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Abstract

A cascade deep learning approach is proposed for optimizing the design and control of
a dual-frequency induction heating system used in semiconductor manufacturing. The
system is composed of two independent power inductors, fed at different frequencies, to
achieve a homogeneous temperature profile along a graphite susceptor surface, crucial for
enhancing layer quality and integrity. The optimization process considers both electrical
(current magnitudes and frequencies) and geometrical parameters of the coils, which influ-
ence the power penetration and subsequent temperature distribution within the graphite
disk. A two-step procedure based on deep neural networks (DNNSs) is employed. The first
step, namely optimal design, identifies the optimal operating frequencies and geometrical
parameters of the two coils. The second step, namely optimal control, determines the
optimal current magnitudes. The DNNSs are trained using a database generated through
finite element (FE) analysis. This deep learning-based cascade approach reduces compu-
tational time and multiphysics simulations compared to classical methods by reducing
the dimensionality of parameter mapping. Therefore, the proposed method proves to be
effective in solving high-dimensional multiphysics inverse problems. From the application
point of view, achieving thermal uniformity (£7% fluctuation at 1100 °C) improves layer
quality, increases efficiency, and reduces operating costs of epitaxy reactors.

Keywords: inverse problem; multi-physics domain; induction heating; finite element
analysis; deep neural networks

1. Introduction

Accurate temperature control is one of the most important requirements in the semi-
conductor industry, especially in the epitaxial growth process of silicon layers. The quality
of epitaxial layers is directly affected by temperature uniformity, in such a way that the
thermal fluctuation can lead to structural defects, reduced surface quality and efficiency
loss in semiconductor devices. Therefore, the development of heating methods with the
ability to accurately control and maintain high uniformity is a fundamental requirement in
advanced semiconductor technologies [1,2].

One of the new and efficient methods in this field is induction heating. This method
uses electromagnetic induction to convert electrical power into heat directly inside the con-

Energies 2025, 18, 6598

https://doi.org/10.3390/en18246598


https://doi.org/10.3390/en18246598
https://doi.org/10.3390/en18246598
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/energies
https://www.mdpi.com
https://orcid.org/0000-0001-5293-1809
https://orcid.org/0000-0002-2565-2983
https://orcid.org/0000-0003-3300-0296
https://orcid.org/0000-0001-5297-0576
https://doi.org/10.3390/en18246598
https://www.mdpi.com/article/10.3390/en18246598?type=check_update&version=2

Energies 2025, 18, 6598

2 of 20

ductive object. When time-varying current flows in an inductor, eddy currents are induced
in conductive materials close to it, and the temperature of those parts increases because of
the joule losses [3,4]. The advantages of this method compared to traditional heating are
very significant: higher energy efficiency (more than 90%), high response speed, no need
for direct contact with the object, reduced pollution, and greater controllability [5-7]. An
induction heating system also has significant safety and environmental advantages due to
the absence of an open flame and the absence of toxic by-products [8].

Despite these advantages, the design and control of induction heating systems are
not easy tasks. One of the main challenges is the precise adjustment of parameters such
as position of the coils, frequency, and current feeding the coils, since any incorrect choice
can cause inhomogeneous heating and reduce the efficiency of the process. Furthermore,
the complexity of the problem increases significantly when two independent frequency
sources are used simultaneously, because the magnetic and thermal fields from each coil
simultaneously involve the piece to heat [9].

For this reason, over the last two decades, numerical methods such as finite element
analysis (FEA) have replaced analytical models for accurate simulation of electromagnetic
and thermal fields [10,11]. These methods allow for the investigation of physical details but
are computationally expensive. Solving an electromagnetic and thermal coupled problem
in time domain requires a long time and powerful hardware resources. This becomes
a serious obstacle, especially in optimal design, which requires running thousands of
simulations [12,13].

Based on [14] several studies have coupled finite element magneto-thermal models
with automatic optimization frameworks to tune process parameters and match a target
temperature evolution. However, these physics-based optimization loops still require
repeated forward simulations and can become computationally demanding when the
design space grows.

In a typical thermal forward problem, given input parameters such as the source (heat
power density or magnitude and frequency of the current source of Joule’s losses), the
system geometry and the material properties, the temperature distribution is calculated. In
contrast, in a typical inverse problem, given a target temperature profile, electrical source
and geometric parameters have to be identified [15]. This problem is inherently ill-posed,
since there may be multiple solutions for a temperature profile, and small changes in the
target value can lead to large changes in the parameter space [16,17].

Specifically, in our previous work [9], forward and inverse problems have been investi-
gated using the electrical parameters (frequency and current amplitude of both coils) while
the coil geometries were fixed. The main goal was to show the capability of surrogate mod-
els for predicting the temperature profile based on current magnitudes and frequency of
both coils in forward problems. The surrogate model was then used for solving the inverse
problem. In this paper, the problem has a larger and more complex design space because, in
addition to the electrical parameters, four geometric variables affecting the electromagnetic
field distribution are also included. This increase in dimensionality not only makes direct
search in the parameter space more difficult, but also makes the inverse mapping between
the target temperature profile and the optimal combination of parameters much more
unstable and nonlinear.

