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Abstract: The production of high-performing thermoelectrics is limited by the high computational
energy and time required by the current finite element method solvers that are used to analyze
these devices. This paper introduces a new concentrating solar thermoelectric generator made of
segmented materials that have non-uniform leg geometry to provide high efficiency. After this,
the optimum performance of the device is obtained using the finite element method conducted
using ANSYS software. Finally, to solve the high energy and time requirements of the conventional
finite element method, the data generated by finite elements are used to train a regressive artificial
neural network with 10 neurons in the hidden layer. Results are that the power and efficiency
obtained from the optimized device design are 3x and 2 x higher than the original unoptimized
device design. Furthermore, the developed neural network has a high accuracy of 99.95% in learning
the finite element data. Finally, the neural network predicts the modified device performance about
800 x faster than the conventional finite element method. Overall, the paper provides insights into
how thermoelectric manufacturing companies can harness the power of artificial intelligence to
design very high-performing devices while saving time and cost.

Keywords: thermoelectric optimization; segmented variable area leg thermoelectrics; finite element
method; artificial neural networks

1. Introduction

The exponential increase in greenhouse gas emissions has led to the search for more
efficient green energy systems [1]. Among several green energy systems, solar-energy-
powered devices stand out due to the global availability of solar energy in every location
on the Earth [2]. On the other hand, about one-third of the energy generated by internal
combustion engines is exhausted to the environment as waste heat which significantly
increases the rising level of global warming [3]. This is why there have been recent, ac-
celerated research thrusts in developing efficient waste heat conversion systems, such as
thermoelectric generators (TEGs), that directly convert heat to electricity via thermoelectric
effects [4]. Due to the versatility of TEGs, they have found various applications in concen-
trating solar power [5], waste heat scavenging in military vehicles [6], the Mars Curiosity
rover [7], and even body waste heat utilization [8]. Despite these desirous advantages, their
widescale reliance is hindered by their very low efficiencies [9]. Hence, efforts are being
made to increase the device efficiency from device design [10,11] and material property
tweaking [12] perspectives. More information on how thermoelectric device performance
can be enhanced can be obtained from refs. [13-15].
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Conventional
rectangular

Previous efforts have tried to enhance the thermoelectric efficiency by altering the
device geometry design [16,17]. The conventional geometry design of a TEG is the rect-
angular leg geometry, which was found to be less efficient in handling thermal energy
than the variable area leg geometries [18]. The variable area leg geometries that have been
studied include the trapezoidal/prism [19], X [20], cylindrical [21], exponential [22], and
hollow [23] geometries. Variable area leg geometries provide higher efficiencies than the
conventional rectangular leg geometry due to their ability to absorb a higher amount of
heat at the TEG hot junction while rejecting more heat at the TEG cold junction [24]. This is
majorly due to the area difference between the top and bottom surfaces of the leg geometry
compared to the same area distribution in the conventional rectangular area leg geometry.
In the case of the cylindrical leg geometry, the top and bottom areas do not differ, but the
smooth, circular edges provide lower thermal stresses compared to the rectangular leg
geometry [25]. This is why the circular leg TEG provides a higher operational lifetime
than the conventional rectangular leg TEG. Figure 1 shows the various leg geometries that
have been previously explored. Hong et al. [11] utilized material segmentation and finite-
element-aided geometry optimization techniques to design a 16% efficient thermoelectric
device with a high figure of merit of 2.2.

STy
S

Trapezoidal X- Cylindrical

Figure 1. Different types of leg geometries that have been studied previously.

In addjition to device design alteration, other researchers have channeled their efforts
into modifying the material properties of thermoelectric materials [26,27]. In this regard,
material segmentation has been explored rigorously [28,29]. Segmentation relates to stack-
ing up more than one material in a single thermoelectric leg. The materials that make
up a segmented thermoelectric pin are high-temperature and low-temperature materials.
The high-temperature material is placed closer to the device hot junction, while the cold-
temperature material is located near the device cold junction. The segmented device design
enables the TEG module to operate optimally under high-temperature conditions [29]. If
the conventional unsegmented TEG is operated in extremely high-temperature conditions,
the power output and efficiency of the device begins to decrease beyond an optimal work-
ing temperature [30]. However, the high-temperature and low-temperature materials in
the segmented TEG design enable the device to generate higher power and efficiencies
even under high concentrated heat fluxes [31].

Very few researchers have tried to combine material segmentation and device geometry
design alteration to form a hybrid device that is able to provide a higher performance.
Liu et al. [32] designed a new TEG that combines segmentation and asymmetrical leg
geometry using a 3-dimensional model developed in COMSOL multiphysics software.
They found the optimal geometry dimensions of the device, and they concluded that the
original device design was improved by 14.9% and 16.6% when the optimized device
configuration was used. The analysis of a segmented annular TEG device was already
carried out by Fan and Gao [33], who reported that the output power of the segmented
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device was 18.3% higher than that of the single skutterudite design. Ruiz-Ortega et al. [34]
conducted a 1-dimensional, FEM-assisted analysis of a single p-type segmented variable
area leg thermoelectric cooler. They disclosed that the cooling capacity of the thermoelectric
cooler was enhanced by 4.75% when trapezoidal legs were used in place of conventional
rectangular legs. Nevertheless, the optimum geometry dimensions that are needed to
harvest maximum efficiencies and power outputs from the modified device design were
not provided. This work seeks to fill in this gap.

