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1 Introduction

ABSTRACT

This study discusses the experimental findings on the frequency & temperature
influences on the dielectric (constant (g;) and loss (&,)) of some chalcogenide mate-
rials based on Seg;Bi;; composition performed in the temperature range 303 K-393
K and frequency range (100-1000000 Hz). As the frequency increases, multiple
polarization mechanisms contribute to the reduction of the dielectric constant.
The addition of germanium (Ge) to a composition increases ¢; more than tel-
lurium (Te). The dielectric loss decreases with frequency while increasing with
temperature and AC conductivity. Understanding these behaviors is important
for material characterization and applications in fields like electronics and solar
cells. The theoretical section introduces adaptive neuro-fuzzy inference systems
(ANFIS), which are utilized in the estimation of the dielectric characteristics of
Seg;Bi; (SB), SegsBi;; Tes (SB-T), and SegsBi;;Ges (SB-G). Experimentation-related
data are a source of input. ANFIS model of the Takagi—Sugeno type has been
trained. With MATLAB, the most effective networks are created. The outcomes of
the ANFIS modeling are exceptional. The accuracy of the modeling process is due
to the error values. This study demonstrates that the ANFIS technique can accu-
rately anticipate the dielectric properties of the compositions under consideration
when they are formed into thin films. The ANFIS can describe the experimental
data of the dielectric (constant (g;) and loss (g,)) of some chalcogenide materials
for all the mentioned temperatures and frequencies. This leads to using the ANFIS
model to produce the dielectric (constant (¢;) and loss (&,)) of some chalcogenide
materials for various temperatures and frequencies which there are no experi-
mental data yet to compare with.

These properties are particularly important in the
field of electronics and telecommunications, where

Understanding the electrical behavior of materials
heavily relies on the examination of dielectric proper-
ties, including the dielectric constant & loss tangent.
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efficient transmission and storage of electrical signals
are essential. The choice of these compounds is based
on their unique properties and potential applications
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in electronic devices. Selenium-based compounds are
known for their semiconducting behavior, while bis-
muth exhibits interesting electrical properties, includ-
ing a low carrier density and high mobility. The addi-
tion of germanium and tellurium further modifies the
material’s characteristics, allowing for a wider range
of applications. To determine the insulation properties
of these compounds, we will focus on two key param-
eters: insulation constant and loss tangent. The dielec-
tric constant, also known as the relative permittivity,
measures the ability of a material to store electrical
energy. It is a dimensionless quantity that compares
the capacitance of a material with that of a vacuum. A
higher dielectric constant indicates a higher ability to
store electrical energy. The loss tangent, on the other
hand, represents the energy lost as heat during the
electrical polarization of a material. It is the tangent
of the angle between the electrical loss and the energy
storage components of the complex permittivity. A
low-loss tangent indicates a material with minimal
energy loss and is desirable for efficient signal trans-
mission. To conduct our study, we will employ vari-
ous experimental techniques, including capacitance
measurements and impedance spectroscopy. These
methods allow us to characterize the electrical behav-
ior of the compounds over a range of frequencies,
providing insights into their insulation properties. By
examining the dielectric constant and dielectric loss
of Se83Bil7, Se83Bil17Ge5, and Se83Bil7Te5, we aim
to gain a deeper understanding of their suitability for
electronic applications. The results of this study will
contribute to the advancement of materials science and
facilitate the development of new technologies in the
field of electronics and telecommunications [1-10].
An ANFIS model includes the benefits of fuzzy logic
(FL) and artificial neural networks (ANN) to maxi-
mize the advantages of both approaches. The ANFIS
model is distinguished by a self-learning process that
optimizes control rules and demonstrates human-like
reasoning abilities. Numerous studies have recently
been used that rely on the ANFIS model to predict
various properties of physics [11-31]. The modeling
research despite its impotence, a comprehensive study
of dielectric properties using ANFIS remains lacking.
The important goal of the study is to obtain a precise
and effective method for forecasting dielectric proper-
ties. To accomplish the goal, the ANFIS model utilizes
the experimental data as inputs. It is anticipated that
after the process of simulation is finished, high-accu-
racy rules and results connecting inputs and outputs
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will be achieved. By doing so, it will be possible to
predict results for which experimental measurements
have not yet been made. Using ANFIS to model the
dielectric properties is the contribution of this paper.

