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A B S T R A C T   

This study presents a Bayesian neural network for the comprehensive performance forecast of an 
advanced thermoelectric system featuring segmented thermocouples with variable area shape for 
optimal solar energy conversion. The training data is obtained from a three-dimensional nu
merical model developed in ANSYS software to account for the energy, exergy, and entropy flows 
in the thermoelectric module to maximize the power output, energy, and exergy efficiencies while 
minimizing the entropy generation and system irreversibilities. The thermodynamic model op
timizes key parameters, including geometry (height, cross-section, and percentage skutterudite 
content) across realistic diverse heat fluxes and cooling coefficients. To facilitate a faster and 
more efficient optimization pipeline, various neural networks, leveraging algorithms like 
Levenberg-Marquardt, scaled conjugate gradient, and Bayesian regularization, are utilized for 
efficient data management and accurate performance prediction. The Bayesian neural network 
emerges as the most accurate and efficient model providing the lowest training and testing loss of 
~10− 9. Furthermore, key findings highlight the importance of skutterudite content and solar 
concentration ratio. For instance, an optimal skutterudite content of 6.2 % at 25 Suns produces 
maximum power of 29.7 W, while 37 % skutterudite at 75 Suns minimizes exergy destruction. 
This study’s methodology and findings contribute to designing more efficient clean energy sys
tems and advancing sustainable energy goals.  
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Nomenclature 

Abbreviation 
ANN Artificial neural network 
iTe Bismuth telluride 
BR Bayesian regularization 
COD Coefficients of determination 
FEM Finite element method 
LM Levenberg-marquardt 
MLP Multilayer perceptron 
MSE Mean square error 
PbTe Lead telluride 
R2 Coefficient of determination 
RSS Residual sum of squares 
SCG Scaled conjugate gradient 
SKT Skutterudite 
STEGs Segmented thermoelectric generators 
SVAL TEGs Segmented variable area leg thermoelectric generators 
TEGs Thermoelectric generators 
TSS Total sum of squares 

Symbols 
Amod Surface area (mm2) 
Copt Optical solar concentration ratio 
G Solar irradiance (W/m2) 
hconv,c Cold junction convective film coefficient (kW/m2K) 
hconv,h Hot junction convective film coefficient (W/m2K) 
I Identity matrix 
J→ Local current density 
k Thermal conductivity (W/mK) 
ηa Absorption efficiency 
ηen Energy efficiency 
ηex Exergy efficiency 
ηopt Optical efficiency 
ηte Thermoelectric efficiency 
ρ Electrical resistivity (Ω⋅m) 
P Search direction vector 
Pte Power output (W) 
Qc Heat out (W) 
Qin Heat flux on the ceramic plate at the hot end (W) 
Qh Heat in (W) 
qout Cooling effect of the cold junction (W) 
R2 Coefficient of determination value 
S Seebeck coefficient (V/K) 
T Absolute temperature (K) 
Tfilm Film Temperature (K) 
Ts Sun temperature (K) 
τ Thomson coefficient (V/K) 
Ta Air temperature (K) 
Tc Cold junction temperature (K) 
w Wind speed (m/s) 
wi Weight associated with input i 
W Vector of weights and biases 
vk Weighted sum of the inputs 
xi Input signal 
yi Target output 
yí Predicted output for the ith data point 
ZT Figure of merit (− ) 
α Step size 

H. Alghamdi et al.                                                                                                                                                                                                     



Case Studies in Thermal Engineering 61 (2024) 104940

3

β Conjugate gradient update parameter 
ϕ(vk) Output of the sigmoid activation function 
λ Damping factor 
δ Parameter update vector 

Subscripts 
conv,c Cold junction convective film coefficient 
conv,h Hot junction convective film coefficient 
c Cold junction temperature 
d Destruction 
gen Generation 
in Input 
opt Optical 
re Regularized 
te Thermoelectric  

1. introduction 

The increasing energy scarcity and growing emphasis on environmental conservation have sparked global initiatives to research 
and develop sustainable, eco-friendly energy alternatives. One such solution is thermoelectric technology, which utilizes semi
conductors to directly convert heat into electricity, attracting significant attention. In addition to its manageable noise pollution, this 
technology boasts numerous benefits, such as compact size, lightweight construction, affordable operation, outstanding reliability, and 
environmental compatibility. 

The performance of thermoelectric materials is assessed using the figure-of-merit, ZT = S2 T/ρk, where S stands for the Seebeck 
coefficient, ρ indicates electrical resistivity, k symbolizes thermal conductivity, and T represents the absolute temperature at which 
thermoelectric properties are determined. Higher ZT values can substantially improve the power output and conversion efficiency of 
thermoelectric generators (TEGs). As materials with a ZT value greater than 1 are typically deemed commercially viable, enhancing ZT 
continues to be a primary objective for thermoelectric researchers and manufacturers. Various strategies have been proposed to in
crease ZT, such as element doping, developing multi-scale microstructures, and modifying atomic and molecular structures in ther
moelectric semiconductors [1]. Li et al. [2] synthesized a series of Yb-single skutterudites with an increased filling fraction limit of 0.5, 
compared to 0.3 in standard CoSb3, leading to a lower k of 1.75 Wm− 1K− 1 at 600 K and a high ZT of 1.34 at 780 K. Yanagisawa et al. [3] 
decreased the k of the Si membrane in a poly-Si TEG by 60 % using a 300 nm nano-patterning technique based on the mean free path 
spectrum of thermal phonons. This alteration doubled the ZT of the unpatterned membrane, while increasing its temperature gradient, 
resulting in four times and ten times higher voltage and power density, respectively. 

In the past two decades, the field of thermoelectric materials has seen significant advancements, with some documented ZT values 
nearing 4 [4]. It is important to understand that ZT is not constant; instead, it is primarily expressed as a temperature-dependent 
polynomial function that varies depending on the thermoelectric material and does not consistently increase with rising operating 
temperatures. As a result, there is an optimal temperature range for achieving high ZT values for each thermoelectric material. This 
classification leads to thermoelectric materials being categorized into high-temperature materials, medium-temperature materials, 
and low-temperature materials [5]. Tetradymites, initially studied in the 1950s [6] and typically composed of (Bi,Sb)2(Te,Se)3, are a 
common family of TE compounds used for near room temperature applications. They have the R 3 m crystal structure and perform 
optimally within the 300–500 K temperature range [7]. Notably, Bi2Te3 (BiTe) alloys exhibit high ZT values of 1.2 at 357 K [8] and 1.4 
at 373 K [9] for n- and p-type semiconductors, respectively. The material’s ZT declines when the TEG operates at temperatures beyond 
the optimal range. Medium temperature materials (500–900 K) primarily consist of lead salts used for power generation applications. 
More recently, skutterudites (SKT) and tetrahedrites have also been classified as middle temperature materials, with n-SKT reaching 
peak ZT values of 1.7 at 850 K [10] and p-PbTe (lead telluride) 2.2 [11] at 915 K. For high temperature materials (>900 K), lower ZT 
values greater than 1 have been reported for SiGe and FeNSb-based alloys [12]; however, similar conversion efficiencies to medium 
temperature materials can be achieved due to the higher temperature gradient. 

When concentrating solar TEGs operate at high solar concentrations and, consequently, high temperatures, using a single TE 
material in the semiconductor’s legs may not efficiently cover the entire operating temperature range. This limitation also applies to 
TEGs used in automotive waste heat recovery systems, where operating temperatures can surpass 1000 K under maximum load 
conditions [13]. To address this issue, the first functionally graded/segmented TEG (STEG) was developed, and several efforts were 
made to maximize its efficiency by optimizing the height of the semiconductors [14]. Kuznetsov et al. [15] achieved a 10 % efficiency 
across an applied temperature gradient of 223 K–423 K using a segmented Bi2Te3 TEG, which outperformed the standard Bi2Te3 TEG. 
The STEG was created by joining two melted Bi2Te3 materials with peak ZT values at 270 K and 380 K, using the Bridgman method and 
a double doping technique. The p-type thermocouple was fabricated from a solid solution of ((Bi2Te3)0.25(Sb2Te3)0.72(Sb2Se3)0.03, 
doped with 2–4 wt% Te and 0.05–0.2 wt% SbI3, while the n-type material consisted of a solid solution 
(Bi2Te3)0.7(Sb2Te3)0.25(Sb2Se3)0.05. 