There have been some concerns in the TEG community regarding the extremely long
time and high computational energy required by FEM-based solvers, such as ANSYS,
ABAQUS, and COMSOL multiphysics software, when optimizing the performance of
thermoelectric devices [35]. This is because of the complex nature of the governing heat and
current density equations when solved in three dimensions. This problem becomes more
obvious when the temperature dependency of the thermoelectric materials that comprise
the TEG is considered in the virtual model [36]. This is why several theoretical studies on
TEG optimization completely neglected the effect of temperature dependency in modelling
the thermoelectric device [37,38], thereby, resulting in an overestimation of the device
performance [39]. It becomes even more complicated when segmented thermoelectric
materials are considered because these equations have to be solved simultaneously and
repetitively for each node and grid point. This is a time-consuming process that requires
very high computational energy and, ultimately, cost. This has hindered the ease with
which useful optimization insights can be drawn from numerical studies which can be used
in manufacturing high-performing thermoelectric devices. However, data-driven models,
such as the artificial neural network (ANN), can be used to learn the trends in the data
generated by these multiphysics solvers. After learning the data, the ANN can be used
to easily predict the performance of the TEG in a matter of seconds [40]. This is because,
unlike the multiphysics solvers, the ANN does not need to solve any time-consuming, 3-
dimensional energy and current conservation equations [41]. It simply learns how the data
behave by transferring information from one neuron to the other (just like the human brain)
and then is able to make accurate predictions. This work seeks to overcome the time- and
energy-consuming demands of the conventional multiphysics model by introducing ANNs
as a suitable substitute for predicting the device performance under different operating
conditions. The temperature dependency of all thermoelectric materials in the segmented
pins is also considered to ensure accurate results are obtained.

The literature survey shows that much work has been carried out regarding improving
the TEG performance using material segmentation and leg geometry alteration. This
research work aims to add to the existing body of knowledge in the following ways:

e  Very few works have combined material segmentation and device geometry modifi-
cation to form a new device configuration with higher performance. Moreso, these
works lack in-depth insights regarding the optimum geometry combinations that can
produce maximum power outputs and efficiencies from the device. This study, for the
first in time, conducts this optimization analysis, uncovering the best combination of
heights and cross-sectional areas needed to manufacture a high-performing, modified
device. After this study, the optimization insights drawn from this study will be sent
to TEG manufacturing companies, such as Kryotherm, who specialize in producing
state-of-the-art thermoelectric modules;

e A means of overcoming the high computational energy and time requirements of
traditional, FEM-based multiphysics solvers is introduced by using ANNSs. These
ANN s ease and speed up the rate at which useful information can be drawn from the
performance of the device through data prediction based on successful training. It
is expected that the ANNs can predict the device performance much faster than the
conventional, time-consuming, FEM-based methods. So far, ANNs have not been used
to predict the performance of either segmented or variable area leg thermoelectrics;

e  Therefore, the purpose of this research paper is to, first of all, develop a 3-dimensional
digital twin model of a modified, segmented variable area leg TEG using ANSYS



Energies 2022, 15, 6024

4 of 25

e p’a
\’e \ v fer coefficient

software. After this, a comprehensive geometry optimization of the different segments
is carried out to find the optimum lengths and areas that maximize the new device
power and efficiency while considering all temperature-dependent thermoelectric
properties and effects. Finally, an ANN model is introduced as a substitute for the
computational time- and energy-consuming, traditional, FEM-based multiphysics soft-
ware. This provides an accurate, faster, and more efficient way of predicting the device
performance under different working conditions. In the end, the optimization insights
provided by this study will be very useful to TEG manufacturing companies, such as
Kryotherm, that specialize in manufacturing next-generation thermoelectric devices.

2. Materials and Methods
2.1. System Description

The first step was to develop the virtual computer-aided design (CAD) model that
was used for the simulation. The CAD model was developed using Autodesk Inventor
(San Rafael, CA, USA) 2023 software, and the geometry dimensions of the thermoelectric
legs were fully parametrized to enable compatibility with ANSYS (Canonsburg, PA, USA)
2020 R2 finite element method (FEM) solver software. The virtual CAD model of the
device design, alongside the boundary conditions in annotated form, are clearly depicted in
Figure 2. The predefined CAD was defined in the FEM solver by specifying some important
boundary conditions that are needed to couple the thermal and electrical interfaces. The
incoming concentrated solar energy CG on the TEG hot junction was 250 kW /m?. This was
achieved by utilizing a solar concentrator with an optical concentration ratio of 250 and
assuming clear sky conditions via the AM 1.5G model. The device cold junction temperature
was maintained by specifying a temperature-dependent convective film coefficient h; of
500 W/m?K, which corresponded to the forced convective cooling process. hyj was the
convective heat transfer coefficient at the TEG hot junctions due to heat losses by natural
convection owing to wind speed fluctuations and accounted for by Nolay’s equation [42].
An average wind speed of 1 m/s was assumed, and the corresponding h,; was calculated
using Nolay’s correlation. The dimensions of each component in the modified TEG are
shown in Table 1.