Four sections make up the research. Background
details and the main idea are presented in the first
section. The second section discusses the fundamen-
tals of sample preparation, characterization, and the
ANFIS model and explains how the ANFIS model is
processed. The results are presented, explained, and
compared between the experimental data and results
of the ANFIS in the third section. The main points of
the paper’s accomplishments are summarized in the
fourth section.

2 Sample preparation, characterization,
and theoretical characterization
techniques

2.1 Preparation and characterization
of samples

The melt-quench method [32]. Although there are
other ways to make glasses, the melt quenching
process is the most preferred since it is quicker and
less expensive than other procedures. A liquid must
typically be rapidly cooled below its freezing point to
become glass, and this is commonly regarded as one
of the criteria for defining a glassy state. The tradi-
tional definition of glass formation is the process by
which a molten sample (i.e., a liquid that forms glass)
is quickly cooled, its fluidity diminishes until it vir-
tually zeroes out at a specific temperature below the
freezing point. The glass samples of the compositions
SegsBiy; (SB), SegsBi;Tes (SB-T), and Seg;Bi;,Ges (SB-
G) were made using the melt-quench process. Se, Bi,
Te, and Ge (Sigma-Aldrich) were utilized as starting
ingredients because of their high purity (99.99%). The
mentioned high-purity chemicals were estimated and
weighed in a batch of 5-g powder form, then enclosed
in quartz ampoules with a vacuum of 10~ Torr. After
that, an oscillating furnace was used to raise the ambi-
ent temperature of the sealed ampoules by approxi-
mately 3 K per minute up to 1273 K. The ampoules
were placed at these temperatures for 18 h while still
being regularly rocked to obtain a homogeneous.
The melt was then abruptly cooled with ice water to
achieve a glassy form. To obtain bulk samples, break
the silica ampoules. A pestle and mortar was used
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Fig. 1 Schematic diagram for the process of different bulk samples of glassy Seg;Bi;; (SB), Seg;Bi;Tes (SB-T), and Seg;Bi;;Ges

(SB-G)Se by melt quenching method

to create a fine powder. Figure 1 shows the graphic
illustration of the melt-quench procedure. Physical
vapor deposition was used to create the amorphous
thin films of the bulk samples at a low vacuum (10°
torr). The deposition region was a square with a side
of 2 mm, and the thin film was around 400 nm thick-
ness. A quartz crystal thickness monitor is utilized to
regulate the thickness of these films during the deposi-
tion process. For measurements of film thickness, the
experimental errors are 2%. Dielectric measurements
were conducted on a thin film, and its thickness was
determined to be 400 nm. The thin film samples were
placed between two aluminum electrodes, one below
and one above. To measure the sample’s capacitance
(C) and loss tangent (tan ), a programmable auto-
matic bridge (RLC PM 6304, Phillips) was employed.
The measurements were performed in the temperature
range 303 K-393 K with a heating rate of 10, and fre-
quency range (100-1000000 Hz) for the investigated
SegsBi;; (SB), SegsBi;; Tes (SB-T), and Seg;Bi;,Ges (SB-G)
film samples. It should be noted that all the film sam-
ples studied on the bridge screen were represented as
parallel capacitance (C) and resistance (R). The dielec-
tric constant (¢;) and dielectric loss were determined
using the following equations: e=C gy /t A and &, =¢;
(tan ), where t represents the film thickness, A is the
film cross-section area, and ¢; denotes the permittiv-
ity of free space. The phase angle (¢) was used to cal-
culate 6 =(90-¢) [33]. All experimental data lines in
the figures were fitted using the least square method
[34, 35]. The temperature of the system was regulated
using an electronic temperature controller attached to

the cell. The temperature measurements were facili-
tated by a chromel alumel thermocouple placed near
the sample. The temperature dependence of the dielec-
tric constant and dielectric loss was investigated by
uniformly increasing the temperature at a rate of 50
in the range from 305 to 358 K.

Using EDX spectroscopy, the compositions of SB,
SB-T, and SB-G thin films were investigated. The per-
centages of their constituent parts that were found are
roughly equivalent to those of the synthetic composi-
tions devoid of any impurities. Figure 2 displays the
XRD patterns of the chalcogenide films that were stud-
ied at RT. These trends demonstrate that the absence
of crystalline peaks verifies that the SB, SB-T, and SB-G
film samples are in an amorphous state.

