tunable
IMN R, (Q) 5
Pgas (mTorr) 100
Plasma load Ap (m?) nx0.12
D), (m) 0.03

Next, the control parameters - Cy,1, G2 and L - are ran-
domly initialized for the IMN as Py in Table IV. With P
determined, the distribution of |['| in the plasma’s complex
impedance space can be established based on Eq. (16). To
better visualize and analyze this distribution, we map the com-
plex impedance Z, to its equivalent resistance R, and capaci-
tance Cp, as follows:

R, =Re(Z,)
c 1 (17)
P o Im(Z,)

where f; is the driving frequency, Re() and Im() represent the
real and imaginary parts, respectively. After the mapping, the
IT'| distribution within the region {C, € (0 pF, 150 pF)} N
{R, € (0 Q, 90 Q)} is shown in Fig. 3(al). As seen, al-
most the entire region is dominated by high reflection (red
area), where |I'| approaches 1. We then use Py to run the CCP
system, and the resulting spatiotemporal evolution of plasma
density is shown in Fig. 3(a2). The vertical axis represents
the distance from the upper electrode, and the horizontal axis
denotes the RF cycles. It can be seen that the plasma density
is notably low, indicating a very poor matching. As detailed in
Table IV, the reflection coefficient is 0.9999, meaning nearly
all incident power is reflected, with an absorption efficiency of
only 0.001%. This low absorption leads to a plasma electron
density of just 0.0302x 10'6 m—3. The steady-state impedance
of the plasma load is Z,o = (69.477pF,9.321Q). We mark
this position with a black cross in the corresponding complex
impedance space (Fig. 3(al)). At this location, Eq. (16) sim-
plifies to:

T = f(P). (18)

Using the DE algorithm from Table II, a new control parame-
ter set, P, is identified (see Table IV), which brings |T'| close
to zero. This completes the first optimization round.

By substituting P; into Eq. (16), we obtain an updated |T|
distribution, as illustrated in Fig. 3(b1l). The figure shows that
the adjustment of the IMN parameters (Py — P;) creates an
ideal matching window (|I'| 2 0) at the plasma’s steady-state
position from the prior iteration, specifically at Zy, marked
by a black star. The spatiotemporal evolution of the plasma is
illustrated in Fig. 3(b2), where the plasma density remains
low. However, significant improvements are evident when
compared to the detailed data in Table IV: The CCP’s reflec-
tion coefficient drops from 0.9999 to 0.9803, power absorp-
tion efficiency rises sharply from 0.001% to 1.080%, and the
electron density increases from 0.0302 x 10'm™3 t0 0.0560 x
10'°m™3. These results demonstrate the effectiveness of the
optimization. Similarly, by fixing the plasma at Z,; and min-
imizing the reflection coefficient |I'|, we obtain another set,
P, and its matching performance (see Table IV). Compared to
Py, the reflection coefficient decreases significantly (0.9803 —
0.3960), power absorption efficiency improves nearly 25-fold
(1.080% — 25.261%), and electron density increasing almost
20-fold (0.0560 x 10'®m =3 — 1.0416 x 10'°m—3). From Fig.
3(c2), it is further evident that the plasma shows great im-
provements in energy coupling, stability, and uniformity. Im-
portantly, Fig. 3(cl) shows that the plasma is now located
at the edge of the ideal matching window, suggesting that the
transition from the mismatched to the well-matched region ac-
counts for the substantial progress achieved in this optimiza-
tion step.

The iterative process continues until |I'| falls below an ac-
ceptable threshold. As shown in Table IV, by the F iteration,
the reflection coefficient magnitude of the CCP is quite small,
reaching 0.0038, and the plasma demonstrates sufficient den-
sity and stability (see Fig. 3(d2)). Furthermore, as can be seen
from Fig. 3(d1), the plasma is now almost entirely within the
center of the ideal matching window, indicating that there is
very limited space for further optimization. Therefore, the
optimization is considered complete, and the IMN set, F, is
identified as the optimal control parameter set.