h. j CG: Concentrated solar irra-
oy, e, diance
'Op,% £pj: Hot junction emissivity
hyj: Hot junction heat trans-
- fer coefficient

hj: Cold junction heat trans-

Figure 2. Three-dimensional CAD models of the device configuration—segmented variable area pin
device thermoelectric generator with the specified boundary conditions in annotations.
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Table 1. Geometry parameters used to develop the TEG CAD model.
S/N Component Height (mm) Width (mm) Depth (mm)
1. Hot ceramic plate 0.8 3.1 0.7
2. Cold ceramic plate 0.8 5.8 0.7
3. Copper 0.2 3.1 0.7
4. Solder (small) 0.1 0.7 0.7
5. Solder (big) 0.1 1.4 1.4
6. n-p-type (small) 1.62 0.7 0.7
7. n-p-type (big) 1.62 14 14

After this, the following materials were used to define the various parts of the TEG
module. Ceramic insulators (alumina, 96%) were used to define the hot and cold junctions
of the device. Copper conductor pads enhanced the flow of electric current throughout
the entire module. Lead-free soldering materials (tin-lead, 60-40%) were used to join the
thermoelectric legs to the copper conductor pads. The thermoelectric legs that directly con-
vert thermal energy to electricity were made of segmented skutterudite (high-temperature
materials) and bismuth telluride (low-temperature material).

Figure 3 shows the effect of temperature on the properties (Seebeck coefficient, electri-
cal resistivity, thermal conductivity, and dimensionless figure of merit) of the thermoelectric
materials (SKT—skutterudite and BiTe—bismuth telluride). The mathematical expressions
used to generate the plots are also clearly expressed in Table 2, as documented in ref. [43].
The plots show that bismuth telluride had a higher dimensionless figure of merit than
skutterudite but only for temperature ranges below 500 K. Beyond 500 K, the skutterudite,
dimensionless figure of merit rose gradually and did not decrease like the bismuth telluride.
From these trends, we noted that skutterudite operates better in high-temperature appli-
cations while bismuth telluride is only suitable for low-temperature applications. This is
why the skutterudite was placed near the ceramic hot junction, while the bismuth telluride
was closer to the cold ceramic plate. Finally, Table 3 shows the properties of the various
materials used to define the thermoelectric system in a virtual space. The references from
which these properties were obtained are also included.

0.0004 —@— p-bismuth telluride
0.0003 n-bismuth telluride
g p-Skutterudite
= 0.0002 n-Skutterudite
-
c
2 0.0001 \
£
9]
8 0
é 200 400 600 800 1000 1200
-2 -0.0001
Q
(%]
-0.0002
-0.0003

Temperature (K)

()
Figure 3. Cont.
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Figure 3. Material properties of the high- and low-temperature materials: (a) Seebeck coefficient;
(b) electrical resistivity; (c) thermal conductivity; (d) dimensionless figure of merit [43,44].
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Table 2. Polynomial expressions describing the material properties of the hot and cold segment

thermoelectric materials [43].

Property Expression
Seebeck coefficient (V/K)
p-BiTe —2.24407 x 1071173 + 222834 x 107872 — 7.301 x 107°T + 1.023898 x 103
n-BiTe 1.68178 x 1071173 — 1.77163 x 1078T? + 6.203 x 1070T — 9.54589 x 10~
p-SKT 8.8139 x 1075 — 3.6827 x 107 10T + 5.5507 x 1071072 — 50917 x 101373
n-SKT —7.2398 x 1075 — 2.7340 x 1077T + 2.4331 x 1071972 + 1.4197 x 10~ 1318
Electrical resistivity (Wm)
p-BiTe —7.75456 x 1071373 4+ 7.77051 x 1071072 — 0.01853 x 107°T + 1.60117 x 107>
n-BiTe —6.04782 x 1071373 + 6.09155 x 107 10T? — 1.715 x 1077T +2.11951 x 107>
p-SKT 6.5155 x 1070 — 2.3672 x 1079T +2.6624 x 10~11T2 — 2.0732 x 10~ 14713
n-SKT 29221 x 107 + 1.5542 x 1078T — 4.7078 x 1071272 — 4.1703 x 10~ 1573
Thermal conductivity (W/mK)
p-BiTe —5.82609 x 107873 +1.03491 x 107472 — 0.05011T + 8.726
n-BiTe 3.76869 x 107°T3 +2.81722 x 10~°T? — 0.02057T + 5.09531
p-SKT —2.0660 + 1.6390 x 1072T — 2.4031 x 107°T2 + 1.2202 x 107873
n-SKT 1.4464 + 3.0553 x 1073T — 4.4576 x 107072 +2.4360 x 10~°T°
Dimensionless figure of merit
p-BiTe Spc>T/ ppckpe
n-BiTe Snc>T/ Pnckne
p-SKT SphzT/pphkph
n-SKT thzT/pnhknh
Table 3. TEG electrical and thermal material properties.
Material Specigi;ela:((il}) acity (]13(;;:1?; Then(‘rxL(i(;r}?}lc)tivity Electri(c(g{- fﬁ;StiVity Seebeck Coefficient (VK1) References
Alumina 900 3900 25 - - [18]
Solder 210 7240 37.8 5% 1078 - [30]
Copper 800 3970 401 172 x 1078 - [45]
BiTe 154.4 7740 £(T) £(T) £(T) [46]
SKT 225 6800 AT) AT) AT) [30]