Current research on STEGs can be classified into three main areas, as summarized in Supplementary file Table S1. The review 
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demonstrates that the performance improvements offered by STEGs compared to traditional TEGs using uniform materials have been 
well-established. 

The design of the TE pins’ structure plays a crucial role in determining the overall performance of a TEG. Existing research has 
explored the impact of various geometric factors, such as TE height and cross-sectional area, on the device’s performance. Fan et al. 
[16] introduced a 1D mathematical model for determining the optimal leg length and area ratios under fixed thermal boundary 
conditions. Luo and Kim [17] utilized a numerical model in ANSYS to examine the influence of cross-sectional area ratios and contact 
resistance on a two-stage TEG’s performance, finding that a maximum efficiency of 8.7 % was achieved when the area ratio between 
the cold and hot stages was 1.1 (almost unity). Yusuf et al. [18] created a 1D mathematical model for TEG geometry optimization using 
a genetic algorithm, considering electrical and thermal contact resistances. They reported a maximum power and efficiency of 30.1 W 
and 9.87 % at 500 K, respectively. Ferreira-Teixeira and Pereira [19] employed a 3D FEM model in COMSOL to investigate the optimal 
geometry parameters for a TEG, discovering that under a fixed thermal gradient of 47 K, an optimal height-width ratio of 0.005 existed. 

Commercially available TEGs typically feature rectangular-shaped pins with uniform cross-sectional areas along the vertical axis of 
the leg length. However, alternative leg geometries with varying cross-sectional areas have been proposed to enhance TEG perfor
mance. One of the earliest efforts to introduce variable area leg TE couples (VAL TECs) for improved power and efficiency was made by 
Soviet researcher Ioffe in his book [20]. Brandt [21] utilized Ioffe’s equations to provide computer solutions to the governing equations 
of VAL TECs. Subsequently, Ali et al. [22] performed an exergy analysis of VAL TECs featuring an X-leg geometry configuration. 
Ibeagwu [23] employed a 3D numerical model in COMSOL to demonstrate that, given fixed hot and cold junction temperatures of 420 
K and 300 K, respectively, the X-leg TEG generated 19.13 % more power than its rectangular leg counterpart. Fabián-Mijangos et al. 
[24] conducted the first experimental fabrication of a VAL TEG with nine couples, reporting a twofold increase in ZT compared to a 
conventional TEG. 

Recently, a few studies have aimed to combine segmentation and variable area leg geometry to enhance TEG performance [25] and 
further studies deployed double-stage segmentation for similar goal. The motivation behind these studies was the assumption that 
since STEGs and VAL TEGs demonstrated superior performance compared to traditional TEGs, an appropriate combination of both 
technologies could result in a high-performing TEG. The first attempt at segmented variable area leg TE couples (SVAL TECs) was made 
by Liu et al. [26] using a 3D numerical model developed in COMSOL Multiphysics for solar energy applications. The authors presented 
a generalized model to predict the optimal leg length ratio for any leg shape TEG. They noted that, for an optimal leg length ratio of 
2.5:3.5, the maximum power of the STEG (0.0855 W) improved by 4.21 % when using VAL TECs. All simulation results were conducted 
for a fixed concentrated solar flux of 65.1 kWm− 2. These innovative findings motivated Shittu et al. [27] to use the same software and 
numerical model to optimize the SVAL TEC’s geometry for minimum von-Mises stress in the legs while maintaining high power under 
rectangular pulsed heating conditions. The researchers found that the power output was maximized at an optimum height ratio of 0.2. 
Subsequently, Zhang et al. [28], reported that the optimal performance of a TEG for a specified volume can only be achieved by 
combining segmented variable area legs to form an SVAL TEG. They also demonstrated that, for a temperature gradient of 300 K, the 
output power of the SVAL TEG was 51.71 % and 7.57 % higher than that of conventional and variable area leg TEGs, respectively. 

Optimizing TEGs for concentrated solar power necessitates a meticulous exploration of pivotal parameters, particularly those 
governing heat fluxes and cooling coefficients. These factors, such as the solar concentration ratio and convective heat transfer co
efficients, wield substantial influence over TEG performance metrics - power output, efficiency, and reliability. The intricate interplay 
between these parameters demands a depth of understanding beyond the reach of conventional methods. Traditional experimental 
approaches often grapple with capturing the non-linear dynamics inherent in TEG systems, while analytical methods may struggle with 
accurately modeling complex geometries and thermal interactions. Recognizing these challenges, our research introduces an inno
vative methodology that seamlessly integrates numerical analysis and Artificial Neural Networks (ANNs) to provide a comprehensive 
understanding of key parameters with enhanced accuracy, efficiency, and versatility. In essence, the solar concentration ratio plays a 
pivotal role in determining the intensity of solar irradiance incident on TEG modules, directly impacting power output. Simulta
neously, convective heat transfer coefficients are critical for characterizing heat dissipation, profoundly influencing system efficiency 
and reliability. The constraints of traditional methodologies emphasize the necessity for our innovative strategy, integrating in-depth 
numerical simulations to investigate thermal and geometric complexities, coupled with the predictive capabilities of ANNs to capture 
intricate relationships. 

Some recent applications of neural networks in accurately and efficiently forecasting the performance of thermoelectric systems are 
highlighted. Zhu et al. (2022a) utilized ANNs to simulate the functionality of a TEG based on finite element-derived data. Additionally, 
Bamisile et al. [29] employed deep learning algorithm to construct a model for the accurate prediction of solar irradiance and solar 
photovoltaic system. Beyond precision, this synergistic methodology significantly reduces time and resource requirements, acceler
ating the optimization processes vital for advancing renewable energy technology. In the current literature, there’s a recognized 
potential in improving the performance of thermoelectric generators by employing segmented and non-uniform cross-section pins. 
However, there are notable limitations in the existing research that open up room for significant advancements.  

1. Simultaneous Utilization of Segmented and Non-uniform TE Elements: While the exceptional performance of segmented 
materials and non-uniform TE elements is widely recognized, only a handful of studies with restrictive scopes and overly simplified 
assumptions have attempted to concurrently harness the benefits of these two methods to augment the efficacy of TE generators. 
This points towards a significant opportunity for more comprehensive and practical research in this domain, paving the way for the 
development and implementation of these innovative devices. 
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2. Comprehensive Second Law Assessments: Comprehensive exergy analysis and entropy minimization, crucial for a complete 
second law assessment, are overlooked in studies that explore the combination of segmented and non-uniform cross-section TE 
elements.  

3. Analysis of Full-scale TE Modules: Several studies analyze single TE elements in isolation, thereby ignoring the mutual thermal 
and electrical interaction among the multitude of TE elements in a realistic module. This omission leads to inaccurate performance 
estimations that are inapplicable in real life situations. 

4. Realistic Boundary Conditions: Most existing studies present their optimization insights based on isothermal boundary condi
tions, which don’t accurately reflect the conditions of a solar energy conversion system typically subjected to dynamic concentrated 
solar heat fluxes and convective heat transfer coefficients. 

Addressing these identified gaps, our study offers a comprehensive and realistic approach.  

1. Comprehensive 3D Analysis of Full-scale TE Module: This study presents a comprehensive three-dimensional finite element 
analysis enacted in ANSYS software on a full-scale TE module. The module comprises 254 TE elements, each segmented (using 
bismuth telluride for low-temperature material and skutterudite for high-temperature material) with a non-uniform cross-sectional 
area (trapezoidal shape) along the length. This approach encapsulates the advantages of segmented and non-uniform area TE 
elements, giving a realistic performance estimation. 

2. Realistic and Dynamic Boundary Conditions: We substitute the commonly adopted constant temperature conditions with dy
namic concentrated solar heat fluxes at the hot junction and convective heat transfer coefficients at the cold junction, creating a 
more realistic representation of a solar energy conversion system.  

