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The fact that the properties of thermoelectric materials are to be estimated with Artificial Neural
Networks without production and measurement will help researchers in terms of time and cost. For this
purpose, figure of merit, which is the performance value of thermoelectric materials, is estimated by
Artificial Neural Networks without an experimental study. P-and n-type thermoelectric bulk samples
were obtained in 19 different compositions by doping different elements into Ca2.7Ag0.3Co4O9- and
Zn0.98Al0.02O-based oxide thermoelectric materials. The Seebeck coefficient, electrical resistivity and ther-
mal diffusivity values of the bulk samples were measured from 200 �C to 800 �C with an increase rate of
100 �C, and figure of merit values were calculated. 7 different Artificial Neural Network models were cre-
ated using 123 measured results of experimental data and the molar masses of the doping elements. In
this system aiming to predict the electrical resistivity, thermal diffusivity and figure of merit values of
thermoelectric materials, the average R value and accuracy rate of these values were estimated to be
94% and 80%, respectively.
� 2020 Karabuk University. Publishing services by Elsevier B.V. This is an open access article under the CC

BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

The increasing demand for electricity in recent years, rapid con-
sumption of fossil fuels and increase in environmental pollutants
have attracted attention towards renewable energy resources [1].
Thermoelectric energy is also called a renewable energy resource
and developed with the concept of reducing global warming and
decreasing environmental impacts in nature [2]. Thermoelectric
technologies generate electrical energy by recovering waste heat
from cars, factories and similar sources. Thermoelectric generators
(TEG) convert heat energy directly into electrical energy with the
Seebeck effect. Connection of p- and n-type thermoelectric materi-
als electrically in series and thermally in parallel and application of
a temperature gradient between two sides provides a valid voltage
and electrical power [3,4]. Despite the low efficiency of thermo-
electric generators, they have an important role in recovering
energy from waste heat [2,5]. This energy is advantageous in that
it is compact, quiet, environmentally friendly, maintenance free
and has no moving parts [2,6,7].

Studies to obtain high performance from thermoelectric energy
are mostly directed at improvement of thermoelectric materials’
properties. The dimensionless figure of merit (zT) indicates the per-
formance value of thermoelectric materials. If the zT value is
greater than 1, the system can be considered as a possible candi-
date for technological applications [8]. The zT value is determined
using the formula zT = S2rT/j where S is the Seebeck coefficient, r
is the electrical conductivity, T is the temperature, and j is the
thermal conductivity. Increasing the zT value depends on increas-
ing the Seebeck coefficient and the electrical conductivity and
decreasing the thermal conductivity [6,9].

Artificial Neural Networks (ANN) are capable of learning non-
linear relationships between input and output data [10]. Addition-
ally, they can provide non-linear modelling without needing any
prior knowledge of input and output variables and any assump-
tions [11]. Haykin, who described ANN as a processor which uses
experiential data, has simple processing units and use these
together, expressed in 1999 that this processor is similar to the
brain, gets information from its surroundings thanks to the net-

http://crossmark.crossref.org/dialog/?doi=10.1016/j.jestch.2020.04.007&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/
https://doi.org/10.1016/j.jestch.2020.04.007
http://creativecommons.org/licenses/by-nc-nd/4.0/
mailto:fatihuysal@subu.edu.tr
https://doi.org/10.1016/j.jestch.2020.04.007
http://www.sciencedirect.com/science/journal/22150986
http://www.elsevier.com/locate/jestch


S. Kokyay et al. / Engineering Science and Technology, an International Journal 23 (2020) 1476–1485 1477
work, and it uses connections between neurons and weight values
to evaluate this information [12]. ANN, inspired by the function of
the human brain, can learn and generalize through experimenta-
tion, as well as discovering unknown and unpredictable relation-
ships between the data with application of predicting the
outputs. Moreover, since it is not a linear model, it can clearly
reveal unrecognizable relationships [13]. Additionally, ANN can
produce better results than mathematical model results in some
problems [14]. The function and structure of ANN consists of inter-
connected intense networks called neurons that can think like a
human brain [15]. Besides, ANN can be adapted to new data by
continuing the prediction process without the need for any equa-
tion until the estimated output data obtained by training of the
input data approach the target output data [16]. ANN can also be
used for characterization of a cooling system and may be a suitable
method for complex system models without identifying basic
mathematical models [17]. With the estimation model of ANN,
the zT value which is the most important performance measure
for a thermoelectric cooling module can be estimated closer to
100% [18]. The Seebeck coefficient of a high-temperature p-type
thermoelectric material can be estimated using an ANN trained
with the bee algorithm with 94.4% accuracy [19]. The thermal out-
put absorbed from the cooling surface of a thermoelectric module
was estimated using ANN by identifying the hot side and cold side
temperatures of the thermoelectric module and electromotor force
as inputs, and the results were obtained as very close to the exper-
imental values [20]. Alternatively, ANNs and ABC-based ANN
methods were used to estimate the dielectric properties of a mate-
rial. High-accuracy estimation was made for different frequency
ranges (at millimeter wave and sub-THz wave) using scattering
and permittivity parameters as the input and output, respectively
[21].