The geometry parameters that were varied were the percentage content of skutterudite
(% SKT), n- and p-type thermoelectric leg height (Hrg), and cross-sectional area (AtE).
The operating conditions which greatly determined the device performance were the
concentrated solar irradiance (CG), cold junction convective film coefficient (h;), wind
speed (v), and ambient temperature (T).

2.2. Governing Equations

The 3-dimensional coupled equation governing thermal-electric multiphysics in the
modified TEG module can be expressed as [47,48]:

§~<k3T)+]2p—r?-3T:o 1)
v. (:}%) e (ﬁT) =0 )

where &, p, k, and T are the temperature-dependent Seebeck coefficient, electrical resistivity,

thermal conductivity, and Thomson coefficient, respectively, ? is the current density vector,
and ¢ is the scalar potential of the electric field. The result of solving these equations using
ANSYS software was the temperature distribution in the various segments of the device.
The hot and cold junction temperatures, in addition to the intermediate temperatures
of the segments, were used to find the corresponding thermodynamic performances of
the device. The finite element method equations, based on Galerkin’s method, solved
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by the ANSYS software, were well documented in ref. [40]. The self-consistency of the
model was explicitly relaxed for the sake of simplicity by neglecting recombination in the
thermoelectric generator model.

The electrical performance and conversion efficiency of the TEG was calculated using
the following expressions [49]:

V =ua(T, — T.) — IR 3)
1%
I=< "y 4)
P = I’R, ®)
Q. = aT.I +K(T), — T;) + 0.5I*°R (6)
Qn = aT,I + K(Tj, — T.) — 0.5I°R (7)
Qc
e=1-—= 8
1t o (8)

where V is the matched load voltage, I is the current generated by the device, Py, is the
device power generation rate, Q. and Qj, are the rate of heat rejection and absorption at
the TEG hot and cold ceramic plates, respectively, and #;, stands for the device conversion
efficiency. T¢ and T}, are the absolute temperatures at the TEG hot and cold ceramic plates,
respectively. R is the resistance to electrical current flow offered by the TE legs. R, is the
load resistance connected across the TEG terminals, and K is the ease with which thermal
energy flows through the TE legs. The TEG is assumed to operate under matched load
conditions, R = R, [47], and R and K are calculated using geometry parameters of the
thermoelectric leg, as specified clearly in ref. [18].

The energy efficiency of the solar-concentrating thermoelectric generator #,; is ob-
tained using the following expressions [50]:

Hen = HoptMabsHauxte )

where the optical efficiency is represented as 77opt, 7415 is the absorber efficiency, and 774,x
is the auxiliary efficiency. These efficiencies account for the losses owing to radiation and
convection encountered at the top of the solar concentrator and the interface between the
solar concentrator and the TEG hot junction. Conventionally, it is assumed that these
efficiencies are equal to 0.95 [51,52].

2.3. Data Generation Process

The data used to train the ANN used in this work were generated from verified finite
element simulations carried out by ANSYS software. ANSYS is a commercially obtainable
simulation software that is characterized by very high accuracy, and it has found several
applications in simulating the thermodynamic [53] and thermo-structural [54] performances
of conventional [55], non-uniform area leg [56] and cascaded [53] thermoelectric generators.
For computational ease, the simulated device was a thermoelectric unicouple cell, as shown
in Figure 2. The dataset used for the ANN training was obtained by randomly generating
15 datapoints for each parameter. These 15 parameters were sufficient to show when
the maximum performance parameters were obtained. The sets of parameters that were
randomly generated were imposed as boundary conditions and geometry parameters in
ANSYS to determine the TEG power output (Pt) and energy efficiency (#.,). During
the simulation, the TEG external load resistance was assumed equal to the temperature-
dependent electrical load resistance (matched load power operation).

The accuracy of the simulation results was first determined by implementing a mesh
independent study. This was achieved by using the parametric mesh convergence tool
in ANSYS software to find at which mesh size the output results (hot junction and cold
junction temperatures) become independent of the number of mesh elements generated.
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The results of the mesh convergence study are shown in Figure 4. Additionally, Figure 5
shows the mesh and temperature distributions that were obtained as the mesh element
size was varied from 0.01 mm (extremely fine) to 0.1 mm (coarse) in steps of 90 pm.
The plots indicate that as the mesh type transited from extremely fine to coarse, the
number of mesh nodes decreased significantly, and the resulting temperature distribution
varied significantly. More specifically, it was noted that temperatures obtained from the
coarse mesh distribution were higher than those obtained from the extremely fine mesh
distribution. This was because of the higher number of mesh nodes generated from the
extremely fine mesh distribution. Furthermore, the parametric mesh plot showed that,
beyond a mesh node of 20,000, the hot and cold junction temperatures were very similar.
This is why, throughout this work, the extremely fine mesh distribution was maintained to
ensure accuracy.