3. Optimization of Geometry and Solar Energy Parameters: Our study delves deeper into the optimization of thermoelements’ 
geometry parameters and solar energy-related parameters. We optimize semiconductor height, cross-sectional area, skutterudite 
content, hot junction convective heat transfer coefficient, and ambient temperature from energy, exergy, and entropy perspectives 
across diverse heat fluxes and convective cooling coefficients.  

4. Efficient Forecasting via Neural Networks: To expedite the time-intensive computational process, we propose several neural 
networks. These networks, relying on advanced algorithms like Levenberg-Marquardt, scaled conjugate gradient, and Bayesian- 
regularization, serve as efficient, timely, and accurate means of forecasting the performance of the proposed system. 

In essence, our study aims to provide a comprehensive thermodynamic analysis of a novel TE system for solar energy conversion 
applications, delivering an innovative blueprint for its sustainable design while supporting global sustainable energy objectives. The 
in-depth analyses and unique perspectives presented in this study aim to expedite the manufacturing and design process, thus rep
resenting a significant advancement in the field. 

2. Methodology 

This section encompasses the description of the concentrating SVAL TEM and delves into the theoretical foundations of the finite 
element method for the SVAL TEM. Moreover, it elaborates on the equations employed to determine the energy, exergy, and entropy 
performance parameters of the device. Subsequently, further section covers the principles behind the artificial neural network models, 
elucidates the performance metrics, and offers a concise overview of the computational resources utilized for the numerical analysis. 

2.1. Model conceptualization 

In the proposed SVAL TEM system, the module is designed with 127 thermocouples electrically connected in series and thermally in 

Fig. 1. Conceptual model of the Thermoelectric System Featuring Segmented Thermoelectric Couples with Variable Area.  
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parallel as depicted in Fig. 1. Each thermocouple consists of two semiconductor legs, one n-type and one p-type, with different ma
terials for the upper and lower sections. The upper semiconductors are made of n- and p-type skutterudite, while the lower semi
conductors are composed of n- and p-type bismuth telluride. The system is housed between two ceramic plates, with the upper plate 
exposed to concentrated solar flux. As the solar flux is absorbed, it creates a temperature gradient between the upper and lower ceramic 
plates, driving the thermoelectric power generation through the semiconductor legs. The geometry of the semiconductor legs is 
optimized by considering the height, cross-sectional area, and percentage content of SKT and BiTe materials. The optimization process 
accounts for the combined impacts of solar flux and geometry parameters on the performance of the device, ensuring the most efficient 
power generation possible. To accurately model the temperature gradients and power generation in the system, a comprehensive 
analysis is performed, including energy, exergy, and entropy considerations. This analysis considers various thermal parameters, such 
as the solar concentration ratio, convective cooling film coefficients, hot junction convective heat transfer coefficient, and ambient 
temperature, to determine the optimal performance of the module under different operating conditions. 

2.2. Thermoelectric finite element method coupled equations in ANSYS software 

The FEM is a powerful numerical technique employed for solving partial differential equations in complex domains. In the context 
of thermoelectric devices, ANSYS software facilitates the implementation of FEM to model and simulate thermoelectric behavior. The 
software enables coupling of thermal, and electrical properties, which are essential for an accurate representation of thermoelectric 
phenomena. In this subsection, we discuss the coupled equations used in the ANSYS software to model thermoelectric devices and their 
implications. 

2.2.1. Governing equations 
The governing equations for thermoelectric phenomena are the energy, electric potential, and current density equations are 

presented in this section. 
2.2.1.1. Energy equation. The energy equation accounts for heat conduction, Joule heating, and the Thomson effect in the thermo
electric materials. The governing energy equations for the ith component, p- and n-type thermoelectric pins, and alumina plates can be 
represented as follows in Equation (1): 

∇ • (ki∇T)+ ρiJ2 = τi J→•∇T (1)  

Here, τ denotes the Thomson coefficient, ρ represents the electrical resistivity, k refers to the thermal conductivity, and J→ signifies the 
local current density. 

The left-hand side of Eq. (1) encompasses three terms: Fourier heat conduction and Joule resistive heating, while the right-hand 
side corresponds to the Thomson effect. For insulating alumina plates, the current generation density, J equals 0. The Thomson co
efficient, τ, can be determined from the Seebeck coefficient using Equation (2): 

τi =T
(

dSi

dT

)

(2)  

In equation (2), S is the Seebeck coefficient. When the Seebeck coefficient is temperature-independent, the Thomson coefficient is zero, 
and the Thomson effect can be disregarded. However, previous research has indicated that neglecting the Thomson effect results in an 
erroneous TEG power generation Zhang et al. [30]. In the current model, the Seebeck coefficient is temperature-dependent, and the 
Thomson effect is considered to ensure accuracy and reliability. 
2.2.1.2. Electric potential equation. The movement of holes and electrons in semiconductors is driven by the electric potential field, 
and the governing equation for the electric potential field is given as [26]: 

∇ •

(
∇ϕ
ρi

)

=∇ •

(
Si∇T

ρi

)

(3) 

Upon solving the electric potential, the electric potential of the electric field can be acquired as follows: 

E→= − ∇ϕ + Si∇T (4)  
2.2.1.3. Current density equation. The current density can be calculated using the electric field (E), which is derived from the electric 
potential and the electrical resistivity as follows [31]: 

J→=
E→

ρi
(5)  

2.2.2. Coupling of equations 
Equations (1)–(5) above are strongly coupled due to the interdependence of temperature, electric potential, and current density. 

The FEM in ANSYS software allows for simultaneous solving of these coupled equations, providing accurate results for the thermo
electric behavior. 

2.2.3. Boundary conditions 
In a broader context, when employing solar energy as the driving heat source for TEGs, sunlight is typically concentrated using an 
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optical solar concentrator, for instance the compound parabolic concentrator. Subsequently, the concentrated light is absorbed by a 
specialized coating affixed to the hot end’s ceramic plate like a selective surface absorber [32]. As a result, the heat flux on the ceramic 
plate at the hot end can be determined using the equation below: 

Qin =CoptGAmodηoptηa (6)  

Here, Copt is the optical solar concentration ratio, G represents the solar irradiance, assumed as 1000 Wm-2 in accordance with the AM 
1.5G conditions [33]. Additionally, ηopt and ηa denote the optical efficiency, and the absorption efficiency, assumed to be 0.8 and 0.96, 
respectively [34]. Amod is the surface area of the module assumed to be 40 × 40 mm2 [35]. 

The cooling of the lower ceramic plate, qout , is maintained at a constant cold junction convective film coefficient, hconv,c, of 0.5 
kWm− 2K− 1, operated at Tfilm and the corresponding cold junction temperature, Tc, is numerically determined. In this way, the cooling 
effect of the cold junction is quantified using the expression: 

qout = hconv,c
(
Tc − Tfilm

)
(7) 

Furthermore, the upper ceramic plate is defined by a uniform hot junction convective film coefficient calculated using the McA
dam’s correlation, as suggested by Notton et al. [36], for flat surfaces exposed to outdoor wind conditions: 

hconv,h =5.82 + 4.07w (8)  

where w is the wind speed assumed to be 1 m/s. 
In terms of electrical boundary conditions, the TEG is linked to an external load, creating a closed circuit. Consequently, no current 

flows through the outer surfaces. Adiabatic boundary conditions are enforced on the TEG’s external surfaces. It is assumed that 
temperature, heat flux, electric current, and electric potential exhibit continuity across the interfaces between distinct materials. 
Additionally, both electrical and thermal contact resistances are disregarded in this analysis. 

2.3. Material properties 

The material properties of the four thermoelectric semiconductors (BiTe-bismuth telluride and SKT-skutterudite) used in this work 
are provided in Table 1. The upper and lower ceramic plates are made of 96 % alumina while the metallic conductors that transfer 
current throughout the module are made of copper. The copper conductor is connected to the semiconductor using the solder 
interconnecting material. The thermal conductivity of the alumina, copper, and solder interconnection materials are specified as 25 
Wm− 1K− 1, 401 Wm− 1K− 1, and 37.8 Wm− 1K− 1, respectively. The electrical resistivity of the copper and solder materials are 172 μΩ-m 
and 500 μΩ-m, respectively. 