Overall, the results in Fig. 3 clearly demonstrate the op-
timization process and direction of our method. By defining
the impedance-based objective function in Eq. (16) and fixing
the control parameter P, we made |I'| a function of Z,, es-
tablishing the distribution of |I'| in the plasma load’s complex
impedance space (left column of Fig. 3). Meanwhile, the de-
termination of P allows the plasma load to operate and reach a
steady-state impedance position (Z,) in this space. Once this
position is identified, an algorithm back-calculates the control
parameters to transform it into an optimal matching region. As
aresult, at each new optimization iteration, the ideal matching
window always appears at the steady-state impedance posi-
tion of the plasma determined in the previous iteration. While
changes in control parameters alter the plasma state and sub-
sequently shift its position in impedance space, our approach
continuously tracks the plasma’s updated position and adjusts
the matching window accordingly. Once the window fully
aligns with the plasma (like Fig. 3(d1)), optimal matching is
achieved. Compared to traditional methods that adjust con-
trol parameters to bring the plasma load into the matching
window, our method is like tying a wire to the plasma load,
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TABLE IV. IMN parameters at different optimization iterations, and the corresponding steady-state matching performance. |I'|: Magnitude of
the reflection coefficient. 11: Power absorption efficiency of the plasma. n.: Electron density. Z,: Steady-state impedance of the plasma load,
where C, is the corresponding equivalent capacitance and R), is the corresponding equivalent resistance.

name G (PF) Cma(PF) L(uH) T n ne(10"°m~?) Zp(Cp(pF),Ry(R))
Py 1591.90 9299.00 12.700 0.9999 0.001% 0.0302 (69.477,9.321)
Py 370.50 4415.39 2.279 0.9803 1.080% 0.0560 (30.541, 28.014)
P 168.37 7514.88 4.807 0.3960 25.261% 1.0416 (30.788, 9.438)
P 368.40 4560.07 4.771 0.0403 27.783% 1.1189 (30.684,9.433)
Py 368.49 5436.58 4.781 0.0159 28.374% 1.1306 (30.646, 9.439)
Ps 368.37 6824.17 4,781 0.0158 28.318% 1.1267 (30.611, 9.433)
Py 368.48 8218.05 4.783 0.0046 28.884% 1.1512 (30.621, 9.438)
P; 368.39 4468.67 4.796 0.0039 28.929% 1.1524 (30.627, 9.439)
P 368.38 9167.64 4.779 0.0038 28.907% 1.1522 (30.648, 9.439)

* The steady-state values of |I'|, 17, n., C, and R, are all obtained by taking the average over the last 2000 RF cycles.
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FIG. 3. Evolution of plasma for different control parameters from Table IV. Each row (a, b, ¢, d) corresponds to one set: Py, P, P>, and Py,
respectively. Left column (al, bl, c1, d1): Reflection coefficient |I'| as a function of the plasma’s equivalent capacitance C,, and resistance R),.
The black cross marks the steady-state impedance for the current control parameters; the black star, for the previous set. Right column (a2, b2,
c2, d2): Spatiotemporal evolution of the plasma electron density. The vertical axis represents the distance from the upper electrode, and the
horizontal axis denotes the RF cycles.
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constantly pulling the matching window to its location. For
a CCP system with a fixed power source, the plasma density
it can sustain has an upper limit. As the matching condition
improves, the plasma density approaches this limit, and its
impedance converges to a specific value. Therefore, in the
impedance space, our method ensures that the matching win-
dow can always be shifted to align with the plasma’s conver-
gent position, achieving optimal matching.

Additionally, another noteworthy phenomenon is observed:
as shown in Table IV, the CCP matching performances con-
verge after the sixth optimization round. However, the corre-
sponding IMN component values do not converge. This indi-
cates that the parameter sets Ps, Py, and Ps correspond to sad-
dle points in the optimization landscape — points where the
objective function |I'| achieves similar near-optimal values for
different control parameter configurations due to the nonlin-
ear relationship between the IMN parameters and the plasma
impedance Z,. In this context, saddle points allow multiple
IMN configurations to align the total load impedance Z; with
the source impedance Z;, yielding comparable matching per-
formance. These saddle points will be discussed in detail in
the following section.

B. Analysis of Key Optimization Elements

As illustrated in Fig. 1, our optimization method involves
four key elements: the control parameter P, the steady-state
impedance of the plasma load Z,, the optimization objective
A, and the reverse reasoning algorithm min(), all of which are
decisive in determining the optimization outcomes.