668 T T T T T T T 39975
W\ 1399.7
666 [

1399.65
< <
o 904 {3996 @
= —-—
© ®
o 1399.55 @
D 662 Gé'
E’ 13995 @
c c
O 660 | S
g Hot junction temperature 399.45 &
=, Cold junction temperature =,
S 658 n 1399.4 %
- O

1399.35

656 1
[ 1399.3
654 ' ' ' ' ' ' ' 399.25
0 1 2 3 4 5] 6 7 8
Mesh nodes x10*

Figure 4. Results of the mesh convergence study.
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Figure 5. Cont.
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A: Modified device design (segmented variable area pin TEG)

Temperature
Type: Temperature
Unit: K

Time: 1
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— ]
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(d)

Figure 5. Mesh and temperature distributions for the extremely fine and coarse meshing.
(a,b) extremely fine, (c,d) coarse.
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(a)

C 1
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477.04

[
455,93 413.71
434,82

371
392.59

Finally, the results of the finite element model were compared to those of an exper-
imental study [57] as depicted in Figure 6. This was achieved by developing the CAD
model of the thermoelectric module used in the reference study. After that, the CAD model
was imported to ANSYS, and the experimental operating conditions of the operating TEG
were imposed on the numerical model. This involved varying the hot junction temperature
from 378.15 K to 498.15 K using an electric heater while maintaining the cold junction
temperature at 308.15 K by water cooling. The results of the comparative analysis are
clearly shown in Figure 6. Figure 6a,b show the three-dimensional temperature and electric
voltage distributions in the thermoelectric module, respectively. Figure 6c,d depict the
comparisons between the experimental and theoretical results. The plot shows that there
was very little deviation between the experimental and theoretical results, hence, showing
the accuracy of the numerical model.

(b)

6.7 44

LI
10 Max
8.9

.48 329.26

350.37 308.15 Min

(c)

(d)

=]

Power output (W)
[, [} ~
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1
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L L L L L . 7 2 s L L L L 25
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Hot junction temperature (K)

Figure 6. Comparison between experimental and finite element results. (a,b) temperature and voltage
distributions, (c,d) variation of power and efficiency with device hot junction temperature.

2.4. Configuring the ANN

Figure 7 shows the configuration of the feed-forward backpropagation regressive
artificial neural network used in this study. The network was a two-layer feed-forward
network with sigmoid hidden neurons and linear output neurons. The construction of the
network was carried out by fully connecting the input layer that was made of the geometry
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parameters and the operating conditions with the output layer that comprised the output
power and energy efficiency. The connection of the input layer to the output layer was
made possible by using 10 neurons in the hidden layer. In this work, a loss function,
the mean squared error (MSE), was used to allow backpropagation in the network. The
MSE was defined as the average squared difference between the outputs (ANN predicted
values) and the targets (results generated by the ANSYS simulation). Furthermore, the
regression R values were used to measure the correlation between the outputs and targets.
When R =1, it means a close relationship, and, when R = 0, it means no relationship or a
random relationship. The dataset generated during the ANSYS simulation was divided
randomly according to 70%, 15%, and 15% for training, validation, and testing purposes,
respectively. The training data were used as inputs to the ANN, and they were used to
optimize the network through backpropagation by updating the bias and weights of each
neuron. The data partitioned for validation were used to inspect the network, functioning
as a check for underfitting or overfitting during training. The test data were entirely
new data introduced to the network to check the prediction accuracy of the network after
training. The neural network algorithm was developed using the MATLAB platform via the
neural fitting tool application. The network was trained using the Levenberg-Marquardt
backpropagation algorithm. Further insights into the code used to build the neural network
are provided here.

Geometry parameters  Operating conditions

Input layer
XN AL X/ \X L L
N ISERSISEAT
AR
SN
N
Hidden layer
Output layer

Figure 7. Architecture of the artificial neural network used to predict the device performance. The
geometry parameters and device thermal operating conditions made up the input layer, while the
outputs were the device power output and energy efficiency.

3. Results

This section shows the results that were obtained from the finite element method
(FEM)-based optimization of the modified concentrating solar thermoelectric generator
with variable area leg geometry. Furthermore, the artificial neural network (ANN)-assisted
performance prediction of the device is also shown. Figure 8 shows the characteristics
of the neural network model, while Figure 9 shows the FEM-optimized results and the
ANN-predicted values. Finally, a comparison is made between the original (unoptimized)
parameters and the final (optimized) parameters in Table 4.
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Figure 8. Characteristics of the regressive ANN model used to predict the TEG performance.
(a) mean squared error of the model, (b) regression plot of the model, (c) snapshot of the neural
network fitting application after successful training.