2.2 Theoretical characterization techniques

2.2.1 ANFIS model: architectures, learning algorithm,
and membership functions.

ANFIS was created in 1992 by ].S. Roger Jang. The
ANFIS is an innovative form that combines neural net-
works and fuzzy logic [36]. The ANFIS is an example
of a multilayer feedforward network [37]. The ANFIS
creates a FIS by optimizing the membership function
parameters using a NN. As indicated by Tarno et al.
[37], the FIS will be able to differentiate between the
four kinds of membership functions (MFs) offered by
the ANFIS: triangle, trapezoidal, Generalized Bell,
and Gaussian. ANFIS provides a tool for optimizing
the MF parameters in the fuzzy model for the given
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Fig. 2 X-Ray diffraction pattern for a Seg;Bi;; (SB), Seg3Bi;Tes (SB-T), and Seg;Bi,Ges (SB-G) films with thickness ~ 400 nm

dataset. The ANFIS applies learning techniques such
as a hybrid, and a backpropagation algorithm.

2.2.2 ANFIS architecture

Figure 3 depicts the ANFIS standard architecture. The
ANFIS, for illustration, has one output (f) and two
inputs (x, y). Assume the following Takagi and Sugeno
[14] fuzzy if-then rules.

(1) Ifxis A;and y is By, then fi=a;x + by +ry,

Fig. 3 ANFIS architecture

(2)If xis A, and y is B,, then f, =a,x + by + 15,

where the linear parameters are a,, a,, by, by, 11, 1, and
the nonlinear parameters are A;, A,, B;, B,.

The following describes each layer of Fig. 3.

2.2.2.1 The first layer (the fuzzy layer) The nodes in the
first layer i are all adaptive nodes, with the following
node function, which is given by Eq. (2),

O1,i = ua, (), (1)

Layer 1

\

v

Layer 2 Layer 3 Layer 4 Layer 5 \
v v w
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where Oy ; is the i-th node’s output and py (x) is the
degree of MF.

2.2.2.2 The second layer (Product Layer) Each node in
the 2nd layer is a circular node that multiplies the
approaching signal. In this phase, the fuzzy AND
operator is used to extract the product. As shown in

w; = py (X) X pp (x), - - i=1,2 ()

here, w; denotes the firing strength of the i-th rule,
pa,(¥) and pg denote the degree of MF fuzzy sets A;
and B;.

2.2.2.3 The third layer (Normalized Layer) The nodes
in the 3rd layer are all circular. It will be established
in the third layer by normalized firing strengths, that
is obtained by division of the firing strength for each
rule by the total rules number, as illustrated in Eq. (3),
this step’s output is the normalized firing strength.

— wy

w, =
1 w1+w2’

i=1,2 ()

2.2.2.4 The fourth layer (the de-fuzzy layer) The nodes
in 4th layer are all square, additionally referred to as
flexible nodes. To calculate the outcome of this stage,
use the following function. As shown in Eq. (4),

wif; =w;(px+qy+r;),i=12 (4)

here, w; is a normalized firing strength of layer
three, and f; is an ANFIS outcome. x and y are ANFIS
inputs, and {p;, g; 1;} is the parameters set (consequent
parameters).

2.2.2.5 The fifth layer (Total Output Layer) A single
node in the 5th layer will add up each of the signals
that come from the layer before computing output
overall, as illustrated in Eq. (5),

i wif;

Li=1,2 5
Ziwi ©®)

overall output = z:w_lfZ =
i

2.2.3 Learning algorithm of ANFIS

The ANFIS learning method includes modifying the
MF’s parameter set to obtain the optimal solutions
and parameters [37]. This method of optimization is a
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modification of the premise and its resulting parameters.
The settings are changed to minimize the error, which
will be determined as the square root of the sum of the
output and observation value differences. This study is
going to employ the hybrid algorithm. Jang [38] claims
in the ANFIS that the hybrid learning technique is more
efficient. A hybrid algorithm mixes the least squares and
backpropagation approaches. According to Jang [38],
the hybrid approach requires the premise parameters to
first backward pass the network before moving forward
pass it. The least square algorithm determines the subse-
quent parameters when the input is transmitted to layer
4. Another method for determining premise parameters
is backward step gradient descent.