The inverse problem is computationally and algorithmically much more complex to
solve than the forward problem, because there is a nonlinear and coupled mapping between
inputs and outputs. In addition, the presence of several variable parameters (frequency,
current, coil geometries) makes the search space very large and difficult to solve.

For the sake of an example, in the previous work, where only four parameters (I, I,
f1, £,) were involved in the design, solving the inverse problem using classical surrogate
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model-based optimization methods required hundreds to thousands of FEA simulations.
However, in the current problem, characterized by eight parameters (four geometric vari-
ables and four electrical variables), the number of simulations required to cover the design
space increases exponentially. This makes a classical optimization process computationally
infeasible [16,18].

For this reason, the use of innovative approaches to solve the inverse problem becomes
necessary [19]. In this study, a cascade approach based on deep learning is proposed, which
has significant advantages compared to classical methods. This approach consists of two
stages: in the first stage (optimal design), the frequencies and geometric parameters of the
coils are chosen in such a way that the first steps necessary for uniform heating are provided.
In the second stage (optimal control), the values of the supply currents of each coil are
determined so that the temperature distribution matches as closely as possible to the target
profile. This cascade structure reduces the complexity of the problem, because instead of
solving one large and expensive problem, two simpler and more controllable problems are
solved. Moreover, the use of deep neural networks in each stage allows an efficient and
fast nonlinear mapping between parameters and temperature. Cascade strategies have also
been proposed in the optimization literature to solve difficult engineering design problems
where a single optimization may not be able to converge reliably [20].

From a practical application perspective, the present study focuses on a dual-frequency
induction heating device used in the epitaxy growth process, as described in two patents
(Forzan, M.; Crippa, D.; and Preti, S.: Deposition Reactor with Inductors and Electromag-
netic Shields 2021, EP3870734A1; and Ogliari, V.; Forzan, M.; and Preti, S.: Inductively Heat-
able Susceptor and Epitaxial Deposition Reactor 2017, WO2017137872A1) and a study [21].
The device consists of a flat graphite susceptor with a certain thermal conductivity and
specific resistance, which acts as a substrate in the deposition reactor [22]. To provide
uniform heating, two copper coils are considered: an inner coil with a limited number
of turns, which operates in the higher frequency range, and an outer coil with a pancake
structure, which is fed at lower frequencies. The combination of these two coils allows for
a more precise control of the temperature distribution.

Overall, the aim of this research is to show that a cascade approach based on deep
neural networks can be effectively applied to solve the inverse problem in dual-frequency
induction heating systems. This goal can be achieved while significantly reducing the need
for heavy finite element calculations. In contrast to classical optimization-based methods,
which require running thousands of costly simulations [23], the computational burden is
significantly reduced in the present approach. Moreover, this method has an important
advantage over single-step learning models. Dividing the problem into two separate steps
(design and control) simplifies the search space and improves the accuracy at each step [24].
In contrast, single-step learning models approximate the entire complex mapping between
input and output in one go.

The results of this research have direct applications in the design and control of a new
generation of epitaxy reactors and can provide a significant improvement in the quality of
semiconductor layers.

2. The Field Model
2.1. The Device

The system under study is a benchmark dual-frequency induction heating system for
silicon epitaxy growth applications as the case study [21]. The heating disk is a flat, circular
graphite susceptor with a diameter of 500 mm. This susceptor acts as the workpiece in the
deposition reactor, and the aim is to achieve a uniform temperature distribution over its
upper surface. To apply the inductive power, two independent copper coils are used: the
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inner coil (solenoid) with 7 turns and the outer coil (pancake) with 6 turns. The geometry
of the device can change. Specifically, in addition to the electrical parameters (frequency
and current magnitude of each coil), several geometric parameters of the coils are also con-
sidered as design variables. This allows to tune the penetration depth, shaping the power
distribution, and finally improving temperature uniformity. These geometric parameters,
which are the distance from the center of gravity of the grouped coils to the z = 0 line, are
denoted as x; to x4 in the rest of the article (according to Figure 1). They determine the
shape of the coils and their relative distance to the susceptor: they are involved in the “opti-
mal design” process. Thus, the design problem of this system is not limited to the choice of
frequency and current magnitudes but is a simultaneous electrical-geometric problem that
directly affects the thermal output. The two coils are fed independently: the inner coil with
higher frequencies facilitates temperature control of the central region, and the outer coil
with lower frequencies improves uniformity of the peripheral regions. These simultaneous
degrees of freedom in both electrical (current/frequency values) and geometric (parameters
x1 to x4) domains are the basis of the optimization framework implemented through the
deep learning-based cascade approach, presented in the following sections.
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Figure 1. Model of the device with design variables.