Energies 2022, 15, 6024

16 of 25

0.07

0.06

©

o

(&)}
T

Power (W)

o

(@]

N
T

T

0.01

FEM, Power (W)
ANN, Power (W)
FEM, Efficiency (%)
ANN, Efficiency (%)

1 1 1

4.5

10.5

0.07

10 20 30 40

50 60 70

80 90

Percentage content of Skutterudite (%)

(a)

100

0.06

0.01

L

FEM, Power (W)

® ANN, Power (W)

FEM, Efficiency (%)

ANN, Efficiency (%)

1

5.5

5

10

Height of thermoelectric leg (mm)

Figure 9. Cont.

(b)

0.5
15

Efficiency (%)

Efficiency (%)



Energies 2022, 15, 6024

17 of 25

0.12

T T T T T 5.5
FEM, Power (W)
011 ® ANN, Power(W) |5
FEM, Efficiency (%)
B ANN, Efficiency (%)
0.1 14.5
0.09 14
=3
@ 0.08 135
2
(o]
o
0.07 13
0.06 125
0.05 12
0.04 : : : 1.5
0 0.5 1 1.5 2 2.5 3
Area of thermoelectric leg (mm2)
(c)
0.07 T T . . T T 4
0.06 35
0.05
3
Z 004 F
o 25
3
S 0.03f

<

o

N
T

FEM, Power (W)
® ANN, Power (W) 1.5
FEM, Efficiency (%)
B ANN, Efficiency (%)

1 1 1 1 1 1 1 1
100 150 200 250 300 350 400 450

Concentrated solar irradiance (Suns)

(d)

Figure 9. Cont.

Efficiency (%)

Efficiency (%)



Energies 2022, 15, 6024

18 of 25

0.08
0.07
0.06 [
0.05 - ~
= X
S FEM, Power (W) <>;’
o 0.04 ® ANN, Power (W) 13 ¢
g FEM, Efficiency (%) 3
o 003l ®  ANN, Efficiency (%) &=
12
0.02 [
711
0.01
0 1 1 1 1 1 0
0 500 1000 1500 2000 2500 3000
Convective cooling coefficient (W/mz-K)
(e)
0.0525 . T T T . T T T 4.07
FEM, Power (W)
® ANN, Power (W)
FEM, Efficiency (%) |4 4.06
0052 \@ ®  ANN, Efficiency (%)
14.05
—~ 0.0515
=
g . {4.04
(o)
& 0.051F
14.03
| ]
0.0505 -
14.02
0.05 ' : : : : : ' : 4.01
0.5 1 1.5 2 2.5 3 3.5 4 45 5
Wind speed (m/s)
(f)

Figure 9. Cont.

Efficiency (%)



Energies 2022, 15, 6024

19 of 25

0.057 l I I . : . : I 4.9
FEM, Power (W)
0.056 ® ANN, Power (W) 148
FEM, Efficiency (%) '
0.055 B ANN, Efficiency (%)
4.7
0.054
= 0.053 S
=3 %)
@ 0.052 45 ¢
2 o
e 2
0.051 44 10
0.05 -
4.3
0.049
0.048 4.2
0.047 ' ' ' ' ' . : : 4.1
270 275 280 285 290 295 300 305 310 315

Ambient temperature (K)
(8)

Figure 9. FEM-based optimization and ANN-informed prediction of the modified TEG device.
(a) percentage amount of Skutterudite, (b,c) height and cross-sectional area of thermoelectric legs,
(d) concentrated solar irradiance, (e) connective cooling heat transfer coefficient, (f) wind speed,
(g) ambient temperature.

Table 4. Comparison between the optimum and original parameters for maximum energy efficiency.

S/N Parameter Unit Original Values  Optimum Value

Percentage content o

L. of skutterudite Yo 50 37

2. Height of thermoelectric leg mm 1.62 3.2

3. Cross—sectlonal. area of mm2 1.9 036
thermoelectric leg

4. Concentrated solar irradiance Suns 250 279

5. Convective cooling coefficient kW /m2K 0.5 3

6. Wind speed m/s 1 0.5

7. Ambient temperature K 295.15 273.15

4. Discussion

This section discusses the results that were obtained and presented in the previous sec-
tion. Figure 8a shows that the best validation performance was obtained after 275 iterations.
It also shows that the validation error was the highest, followed by the test error and, lastly,
the train error. The fact that the test error was higher than the training error shows a good
correlation between the input values and the predicted values, as reported by refs. [58-60].
This shows that the multilayer perceptron model has a good fitting capacity. Furthermore,
as the number of epochs increased beyond 200, the test error seemed to increase a bit, while
the train error decreased perpetually, indicating a good fit. A similar observation was also
made by ref. [61].

Figure 8b shows the regression plot of the multilayer perceptron ANN model. The plot
indicates that the training and testing processes had a perfect correlation of 100%, while
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the validation process had a high correlation of 99.95%. For all the processes, the regression
fidelity was 99.99%, which indicates a very high correlation.