2.2.4 Membership functions (MFs)

In fuzzy set theory, a MF determines the degree of truth
of a crisp value between of zero and one [39]. Depend-
ing on how the curve is shaped, each MF has a differ-
ent name, such as triangular, bell-shaped, trapezoidal,
or Gaussian membership functions. Figure 4 shows
examples of the basic types of MFs. The Trapezoidal
Membership Function (Trapmf) has a truncated triangle
shape, the generalized bell-shaped membership func-
tion (Gbellmf) has a bell-like symmetrical form, the most
fundamental form is the triangle membership function
(Trimf), which has a triangle curve, and Gaussian mem-
bership function (Gaussmf) has a smooth curve, identi-
cal to bell-shaped MF.

2.2.5 Forecasting and evaluating the performance

ANFIS performance with various partitioning meth-
ods and MFs are assessed using Mean Absolute Error
(MAE), Mean Square Error (MSE), Root Mean Square
Error (RMSE), correlation coefficient (R.?), mean error
e;, and standard deviation (STd) [40] as shown in
Egs. (6-12)

¢ =(0;=T)) (6)
&= (0;=T;)/n 7)
t=1
MSE =Y (0; = T;)?/n ®)
t=1

@ Springer
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1 < 2 1/2
5Td=<n_1t§(ei—e7)> ©)
n 1/2
RMSE = (% (0; - Tl-)2> (10)
i=1

2
RE=1- (—Ziz(o(i;;i) ) (1)

n
MAE = )’ |0; - T}| /n. (12)
i=1

here, O;, n, and T; provide the experimental objective,
data points, and model’s outcome, respectively.

@ Springer

3 Results with discussions

3.1 Frequency and temperature influences
on dielectric constant &;: experimental
discoveries

Dielectric analysis is a technique used to evaluate the
electrical properties of a material by varying tem-
perature and frequency. It assesses two fundamental
electrical characteristics: capacitance, which indicates
the material’s ability to store electrical charge, and
conductivity, which represents its capacity to con-
duct electricity. By conducting dielectric analysis, one
can obtain information about a material’s dielectric
constant (g;), dielectric loss (¢,), and dielectric loss
tangent or dissipation factor (tan d). The dielectric
dispersion, which refers to the distribution of relaxa-
tion time induced by polarization species, can also be
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examined. Additionally, studying the temperature and
frequency dependence of dielectric parameters, par-
ticularly in the low-frequency range where dielectric
dispersion occurs, is crucial for understanding losses
that occur in these materials. Figure 5a—c displays
plots depicting the relationship between the dielectric
constant (g;) and frequency at different temperatures
for glassy thin films of Seg;Bi;; (SB), Seg;Bi;,Tes (SB-T),
and Seg;Bi;;Ges (SB-G), samples, respectively.

As shown in Fig. 6, by analyzing the given data,
it becomes apparent that both &; and ¢, exhibit a
decline as the audio frequency rises. The decrease in
the dielectric constant at higher frequencies can be
explained by the engagement of different polarization
mechanisms [41, 42] within polar materials, namely
electronic polarization (Pe), ionic polarization, dipo-
lar polarization (Pd), and space charge polarization
(Ps). Electronic polarization, which stems from the
displacement of valence electrons in relation to the
positive nucleus, remains the primary contributor up
to frequencies of 10'® Hz. Tonic polarization occurs
when positive and negative ions are displaced from
each other and can be observed at frequencies up to a
maximum of 1013 Hz. Dipolar polarization arises due
to the presence of molecules possessing permanent
electrical dipole moments, which can align with the
direction of the applied electric field, and is observed
at frequencies up to approximately 1010 Hz. Lastly,
space charge polarization occurs due to the imped-
ance of mobile charge carriers at interfaces, taking
place between frequencies of 1 and 10° Hz. The overall
polarization of a dielectric substance can be calculated
as the cumulative effect of these four types. However,
the current study indicates that ionic polarization has
minimal influence on the overall polarization, which
aligns with the expected behavior given the covalent
nature of the compositions being investigated. Equa-
tion (13) [43] can be utilized to estimate the extent of
covalence in the studied compositions.