2.3.1. Performance parameters 
The power output (Pte), thermoelectric efficiency (ηte), energy efficiency (ηen), exergy efficiency (ηex), exergy input (Exin), exergy 

destruction (Exd), and entropy generation (Sgen) are defined as: 

Pte =Qh − Qc (9)  

Table 1 
Mathematical expressions for the thermoelectric semiconductors [37].  

Property Expression 

Seebeck coefficient (VK¡1) 
p-BiTe − 2.24407 × 10− 11T3 + 2.22834 x 10− 8T2 – 7.301 x 10− 6T + 1.023898 × 10− 3 

n-BiTe 1.68178 × 10− 11T3 – 1.77163 x 10− 8T2 + 6.203 x 10− 6T – 9.54589 × 10− 4 

p-SKT 8.8139 × 10− 5 – 3.6827 × 10− 10T + 5.5507 × 10− 10T2 – 5.0917 × 10− 13T3 

n-SKT − 7.2398 × 10− 5 – 2.7340 x 10− 7T + 2.4331 × 10− 10T2 + 1.4197 × 10− 13T3 

Electrical resistivity (Ω-m) 
p-BiTe − 7.75456 × 10− 13T3 + 7.77051 × 10− 10T2 – 0.01853 x 10− 5T + 1.60117 × 10− 5 

n-BiTe − 6.04782 × 10− 13T3 + 6.09155 × 10− 10T2 – 1.715 x 10− 7T + 2.11951 × 10− 5 

p-SKT 6.5155 × 10− 6 – 2.3672 x 10− 9T + 2.6624 × 10− 11T2 – 2.0732 × 10− 14T3 

n-SKT 2.9221 × 10− 6 + 1.5542 x 10− 8T – 4.7078 × 10− 12T2 – 4.1703 × 10− 15T3 

Thermal conductivity (Wm¡1K¡1) 
p-BiTe − 5.82609 x 10− 8T3 + 1.03491 x 10− 4T2 – 0.05011T + 8.726 
n-BiTe 3.76869 x 10− 9T3 + 2.81722 x 10− 5T2 – 0.02057T + 5.09531 
p-SKT − 2.0660 + 1.6390 x 10− 2T – 2.4031 x 10− 5T2 + 1.2202 x 10− 8T3 

n-SKT 1.4464 + 3.0553 x 10− 3T – 4.4576 x 10− 6T2 + 2.4360 x 10− 9T3 

Dimensionless figure of merit 
p-BiTe Spc

2T/ρpckpc 

n-BiTe Snc
2T/ρncknc 

p-SKT Sph
2T/ρphkph 

n-SKT Snh
2T/ρnhknh  
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ηte =
Pte

Qh
(10)  

ηen =
Pte

Qin
(11)  

ηex =
Pte

Exin
(12)  

Exin =Qin

[

1 −
4
3

(
Ta

Ts

)

+
1
3

(
Ta

Ts

)4
]

(13)  

Exd =Exin − Pte (14)  

Sgen =
Exd

Ta
(15) 

From Equations (9)–(15), Qh and Qc represent the heat in and out of the TEG’s hot and cold junctions, respectively. Ta is the ambient 
temperature (295.15 K) and Ts is the Sun temperature (5778 K). 

2.4. Numerical dataset 

In this investigation, the estimation of thermal and geometric parameters for the operation and design of SVAL TEGs was scruti
nized. An extensive dataset, encompassing TEG performance metrics such as energy, exergy, and entropy, along with semiconductor 
geometry parameters, was generated from numerical simulations executed with ANSYS software. ANSYS is a renowned design soft
ware employed by thermoelectric manufacturing companies worldwide, known for its ability to optimize high-performing TEGs. 
Table 2 shows the ranges and constants of the input parameters studied during the numerical simulation. These parameters are selected 
to include both low and high applications. The exhaustive dataset, containing various operating thermal and geometric parameters 
corresponding to distinct TEG performance metrics. 

2.5. Mesh refinement results 

In this study, the mesh refinement analysis was executed using the coarse and fine mesh configurations available through the 
ANSYS coupled steady-state thermal-electrical interface. The mesh quality relied on the element size, which was parametrically 
adjusted from 0.92 mm (coarse) to 0.2 mm (fine). Table 3 presents the results of the mesh refinement analysis. For every element size, 
the associated quantity of grid nodes and mesh elements were computed, and the impact of mesh quality on the system’s energy 
efficiency was qualitatively examined. 

The results in Table 3 reveal that enhancing mesh quality leads to an increased count of grid nodes and mesh elements. Specifically, 
the coarse mesh generates 98,927 grid nodes and 9244 mesh elements, whereas the fine mesh configuration results in 2,436,205 grid 

Table 2 
Parameter ranges and constants [38,39].  

S/N Parameter Range Constant Units 

1. Copt 25–161 25 – 
2. hconv,c 0.2–3 0.5 kWm− 2K− 1 

3. hconv,h 7.85-26.17 9.89 Wm− 2K− 1 

4. Ta 273–315 295.15 K 
5. Hte 0.2–14.2 1.62 mm 
6. Ate 0.04-2.56 1.96 mm2 

7. %SKT 6.17–92.59 50 %  

Table 3 
Mesh refinement results  

Case Mesh element size (mm) Grid nodes Mesh elements Energy efficiency (%) Relative error (%) 

1. 0.2 2436205 455950 0.808772881 0.00019041 
2. 0.28 1094292 186683 0.808771341 0.00117439 
3. 0.36 651089 107412 0.808761843 0.0052389 
4. 0.44 415302 58652 0.808719475 0.15003903 
5. 0.52 297645 40809 0.807507898 0.0243792 
6. 0.6 247585 32506 0.807311082 0.00200588 
7. 0.68 222662 28211 0.807327276 0.16808078 
8. 0.76 151243 18771 0.805972591 0.06143783 
9. 0.84 119418 12014 0.805477723 0.14794741 
10. 0.92 98927 9244 0.8042878 –  
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nodes and 455,950 mesh elements, representing 25- and 49-times growth in the number of nodes and elements, respectively. In 
general, improving mesh quality implies heightened numerical precision at the cost of computational simplicity. Nonetheless, to 
guarantee numerical accuracy, the independence of the system’s energy efficiency on the grid nodes must be confirmed. 

Table 3 demonstrates that the system’s efficiency ranges from 0.804 to 0.808 %, respectively. However, it converges at the fine 
mesh, as the relative error is the lowest, ≈1.9 × 10− 4. Consequently, the fine mesh configuration, as depicted in Fig. 2, is considered the 
optimal mesh resolution for the numerical optimization approach. 

2.6. Neural network hyperparameters 

The numerical model used to optimize the performance of thermoelectric modules is typically complex and time-consuming due to 
factors such as the three-dimensional digital twin considered, the numerous thermocouples in the full-scale module, the temperature 

Fig. 2. Fine mesh resolution.  

Fig. 3. Resemblances between the ANN and biological neurons.  
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sensitivity of the semiconductors, and the diverse operating conditions evaluated. Furthermore, the high-resolution meshing of the 127 
thermocouples (254 thermoelements) in three dimensions is computationally expensive and complex to solve. Researchers have found 
that combining numerical methods with neural networks can save considerable computational time and energy. In this section, we 
examine the performance of an ANN developed using three different training algorithms: Bayesian regularization (BR), Levenberg- 
Marquardt (LM), and scaled conjugate gradient (SCG). The ANNs were constructed with one hidden layer, ten neurons in the hid
den layer by default, and the tansig activation function was employed to transmit signals between nodes. The numerical data was 
divided into 70 % for training, 15 % for testing, and 15 % for validation (for the BR ANN, it was 70 % for training, and 30 % for testing). 
The ANN consists of seven input nodes (representing the seven geometry and thermal parameters) and seven output nodes (repre
senting the seven performance parameters investigated in this study). 

2.6.1. Artificial neural network 
Artificial neural networks have gained significant popularity in addressing various challenges across numerous fields. As a machine 

learning technique, ANNs are designed to mimic the functionality of the human brain and biological systems. A key strength of ANNs 
lies in their ability to generalize effectively, meaning they can produce accurate outputs based on inputs that were not encountered 
during the training process. This quality has made ANNs particularly valuable in solving issues related to thermoelectric module design 
in the energy industry. 