Figure 8c shows the snapshot of the neural network fitting tool in MATLAB software.
The network architecture developed in MATLAB is shown. Here, the number of inputs
was 7, and the number of outputs was 14. The number of hidden neurons was 10. The
seven inputs corresponded to the geometry parameters and the operating conditions that
were imposed on the modified TEG in ANSYS, while the 14 outputs corresponded to
the seven power outputs and efficiencies obtained as each input was varied. The data
division was randomly distributed in a ratio of 2:1:1, while the training algorithm was
the Levenberg-Marquardt algorithm. The performance parameter was the mean squared
error, and the calculations were carried out using the MEX function in MATLAB. The major
results showed that, after 12 s, the neural network achieved a performance of 1.8 x 10~8 in
just six validation checks. Meanwhile, the average time for generating a single datapoint
in ANSYS software was 1 min 33 s (93 s). When this was multiplied by seven parameters,
15 datapoints per parameter, this gave a total of 9765 s, which indicated that the neural
network was about 800 times faster than the conventional finite element method solver.
Similar observations were also reported by previous scholars who showed how much faster
and more efficient this method is than the conventional finite element method used to
analyze non-segmented, uniform leg thermoelectric generators [62-64].

The results in Figure 9 show the neural network fitting of the ANSYS-generated data-
points for each parameter that was varied. Figure 9a displays the effect of increasing the
percentage of skutterudite content (while decreasing the bismuth telluride content) on the
modified TEG power output and efficiency. The skutterudite content was varied by increas-
ing the n- and p-type hot segment (skutterudite) heights while decreasing the cold segment
(bismuth telluride) heights. The percentage content was calculated using the expression
Hsgr/Hrg % 100. The plot shows that the maximum power and efficiency were obtained
at optimum percentage skutterudite contents. It was also noticed that the optimum skut-
terudite content for maximum power was slightly lower than that for maximum efficiency.
This means that, unlike the 50% skutterudite and bismuth telluride contents in the conven-
tional segmented thermoelectric generator, the optimum skutterudite content for maximum
efficiency was 37%, while that for maximum power was 25%. Similar to this work, Shittu
et al. [30] also reported the effects of optimizing the skutterudite-bismuth telluride ratio so
as to maximize the energy efficiency of segmented thermoelectric generators.

Figure 9b shows the variation of the modified device power and efficiency as the thermo-
electric leg height was increased sequentially. The plot shows that as the thermoelectric leg
height increased, the device power and efficiency increased as well, then attained a maximum
value and was followed by a rapid decline even as the leg height increased. This connotes
that, for a concentrated solar thermoelectric generator, there exists an optimum leg height
that can produce maximum power and efficiency in the device. The original leg height was
1.62 mm; however, from the plots, it can be seen that the maximum power and efficiency were
obtained at an optimum leg height of 3.2 mm. Additionally, Figure 9c also shows that the
maximum power and efficiency were obtained when optimum leg cross-sectional areas were
used. The thermoelectric leg area was varied by altering the thermoelectric leg width, then
the resulting cross-sectional area was determined. The plot shows that the optimum areas
needed to produce maximum power and efficiencies were 0.25 mm? and 0.36 mm?, respec-
tively. The reason for the parabolic relationship between the thermoelectric leg heights/areas
and the power/ efficiency is that, as the height/area was varied, the corresponding temper-
atures in the device changed as well. These temperatures exerted notable influences on the
temperature-dependent material properties of the device which, in turn, determined the
power and efficiency of the device. Previous works [21,65-67] have also shown similar effects
of the thermoelement height and cross-sectional area on device power and efficiency when
operated under various thermal operating conditions, indicating that optimum heights and
cross-sectional areas are necessary to maximize device performance.
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After the optimum device geometry parameters were obtained, the optimum operating
conditions were investigated. Figure 9d shows the impact of concentrated solar irradiance
on the device power output and efficiencies. The plot shows that the peak power and
efficiency were obtained at different optimum concentrated solar irradiances. It was noted
that the peak power and efficiency were obtained at optimum concentrated solar irradiances
of 336 suns and 279 suns, respectively. This means that a higher power output was needed to
further maximize the device power output. In comparison to the original concentrated solar
irradiance of 250 suns, the optimums for maximum power and efficiency greatly differed.
The results of varying the optimum solar flux on the device performance significantly agreed
with the experimental and theoretical works of previous scholars [52,68,69]. Figure 9e further
shows the effects of convective cooling heat transfer coefficients on the device power and
efficiencies. The plot shows that as long as the cold junction convective film coefficient
was increasing, the device power and efficiencies always increased. This is due to the
higher rate of thermal energy outflow from the device cold junction for a constant heat
inflow. However, it was noted that the device power and efficiency experienced the highest
increase when the convective film coefficient increased from 200 W/m?K to 700 W/m?K. As
the convective film coefficient was further increased beyond 700 W/ m?K, the increase in the
power and efficiency began to increase. This can be explained by considering the inherent
thermal resistance of the cold junction alumina material. The implication of this result is that
achieving higher heat transfer coefficients comes with a higher cost since forced convective
media, such as fans and blowers, are required. Therefore, economic considerations must be
made regarding the type of cooling media to be used in operating thermoelectric generators.
The advantages of higher convective film coefficients on the system efficiency and power
production have been shown in these works [70-72] with negligible increases in the system
performance even as the heat transfer coefficients are further increased. Finally, Figure 9f,g
shows the dependence of wind speed and ambient temperature on the device power and
efficiency. It is evident from both plots that the device power and efficiency decreased as
the wind speed and ambient temperature increased. The reason for this is that a higher
wind speed decreases the amount of thermal energy that can be held at the device hot
junction, which reduces the device temperature difference and, ultimately, device power
output and efficiency. Similarly, a higher ambient temperature leads to a higher heating
effect on the device, which limits the amount of thermal spread between the device hot
and cold junctions, thus, decreasing the obtainable device temperature difference and
power/efficiency. Therefore, for maximum device performance, it is preferrable to operate
concentrating solar thermoelectric generators in regions where the wind speed and ambient
temperature are low, in agreement with similar works on the effects of environmental
parameters on the performance of solar thermoelectric generating systems [30,52,73].