In this study, the parameters which determine the performance
of thermoelectric materials (electrical resistivity, thermal diffusiv-
ity, zT) were estimated by MATLAB’s ANN module under certain
conditions using actual experimental data. The electrical resistiv-
ity, thermal diffusivity and zT variables were determined with dif-
ferent training algorithms in ANN models. 7 different prediction
models were repeated 25 times, and the results were recorded.
The compared estimation results with measurement results for
each study, regression (R) and mean absolute percentage error
(MAPE) were evaluated. 25 different R and MAPE values were
assessed, and the mean results are presented according to the
models.
2. Material and method

2.1. Production and characterization of thermoelectric bulk samples

Thermoelectric technology basically converts heat energy
directly into electrical energy by thermoelectric modules created
by connecting p- and n-type semiconductor materials electrically
in series and thermally in parallel [3,4]. Thermoelectric materials
and conductors are placed between two ceramic plates to consti-
tute the structure of the thermoelectric module as in Fig. 1. Cera-
mic plates are electrically insulating while conducting heat.

In order to produce TE materials, Ca2.7Ag0.3Co4O9- and Zn0.98-
Al0.02O-based TE powders were synthesized by the sol-gel method.
In the first step, nitrate salts of Ca, Ag, Co, Y, La, Ce, Pr, Nd, Sm, Eu,
Gd, Tb, Dy, Ho, Er, Yb and Lu (chemical formulae and purity grades
of the precursors are given in Table 1) were dissolved in distilled
water. In the second step, Ca, Ag, Co and doping elements were
mixed at 100 �C in stoichiometric ratios using a magnetic stirrer.
Finally, the pre-mixture was completely dissolved, and citric acid
monohydrate was added into the solution as the binding agent to
form gelation to synthesize p-type powders [22,23]. Zinc nitrate
hexahydrate, aluminum nitrate nonahydrate and nitrate salts of
dopants (Ga, In, and Ge) were dissolved in distilled water and
mixed homogenously in stoichiometric ratios for the n-type pow-
ders. During the mixing process of the as-obtained solution at
100 �C, glacial acetic acid was added as the binding agent [24].

The as-obtained xerogels for the p-and n-type materials were
dried for 2 h at 200 �C to remove undesired gases such as HCl. To
complete the phase formation of the dried powders, the p- and
n-type powders were calcined at 800 �C for 2 h and at 600 �C for
4 h, respectively. The XRD diffraction analysis results of the pow-
ders were obtained with a Thermo Scientific ARL model X-ray
diffractometer at a rate of 2�/min at 5� � 2h � 90 �C using Cu Ka
irradiation (wavelength, k = 1.540562 Å). Elemental ID and quan-
tification of the powders were analyzed by a Thermo-Scientific
model X-ray Photoelectron Spectroscopy (XPS) device with a
monochromatic Al-Ka (1486.7 eV) X-ray source and a beam size
of 400 nm diameter. The device was calibrated according to gold;
4f7/2. The pressure was kept below 5x10-10 mbar during spectral
data acquisition. The XPS data were acquired between 1350 and
�10 eV by applying a pass energy of 150 eV and a resolution of
1 eV. 20 scans from a single point were recorded.