2.2. The Finite Element Model

The finite element model of the device is built axisymmetrically with respect to the
z-axis in COMSOL Multiphysics 6.0 [25]. For the sake of generality, an A-V formulation has
been used to enforce the uniqueness of the field solution that would be mandatory in the
case of a 3D analysis. Accordingly, magnetic analyses are solved in time-harmonics with the
A-V formulation. The governing equations for magnetic vector potential (A) and electric
scalar potential (V) are derived from Maxwell’s equations and the continuity equation from
the electric field definition E = —jwA — VV, respectively:

VZA —jw;wA = —uj, (1)
v (avV) +jwV- (aA) -0, 2)

where ] is the complex vector of the current density, u and ¢ are the material magnetic
permeability and electrical conductivity, respectively, and w is the angular frequency
relevant to the frequency f of the current. This coupled A-V system is made uniquely
solvable by enforcing a Gauge condition on the magnetic potential, typically the Coulomb
Gauge (V-A = 0), which is required to decouple and uniquely solve the system.
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As mentioned before, the magnetic analysis is performed in time-harmonics and the
fields are calculated separately for each frequency, resulting in a power density distribution;
see Figure 2. Then, as the problem is a weakly coupled magneto-thermal problem, utilizing
the superposition principle is feasible. Results of each coil are added together to obtain
the distribution of the induced power density (cw?|| A||%) in the graphite disk as a source
for thermal model; see Figure 3. This method is particularly useful in dual-frequency
problems, since directly performing a simultaneous simulation with two frequency sources
would require solving a very complex and expensive multi-physics problem, and it is not
straightforward [26]. The superposition of the power density is

(P) = (P1) + (P2) 3)

where Py and P; are the power density of each coil. By knowing P;(t) « B;(t)2, where B;(t)
is the magnetic field of the coil i, the condition to fulfill in order to properly apply the
superposition of the two power densities is as follows:

myf1 = maf, (4)

where f; is the frequency of the coil i, and m; is a positive integer number. This condi-
tion ensures that the two harmonic fields are synchronized with each other, and their
superposition can be used validly in thermal analysis.

-
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Figure 2. Input/output model of magnetic analysis.
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Figure 3. Structure of combining magnetic and thermal model.

After calculating the power density, this value is entered into the heat equation as a

heat source for Equation (5):

—V-(AVT) = 0w?||A||?,

)
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where A is the thermal conductivity. The thermal analysis is solved at the steady-state
condition and handles both convective and radiative contributions for heat exchange at the
boundaries. The leaving heat flux from the surface is described in Equation (6):

—Ag% = h(T = Ty) + kg (T4 - Tg), (6)
where kp is the Stefan—Boltzmann constant, / is the convective exchange coefficient, and
¢ is the emissivity [27]. Ty is the external temperature, whose value is chosen based on
literature [9,22], with reference to experimental experiences on a prototype. The terms
h(T — Tp) and ekp(T* — Tj) represent the convective and radiative terms, respectively.
Based on the literature [9,22] the considered values of the electrical, magnetic, and thermal
material properties used in this study are reported in Table 1.

Table 1. Material properties used in the models (electrical, magnetic, and thermal ones).

Material Electrical Properties Magnetic Properties Thermal Properties
AMT) W/ (m K)
Graphite disk o =1.04 x 10°S/m =1 h =10 W/(m2K)
€=0.8
Coils copper o =5.998 x 107 S/m pr =1 -
Ferrite ring c=10"2S/m ur = 1500 -
Air c=0S/m ur=1 Tp =850 °C
Quartz c=10"12S/m pr =1 A=3W/(mK)

While the magnetic domain is composed of graphite disk, coils, ferrite ring, and
a surrounding air domain, the thermal domain is composed of the graphite disk and
the handler, and the boundary conditions are applied to its boundaries. The thermal
conductivity value reported in Table 1 is dependent on the temperature T in [K] as follows:

M(T) = 150 @ [Wm*K*]. )

The thermal conductivity varies from about 150 Wm~1K~! at room temperature to
20 Wm~ K~ at around 2000 °C.

The mesh of the magnetic model consists of over 19,000 second-order elements. The
sensitive areas such as the disk, the disk boundary, and the coils are discretized with a
mapped or finer mesh to improve the simulation accuracy, as shown in Figure 4. Typ-
ical magnetic field and temperature distributions of each coil contribution are shown
in Figures 5 and 6. The values of the design variables relevant to Figures 4-6 are
I, =500 A, f; =6kHz, I, = 1200 A, f, = 5kHz, x; = 43 mm, and xp34 = 24 mm.