We first examine how varying initial control parameters and
optimization objectives affect the results. As shown in Fig.
4(a), 10 sets of initial IMN values are randomly generated
in the parameter space {C,,; € (0 pF, 10000 pF)} N{Cp2 €
(0 pF, 10000 pF)} N{L € (0 uH, 100 uH)}, and each set of
parameters will be optimized under different optimization ob-
jectives. Fig. 5 shows the entire optimization process, where
subfigures (a)-(c) depict the changes in IMN control parame-
ters during each iteration, and subfigures (d)-(i) illustrate the
changes in the CCP system’s matching performance, includ-
ing the electron density at the center of the electrodes (),
voltage drop across the plasma load (U,), amplification fac-
tor of power supply voltage (K), power absorption efficiency
of the plasma load (1), magnitude of the reflection coefficient
(IT)), and the average electron temperature between electrode
plates (7). Finally, the distribution of the best-matching pa-
rameters obtained is presented in Fig. 4(b).

As shown in Fig. 5(a)-(c), starting from the 10 initial
sets (iteration 0), the values of C,,; and L quickly converge
to nearly identical levels after just two iterations, regardless
of the optimization objectives. In contrast, C,» exhibits a
markedly different behavior, with no clear convergence trend
observed. By the end of the optimization process, C,, val-
ues remain highly variable, depending on the initial conditions
and objectives. This disparity is further illustrated in Fig. 4(b),
where C,;; is concentrated around 368.4 pF, L around 4.82
UH, and C, is widely distributed within the initial range of

(a) ® Random initial points

100

(b) [ | |r| D.

368.2 5000
3
3685584 2500, A%

Cmy (bF)

FIG. 4. IMN control parameter variations before and after optimiza-
tion: (a) Ten randomly generated initial control parameter sets. (b)
Optimal control parameters identified under different optimization
objectives.

0 to 10,000 pF. Despite the lack of convergence for C,;», the
overall matching performance of the CCP system improves
progressively with each iteration, stabilizing after six rounds,
as shown in Fig. 5(d)-(i). This suggests that, even with scat-
tered distribution, all the points shown in Fig. 4(b) represent
saddle points that provide similarly optimal matching perfor-
mance. This observation aligns with the results presented in
Table IV.

From the optimization processes in Sec. III A, it can be
observed that the new IMN parameters are reverse-derived
from Eq. (16) via an algorithm after fixing the plasma’s po-
sition in (Cp, Rp) space. Consequently, any slight variations
in the equation, such as changes in plasma impedance or ad-
justments in the optimization algorithm, can result in differ-
ent control parameters. Given that it is nearly impossible to
find two completely identical plasma states in a CCP system,
even with identical control parameters, subtle variations in
plasma behavior may occur due to environmental noise and
random factors. Thus, even within the center of the ideal
matching window, the plasma’s steady-state position will still
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FIG. 5. Changes in IMN components and plasma performances at each optimization iteration for different optimization objectives. (a), (b),
(c): Values of three IMN components: C,1, Cy,2, and L. (d) Electron density at the center of the electrode plates. (e) Voltage drop across
plasma load. (f) Amplification factor of power supply voltage, defined by Eq. 14. (g) Power absorption efficiency of plasma load, defined as
N = P, /P;. (h) Magnitude of reflection coefficient. (i) Average electron temperature between electrode plates.

exhibit slight deviations, which naturally leads to the possibil-
ity of finding different IMN parameters. This explains why,
starting with 10 distinct initial control parameters and 4 opti-
mization objectives, the saddle points shown in Fig. 5(a)-(c)
evolve along unique trajectories, ultimately producing 40 sad-
dle points, as illustrated in Fig. 4(b).