The proportion of covalent character

1
= 100% exp(—0.25(c,4 — cp)?), (19

where A and B represent the electronegativities of
atoms A and B, respectively. Table 1 provides the cor-
responding values for the covalent character. As the
frequency of the applied field increases, the dipoles’
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ability to rotate rapidly decreases, causing a lag
between their oscillations and those of the field. Con-
sequently, the dipole’s capacity to completely align
with the field diminishes as the frequency rises, result-
ing in a decline in orientation polarization. This leads
to a decrease in ¢, eventually approaching a constant
value at higher frequencies due to interfacial or space
charge polarization.

Figure 5a—c shows the increase of £;, with tem-
perature at different frequencies. This behavior can
be attributed to the fact that the dipoles in polar
materials [44] cannot orient themselves at low tem-
peratures. When the temperature is increased the
dipoles attain some freedom, i.e., the orientation of
dipoles is facilitated and thus increases the value
of the orientation polarization, which increases &;.
As observed in Fig. 5a—c, the values of ¢; have been
increasing with Ge and Te addition to the Se-Bi
binary composition, which can be understood in
terms of the bonding nature between the constitu-
ent elements in the investigated composition. Tak-
ing a closer look at the results, it can be observed
that with the addition of Ge the increase is higher
than that for Te addition. The bond energy between
the host element Se and Ge is greater compared to
that between Se and the other additive, Te atoms.
This means that the network structure contains
stronger Se—Ge bonds, which are more sensitive to
an electric field than the stronger bonds. Thus, the
value of ¢; decreases as a behavior trend (SegsBi;;
(SB)) < (Seg3Bi;;Tes (SB-T)) < (SegsBiy,Ges (SB-G)) for
the studied film samples.

The correlation between the dielectric constant and
AC conductivity can be described by a novel parameter,
denoted as M (the figure of merit), as shown in Eq. (14),
which is associated with the response time. Materials
with higher values of parameter M are deemed more
suitable for solar cell applications [45].

M= Guc/el (14)

Table 2 presents the values of M for the examined
film samples at different temperatures. It is evident that
the parameter exhibits the following trend: (Seg;Bi;,
(SB)) < (Seg;Biy;Tes (SB-T)) < (Seg3Bi;;Ges (SB-G)), and
decreases as the temperature increases.
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Fig. 5 dielectric constant (g,) (a, b, ¢) and dielectric loss (g,) (d, e, f), respectively, as a function of temperature for glassy thin films

thin films of Seg;Bi; (SB), Seg3Bi;Tes (SB-T), and Seg3Bi;;Ges (SB-G) samples, respectively, as a function of frequency
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Fig. 6 a the dielectric constant (g,) for glassy thin films of Seg;Bi;; (SB), b the dielectric loss (g,) for glassy thin films of Seg;Bi;;Ges

(SB-G) vs frequency at different temperatures

Table 1 Calculated covalent

Bonds for bond %
f:harac'ter of bonds.for the type covalent
mvestl.gated SegsBij; (SB), character
Seg3Bi;Tes (SB-T), and
Seg;Bi;Ges (SB-G) film Se-Se 100
samples Se-Te 96

Se-Ge 93

Se-Bi 94

Te-Bi 99.8

Te-Te 100

Ge-Ge 100

Ge-Bi 99.9

Table 2 Values of the figure of merit parameter M for the stud-
ied film composition

Film composition The figure of merit parameter Mx 107

303K 323K 343K 373K
SB 0.89 0.71 0.70 0.62
SB-Te 1.01 1.00 0.92 0.83
SB-Ge 1.31 1.26 1.13 1.10

3.2 Frequency and temperature-dependent
behavior of dielectric loss €,: experimental
findings

The frequency dependence of the dielectric loss, rep-
resented by &,, was investigated for various tempera-
tures in the studied film compositions with a thick-
ness of 400 nm. The results are illustrated in Fig. 5d—f.