Finally, it should be emphasized that, in the present study, this finite element model is
used only as a database generator and for the assessment of the results. In other words,
hundreds of different cases with varying currents, frequencies, and coil geometric param-
eters (x; to x4) are simulated, and their results are used to train deep neural networks in
a cascade approach. In this way, the finite element model plays the role of creating an
accurate database for machine learning models, rather than being directly involved in the
optimization process. The selection of the ranges of the electrical parameters is based on
the technical specifications provided by the original patent designers and the experiences
gained from prototyping, which have also been validated in previous study [9]. The ranges
of geometrical parameters must also guarantee the feasibility and geometrical congruency
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of the FEM model. Moreover, these ranges are determined in such a way that they provide
an effective search space for optimal training of neural networks in a cascade structure.
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3. Cascade Approach
The optimization problem reads as follows: find a set of electrical and geometric
parameters that produce a target temperature profile (e.g., uniform across the susceptor
surface). Instead of solving a large, high-dimensional problem in one go, the present
approach divides the problem into two separate phases to both reduce complexity and
increase the stability and accuracy of the solution (see Figure 7).
)

Main DB — { Filtering Criterion } — DBI1 J

6ptimal Design °C
Ideal profile Optimal Design
1100 f——— I:> DNN I:> Xy, Xp, X3, Xg, £

+—
\, r I
v
DB2 from FE analysis f -~
Optimal Control °C ——
eal profile .
1100 f—— — o"“msll\nc\]omml > 1,1
+—

I

Figure 7. Cascade approach flowchart.
As shown in Figure 7, these two phases are as follows.

3.1. Phase 1: Optimal Design (OD)

In this step, the input to the deep neural network is the target temperature profile (a
vector of 250 points on the reference line of the susceptor surface), and the output is the key
geometric parameters and both frequencies, laying the groundwork for the creation of a
uniform temperature profile. The key point here is how to select the training data for the
OD neural network. Since the inner coil has the greatest impact on the central part of the
susceptor, the initial database is filtered by a specific physical criterion: only samples are
selected that, in the first 25 mm of the disk radius, have a temperature within +12.5% of
the target temperature (1100 °C). This ensures that in all data used for OD, the inner coil
has played its role in heating the central region correctly.

Accordingly, the inner coil frequency f1 can be obtained statistically (mean of the
filtered database) and does not need to be predicted directly by the neural network. This
choice simplifies the design problem, and the OD neural network focuses only on the map-
ping between the temperature profile and xy, . .. x4, fo. At the same time, it is guaranteed
that the inner coil works properly in the central region.

In this way, OD operates more accurately: the geometry and frequency of the outer
coil are optimized, while the inner coil frequency is extracted statistically from valid data.
This structure both reduces the complexity of the problem and ensures the stability of
the results.

3.2. Phase 2: Optimal Control (OC)

After fixing the geometry and frequencies, a second deep neural network learns the
mapping of the target temperature profile into the amplitude of the two-coil currents
using a new database. Hence, geometric parameters and frequencies are known; given the
temperature profile as input, the output will be I3, I;. At this step, the field and induced
power patterns are somehow determined, and the role of the network is to calibrate the
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power intensity to accurately reach the target temperature. Thus, instead of searching
simultaneously in the complex space of x;...x4, f1, f2, I1, I2, the geometric-frequency
subspace is first determined, and then the intensities of the currents are identified. This is
the advantage of scaling and dimensionality reduction in the cascade approach, which is
more stable and interpretable than single-stage learning.

4. Database

To effectively train the networks and avoid the computational burden of direct FEA-
based optimization, two separate databases are needed (see Figure 7). To ensure efficient
coverage of the input space for generating the training dataset, the Latin Hypercube
Sampling (LHS) technique was employed. In this method, the cumulative probability range
[0,1] of each variable is divided into n equiprobable intervals I; [28]:

D Ak
Q[H,AJme. ®)

A random value u; € I; is then selected and mapped through the inverse cumulative
distribution function F~1(-), yielding

xj = F 1 (uj), 9)

where F(x) denotes the cumulative distribution function (CDF) of the variable, defined as
X
F)=P(x<x) = [ flat, (10)

where f(x) is its probability density function (PDF). Thus F~!(#) maps a uniform dis-
tributed random number 1 € [0, 1] to a sample value x that follows the target probability
distribution specified by F.

For a d-dimensional problem, this procedure is repeated for each variable indepen-
dently, and the resulting samples are combined using random permutations across di-
mensions. This produces a matrix of size n x d, where each column approximates the
target marginal distribution, while collectively ensuring a more uniform coverage of the
multidimensional input space.

The main advantage of LHS compared to simple random sampling is that it guarantees
that all portions of each input distribution are represented, thereby reducing sampling
bias and improving the statistical representativeness of the generated dataset [29,30]. This
feature is essential for computationally expensive multiphysics problems, as it allows the
construction of a sparse but information-rich database, leading to trained surrogate models
with high generalization capacity.

Using Latin Hypercube Sampling on the input parameters (currents, frequencies, and
geometric parameters (x;. . .x4)), 2500 FE simulations are run. The ranges of each parameter
are reported in Table 2.

Table 2. Design variables with their range.