Therefore, it is clear that the emergence of saddle points
is closely linked to the small perturbations in the variables of
Eq. (16). To further explore this phenomenon, here we per-
form a sensitivity analysis of the equation to explain why the
distribution of saddle points differs among the control compo-
nents, i.e., concentrated on C,,; and L, but divergent on Cy,;.
As shown in Table IV and Fig. 3, as the plasma matching
performance converges, the plasma position within the (C),
R,) space stabilizes. We designate the averaged coordinates
of P6, P7, and P8, located at (30.632 pF, 9.439 Q), as the con-
vergence point. To examine the potential plasma convergence

locations, we define a region around this point with a £5%
interval for each coordinate. To simulate small deviations at
each convergence location, Gaussian noise with a mean of 0
and a standard deviation of 0.001 is applied to points within
this region. The parameter space of IMN remains consis-
tent with Fig. 4(a), i.e., {Cy1 € (0 pF, 10000 pF)} N{Cy2 €
(0 pF, 10000 pF)} N{L € (0 uH, 100 uH)}. Fig. 6 displays
the results: The first row shows the expected values of the
optimal IMN components across different steady-state posi-
tions, highlighting the effect of plasma convergence position
on the optimal control parameters. The second row depicts the
corresponding standard deviations, emphasizing the impact
of noise. Subplots (al) and (c1) reveal that for components
Cyy1 and L, plasma impedance variation does not affect their
convergence; their values stabilize at approximately 368 pF
and 4.8 uH, respectively. The small standard deviations fur-
ther indicate a narrow distribution around the mean, reflecting
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minimal sensitivity to noise. This insensitivity to the plasma
impedance deviations explains the convergence behavior of
Cp1 and L observed in Fig. 5. Conversely, C,;» in Fig. 6(b1)
and (b2) exhibits significant fluctuations in both mean and
standard deviation across positions, demonstrating high sensi-

tivity to plasma impedance and noise, which leads to its diver-
gence in Fig. 5. In other words, the plasma’s impedance offset
within the matching window causes the emergence of saddle
points, while the varying sensitivity of different components
to this offset results in diverse saddle point distributions.
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Next, we analyze how reverse reasoning algorithms impact
the results. Fig. 7 shows the optimization results obtained by
various algorithms listed in Table II for the same optimiza-
tion objective |I'|, and the same initial control parameter set:
(Cm1, Cu2, L) = (83.73 pF, 8994.40 pF, 45.20 uH). From
subplots (a)-(c), it is evident that the evolution trajectories of
the IMN control parameters differ across algorithms due to
variations in optimization strategies. As a result, in subplot
(d), the four algorithms each yield a distinct optimal matching
parameter set, with their values aligning with the range shown
in Fig. 4(b). Interestingly, despite differences in the iterative
adjustments of control parameters, the matching performance
trajectories shown in subplots (e)-(g) exhibit remarkable con-
sistency, with nearly overlapping curves. This suggests that
the effectiveness of our matching method is largely unaffected
by the choice of optimization algorithm, provided the algo-
rithm reliably minimizes the objective. This is straightfor-
ward: While different algorithms employ distinct optimiza-
tion strategies, they share the same optimization goal. These
algorithms are simply tools for finding control parameters that
minimize the objective, and as long as the minimization level
is consistent, the matching results will align. In other words,
inconsistencies in matching results across steps in Fig. 7
would arise only if the objective minimization levels differ,
for instance, one algorithm reaching a 102 level and another
a 10~ level.

Overall, for the four elements discussed in Fig. 1, the def-
inition of the optimization objective A establishes the func-
tional relationship between the optimal matching window and
circuit parameters, then the choice of control parameters P
directly determines the steady-state position of the plasma in
Z, space. Since our strategy is using an inference algorithm
min() to adjust the control parameters, aiming to convert this
position into a matching window, any change in these four
elements can lead to different control parameters, which ex-
plains the emergence of saddle points. Additionally, since
IMN components vary in sensitivity to the plasma impedance
shifts - some highly responsive, others less so - saddle point
distributions differ accordingly. Sensitive components show
divergent distributions, while less sensitive ones converge.
This variation offers key insights for designing more effi-
cient, component-specific matching strategies. Specifically,
for components with clustered saddle points, precise fine-
tuning is critical, while for components with broader distri-
butions, coarse adjustments are sufficient, as there is always
an opportunity to encounter the next saddle point.