2.6.2. Neurons 
An ANN neuron’s schematic representation and its similarities with a biological neuron is depicted in Fig. 3, which includes input 

signals, synaptic weights, an adder for aggregating the inputs, an activation function, and an output. This structure can be represented 
mathematically, as demonstrated in equations 16 and 17 [40]. 

Equation (16) represents the weighted sum of the inputs and bias 

vk =
∑N

i=1
(wixi) + bk (16)  

where: vk = weighted sum of the inputs, wi = weight associated with input i, xi = input signal i, and bk = bias term. N is the dataset size. 
Equation (17) represents the output of the neuron after applying the activation function: 

y=ϕ(vk) (17)  

2.6.3. Activation function 
The various activation functions employed in neurons serve distinct purposes and are selected based on the specific requirements of 

the problem being addressed. Commonly used activation functions include Gaussian, sigmoid, and linear functions, among others. The 
sigmoid function, which is frequently utilized due to its versatile nature, can be represented mathematically as shown in Equation (18) 
[41]: 

ϕ(vk)= (1 + exp(− vk))
− 1 (18)  

where: ϕ(vk) = output of the sigmoid activation function, vk = weighted sum of the inputs and bias. 

2.6.4. Multilayer perceptron architecture 
In this study, the ANN model employed is the multilayer perceptron (MLP) model, which is widely used in various applications due 

to its ability to model complex relationships in data. The MLP neural network is composed of an input layer, one or more hidden layers, 
and an output layer. A schematic representation of a typical MLP neural network can be seen in Fig. 4 which illustrates the 
arrangement of layers and their interconnections, emphasizing the hierarchical structure that characterizes this type of network. 

Fig. 4. Multilayer perceptron architecture diagram.  
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2.6.5. Backpropagation algorithm 
The backpropagation algorithm is used to train MLP neural networks, which involves adjusting the weights and biases during the 

learning process to ensure that the network produces the desired output. There are several training algorithms available, such as 
Levenberg-Marquardt, Gradient Descent, Newton, Scaled Conjugate Gradient, and Quasi-Newton. In this study, the Bayesian Regu
larization neural network was employed, and its performance was compared to that of the LM and SCG algorithms. 
2.6.5.1. Levenberg-Marquardt algorithm. The LM algorithm is an optimization method that combines the advantages of Gradient 
Descent and the Gauss-Newton algorithm. LM is particularly suitable for training small to medium-sized neural networks because it 
offers faster convergence and is less prone to getting stuck in local minima. However, it requires more memory and computational 
resources than other algorithms. 

The governing equation for the LM algorithm can be written as [42]: 

(W+ λI)ΔW= − G(W) (19)  

where W represents the vector of weights and biases, λ is a damping factor, I is the identity matrix, G(W) is the gradient of the error 
function with respect to W, and ΔW is the update vector for the weights and biases. The damping factor, λ, is adjusted during the 
training process. If the error decreases, λ is reduced, making the algorithm behave more like the Gauss-Newton method. If the error 
increases, λ is increased, causing the algorithm to behave more like Gradient Descent. This adaptive behavior allows for faster 
convergence and improved robustness compared to Gradient Descent alone. 
2.6.5.2. Scaled conjugate gradient algorithm. The SCG algorithm is an improvement of the Conjugate Gradient algorithm, which aims to 
adapt the step size, α, and the conjugate gradient update parameter, β, to optimize the convergence rate. The governing equations for 
the SCG algorithm include the weight update equation and the search direction update equation, like the Conjugate Gradient algo
rithm. The governing equation for the CG algorithm can be expressed as Hestenes and Stiefel [43]: 

ΔW=αP (20)  

where ΔW is the update vector for the weights and biases, α is the step size, and P is the search direction vector. The search direction 
vector, P, is updated as follows [44]: 

Pnew = − G(W) + βPold (21)  

where G(W) is the gradient of the error function with respect to W, and β is a scalar value calculated using several formulas, such as the 
Hestenes-Stiefel formula. The SCG algorithm adjusts α and β at each iteration by performing a line search to find the optimal values for 
these parameters, which in turn leads to an accelerated convergence rate compared to the standard CG algorithm. The line search is 
typically performed using a combination of quadratic and cubic interpolations to estimate the optimal step size. 
2.6.5.3. Bayesian Regularization Algorithm. The BR algorithm is a training function that updates the weights and biases based on the 
LM algorithm while introducing a regularization term to prevent overfitting. It offers strong generalization capabilities for small 
datasets and helps to address overfitting issues. This makes BR an effective choice for training neural networks in situations where data 

Fig. 5. Artificial neural network model studied in this work.  
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is limited, or overfitting is a concern. The BR algorithm was developed by MacKay in his seminal work [45] which introduced a 
Bayesian approach to training artificial neural networks, which helped mitigate overfitting and improve generalization, especially 
when dealing with small datasets. The governing equation for the BR algorithm can be written as [45]: 

(W+ λI+ αI)ΔW= − G(W) (22)  

where W represents the vector of weights and biases, λ is a damping factor, α is the regularization parameter, I is the identity matrix, 

Fig. 6. Neural network diagram used for the TEG performance parameters prediction.  
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G(W) is the gradient of the error function with respect to W, and ΔW is the update vector for the weights and biases. The BR algorithm 
estimates the hyperparameters λ and α during the training process using the evidence maximization/empirical Bayes/Type-II 
maximum likelihood approach. This allows the algorithm to balance the trade-off between fitting the data and maintaining a sim
ple model, leading to better generalization performance, especially when dealing with small or noisy datasets. 

2.7. Artificial neural network model description 

In this study, MLP neural network is employed to forecast the energy, exergy, and entropy performance of a solar thermoelectric 
generator, with the model developed in MATLAB. The MLP features three layers: an input layer with seven neurons representing the 
solar concentration ratio, cold junction cooling coefficient, hot junction convective coefficient, ambient temperature, semiconductor 
height, semiconductor cross-sectional area, and percentage skutterudite content, all of which were acquired from numerical simu
lations used in the thermoelectric design process in the manufacturing sector. Additionally, the model includes a single hidden layer 
containing ten neurons, selected through a parametric analysis, and an output layer with seven neurons corresponding to the desired 
performance indicators. These indicators encompass power output, thermoelectric efficiency, energy efficiency, exergy efficiency, 
exergy input, exergy destruction, and entropy generation. Fig. 5 illustrates the ANN model implemented in this research, while Fig. 6 
displays the network diagram for the neural network employed in predicting the performance parameters for the TEG manufacturing 
process. 

2.7.1. Bayesian model Theory 
Artificial neural networks can sometimes encounter issues related to overfitting or underfitting. The overfitting issue is particularly 

concerning, as it can result in predictions that fall outside the scope of the training dataset. Overfitting typically arises when a network 
model accurately fits the training data, which in turn leads to a substantial generalization error. To mitigate overfitting problems, 
Bayesian regularization can be employed. This approach involves modifying the early stopping objective function which measures the 
error between the target outputs and the predicted outputs for the training dataset, as represented in equation (23) [46]. 