After the calcination process, Ca2.7Ag0.3Co4O9- and Zn0.98Al0.02O-
based TE powders were consolidated using the cold pressing
method at 1100 MPa without using any binders. Finally, bulk sam-
ples were attained by sintering at 900 �C for 24 h and at 1350 �C for
36 h for the p- and n-type samples, respectively. The Seebeck coef-
ficient and electrical resistivity of the bulk samples were measured
between 200 and 800 �C in the range of 100 �C using a Linseis LSR-3
system. In this instrument, the resistivity measurement is per-
formed by measuring the resulting voltage when a 100-mA current
is passed through the sample according to the four-point probe
method. The thermal conductivity values of the samples were cal-
culated using Eq. (1) [25],

j ¼ aqcp ð1Þ
wherein, j is the thermal conductivity, a is the thermal diffusivity,
q is the density, and cp is the specific heat capacity of the TE mate-
rials. The thermal diffusivity of the samples was measured by the
laser flash method using the Netzsch LFA 457 MicroFlash Appara-
tus. The specific heat capacities of the samples were determined
using the law of Dulong and Petit [26], and their densities were
measured using the Archimedes’ principle.

2.2. Artificial neural network models

The composition of p- and n-type thermoelectric semiconduc-
tor materials directly plays a decisive role in the performance of
a TEG. For this reason, 19 different compositions obtained as a
result of doping different elements into Ca2.7Ag0.3Co4O9- and
Zn0.98Al0.02O-based semiconductor materials are given in Table 2
with their zT values calculated using the Seebeck coefficient, elec-
trical resistivity and thermal conductivity measured at different
temperatures.

In order to be used in the ANN, 7 different models were created
by using the compositions given in Table 2, where the temperature,
Seebeck coefficient, electrical resistivity and thermal diffusivity
values were taken as the inputs, and the electrical resistivity, ther-
mal diffusivity and zT values were estimated (Table 5). Considering
the measurement results under the temperature values in the
range of 200–800 �C for each composition, 123 units of data in total
were created, and the data created were used in each of the 7 mod-
els. This study, aiming to predict the thermoelectric properties and
zT of p- and n-type materials, was carried out using the ANN mod-
ule of MATLAB R2014b due to its availability and provision of accu-
rate results.



Fig. 1. Design of a p-shaped thermoelectric generator.

Table 1
Chemical formulae and purity grades of starting precursors.

Precursor Chemical
Formula

Purity Grade/
Supplier

Calcium nitrate tetrahydrate Ca(NO3)2�xH2O 99%, Alfa Aesar
Cobalt (II) nitrate hexahydrate Co(NO3)2�6H2O 98%, Alfa Aesar
Silver nitrate AgNO3 99+ %, Alfa Aesar
Lanthanum (III) nitrate

hexahydrate
La(NO3)3�6H2O 99.9%, Alfa Aesar

Praseodymium (III) nitrate hydrate Pr(NO3)3�6H2O 99.9%, Alfa Aesar
Neodymium (III) nitrate

hexahydrate
Nd(NO3)3�6H2O 99.9%, Alfa Aesar

Samarium (III) nitrate hexahydrate Sm(NO3)3�6H2O 99.9%, Alfa Aesar
Gadolinium (III) nitrate hydrate Gd(NO3)3�xH2O 99.9%, Alfa Aesar
Dysprosium (III) nitrate

pentahydrate
Dy(NO3)3�5H2O 99.9%, Alfa Aesar

Erbium (III) nitrate hydrate Er(NO3)3�xH2O 99.9%, Alfa Aesar
Ytterbium (III) nitrate hydrate Yb(NO3)3�xH2O 99.9%, Alfa Aesar
Europium (III) nitrate hexahydrate Eu(NO3)3�6H2O 99.9%, Alfa Aesar
Terbium (III) nitrate hydrate Tb(NO3)3�xH2O 99.9%, Alfa Aesar
Holmium (III) nitrate pentahydrate Ho(NO3)3�5H2O 99.9%, Alfa Aesar
Lutetium (III) nitrate hydrate Lu(NO3)3�xH2O 99.9%, Alfa Aesar
Cerium (III) nitrate hexahydrate Ce(NO3)3�6H2O 99.5%, Alfa Aesar
Yttrium (III) nitrate hexahydrate Y(NO3)3�6H2O 99.9%, Alfa Aesar
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At the first stage, molar masses according to the doping ele-
ments inside the Ca2.7Ag0.3Co4O9- and Zn0.98Al0.02O-based compo-
sitions (Table 2) were used as the input data (Table 5). The molar
masses of the elements included in the composition were written
to a column, and the molar masses of the non-included elements
were written as zero to the corresponding column. At the second
stage, the measurement values of the Seebeck coefficient, electrical
resistivity and thermal diffusivity were comprised by matching
with the compositions in Table 2 according to the temperatures
at which these parameters were measured. At the third stage, 7 dif-
ferent models were run 25 times using different training algo-
rithms, and the R and MAPE values of each run were calculated
separately for all models. The average results for the test data of
the calculated R and MAPE values were obtained, and the models
were compared to each other.