C. Performance Across Different Discharge Conditions

The results above present the optimization outcomes under
the fixed discharge conditions listed in Table III. Using these
values as a baseline, we extended the optimization approach
to various discharge conditions and analyzed the correspond-
ing optimal matching states. In Fig. 8, we illustrate the dif-
ferent optimal matching states identified by our method for
three discharge parameters: power supply output (F;), driving
frequency (f;) and plasma load electrode area (A,). The pa-
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rameter adjustment is implemented using a scaling factor. For
example, with a baseline P; of 20 W from Table III, a scal-
ing factor of 1 corresponds to 20 W, while 0.95 corresponds
to 0.95 x 20 = 19 W. When one parameter is adjusted, the
others remain fixed. Subfigure (a) illustrates the changes in
plasma steady-state capacitance and resistance under optimal
matching conditions, with arrows indicating the trend as the
scaling factor increases from 0.8 to 1.2. Subfigures (b)-(d)
show the optimal IMN control parameters for different scal-
ing factors. Subfigures (e)-(h) present the variations in power
transmission-related parameters, including the power supplied
by the source (), the voltage drop across the plasma load
(Up), the current through the plasma load (/,), and the power
absorbed by the plasma load (P,). Subfigures (i)-(1) display
the variations in key plasma matching parameters, including
the source voltage amplification factor (K), plasma power ab-
sorption efficiency (1), electron density at the center of the
electrodes (n,), and the average electron temperature between
the electrodes (7).

We begin by analyzing how optimal matching states vary
with different power supply outputs (P). As shown in Fig.
8(a), the plasma impedance under optimal matching condi-
tions remains close to the baseline value across various scaling
factors, indicating that changes in power output have minimal
impact on the optimal matching state. This is further sup-
ported by the consistent IMN control parameters in subfigures
(b) and (d). Additionally, the plasma’s power transmission
parameters - U, I,, and P, - exhibit a linear relationship with
the source power (F), the voltage amplification factor in sub-
figure (i) and the power absorption efficiency in subfigure (j)
remain nearly unchanged. These findings suggest that in a
CCP system under optimal matching, the source power out-
put minimally affects the energy coupling dynamics, allowing
plasma-absorbed energy to scale directly with supplied en-
ergy. Furthermore, in subfigure (1), we observe that the av-
erage electron temperature between the electrodes decreases
as the power increases. This trend is attributed to the rise in
plasma density, which leads to more frequent electron-neutral
collisions. These collisions distribute energy across a larger
electron population, thereby reducing the average energy per
electron>’-38,

Next, we investigate the influence of the driving frequency
(fs). As shown in Fig. 8(a), increasing f; makes the plasma
load less resistive and more capacitive. To maintain opti-
mal matching, the IMN control parameters must adjust, as
illustrated in subfigures (b)-(d). This adjustment reduces K
(Fig. 8(i)) via Eq. (14). This adjustment reduces K (Fig.
8(1)) via Eq. (14). As K decreases, U, also declines, and
this drop surpasses the increase in I,,, resulting in a net de-
crease in P,. Therefore, at optimal matching, higher driv-
ing frequencies result in lower plasma power absorption, as
shown in Fig. 8(h). Interestingly, despite this lower absorbed
power, subfigures (k) and (1) show an increase in steady-state
electron density and temperature. This can be attributed to
two factors: First, at higher driving frequencies, the rapid os-
cillations of the electric field enhance stochastic heating ef-
ficiency, allowing electrons to gain energy more effectively
from the oscillating sheath boundaries. This process improves
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FIG. 8. Variation of optimal matching states across varying discharge parameters and scaling factors. Parameters studied include source power
output (Py), driving frequency (f5), and plasma load electrode area (Ap), with scaling factors ranging from 0.8 to 1.2. In each subfigure, the
dashed line represents the baseline value at a scaling factor of 1. (a): Steady-state position of the plasma in impedance space, with arrows
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electron confinement and reduces ion losses to the electrodes,
leading to higher electron density, particularly when the driv-
ing frequency is below the threshold frequency>*®. Second,
at lower frequencies, energy dissipation mainly affects ions
due to their higher mass and lower mobility. As the fre-
quency increases, however, energy dissipation shifts to the
lighter, more mobile electrons, equiring less energy and re-
sulting in higher electron temperatures®’-%>. These results
suggest that when operating under optimal matching condi-
tions, higher frequencies improve CCP ionization efficiency,
enabling higher electron density and temperature with lower
power consumption 36364,