E(D | w,M)=
∑(

yi − yʹ
i
)2 (23)  

where D = {y, (pi)} for i = 1 to N, E is the error function, D represents the training dataset, w is the weights, M is the model complexity, 
yi is the target output, and ýi is the predicted output for the ith data point. To further improve the performance of the ANN and prevent 
overfitting, Bayesian regularization can be applied. In Bayesian regularization, an additional term is included in the objective function 
[47]: 

Ereg(D | w,M)= E(D | w,M) + λR(w) (24)  

In equation (24), Ereg is the regularized error function, and R(w) is a regularization term that penalizes large weights in the network, 
which can lead to overfitting. In many cases, large weights can cause the network to fit the training data very closely, capturing noise 
and inconsistencies, which in turn reduces the network’s ability to generalize to new, unseen data. The regularization term is designed 
to add a penalty for large weights, effectively encouraging the network to find a simpler model with smaller weights that can still fit the 
data well. There are different types of regularization terms used in machine learning, with two common ones being L1 and L2 reg
ularization. In L2 regularization, R(w) is defined as the sum of the squares of all the weights in the network: 

R(w)=
∑N

i=1
w2

i (25)  

where N is the total number of weights in the network and wi is the ith weight. The parameter, λ, is a regularization coefficient that 
controls the trade-off between minimizing the error and preventing overfitting by penalizing large weights. When λ is small, the 
network’s focus is primarily on minimizing the error on the training data, which can lead to overfitting. Conversely, when λ is large, the 
network is more focused on minimizing the size of the weights, which can result in underfitting. Therefore, choosing the right value for 
λ is crucial for achieving the best trade-off between fitting the training data accurately and maintaining good generalization perfor
mance on new, unseen data. In practice, the optimal value for λ can be determined through techniques such as cross-validation, where 
different values of λ are tested on different subsets of the data, and the one that yields the best generalization performance is chosen. By 
minimizing the regularized error function (Ereg), the ANN can achieve a balance between fitting the training data accurately and 
maintaining good generalization performance on new, unseen data. 

Recall that the Levenberg-Marquardt optimization modifies the Gauss-Newton algorithm, as shown in equation (26) [48]: 

(λI)δ= JTe (26) 

Here, the Hessian matrix is approximated as: 

H= JTJ (27)  

In equation (27), J represents the Jacobian matrix, λ is the Levenberg damping factor, δ is the parameter update vector and e is the error 
vector used to guide the adjustments made to the weights and biases during the training process, aiming to minimize the error and 
improve the overall performance of the neural network. The parameter update vector signifies the extent to which the weight values 
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should be adjusted to improve the prediction accuracy. The Jacobian matrix (the partial derivative of the output with respect to the 
weight) J is defined as [49]: 

J=
[

∂e1(w)

∂w1

∂e1(w)

∂w2
…

∂e1(w)

∂wn

∂e2(w)

∂w1

∂e2(w)

∂w2
…

∂e2(w)

∂wn
⋮⋮⋱⋮

∂eN(w)

∂w1

∂eN(w)

∂w2
…

∂eN(w)

∂wn

]

(28) 

The stepwise algorithm for Bayesian regularization adjusts the weights and hyperparameters iteratively until convergence is 
reached as shown in Fig. 7. It involves updating the posterior distribution of the weights based on the evidence maximization approach. 
This modification of the standard backpropagation algorithm helps improve the performance of the neural network and avoid issues 
such as overfitting. 

The methodology of the BNN deployed, its neural architecture and hyperparameter tuning process has been included in the 
supplementary data file. 

The Bayesian Neural Networks have been as against other machine learning models because of the following reasons. 

Fig. 7. Flow chart of Artificial Neural Network with the Bayesian Regularization Algorithm.  
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i. Robust Generalization: BNNs offer strong generalization capabilities, which is crucial for predicting thermoelectric generator 
performance under various operating conditions. This is particularly important given the complex nature of the TEG systems 
and the diversity of the data.  

ii. Handling Uncertainty: BNNs are adept at managing uncertainties in the data. The Bayesian approach allows the model to 
quantify uncertainty in its predictions, which enhances the reliability of the results. This is particularly beneficial when dealing 
with small or noisy datasets, as is often the case in real-world applications.  

iii. Prevention of Overfitting: The Bayesian Regularization approach mitigates overfitting by introducing a regularization term. This 
is especially important for our study, where the dataset, while comprehensive, might still pose risks of overfitting due to its 
complexity and size. 

iv. Computational Efficiency: While BNNs can be computationally intensive, the balance they strike between computational de
mands and prediction accuracy makes them suitable for our study. The trade-off is managed efficiently through the use of robust 
training algorithms like the Levenberg-Marquardt and Scaled Conjugate Gradient methods, which optimize the convergence 
rate.  

V. Model Complexity and Interpretability: BNNs provide a good balance between model complexity and interpretability. They are 
sufficiently complex to capture the intricate relationships within the data but remain interpretable enough to provide insights 
into the model’s workings and outputs. 

2.8. Performance metrics evaluation 

Evaluating the performance of a neural network model is essential to ensure its reliability and precision. A variety of performance 
metrics can be applied, including mean square error (MSE), mean relative error, mean absolute error, and mean accuracy percentage 
error. In this study, the mean squared error (MSE) and coefficient of determination (R2) were selected as performance metrics. 

The mathematical expression for the MSE is given by Equation (29): 

MSE=

(
1
N

)
∑N

i=1

(
yi − yʹ

i
)2 (29)  

where N is the number of observations, yi is the actual value, and ýi is the predicted value. 
The coefficient of determination (R2) is a measure that indicates the proportion of the variance in the dependent variable that is 

predictable from the independent variable(s). It is mathematically defined by Equation (30): 

R2 =1 −

⎛

⎜
⎜
⎜
⎝

∑N

i=1

(
yi − yʹ

i
)2

∑N

i=1
(yi − ymean)

2

⎞

⎟
⎟
⎟
⎠

(30)  

where ymean is the mean of the actual values. The R2 value ranges from 0 to 1, with a value closer to 1 indicating a better fit of the model 
to the data. 

Finally, Equation (31) can be rewritten in terms of the MSE and total sum of squares (TSS) as: 

R2 =1 −

(
N × MSE

TSS

)

(31)  

where TSS =
∑N

i=1
(
yi − ymean

)2. Finally, Equation (32) can be rewritten in terms of the residual sum of squares (RSS) as 

R2 =1 −
RSS
TSS

(32)  

where RSS = NMSE. 

2.9. Computational capacity 

In this study, a computer equipped with an Intel(R) Core (TM) i5-8300H CPU @ 2.30 GHz processor, 32 GB of RAM, and running a 
64-bit Windows Operating System was employed. The MATLAB software from MathWorks was utilized to construct the ANN model, 
leveraging built-in capabilities such as the neural network toolbox. The software offers an interactive graphical interface, as well as 
robust data plotting tools that enable customization of colors, sizes, and scales for optimal visualization. 

2.10. Computational demands and feasibility 

The advanced models employed in this study, including the three-dimensional digital twin and artificial neural networks, inher
ently demand significant computational resources. High-resolution meshing and complex simulations contribute to the overall 
computational load. For instance, the training phases of ANNs, particularly those utilizing algorithms such as Bayesian Regularization 
(BR), Levenberg-Marquardt (LM), and Scaled Conjugate Gradient (SCG), are computationally intensive due to their iterative nature 
and the need for large datasets. 

Despite these demands, the choice of optimized algorithms like LM and SCG helps mitigate the computational load by facilitating 
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Fig. 8. Effect of the optical concentration ratio on the TE power output and conversion efficiency, energy efficiency, exergy efficiency, exergy input, exergy 
destruction rate, and entropy generation rate. 
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Fig. 9. Influence of the cold junction heat transfer coefficient on the TE power output and conversion efficiency, energy efficiency, exergy efficiency, exergy input, 
exergy destruction rate, and entropy generation rate. 
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Fig. 10. Impact of the hot junction heat transfer coefficient on the TE power output and conversion efficiency, energy efficiency, exergy efficiency, exergy input, 
exergy destruction rate, and entropy generation rate. 
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faster convergence. In real-time scenarios, simplified versions of these models can be implemented. Modern hardware accelerators 
such as GPUs and TPUs can significantly enhance both training and inference speeds, making real-time applications more feasible. 

For deployment on less capable hardware, techniques such as model pruning, quantization, and knowledge distillation can be 
employed to develop lightweight models that maintain high accuracy while reducing computational requirements. Cloud computing 
also presents a viable solution for offloading complex computations, allowing for resource-constrained devices to leverage powerful 
remote servers. 

3. Results and discussions 

In this segment, the outcomes derived from the numerical thermal and geometry optimization schemes by employing ANSYS 
software and the suggested neural network prediction of the device’s performance are displayed. The substantiation of the numerical 
findings through a mesh refinement analysis and juxtaposition with published numerical and experimental outcomes is provided. 
Furthermore, the calculation of optimal geometry and thermal design parameters for attaining optimal energy, exergy, and entropy 
performances are demonstrated, along with the effectiveness of the present optimization approach in augmenting the device’s 
performance. 