Variables Minimum Maximum Unit
L 100 500 A
I, 400 2000 A
f1 20 100 kHz
f2 1 8 kHz
X1 30 75 mm

X2, X3, X4 11 100 mm




Energies 2025, 18, 6598

10 of 20

The electrical parameters, including currents (I; and I;) and frequencies (f; and f;),
determine the intensity and pattern of induced power penetration in the central and periph-
eral regions of the susceptor. On the other hand, four geometric parameters (x;. . .x4) control
the relative position of the coil turn packs and their effective distance from the susceptor
surface and thus directly affect the magnetic field pattern, power density distribution,
and, as a consequence, the temperature profile. The simultaneous variation in these eight
parameters creates a very large and highly nonlinear design space, which is practically
very time-consuming to simulate completely with classical methods. The output of each
simulation is a 250-point temperature profile on the susceptor surface reference line. As
previously mentioned, in the OD phase, the data are filtered based on the criterion of inner
coil contribution to the central region: samples are held such that in the first 25 mm of
radius, the temperature is within +12.5% of 1100 °C, which results in 1947 filtered observa-
tions from finite element simulations. This ensures that the chosen geometry/frequencies
actually provide heating of the core. For the OC phase, by keeping constant the frequencies
and geometric parameters of the OD phase, and varying the currents (I3, Iy) in their working
intervals, 400 FE analyses are performed. This allows to sample the effect of the currents on
the temperature profile, so a new database will be prepared, namely “DB 2”. In both cases,
80% of databases were used for training, 10% for validation, and 10% for testing.

5. Results

In this study, the optimization process is carried out in two consecutive stages: optimal
design (OD) and optimal control (OC). For each stage, an independent deep neural network
(DNN) is designed and trained to model the inverse relationship between the target
temperature profile and the relevant geometric and electric parameters. To evaluate the
accuracy of the inverse surrogate models, three statistical indices are used.

Mean Absolute Percentage Error (MAPE)

Len 1w, [V =Y
MAPE =100=) .- —) 7 21— 11
Nt N L Yl .
where Y is the vector of N, true values calculated with FE model, and Y is the vector of Ny
values predicted by relevant surrogate model. N, and N are 250 temperature values along

the susceptor surface and the number of observations, respectively.
Root Mean Square Error (RMSE)

. 2
N v, (Yii—Y)
RMSE =4[ 1) " NN, (12)
Coefficient of Determination (R?)

N, o 2
Zjlil iy (Vi — V)

2 e —
R*=1- = .
Ej:1 Eizpl (Yj,i - Yj,mean)

(13)

where Y] ¢4, is the mean value of the jth temperature profile.

5.1. DNN for Optimal Design (DNNop)

In the optimal design step, the goal was to predict the coil geometric parameters
X1...X4 and the outer coil frequency f, based on the target temperature profile. The input
data to the network consists of temperature profiles at 250 points on the susceptor surface,
and the output consists of five design parameters x;. ..x4 and f,. The network is trained
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on the design database (DB1), which consisted of 1947 filtered observations from finite
element simulations. The structural details of deep neural network designed for this step

are reported in Table 3.

Table 3. Optimal design DNN structure.

Layer Number of Neurons Activation Function
Input (temperature profile) 250 -
Hidden Layer 1 128 Tan-Sigmoid
Hidden Layer 2 64 Tan-Sigmoid
Hidden Layer 3 32 Tan-Sigmoid
Hidden Layer 4 15 Tan-Sigmoid
Output (x7...x4, f2) 5 Linear
The assessment of the DNNgp is shown in Table 4.
Table 4. Optimal design DNN assessment.
Data Sets MAPE (%) R? RMSE
Training Set 18.4 0.948 199.8
Validation Set 17.8 0.950 196.9
Test Set 17.9 0.948 199.2

The optimizer is Levenberg—Marquardt and the activation function tan-sigmoid (hy-
perbolic tangent sigmoid) was chosen because it introduces nonlinearity, allows outputs
between —1 and 1 for faster and balanced learning [31,32], and works efficiently with the
Levenberg-Marquardt optimizer in regression tasks. All DNNSs in this study were trained

in Matlab 2024b [33].

The mean absolute percentage error (MAPE) value for the test set was 17.9% with 94.8%

accuracy. This value is considered to be good and reasonable

accuracy considering the

nonlinear and multi-response nature of the inverse problem and indicates that the model
is able to accurately reproduce the overall trend of changes in the geometric parameters
and frequency of the outer coil. The predicted vs. actual value is also presented in Figure 8,

which shows that the model predictions followed the bisector.

Predicted Value

-1 -0.5 0 0.5 1
Actual Value

Figure 8. Predicted vs. actual values of the optimal design DNN.
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Table 5 shows the results of OD phase for the ideal temperature profile, which is
1100 °C along the susceptor surface.

Table 5. Optimal design results.