Finally, we examine the influence of an internal plasma pa-
rameter, the electrode area of the plasma load (A,). As shown

in Fig. 8, increasing A, has a similar effect to increasing
fs: both make the plasma load less resistive and more ca-
pacitive, and both decrease the optimally matched absorbed
power. However, unlike f;, a larger A, decreases electron
density while increasing electron temperature, as illustrated
in Fig. 8(k) and Fig. 8(1). In contrast to higher driving
frequencies, which boost ionization efficiency despite lower
power, expanding the electrode area does not enhance ioniza-
tion. Instead, it simply leads to lower electron density due
to decreased power absorption. Yet, as reported by Gahan et
al.%, enlarging the electrode area also expands the sheath re-
gion, intensifying stochastic heating as electrons gain energy
from oscillating electric fields within the sheath. This shift in
power absorption from the plasma bulk to the sheath - where
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stochastic heating is more effective - raises overall electron
energy. Consequently, a larger electrode area leads to lower
electron density and higher average electron temperature.

In previous studies, the power absorption efficiency, 1, has
commonly been used as a metric to compare the performance
of various matching conditions. However, as shown in Fig.
8(j), n varies with changes in discharge parameters such as
the driving frequency, even when the system remains in the
optimal matching state. Therefore, parameters like 1 are
not suitable for evaluating the matching performance across
systems with different discharge conditions. Moreover, al-
though driving frequency tuning is a commonly used match-
ing method, changes in frequency affect the plasma’s energy
utilization, resulting in different steady-state impedance val-
ues of the plasma load (see Fig. 8(a)). In other words, if the
driving frequency continuously fluctuates, the convergence
position of the plasma in the impedance space will shift ac-
cordingly. As discussed in Sec. III A, our method ensures
convergence only when the plasma reaches a fixed impedance
convergence point, allowing its position to be tracked. There-
fore, the driving frequency, like other discharge parameters
influencing the convergence impedance of the plasma load,
cannot serve as an optimization parameter alongside the IMN
control parameters. This distinction highlights the fundamen-
tal difference between frequency tuning and IMN tuning for
achieving impedance matching.

IV. CONCLUSIONS

In this paper, we have presented a novel and robust method
for optimizing the control parameters in CCP systems. Un-
like traditional optimization methods that operate within the
control parameter space, our approach transitions the opti-
mization process to the plasma impedance space, where con-
trol parameters are inversely inferred. In this framework, the
plasma’s equivalent impedance not only serves as a bridge
linking new and old control parameters, decoupling the con-
trol parameters from their historical paths, but also serves as
a bridge linking the CCP system and the optimization algo-
rithm, decoupling the latter from specific device configura-
tions and ensuring consistency across 1D, 2D, and 3D simu-
lations, as well as experimental setups.

This paper begins with a detailed description of the opti-
mization workflow. Then using the optimization of the reflec-
tion coefficient modulus as an example to illustrate the im-
plementation process, highlighting the natural emergence of
saddle points and analyzing the guaranteed convergence of
our method. Subsequently, we investigate four key factors
in the optimization methods and reveal that the emergence of
saddle points is due to plasma impedance’s slight deviations
within the ideal matching window. Furthermore, a sensitivity
analysis of the optimization objective function explain the dis-
tribution of saddle points across different components: some
components show a concentrated distribution of saddle points,
while others exhibit a more dispersed distribution. Finally, by
comparing optimization results under different discharge con-
ditions, we reveal that parameters like plasma power absorp-
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tion efficiency can vary even under optimal matching condi-
tions. This indicates that such parameters are unsuitable for
evaluating matching performances across different discharge
conditions. We also clarify the key differences between the
two common matching methods in the CCP system: driving
frequency tuning and IMN components tuning.

In conclusion, despite the highly decoupled and straight-
forward optimization process, the proposed method demon-
strates strong effectiveness, efficiency, and robustness across
various scenarios, highlighting its potential as a valuable tool
for optimizing CCP-based industrial processes. Future re-
search will aim to extend this approach to more complex con-
figurations, such as dual-frequency or multi-frequency CCP
systems, and to explore its applicability in other plasma appli-
cations.
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