3.1. Thermal parameters 

The results of the thermal parameters on the power output (Pte), thermoelectric efficiency (ηte), exergy efficiency (ηte), exergy 
destruction (Exd), and entropy generation (Sgen) are presented in this section. The thermal parameters studied are the optical solar 
concentration ratio (Copt), cold junction convective film coefficients (hconv,c), hot junction convective film coefficients (hconv,h), and air 
temperature (Ta). 

3.1.1. Optical solar concentration ratio 
In this study, the impact of the optical concentration ratio of a solar concentrator on the performance of a proposed thermoelectric 

device design is examined, as shown in Fig. 8. The thermoelectric power output, efficiency, and energy and exergy efficiencies are 
found to be optimized at different optical concentration ratios. The optical solar concentration ratio was varied from 25 to 161, while 
other boundary conditions were kept constant, to explore high and low solar concentration levels and identify the optimal points that 
maximize system performance. 

The maximum power output of 14.8 W was achieved at an optical concentration ratio of 93. The highest thermoelectric, energy, 
and exergy efficiencies of 6.2 %, 5.6 %, and 6.0 %, respectively, were observed at a concentration ratio of 74. It was also noted that the 
exergy input into the system increased progressively as the solar concentrator’s concentration ratio increased. 

Initially, the exergy destruction and entropy generation remained nearly constant, but beyond a concentration ratio of 74, they 
exhibited exponential and then linear growth. The minimum value of the exergy destruction and entropy generation at this optimum 
solar concentration ratio are 0.9 W and 2.9 mWK− 1, respectively. This optimal value corresponds to the optical concentration ratio that 
yields maximum efficiency from the system. This finding is crucial, as it indicates that operating the system at the optimal solar 
concentration ratio for maximum efficiency leads to minimized exergy destruction and entropy generation only when the solar 
concentration ratio is varied. 

3.1.2. Cold junction cooling 
Fig. 9 illustrates the effects of the cold junction cooling coefficient on the performance parameters of the system. The cooling film 

coefficient was varied from 0.2 to 3 kWm− 2K− 1 while operating under a concentrated solar flux of 25 Suns and maintaining other 
boundary conditions constant to reflect low and high cooling conditions. The plot reveals that higher film coefficients positively impact 
the system’s power and efficiencies. 

More specifically, power and efficiency initially increase linearly for lower film coefficients, but the rate of increase diminishes as 
we approach higher film coefficients. For film coefficients ranging from 0.2 to 1 kWm− 2K− 1, the power output rises from 2.01 W to 
2.93 W, representing a 45.61 % increase in the device’s power production. However, for film coefficients between 2.2 and 3 Wm− 2K− 1, 
the power production only increases from 3.05 W to 3.07 W, a mere 0.79 % rise in the system’s power. This finding supports the idea 
that as the film coefficient progressively increases, the cooling effect from the system’s cold junction does not necessarily improve, due 
to the thermal resistivity of the cold junction of the device (alumina) limiting further heat transfer [50]. Hence, economic consider
ations should be considered when selecting the pump used to extract heat from the cold junction of the device to ensure proper cooling 
and enhanced system performance. Additionally, it was observed that the exergy input of the system remained constant for all heat 
transfer coefficients due to the imposed constant solar flux on the operating system. Finally, the entropy generation and exergy 
destruction rate of the system decrease exponentially as the film coefficient increases, which explains the rise in system power and 
efficiency. 

3.1.3. Hot junction convective film coefficient 
Fig. 10 illustrates the impact of the hot junction convective film coefficient on the overall performance of the system. In this study, 

the convective film coefficient was estimated using McAdam’s correlation, as suggested by Duffie and Beckman in Notton et al. [36], 
for flat surfaces exposed to outdoor wind conditions. Wind speed was varied from 0.5 to 5 ms-1, representative of average 
South-Eastern Nigerian weather conditions, corresponding to film coefficients of 7.8–26.1 Wm− 2K− 1, respectively. Mathematical 
expressions were employed to estimate the convective film coefficient, which was then imposed on the three-dimensional numerical 
digital twin model created in ANSYS simulation software. 
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Fig. 11. Consequence of the air temperature on the TE power output and conversion efficiency, energy efficiency, exergy efficiency, exergy input, exergy destruction 
rate, and entropy generation rate. 
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Fig. 12. Outcome of the semiconductor height on the TE power output and conversion efficiency, energy efficiency, exergy efficiency, exergy input, exergy destruction 
rate, and entropy generation rate. 
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Fig. 13. Result of the semiconductor cross-sectional area on the TE power output and conversion efficiency, energy efficiency, exergy efficiency, exergy input, exergy 
destruction rate, and entropy generation rate. 
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The analysis demonstrates that higher convective film coefficients at the device’s hot junction result in reduced system perfor
mance. This reduction is attributed to the smaller temperature gradient between the device’s junctions, due to increased wind flow 
speeds at the top alumina plate. Consequently, the system’s power output, thermoelectric efficiency, energy efficiency, and exergy 
efficiency decrease as the hot junction film coefficient increases. Moreover, the exergy input remains constant with increasing hot 
junction convective film coefficient, as the concentrated solar irradiance is effectively fixed. 

To further understand the decline in system performance parameters with increasing hot junction convective heat transfer coef
ficient, it is observed that the exergy destruction rate and entropy generation of the system increase as the convective film coefficient 
rises. This growth in destroyed exergy and generated entropy is attributed to the higher irreversibility in the system as the hot junction 
film coefficient increases. 

3.1.4. Air temperature 
This study also considers the effects of ambient temperature on the proposed thermoelectric system as shown in Fig. 11. Ambient 

temperature was varied from 273 K to 315 K to account for both low and high temperature applications. Operating the system in a high 
temperature environment reduces its performance due to the added ambient heating, which increases both hot and cold junction 
temperatures, ultimately diminishing the temperature gradient and overall system performance. Conversely, operating the system in a 
colder environment does not contribute to heating the cold junction, resulting in a larger temperature gradient between the hot and 
cold junctions compared to a warmer environment. 

Additionally, it is observed that the exergy input gradually decreases as the ambient temperature rises, in line with Petela’s exergy 
expression [51]. The exergy destruction rate also increases with ambient temperature, which is expected since the system’s perfor
mance parameters decline as the ambient temperature increases. Finally, the entropy generation rate decreases with ambient tem
perature. However, the range of variation in these parameters is relatively small (6.7–6.9 mWK− 1), as the exergy destruction is being 
divided by the ambient temperature. 

3.2. Geometry parameters 

Prior research on geometry optimization of segmented variable area leg thermoelectric generators operating under variable solar 
flux conditions focused on the impact of the thermoelectric geometry on system performance. However, these studies only analyzed a 
single thermoelectric couple consisting of one pair of n- and p-type semiconductors. This assumption overlooks the mutual interaction 
between all the thermocouples (typically 127) that make up an actual module. As a result, the temperature calculations derived from 
the numerical solver may be unreliable, and the optimization outcomes might lack practical feasibility. 

3.2.1. Semiconductor height 
In this study, Fig. 12 illustrates the impact of thermoelectric height on the output performance parameters of the thermoelectric 

module. It is observed that the thermoelectric power output (Watts) reaches its maximum at an optimal semiconductor height, which 
decreases as the concentrated solar flux increases. For instance, at concentrated solar irradiances of 25 Suns, 50 Suns, 75 Suns, and 100 
Suns, optimal semiconductor heights of 5.2 mm, 3.2 mm, 2.2 mm, and 1.2 mm yield maximum power outputs of 3.8 W, 9.2 W, 13.3 W, 
and 14.9 W, respectively. This pattern further substantiates the notion that higher solar fluxes generate greater power outputs due to 
increased thermal energy absorption at the module’s hot junction ceramic plate. 

Regarding the three efficiency types (thermoelectric, energy, and exergy), using longer thermoelectric legs consistently increases 
efficiency values which agrees with the findings of previous researches in this area. Further analysis reveals that efficiency initially 
increases linearly; however, as the height continues to grow, the efficiency increase becomes more subdued, appearing nearly constant. 
As anticipated, the exergy input remains constant with an increase in thermoelectric height, although a higher concentrated solar flux 
results in greater exergy input into the system. 