Variable OD Phase Value Initial Value Unit
X1 58.5 43 mm
X7 37.8 24 mm
X3 99 24 mm
X4 37 24 mm
f1 59,984 60,000 Hz
f2 5112 5000 Hz

5.2. DNN for Optimal Control (DNNoc)

In the optimal control step, assuming the geometric parameters and frequencies
to be constant (the result of the OD step), the goal was to predict the current magni-
tudes of the two coils in such a way that the target temperature profile is obtained with
high accuracy. For this purpose, a deep neural network was designed and trained with
a second database (DB2). The network structural details and assessments are reported in
Table 6 and Table 7, respectively.

Table 6. Optimal control DNN structure.

Layer Number of Neurons Activation Function
Input (temperature profile) 250 -
Hidden Layer 1 30 Tan-Sigmoid
Hidden Layer 2 15 Tan-Sigmoid
Hidden Layer 3 10 Tan-Sigmoid
Hidden Layer 4 5 Tan-Sigmoid
Output (I3, I) 2 Linear

Table 7. Optimal control DNN assessment.

Data Sets MAPE (%) R? RMSE
Train Set <0.01 1 0.02
Validation Set <0.01 1 0.04
Test Set <0.01 1 0.05

After evaluation of the OC model, MAPE values of less than 0.01% were obtained on
all data sets, indicating a very high accuracy in predicting the optimal current magnitudes,
which is also shown in Figure 9 (predicted vs. actual for OC phase). Table 8 shows the
results of OC phase for the ideal temperature profile.

Table 8. Optimal control results.

Variable OC Phase Value Initial Value Unit

I; 420 500 A
I 992 1200 A
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Figure 9. Predicted vs. actual values of the optimal control DNN.

Figures 10 and 11 show the results obtained by applying the proposed cascade ap-
proach. In Figure 10, a comparison between the initial geometry of the system and the
optimized geometry obtained by OD phase of the cascade approach is presented. It can be
seen that after applying the proposed method, the geometric structure of the system has
changed and the distribution of the coils and their relative positions have been modified in
a way that creates a better balance in the magnetic field distribution.
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Figure 10. Comparing the initial (left) and OD result’s (right) geometry.
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Figure 11 also shows the temperature profiles obtained from both geometries in
comparison with the target profile. As can be seen, the initial temperature profile (red
curve) has a significant distance from the target value, and the central and peripheral
areas of the susceptor have a wide thermal fluctuation. In the OD stage, which involves
determining the geometric and frequency parameters, the temperature distribution is closer
to the target value (purple curve), but a slight non-uniformity is still observed, while the
feed currents are kept similar to the initial values and their fine-tuning is performed in the
next stage, OC. Finally, by performing the OC stage and adjusting the coil feed currents, the
optimized temperature profile (black curve) is almost completely within the £7% tolerance
around the target value (1100 °C) and is in good agreement with the target profile (blue
dashed line).

These results indicate a clear improvement in the temperature distribution and the
modification of the system geometry after applying the proposed approach. A more detailed
analysis of these results is provided in Section 6.

To check the stability and robustness of the obtained solution, a local sensitivity
analysis was also performed. In this analysis, all design variables were changed by £2%
around the optimum point, and the finite element simulation was rerun for both cases. As
shown in Figure 12, the temperature profiles corresponding to the +2% (red one) and —2%
(blue one) cases almost overlap with the optimum profile (black one), and the temperature
variations over the entire disk radius remain within a very narrow range. The maximum
variation happened near edge of the disk where outer coil with higher magnitude of current
is responsible for that part. This behavior indicates that the proposed solution is not very
sensitive to small perturbations in the design parameters (both geometric and electrical)
and is robust to manufacturing errors and control uncertainties.

T T
—OC temperature profile (optimized)
—+2% perturbation added to design variables|
———2% perturbation added to design variables| |

50 100 150 200 250
r direction (mm)

Figure 12. Design variables parameter perturbations compare to optimal profile.

6. Discussion

The results obtained from the proposed cascade approach show that separating the
process into two distinct stages (design and control) in combination with deep learning-
based modeling significantly reduces the complexity of the mapping between design
parameters and temperature profiles. In fact, solving the problem in two separate phases
causes each neural network to cover only a part of the design space, thus reducing the
dimensions of the search space and nonlinear relationships at each stage and making the
network training more stable and faster.

In the design optimization phase, geometric and frequency variables are considered
with a smaller dimension than in the single-stage solution; this directly affects the prediction
accuracy, since the geometric parameters determine the field distribution and the pattern
of induced currents, which can be expected to have a significant impact on the thermal
behavior of the system. In the control phase, the network only deals with currents, which
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have a simpler and more approximated mapping than the entire combination space. This
reduction in complexity at each stage allows neural networks to approximate nonlinear
mappings with greater stability and faster convergence, which naturally leads to improved
accuracy and increased computational efficiency of the entire process.

In the optimal design (OD) stage, the surrogate model was able to model the nonlinear
relationship between geometric parameters, frequencies, and temperature distribution with
reasonable accuracy (MAPE ~ 17.9%). The results showed that the inner coil frequency
in the average range of about 60 kHz has an optimal value and is responsible for the
main contribution to the heating of the central area of the susceptor. In contrast, the outer
coil frequency is about 5 kHz, which plays a key role in temperature uniformity in the
peripheral area. This separation of the two coils has caused the resulting induction field to
have a more balanced power distribution and a more suitable penetration depth than the
initial geometry.