Since Bayesian and Levenberg-Marquardt algorithms are the
most commonly used algorithms for the ANN module, and the
Scaled Conjugate Gradient Algorithm gives close results to the out-
puts, training algorithms were applied using the Levenberg-
Marquardt Algorithm by 40%, Bayesian Algorithm by 40% and
Scaled Conjugate Gradient Algorithm by 20% (Table 4) [27].

The output parameters estimated with different input variables
were specified as thermal diffusivity, electrical resistivity and zT
(Table 5). Each model included one hidden layer, and the number
of neurons in the hidden layer was determined to be 15 at which
the best results were obtained in all models (Fig. 2). In the estab-
lished models, 55% of the 123 units of data were used as the train-
ing data, 20% were used as the validation data, and 25% were used
as the test data. All models were operated according to the net-
work scope created. In each of the models, different algorithms
were preferred, and the performance of the system was
investigated.

In model 1, thermal diffusivity was estimated. The input
parameters of the model were the molar masses of the elements
contained in the compositions, and the temperature values at
the measurements were utilized, while the output parameter
was thermal diffusivity. The network format of this model was
24-15-1. Fig. 2 shows the architectural structure of the ANN
created for estimation of all outputs in the whole models. The
input parameters of model 2 were the molar masses of the ele-
ments, Seebeck coefficient, electrical resistivity and the temper-
atures, while the output parameter was thermal diffusivity. The
model network format was in a 26-15-1 structure. The thermal
diffusivity value was predicted differently from model 2 by
using different inputs of the Seebeck coefficient, electrical resis-
tivity and the temperature in model 3. Here, the 3-15-1 net-
work format was applied. In model 4, the input parameters
were the molar masses and the temperatures, while the output
parameter is electrical resistivity. In this case, the network for-
mat was as 24-15-1. The electrical resistivity was estimated in



Table 2
zT values calculated at different temperatures for p- and n-type compositions.

No Composition p/n Temperature (�C)/zT

200 300 400 500 600 700 800

1 Ca2.5Ag0.3La0.2Co4O9 p 0.16 0.20 0.27 0.32 0.40 0.47 0.48
2 Ca2.5Ag0.3Pr0.2Co4O9 p 0.10 0.12 0.15 0.19 – 0.34 0.58
3 Ca2.5Ag0.3Nd0.2Co4O9 p 0.18 0.23 0.29 0.34 0.39 0.42 0.52
4 Ca2.5Ag0.3Sm0.2Co4O9 p 0.17 0.24 0.31 0.36 0.43 0.54 0.51
5 Ca2.5Ag0.3Gd0.2Co4O9 p 0.07 0.10 – 0.20 0.17 0.33 0.19
6 Ca2.5Ag0.3Dy0.2Co4O9 p 0.07 0.09 0.11 0.16 0.22 0.22 0.25
7 Ca2.5Ag0.3Er0.2Co4O9 p – 0.19 0.24 0.30 0.36 0.41 0.54
8 Ca2.5Ag0.3Yb0.2Co4O9 p 0.01 0.17 0.32 0.37 0.38 0.43 0.47
9 Ca2.5Ag0.3Eu0.2Co4O9 p 0.15 0.19 0.27 0.35 0.45 0.49 0.57
10 Ca2.5Ag0.3Tb0.2Co4O9 p 0.10 – 0.17 0.22 0.29 0.27 –
11 Ca2.5Ag0.3Ho0.2Co4O9 p 0.16 0.21 0.28 0.36 0.43 0.50 –
12 Ca2.5Ag0.3Lu0.2Co4O9 p 0.15 0.22 0.29 0.35 0.41 0.48 0.50
13 Ca2.7Ag0.3Co4O9 p 0.15 0.11 0.12 0.16 0.23 – 0.35
14 Ca2.5Ag0.3Ce0.2Co4O9 p 0.06 0.07 0.11 0.13 – 0.21 0.21
15 Ca2.5Ag0.3Y0.2Co4O9 p – 0.12 0.16 0.20 0.26 0.34 0.17
16 Zn0.94Al0.02Ge0.02O n 0.02 0.04 0.01 0.01 0.02 0.03 0.04
17 Zn0.98Al0.02O n 0.01 0.01 0.02 0.03 0.04 0.06 0.08
18 Zn0.96Al0.02Ga0.02O n 0.02 0.03 0.05 0.07 0.10 0.13 0.17
19 Zn0.96Al0.02In0.02O n 0.01 0.02 0.03 0.04 0.06 0.09 0.12