It was observed that ¢, decreases as the frequency
increases. This can be explained by considering the
ions migration within the glass, which is the primary
cause of dielectric loss at lower frequency values.
The frequency dependence of the dielectric constant
(g1) and dielectric loss (¢,) at different temperatures
is shown in Fig. 6a, b for glassy thin films of Seg;Bi;;
(SB) and Seg;Bi;,Ges (SB-G), respectively. This phe-
nomenon can be attributed to the decrease in ¢, as the
frequency increases. At low and intermediate frequen-
cies, the dielectric loss is characterized by high values
due to the contribution of ion jump, conduction loss
resulting from ion migration, as well as ion polariza-
tion loss. However, at high frequencies, the ion vibra-
tions become the sole source of dielectric loss, leading
to a decrease in &,. Furthermore, the figures demon-
strate that ¢, increases as the temperature rises, along
with the increase in o, /w [46, 47]. Consequently, as
temperatures rise, the AC conduction loss also expe-
riences an increase. At lower temperatures, the losses
related to conduction, dipoles, and vibrations are
minimized. However, as the temperature rises, these
losses start to impact the dielectric loss as well. [48-50]

3.3 Theoretical analysis

This study aims to model, simulate, and predict
the dielectric (constant (&;) and loss (&,)) at various
frequencies for glassy thin films of Seg;Bi;, (SB),
SegsBij;Tes (SB-T), and Seg;Bi;;Ge; (SB-G) samples,
respectively, as a function of temperatures. The system

@ Springer
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was trained on contexts from various scenarios using
experimental data to identify the best-optimized
ANFIS system performance. To complete the mode-
ling process and find the best fuzzy configuration, six
ANFIS networks were designed. The first three ANFIS
networks for &; (w) and the second three ANFIS net-
works for ¢, (w) at different frequencies as a function
of temperature T (K), respectively.

The data were split into two distinct sets: the train-
ing set of data, which comprised 80% of the dataset,
and the checking dataset, which comprised 20% of the
dataset. The ANFIS model was trained through the
training set of data. The checking set of data was uti-
lized to validate the trained ANFIS model’s accuracy
and efficiency. The ANFIS model is fed with experi-
mental data. MATLAB (R2017 a) was used to process
the modeling. The ANFIS model was trained with
different rules, MFS types, MFs numbers, and epoch
numbers before determining the architecture with
the lowest RMSE. The Sugeno-type ANFIS model is
used in this work. Two input parameters (Temperature
and Frequency) and one output parameter (the dielec-
tric constant &; (w) for the first three networks and
dielectric loss &, (w) for the second three networks)
for glassy thin films of Seg;Bi;; (SB), Seg;Bi;; Tes (SB-
T), and Seg;Bi;;Ges (SB-G) samples. In the ANFIS to
optimize the output parameter, the Hybrid Method
is used. The type and number of MFs are both critical
in the development of the ANFIS architecture. All of
the networks were trained on all inputs using eight

J Mater Sci: Mater Electron (2024) 35:1017

different MFs: Trimf, Trapmf, Gbellmf, Gaussmf,
Gauss2mf, Pimf, Dsigmf, and Psigmf, with linear as
well as constant output MF. As shown in Fig. 7, the
number of MFs is (6*6), and 36 (6%) rules can be gener-
ated with six fuzzy sets for each variable. To determine
the appropriate type and number of MFs, trials and
error values are used, as well as optimization method
types, to create the ANFIS model as shown in Fig. 8.
Table 3 describes and highlights the traits and
requirements for the ideal ANFIS networks. The best
ANFIS networks are discovered to share several traits.
They are of the Takagi-Sugeno type and employ the
defuzzification technique weight average (Wtaver),
and have 101 nodes, 108 linear parameters, 36 nonlin-
ear parameters, 144 total parameters, and 100 training
epochs, for each optimal ANFIS network. Tables 4-5
show the RMSE of various network architectures
using the eight types of input MFs on both training
and checking datasets, and linear and constant MF
for output parameter is used to develop the ANFIS
model. As we can see, the RMSE values obtained
by using the linear output mf are all less than those
obtained by using the constant output mf, and show
that the Gaussian (gaussmf) membership function per-
forms most effectively with the lowest RMSE during
validation with maximum epoch numbers 100, and
Table 6 sums up RMSE, MSE, MAE, R? value, e;, and
Std error. Figure 9 shows the surface viewer results,
illustrating how the two inputs have an impact on the
output; Fig. 9a—c for dielectric constant (¢;), Fig. 9d—f