In the optimal control (OC) stage, with the geometry and frequencies fixed, the sec-
ond neural network was able to predict the optimal currents with very high accuracy
(MAPE < 0.01%). The results of this model show that reducing the current of both coils
compared to the initial value not only saved energy but also increased thermal uniformity.
This improvement was due to the fine-tuning of the current amplitude, which caused the
induced current lines to be distributed in the center and periphery with a better balance.

The significant difference in accuracy between the optimal design (OD) phase with a
MAPE of about 17.9% and the optimal control (OC) phase with a much lower error (MAPE
less than 0.01%) is due to the fundamental difference in the complexity of the search space
and the nature of the physical mapping at each stage. In the OD phase, the surrogate
model must approximate a highly nonlinear and multidimensional relationship between
the geometric and frequency parameters (which shape the magnetic field distribution) and
the temperature profile; this task of shaping the field distribution is inherently challenging
and leads to inaccuracies. In contrast, the OC phase has the simpler task of fine-tuning
the current amplitudes in a fixed geometry, whose mapping to temperature has higher
stability. Therefore, the lower accuracy of the OD phase is not a defect in the model, but
rather a reflection of the division of tasks in the cascade approach: the first phase provides
the geometric infrastructure and field balance, and the second phase, taking advantage of
this stable foundation, ensures high final accuracy.

The neural network architecture used in both OD and OC stages was selected based on
engineering experience and understanding of the nature of the problem. In this architecture,
the number of neurons is higher in the initial layers and gradually decreases in the subse-
quent layers. This structure is consistent with the principles of gradual feature compression,
because in the initial layers, raw and sparse features are extracted, and in the deeper layers,
more compact, abstract, and output-related representations are formed [32,34]. Accordingly,
the selected architecture provides a suitable ability to model the physical behavior of the
present problem and learn complex multiphysics mappings. To select the final structure,
several different architectures with 3 to 5 hidden layers and different numbers of neurons
were tested, and the structure reported in this study was selected due to its higher accuracy,
simplicity, stability in training, and adequacy in representing the physical behavior of the
system based on its database.

Figures 10 and 11 clearly confirm this point: in the initial geometry, the temperature of
the peripheral regions exceeded 1200 °C and the central region remained cooler, while after
optimization, the temperature profile over the entire disk radius was within £7% of the
target value (1100 °C).

From a physical perspective, this improvement is due to four main factors:
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1.  Simultaneous optimization of geometry and electrical parameters, which has allowed
for optimal adjustment of the field penetration depth in each region;

2. A two-stage cascade structure that has reduced the search space and prevented
instability in the inverse mapping;

3. The use of deep neural networks that are able to reproduce nonlinear and multivariate
mappings between physical parameters and thermal response with high accuracy;

4.  More precise and targeted selection of geometric parameters, which can play an
effective role in increasing the accuracy of inverse models, because geometry directly
controls the magnetic field distribution and induced power pattern. Consequently,
if these geometric parameters are redefined or improved to achieve higher accuracy,
these changes can be applied at the optimal design stage, which is simpler and
more stable in terms of structure compared to one stage solving, so that the learning
network in the control stage is not affected by the increase in complexity and the
overall stability of the approach is maintained. It means that although the design
phase (OD) provides the geometry, any increase in design variable space complexity
of the OD problem does not necessarily change the computational complexity of the
control phase (OC), because the control phase has independent variables and operates
on a fixed geometric basis.

Overall, the results of this study show that the proposed approach can be an efficient
alternative to classical methods based on direct optimization. For a quantitative comparison
with traditional methods, the results of our previous study in [9] can be considered. In
that work, the design space consisted of only four electrical parameters. The optimization
process was performed with NSGA-II with a population of 50 and 50 generations. This
process required a total of about 2500 finite element simulations and more than 300 h. Since
the computational cost of metaheuristic methods such as NSGA-II grows a lot (at least
linearly, but it depends on the specific problem) with increasing design space dimensions,
it can be estimated that when the number of variables is doubled (from four to eight),
the number of required simulations increases significantly. Specifically it could reach
tens of hundreds or even thousands of FE analyses, which means a very time-consuming
and expensive process. In the present approach, the cascade structure of neural networks
decomposes the inverse problem into two low-dimensional subproblems. This allows
learning complex mappings of the problem with a limited number of analyses. In the OD
stage, 2500 FE analyses were conducted to build the database, of which 1947 remained
valid after the physical filter. An additional 400 FE analyses were performed for the OC
stage. This total number of analyses is much lower compared to the computational burden
of classical methods, which require thousands of FE analyses for similar design dimensions.
Therefore, the proposed cascade networks enable efficient solution of the inverse problem
in the 8D design space with controlled computational cost, eliminating the need to run a
large number of simulations that are unavoidable in classical optimization.