Fig. 2. Architectural structure of ANN created for estimation of outputs using inputs.
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model 5. In this model, the molar mass, temperature, Seebeck
coefficient and thermal diffusivity were applied as the inputs.
The model network format was the same as in model 2. Model
6 only differed from the previous model by that molar masses
were not used to predict electrical resistivity. The model net-
work format was the same as in model 3. In the last model,
the zT value was estimated as the output, while the input
parameters of the model were the molar masses and the tem-
peratures. The model network format of model 1, model 4 and
model 7 were the same.
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3. Results and discussion

3.1. Phase analysis

Formation of the crystalline structure for TE powders based on
the p-type Ca2.7Ag0.3Co4O9 produced by the sol-gel method was
determined by XRD analysis. The XRD patterns of one of the p-
type compositions Ca2.5Ag0.3Eu0.2Co4O9 and Ca2.7Ag0.3Co4O9 are
given in Fig. 3a. Sharp diffraction peaks correspond to the typical
peaks of Ca3Co4O9 (JCPDS: 21–139) in the literature [28] indicating
that the target Ca2.5Ag0.3Eu0.2Co4O9 phase is formed.

The XRD image of one of the n-type compositions is given for
Zn0.96Al0.02Ga0.02O in Fig. 3b. Formation of the crystalline structure
for n-type Zn0.98Al0.02O-based TE powders produced by the sol-gel
Fig. 3. Architectural XRD patterns of the synthesized p- and n-type powders: (a) Ca2.5
typical ZnO peaks (periclase, JCPDS: 01-089-1397).
method was determined by the sharp diffraction peaks corre-
sponding to typical ZnO peaks, and the corresponding phases were
formed. It may be seen from the phase spectrum that the 2h peaks
correspond to typical ZnO peaks (periclase, JCPDS: 01-089-1397)
and compatible with the literature [29]. Note that no other phase
was observed for Ca2.7Ag0.3Co4O9- and Zn0.98Al0.02O-based
powders.

Wide survey XPS spectra for the Ca2.5Ag0.3Eu0.2Co4O9 and Zn0.96-
Al0.02Ga0.02O powders were taken in the range of 0–1350 eV with
an energy step of 1.0 eV to verify the existence of the dopants in
the compositions (Fig. 4). Generally speaking from the oxide ther-
moelectric samples, it is important to realize that the peaks corre-
sponding to Ca, Ag, Eu, Co, and O for the p-type powders and Zn, Al,
Ga, and O for the n-type powders confirm the presence of these
Ag0.3Eu0.2Co4O9 and Ca2.7Ag0.3Co4O9, and (b) Zn0.96Al0.02Ga0.02O and corresponding



Fig. 4. Wide survey XPS spectra of Ca2.5Ag0.3Eu0.2Co4O9 and Zn0.96Al0.02Ga0.02O powders.

S. Kokyay et al. / Engineering Science and Technology, an International Journal 23 (2020) 1476–1485 1481
elements in the powder samples. Moreover, the elemental ID and
quantification of Ca2.5Ag0.3Eu0.2Co4O9 and Zn0.96Al0.02Ga0.02O pow-
ders determined by the XPS study are given in Table 3 with binding
energies (BE) in eV for the components of Ca2p, Ag3d, Eu4d, O1s
and Co2p3/2 for the p-type powders and Zn2p3/2, O1s, Al2p, and
Ga3d for the n-type powders, and their corresponding full-width
at the half maximum (FWHM) along with the respective atomic
concentrations. It is clearly seen from the table that Ca, Ag, Eu, O
and Co were formed at the binding energies of 346, 368, 136,
530 and 780 eV for the p-type powders and Zn, O, Al, Ga and In
were formed at the binding energies of 1023, 533, 77, 22 and
446 eV for the n-type powders. The reason of existing C and Cl in
the XPS spectra is thought to be the reaction with CO2 in air and
the distilled water used to dissolve the precursors, respectively.
Even though the peaks of the dopants were not clearly identified
in the XRD patterns, the effects of the dopants for the p- (Ag and
Eu) and n-type powders (Al and Ga) were observed related to the
peaks in the XPS spectra. Therefore, the doping processes were
considered to be performed successfully. Note that the elementel
analysis as a result of XPS analysis differ from the target composi-
tions due to further surface oxidation of the samples waited for the
analysis [30]. Synthesis of the target compositions were verified by
comparing the XRD peaks with the literature [28,29]. In addition,
XPS technique is a surface technique allowing to go few nanome-
Table 3
Elemental ID and quantification of Ca2.5Ag0.3Eu0.2Co4O9 and Zn0.96Al0.02Ga0.02O powders.