Overall, the results indicate that the multilayer perceptron neural network provided
an almost perfect fitting with the ANSYS-generated results. After the training, the neural
network codes were exported to a live script that can be used to predict the performance of
any thermoelectric generator given some initial inputs and outputs. This means that the
neural network can provide a much faster and efficient means of predicting the performance
of a modified thermoelectric device compared to the conventional, time-consuming finite
element method, which agrees with the previous works of other scholars who focused
on the traditional device design [35,59,61,74]. Therefore, it is strongly encouraged that
thermoelectric generator designing companies such as Kryotherm adopt the neural network
fitting method in predicting the performance of thermoelectric devices since it can facilitate
the quick design and production of high-performing thermoelectric devices.

To estimate the significance of optimizing the geometry parameters and operating condi-
tions of the new device design, Table 4 shows a comparison between the initial and optimized
parameters for maximum device efficiency. The table shows that the calculated optimum
parameters were very different from the initial parameters and conditions used to model the
device as specified by the manufacturers and operators. More importantly, it was noted that
the device had a power and efficiency of 0.05 W and 4%, respectively, when the original /initial
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parameters were used. However, after optimizing the device performance, the maximum
power and efficiency obtained were 0.14 W and 8%, respectively, when the optimum parame-
ters were used. This signifies that the optimization doubled the device efficiency, while the
power output was almost tripled, hence, showing the efficacy of the optimization carried out
in this work. This agrees with the findings of previous scholars [65,75,76], who showed the
higher efficiencies and power outputs obtained after optimization was conducted on the
thermoelements’ geometry and thermal operating conditions.

5. Conclusions

In this research work, the finite-element-method-based design of a new concentrating
solar thermoelectric generator design (segmented variable area leg) was carried out using
ANSYS software. After the device was designed, the comprehensive optimization of
the geometry parameters, as well as the operating conditions, was carried out. Then,
a multilayer perceptron regressive artificial neural network was developed using the
MATLAB neural network fitting tool application to overcome the high computational
energy and time requirements of the ANSYS finite-element-based solver. At the end,
the efficacy of the optimization process was determined by comparing the power and
efficiency of the optimized device and the original (unoptimized) device. Among the
several interesting results obtained, the following important conclusions were made:

e  The optimum parameters for maximum device power and efficiency were calculated
and obtained by using a verified finite element method developed in ANSYS. The
optimum parameters were very different from the original operating parameters
that were specified by the manufacturers and device operators. At the end of the
optimization, the performance of the original device and the optimized device were
compared, and it was found that the power and efficiency of the optimized device
were 3x and 2x higher than that of the original device, respectively;

e  The multilayer perceptron regressive artificial neural network built using MATLAB
codes was found to be very accurate in learning the data generated by the finite
element method. The training, testing, and validation regression were 100%, 100%,
and 99.95%, respectively. Furthermore, it was found that the best validation loss
function (mean squared error) of 0.004 was obtained after 275 iterations. Additionally,
the lowest mean squared error of 1.8 x 1078 was obtained during the training process.
Most importantly, it was shown that the neural network perfectly learnt the finite
element data in just 12 s, which was more than 800 faster than the finite-element-
method-based solver. Therefore, the neural network fitting approach is more efficient
in predicting the performance of any thermoelectric generator given some predefined
input, thus, facilitating the fast production of high-performing thermoelectric devices;

e  Many interesting findings were uncovered in this study; however, there is always
room for future studies in every good research endeavor. The next study will seek to
model a fully modified thermoelectric device made of several thermoelectric cells to
find the optimum number of couples that produces the highest performance in the
modified device design. After that, a neural network fitting approach will be intro-
duced to quickly facilitate the ease and speed at which optimization information can
be drawn to model very efficient, high-performing thermoelectric devices. Thereafter,
the operational lifetime of a circular leg thermoelectric generator and the proposed
trapezoidal leg thermoelectric generator will be compared when operated under the
same solar flux boundary conditions.
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