Despite the accurate performance of the surrogate models in both OD and OC stages,
it is necessary to point out some limitations of the method. First, the accuracy of the neural
networks decreases in the boundary regions of the parameter space (extreme values),
i.e., where the combination of geometric or electrical parameters exceeds the LHS range.
This happens because in these regions, the data density is lower and the model cannot
learn sufficiently from the strong nonlinear behaviors. Therefore, using the model results
outside the ranges defined in Table 2 requires caution or retraining the model with wider
data ranges. In this study, the optimization search is performed only in physically and
practically valid intervals. Therefore, the neural network is not forced to extrapolate outside
the training data range, and predictions are made in reliable regions of the data. It is clear
that the presented model is completely data-driven, and Maxwell’s equations or thermal
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conductivity are not explicitly included in it. If the goal is to directly incorporate physical
laws into the network, physics-based methods such as PINNs are a more suitable option.
However, the focus of this paper has been to demonstrate the efficiency of a data-driven
cascade structure in solving the high-dimensional inverse problem, and adding physical
constraints to the network is beyond the scope of this study.

Second, the proposed model is trained in a graphite susceptor with specific thermal
and electromagnetic properties (Table 1). Although the cascade structure of the model can
be generalized to other geometries and materials, its direct application to susceptors with
different conductivity, heat capacity, or frequency and currents of other ranges is not valid
anymore. In such cases, it is necessary to regenerate a new database, according to the new
device, and retrain the network.

Finally, the presented inverse model is inherently a nonlinear approximation of map-
ping the temperature profile to parameter space. In situations where the target temperature
distribution is not physically achievable (for example, very sharp, non-uniform thermal
patterns, or outside the range of inductively transferable power), the network prediction,
although mathematically valid, could not necessarily represent the feasible physical re-
sponse. This limitation exists in all multiphysics inverse problems and can be reduced by
increasing the sampling range and expanding the design space.

The proposed cascade method has practical potential for direct integration into in-
dustrial induction heating processes, as it significantly reduces the time required to set up
the geometry and electrical parameters. The output of the OC stage can be used as a tool
for quickly adjusting the currents during real-time operation. The only requirement for
transferring the model to an industrial system is to generate an initial database appropriate
to the geometry and material of the utilized susceptor.

7. Conclusions

In this study, a novel approach based on cascade deep learning was performed to
solve the inverse problem in the design and control of a dual-frequency induction heating
system. By dividing the overall process into two distinct steps—optimal design and optimal
control—this approach was able to reduce the numerical complexity for each stage, which
caused significantly increases in the accuracy and stability of the predictions.

In the design phase, the surrogate model was able to reconstruct the relationship
between geometric parameters, frequency, and temperature profile with acceptable accuracy
and determine the optimal geometry and operating frequencies. In the control phase, the
second network identified the feed currents that reproduced the target temperature profile
with an error of less than 0.01%, indicating the very high capability of the method in
accurately predicting the source of the thermal behavior of the system.

The final results obtained from applying the cascade approach produced remarkable
thermal uniformity on the susceptor surface. In such a way, the temperature fluctuations in
the entire disk radius were within £7% around the target value (1100 °C). This improvement
will not only increase the quality of epitaxial layers in semiconductor processes but also
save power consumption and increases the system lifetime.

From a scientific perspective, this research showed that combining deep learning
methods with finite element modeling can be an effective and low-cost alternative to classi-
cal multi-physics optimizations. The main innovation of this method lies in breaking the
complex and coupled geometric—electrical space into two separate subproblems (optimal
design and optimal control), thus reducing the problem dimensions compared to direct
optimization methods. The results obtained confirm the effectiveness of this method for
solving high-dimensional multiphysics problems, by achieving an error of less than 0.01%
in the prediction of currents and creating thermal uniformity within +7%. In particular,
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the separation of the design step from the control step resulted in greater stability of the
networks, better interpretability of the results, and a significant reduction in the number of
simulations required as discussed before.

However, the proposed method has some limitations, including reduced prediction
accuracy in the boundary regions of the sampling space; the dependence of the model on
the physical properties of the material, which requires retraining for new materials; and
the possibility of providing mathematically correct but infeasible answers for unrealistic
temperature profiles. As directions for future research, it is suggested to increase the
dimensions of the design variables and implement this algorithm in industrial control
systems to evaluate operational reliability. Also, a systematic review and comparison of
different architectures could be carried out in future work but was not necessary for the
purpose of this paper, which is the demonstration of the efficiency of the cascade structure.
Moreover, the integration of physical laws in the data-driven cascade approach could lead
to a hybrid deep learning method, which could improve the accuracy of the method, also
allowing extrapolation out of the considered ranges for the design variables.

Finally, it can be said that the presented approach can be generalized not only in the
field of induction heating, but also in other multi-source or multi-physics systems, and can
provide a basis for the development of intelligent models in the design of next-generation
reactors and similar industrial applications.
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