Fig. 7 The ANFIS model
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4. Fuzzy Logic Designer:

File

Table 3 ANFIS optimal characteristics

Edit View

XX

Temoerature

XX

Frequency

Result ANFIS Modeling Results
Fuzzy structure Sugeno type
Defuzzification method Wtave
Basic FIS for training Genfisl
No. of MFs for each input 06-Jun
MF Type—inputs Gaussmf
No. of nodes 101

No. of linear parameters 108

No. of nonlinear parameters 24

Total number of parameters 132
Epoch 100

MF Type—Output Linear
Training algorithm Hybrid
No. of inputs 2
Number of output MFs 36
Number of fuzzy rules 36
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(sugeno)

The dielectric constant
(e1) or dielectric loss

for dielectric loss (¢,), respectively, as a function of
temperature T (K) & different frequencies (kHz) for
glassy thin films of Seg;Bi;; (SB), SegsBi;; Tes (SB-T),
and Seg;Bi;;Ge; (SB-G) samples, respectively. Fig-
ure 10 illustrates a visual representation of the pre-
diction’s accuracy. Measured data are shown by blue
dots, while ANFIS model outputs are indicated by
red asterisks. Figure 10a—c for dielectric constant (g;),
and Figure 10d-f for dielectric loss (&,) comparing the
results of the ANFIS with the experimental data. The
results of the ANFIS modeling are shown in Fig. 11.
Solid line curves are used to symbolize the simulation
ANFIS findings. Symbols are used to symbolize the
experiment’s findings. Also shown are dashed lines,
which indicate the anticipated ANFIS outcomes. It was
discovered that the experimental data symbols and the
simulation ANFIS curves matched, suggesting excel-
lent simulation performance. The processing includes

Table 4 Performance of different models under various MF types for the dielectric constant (g,)

Network 1 Network 2 Network 3
Output MFs  Constant Linear Constant Linear Constant Linear
Inputs MFs Train Check  Train Check  Train Check  Train Check  Train Check  Train Check
Trimf 0.018  0.03 0.098  0.142 0.027  0.043 0.593 0.76 0.137 0.224 1.666  2.29
Trapmf 0.03 0.053 0.119  0.187 0.17 0.306 0997 1473 0.779 1.417 2467 4361
Gbellmf 0.019 0.034 0.103  0.163 0.074  0.09 0.748  1.059 0.154 0.267 1.864 3.183
Gaussmf 0.017  0.029 0.099  0.154 0.022  0.026 0.714  1.063 0.072 0.109 1911  3.137
Gauss2mf 0.024  0.042 0.117  0.187 0.115  0.181 1.03 1.537 0.547 0.615 2.563 454
Pimf 0.031 0.055 0.135  0.209 0.178  0.322 1.198  1.753 0.76 1.387 3.054 5.228
Dsigmf 0.022  0.038 0.104  0.148 0.1 0.167 0.608  0.406 0.289 0.445 1.219  1.62
Psigmf 0.021  0.037 0.097  0.139 0.167  0.148 0.608  0.403 0.137 0.224 1.666  2.29
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Table 5 Performance of different models under various MF types for dielectric loss €,

Network 4 Network 5 Network 6

Output MFs Constant Linear Constant

Linear Constant Linear

Inputs MFs Check  Train Check  Train Check

Train Check Train Check Train Check Train

Trimf 0.063 0.047  0.005 0.004  0.161
Trapmf 0.077 0.053  0.022 0.012  0.126
Gbellmf 0.07 0.048  0.008 0.005 0.126
Gaussmf 0.066 0.047  0.005 0.003  0.132
Gauss2mf 0.076 0.067  0.013 0.018 0.13

Pimf 0.087 0.06 0.026 0.014  0.153
Dsigmf 0.076 0.052  0.01 0.006  0.127
Psigmf 0.076 0.052  0.009 0.006  0.127

0.111  0.008 0.006 1.16 0.927  0.028 0.018
0.18 0.071 0.04 1.508 0.953  0.439 0.241
0.115  0.018 0.071 1.251 0.796  0.089 0.05
0.108  0.007 0.005 1.205 0.833  0.034 0.02
0.189  0.036 0.022  1.526 0.948  0.176 0.127
0.221  0.076 0.042 1.72 1.08 0.436 0.238
0.12 0.032 0.02 1.145 0935 0.162 0.099
0.12 0.032 0.019 1.144 0935 0.158 0.09