Sample Peak Position BE (eV)

Ca2.5Ag0.3Eu0.2Co4O9 C1s 285.13
Ca2p 346.17
Ag3d 368.14
O1s 530.48
Co2p3/2 780.32
Eu4d 135.71

Zn0.96Al0.02Ga0.02O Zn2p3/2 1023.15
O1s 532.91
Al2p 76.57
Cl2p 201.35
Ga3d 22.41
ters and surface composition is something different than the bulk
one. In this study, XPS technique was used only to determine the
additive effects that cannot be seen in the XRD patterns. In this
regard, a detailed XPS analysis has not been conducted [30].

3.2. Artificial neural network results

The ANN module of MATLAB R2014b was used to estimate elec-
trical resistivity, thermal diffusivity and zT by considering 7 differ-
ent models, based on different training algorithms. The study was
repeated 25 times for each model considered. Considering model 2
in which the thermal diffusivity was estimated by molar mass,
temperature and experimental measurement data, one of the
result plots obtained after the training of the ANN is shown in
Fig. 5. In this plot, the R values belonging to the validation, test
and mean values of all the results are given for estimation of ther-
mal diffusivity. According to the ANN training and test results, only
one unit of data moved away from the fit line, and the others were
clustered completely around the fit line (Fig. 5). This case showed
that the installed models were working correctly in estimating the
desired outputs.

Table 4 shows the algorithms that were applied, and the R and
MAPE values obtained according to these algorithms are shown for
estimation of thermal diffusivity. 123 units of data in the models
FWHM (eV) Weight (%) Elemental (%)

2.647 14.46 N/A
3.119 17.30 15.73
2.268 12.90 4.36
4.263 28.62 65.15
3.191 22.04 13.62
8.964 4.68 1.13
2.964 22.75 7.99
3.810 55.09 79.06
1.820 12.10 10.29
4.960 1.97 N/A
3.729 8.08 2.66



Table 4
R and MAPE values obtained according to applied algorithms of molar mass, temperature and experimental measurement data of thermal diffusivity.

No Algorithm TrainingR Value ValidationR Value Test R Value MAPE Value

1 Lavenberg-Marquardt 0.99983 0.99552 0.99209 0.116760636
2 Lavenberg-Marquardt 0.99834 0.98563 0.99355 0.102116933
3 Lavenberg-Marquardt 0.99997 0.9985 0.99457 0.115338847
4 Lavenberg-Marquardt 0.99994 0.99738 0.99481 0.172059024
5 Lavenberg-Marquardt 0.99997 0.99955 0.98133 0.13002161
6 Lavenberg-Marquardt 0.99196 0.99177 0.99117 0.131712447
7 Lavenberg-Marquardt 0.99994 0.99809 0.99646 0.090470692
8 Lavenberg-Marquardt 0.99946 0.99159 0.95616 0.107265841
9 Lavenberg-Marquardt 0.99696 0.99017 0.99501 0.086118593
10 Lavenberg-Marquardt 0.99985 0.97873 0.97331 0.178433439
11 Scaled Conjugate 0.98255 0.95909 0.97267 0.438720387
12 Scaled Conjugate 0.97266 0.96691 0.96329 0.454364188
13 Scaled Conjugate 0.99241 0.99419 0.9698 0.134942069
14 Scaled Conjugate 0.99247 0.9938 0.98678 0.249553704
15 Scaled Conjugate 0.99327 0.99353 0.98712 0.135944021
16 Bayesian 0.99996 – 0.99708 0.094777347
17 Bayesian 1 – 0.98929 0.220599393
18 Bayesian 0.99999 – 0.9745 0.268101327
19 Bayesian 0.99982 – 0.99797 0.078750941
20 Bayesian 1 – 0.97701 0.253384917
21 Bayesian 0.99957 – 0.99397 0.075632401
22 Bayesian 0.99979 – 0.99485 0.103881268
23 Bayesian 1 – 0.98783 0.181535695
24 Bayesian 0.99987 – 0.98407 0.159495014
25 Bayesian 0.99985 – 0.99006 0.096759119

Table 5
Input-target data, average and maximum accuracy, average R (RAVG), and standard deviations (rR).