Table 6 ANFIS training

RMSE MSE MAE R? y Std
errors
Network1 0.0169 0.0002 0.0093 0.9995 0.0004 0.097
Network?2 0.0219 0.0004 0.0170 1 —0.0005 0.0220
Network3 0.0729 0.0053 0.0417 1 0.0018 0.0733
Network4 0.0039 0.00001 0.0030 0.999 0.0003 0.0039
Network5 0.0066 0.0004 0.0051 1 —0.0003 0.0066
Network6 0.0205 0.00042 0.0131 1 0.0002 0.0205

(d)

(b) (c)

Fig. 9 Three dimensions ANFIS surface Representation between two inputs and output

predictions for experimentally observed values as well
as forecasts for experimentally unmeasured values. At
150 kHz, predictions for values that were empirically
measured were processed. This prediction is made as

@ Springer

a testing phase to enable comparison of the anticipated
ANFIS findings with the experimental results, indicat-
ing great agreement with the experimental results, and
ensuring the model’s effectiveness. The prediction for
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Fig. 10 Error Analysis between Training Data & FIS Output for ANFIS networks Models

unmeasured values is processed at 1500 kHz and 2000
kHz. Figure 11a—c shows the ANFIS modeling results
for ¢; (w) and Fig. 11d—f shows the ANFIS modeling
results for &, (w) as a function of temperature T (K) at
different frequencies, respectively.

4 Conclusion

In conclusion, the analysis of dielectric properties offers
significant value in studying the relationship between
materials’ electrical characteristics, temperature, and
frequency. It provides information about the capacitive
and conductive nature of materials through param-
eters such as dielectric (constant (g;) and loss (g,)), the
observed decreasing trend in (¢;) and (g,) with increas-
ing audio frequency may be due to various polarization
mechanisms, including electronic, ionic, dipolar, and
space charge polarizations. Ionic polarization has mini-
mal influence on overall polarization in the investigated
compositions due to its covalent nature. The increase
in g; with temperature is explained by the facilitated
orientation of dipoles in polar materials as the tempera-
ture rises. The addition of Ge and Te to the Se-Bi binary
composition leads to an increase in &;, with a higher
increase observed for Ge. This can be attributed to the
stronger bonding between Se and Ge, which enhances

the response to an electric field. The correlation between
dielectric constant and AC conductivity is represented
by the figure of merit parameter M, where higher M
values indicate suitability for solar cell applications.
Regarding dielectric loss (&,), the decrease in frequency
results in a reduction due to the migration of ions in the
material, which is the primary reason for dielectric loss
at lower frequencies. Conversely, at higher frequencies,
the main contributor to dielectric loss is the vibrations of
ions. Additionally, ¢, increases with temperature along
with the increase in AC conduction loss. Overall, the
dielectric analysis provides valuable insights into the
electrical behavior of materials, aiding in their character-
ization and potential applications in various fields such
as electronics and energy conversion. The ANFIS model
is effective at modeling and estimating the dielectric
characteristics of Se83Bil7 (SB), Seg;Bi;,Tes (SB-T), and
Seg;3Bi;;Ges (SB-G), with the lowest mean errors. Also,
Error Analysis between Training Data & FIS Output for
ANFIS network Models is within acceptable limits. The
modeling ANFIS results and the accompanying experi-
mental data show excellent agreement. Dielectric char-
acteristic values for frequencies of 150 kHz, 1500 kHz,
and 2000 kHz were expected. The aforementioned
projected values are not empirically measured, but the
prediction ANFIS findings are processed and yield sat-
isfactory results.
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Fig. 11 Comparison between experimental data for dielec-
tric constant (g,) (a, b, ¢), and for dielectric loss (g,) (d, e, f),
respectively, as a function of temperature for glassy thin films of
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SegsBi;; (SB), SegsBij;Tes (SB-T), and Seg;Bi;;Ges (SB-G) sam-
ples, respectively, (ANFIS) results containing simulated and pre-
dicted outputs for different frequencies
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