Models Inputs Outputs RAVG rR Average Accuracy
(%)

Maximum Accuracy
(%)

Model
1

Molar Mass Temperature Thermal
Diffusivity

0.98805 0.01095 84.02 92

Model
2

Molar Mass TemperatureSeebeck Coefficient Electrical
Resistivity

Thermal
Diffusivity

0.98539 0.01144 83.3 94

Model
3

Seebeck Coefficient Electrical Resistivity Temperature Thermal
Diffusivity

0.97506 0.00815 84 87

Model
4

Molar Mass Temperature Electrical
Resistivity

0.90029 0.069 83.4 89

Model
5

Molar Mass TemperatureSeebeck Coefficient Thermal
Diffusivity

Electrical
Resistivity

0.93991 0.04119 85.1 86

Model
6

Seebeck Coefficient Thermal Diffusivity Temperature Electrical
Resistivity

0.8988 0.05044 67 89

Model
7

Molar Mass Temperature Figure of Merit 0.96378 0.01549 76 92
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were run 25 times in total. The training data were generated by 67
units of data by 55%, the validation data were generated by 25
units by 20%, and the test data were generated by 31 units by
25% of the 123 data units. R and MAPE values were calculated sep-
arately for each model using these data (Table 4) [27,31].

When the algorithm performances were examined, it was seen
that the highest MAPE value was obtained by the Scaled Conjugate
algorithm, and the lowest MAPE value was obtained by the Baye-
sian algorithm. However, some MAPE values obtained by the Baye-
sian algorithm were higher than those obtained by the Lavenberg-
Marquardt algorithm (Table 4). While these results showed that it
was possible to obtain the most accurate estimate from the Baye-
sian algorithm, they also explained the reason for the underuse of
the Scaled Conjugate algorithm. However, it should be considered
that the highest error of the results obtained from the Lavenberg-
Marquardt algorithm would be lower than the highest error
obtained from the Bayesian algorithm.

All R values obtained in the models were achieved using three
different training algorithms. The Bayesian and Lavenberg-
Marquardt algorithms were run 10 times, and the Scaled Conjugate
Gradient algorithm was run 5 times since it was less frequently
preferred in other studies.
The results obtained with the predictive ability of the neural
networks for this study showed that the zT values and the mea-
sured actual data could be estimated with a low error considering
the parameters of the molar masses of the compositions, the actual
data being measured and the temperature. When the models were
analyzed, the input and output parameters, selection of the train-
ing algorithm, the number of hidden layers and the number of neu-
rons in the hidden layer effected the results of the ANN. The
average R values obtained by comparing the experimental results
and the estimated results, as well as the average and maximum
accuracy percentages calculated according to the MAPE results
are given in Table 5. While thermal diffusivity was estimated with
the highest 94% accuracy in model 2, its average accuracy
remained at 83.3%. The highest estimation of electrical resistivity
was realized in model 4 and model 6 as 89%, whereas its average
accuracy remained at 67%. In model 7, the zT value was estimated
with the highest accuracy of 92%, while its average accuracy was
76%, as well (Table 5). According to these results, direct estimation
of the zT value may be more useful for researchers.

In estimating the thermoelectric properties, it is aimed to esti-
mate the zT value, as well as the Seebeck coefficient, electrical
resistivity and thermal conductivity used in calculating the zT



Fig. 5. Architectural R values for estimation of thermal diffusivity by molar mass, temperature and experimental measurement data.
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value. In another study, the Seebeck coefficient was estimated with
94% accuracy [19]. Since thermal diffusivity estimation results are
better than thermal conductivity prediction results, thermal diffu-
sivity estimation results were preferred in this study. As a result of
the preliminary studies, the first three models were developed for
estimation of the thermal diffusivity, model 4, model 5 and model
6 were developed for estimation of electrical resistivity, and model
7 was developed for estimation of the zT value.

Considering model 1, where thermal diffusivity was estimated
using the molar mass and temperature variables, the best average
estimate result was reached as 84.02% and 98.8% RAVG. If the tem-
perature values of the experimental measurements and the molar
masses are known, thermal diffusivity can be estimated with an
average accuracy of 84.02% without any experiments and without
requiring extra cost/time. The best accuracy rate was found to be
92%. Since the input data in this model were data set at the produc-
tion stage, these could provide important ideas for researchers
about the material to be produced without the need for any
measurement.

According to model 2, thermal diffusivity was estimated with
an accuracy of 83.3% and 98.5% RAVG using the molar mass, temper-
ature and experimental measurement data. The best accuracy rate
was found to be 94% in this model. With addition of the Seebeck
coefficient and electrical resistivity into model 1, the average accu-
racy value decreased by 0.7 points, while the highest accuracy
value increased by 2 points. The thermal diffusivity required for
calculation of the zT value must be measured separately. As much
as the thermal conductivity is calculated applying thermal diffusiv-
ity, the results obtained in this model would be capable of assisting
researchers in estimating the zT value without measuring thermal
conductivity.

In model 3, temperature, electrical resistivity and the See-
beck coefficient were taken as the input values to estimate
thermal diffusivity where the best accuracy rate and RAVG were
determined as 87% and 97.5%, respectively. The values obtained
in this model were not suitable for use since they fell behind
the results obtained in model 1 and model 2. In addition to
the thermal diffusivity estimations, studies were carried out
to estimate thermal conductivity directly without the need
for calculation. However, the thermal conductivity estimation
results were not evaluated as they were lower than thermal
diffusivity.
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The electrical resistivity was estimated by the molar mass and
temperature variables in model 4, and the estimation results were
obtained with an accuracy of 83.4% and an RAVG value of 90%. The
best accuracy rate was found to be 89%. In model 5, where electri-
cal resistivity was estimated using the molar mass, temperature
and experimental measurement data, if the input parameters were
known, an average accuracy of 85.1% and RAVG of 93.99% were
obtained. The best accuracy rate was found to be 86%. In model
6, where the electrical resistivity variable was estimated by the
temperature and experimental measurement data, the estimation
results were observed to have an average accuracy of 67% and RAVG

of 89.88%. The best accuracy rate was found to be 89%. The fact that
electrical resistance is directly related to the content of the mate-
rial was perceived by the model, which showed that the models
were working correctly. Whilst the increase in the number of
inputs in model 5 was expected to improve the results, the deteri-
oration of the results showed that the measured values of the See-
beck coefficient and thermal diffusivity revealed negative results in
estimation of electrical resistivity which is also a measured value
and measured together with the Seebeck coefficient.

In the last model, the zT value was estimated with an accuracy
of 76% and RAVG of 96.3% using the molar mass and temperature
variables. The best accuracy rate was found to be 92%. Although
the accuracy of the model was lower in comparison to model 1,
it would be able to develop a point of view for researchers by esti-
mating the zT value at the beginning of the research without mea-
suring the Seebeck coefficient, electrical resistivity and thermal
conductivity.
4. Conclusion

Ca2.7Ag0.3Co4O9- and Zn0.98Al0.02O-based oxide thermoelectric
powder and bulk materials were produced using the sol-gel and
cold pressing methods, respectively. XRD analysis revealed that
Ca2.7Ag0.3Co4O9 and Zn0.98Al0.02O phases were formed, and no
other phase was observed for the Ca2.7Ag0.3Co4O9- and Zn0.98Al0.02-
O-based powders.

The electrical resistivity, thermal diffusivity and zT values of
thermoelectric materials were estimated with different training
algorithms in 7 different prediction models. According to the
results obtained from the models, the best estimation results were
achieved in the prediction models of thermal diffusivity. Estima-
tion of thermal diffusivity helps calculate the zT value without
measuring the thermal diffusivity itself. Especially in models
where the molar masses of the compositions are taken as the input
parameters, obtaining the best estimation results can lead
researchers at the beginning of the research to alternatives where
better results can be obtained.

The models established for estimation of electrical resistivity
yielded lower accuracy rates than the models established for esti-
mation of the thermal diffusivity variable. According to this result,
new models may be developed by using different inputs to
improve the estimation of electrical resistivity. In model 7, it was
shown that the zT value could be estimated with the best accuracy
rate of 92% by the knowledge of the molar mass of the composi-
tions and temperatures of the experiments. This prediction may
provide a point of view to researchers to estimate the zT value
without measuring the Seebeck coefficient, electrical resistivity
and thermal conductivity.
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