Moreover, the exergy destruction and entropy generation within the system are minimized at an optimal thermoelectric leg height, 
which aligns with the requirements for maximum power generation (Wattage). Both entropy generation and exergy destruction in
crease below and above this optimal thermoelectric height. Calculated data shows that concentrated solar fluxes of 25 Suns, 50 Suns, 
75 Suns, and 100 Suns yield minimum exergy destruction rates (Watts) and entropy generation (mWK− 1) of 0.88 W and 3 mWK− 1, 0.2 
W and 0.7 mWK− 1, 0.75 W and 2.5 mWK− 1, 3.8 W and 13 mWK− 1, respectively. This trend indicates that minimum exergy destruction 
and entropy generation increase as the concentrated solar flux appreciates, due to the rising amount of exergy inflow at the module’s 
hot junction. 

In summary, the optimal semiconductor height that maximizes the system’s power output also minimizes the exergy destruction 
and entropy generation rates of the module. However, using longer thermoelectric semiconductors leads to an increase in the system’s 
efficiencies. 

3.2.2. Semiconductor cross-sectional area 
This analysis investigates the effects of the thermoelectric cross-sectional area (achieved by altering the width of the four semi

conductors) on the power, efficiency, and entropy of the thermoelectric module, as depicted in Fig. 13. Generally, the module’s power 
and efficiency decrease as the cross-sectional area of the thermoelectric pins increases. This trend can be attributed to the so-called heat 
dissipation effect, which occurs as the width of the semiconductors increases, causing a reduction in the thermal gradient and sub
sequently a decline in the system’s power and efficiency performance. However, this phenomenon is only observed for the power 
output when operated under low heat fluxes of 25 and 50 Suns. For higher heat fluxes of 75 and 100 Suns, the maximum power output 
is attained only at an optimum cross-sectional area of 0.16 mm2, which generates the maximum power outputs of 21.8 W and 21.4 W, 
respectively. This result implies that the maximum power generation also has an optimal concentrated solar irradiance of 75 Suns 
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Fig. 14. Consequence of the skutterudite content on the TE power output and conversion efficiency, energy efficiency, exergy efficiency, exergy input, exergy 
destruction rate, and entropy generation rate. 
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when the semiconductor cross-section is varied. Meanwhile, maximum efficiencies are reached at a semiconductor cross-section of 
0.04 mm2 and an optimal solar flux of 50 Suns. As observed when the thermoelectric height was increased, the exergy input remains 
constant, as the heat input stays constant while the cross-section varies. 

Lastly, the exergy destruction rate and entropy generation within the thermoelectric system are minimized at an optimal ther
moelectric cross-sectional area, which is heavily influenced by the operating concentrated solar flux. The results show that at 
concentrated solar fluxes of 25 Suns, 50 Suns, 75 Suns, and 100 Suns, the optimum cross-sections are 0.64 mm2, 1.44 mm2, 1.69 mm2, 
0.81 mm2, which minimize the exergy destruction and entropy generation rates to 0.19 W and 0.6 mWK− 1, 0.12 W and 0.4 WK-1, 0.2W 
and 0.66 mWK− 1, 0.22 W and 0.7 mWK− 1, respectively. These findings indicate that the thermoelectric system’s optimal thermo
dynamic stability is attained at the cross-sectional area and solar flux conditions of 1.44 mm2 and 50 Suns, respectively. This novel 
finding improves upon previous knowledge on thermoelectric module entropy and exergy analysis, which assumed that irreversibility 
increases with operating temperature since they failed to consider the combined impacts of solar flux and cross-section in their 
analysis. These findings can be explained by considering the sensitivity of the thermoelectric semiconductors to changing temperatures 
resulting from the applied heat fluxes on the module’s hot junction, which were previously neglected in existing literature. 
Furthermore, it is demonstrated that as the cross-section is varied, the same optimal solar flux (50 Suns) that minimizes the entropy 
generation also maximizes the efficiencies, albeit at different optimum cross-sections. 

3.2.3. Skutterudite content 
Previous findings on segmented variable area leg TEGs did not consider the significance of the percentage skutterudite content on 

the module’s performance. Although prior studies on segmented thermoelectric generators have demonstrated the importance of 
skutterudite content on the overall performance of the device, their findings are not applicable to this study since they focused on a 
uniform (rectangular) leg geometry. For example Shittu et al. [52] analyzed the effect of non-uniform heat flux on TEG performance, 
highlighting substantial power output improvements with segmented configurations. The results of this analysis are shown in Fig. 14. 

The plot reveals that for low heat fluxes of 25 and 50 Suns, the power output decreases exponentially as the skutterudite percentage 
increases. However, for higher heat fluxes of 50 and 75 Suns, an optimum skutterudite content exists that yields maximum power from 
the thermoelectric generator. More specifically, the optimum skutterudite content for maximum power increases as the applied 
concentrated solar flux intensifies. For low heat fluxes of 25 and 50 Suns, the maximum power outputs achieved were 29.7 W and 24.4 
W, respectively, at low skutterudite contents of 6.2 %. For the significantly higher heat fluxes of 75 and 100 Suns, maximum power 
outputs of 14.3 W and 15.8 W were obtained at optimum skutterudite contents of 43.21 % and 55.56 %, respectively. This indicates a 
higher requirement for skutterudite to achieve optimum power generation as the concentrated solar flux increases, validating the 
appropriateness of segmented thermoelectric modules for high-temperature applications. 

A similar observation is made for the efficiency plots, where it is demonstrated that the efficiency decreases for low heat fluxes of 25 
Suns beyond which an optimum skutterudite content maximizes the efficiency obtained from the system. Using exergy efficiency as a 
reference, it is noted that at 25 Suns and 6.17 % skutterudite content, the maximum exergy efficiency of 8.9 % is achieved. However, 
when the heat flux is increased to 50 Suns, 75 Suns, and 100 Suns, the maximum exergy efficiencies of 6.5 %, 5.6 %, and 5.5 % are 
obtained at optimum skutterudite contents of 18.52 % (SKT), 49.38 % (SKT), and 61.73 % (SKT), respectively. This result further 
indicates that the maximum exergy efficiency decreases as the thermoelectric module operates under higher solar fluxes, primarily due 
to the decline the semiconductor thermoelectric material properties under elevated temperatures. Overall, it is noticed that at the 
lower solar flux of 25 Suns which gives the highest power and efficiency, the optimum skutterudite contents for maximum power and 
efficiencies exactly coincide at 6.17 %. 

While the exergy input remains constant with the skutterudite percentage content, it is observed that the exergy destruction rate 
and entropy generation are minimized at optimum skutterudite contents, which are heavily influenced by the operating concentrated 
solar flux. Specifically, for concentrated solar fluxes of 25 Suns, 50 Suns, 75 Suns, and 100 Suns, the minimum exergy destruction and 
entropy generation rates of 0.4 W and 1.35 mWK− 1, 0.42 W and 1.4 mWK− 1, 0.02 W and 0.07 mWK− 1, 2.92 W and 9.9 mWK− 1, were 
obtained at optimum skutterudite contents of 30.86 %, 43.2 %, 37 %, and 55.56 %, respectively. These results are consistent with the 
fact that irrespective of the applied solar flux, the optimum skutterudite contents for maximum power/efficiency and minimum exergy 
destruction/entropy generation are always different. Finally, as expected, the optimum skutterudite content for minimum exergy 
destruction and entropy generation continually increases as the concentrated solar irradiance rises, indicating the desirability of 
segmented thermoelectric generators with a higher content of high-temperature materials for optimal performance when exposed to 
high solar flux applications. 

In summary, this study highlights the importance of considering the percentage of skutterudite content when analyzing the per
formance of segmented variable area leg TEGs, which was not addressed in previous studies. The findings indicate that the optimum 

Table 4 
Optimal thermal parameters  

Performance Copt hconv,c (kWm− 2K− 1) hconv,h (Wm− 2K− 1) Ta (K) 

Pte (W) 93 (14.8) 3 (3.1) 7.8 (2.8) 273 (2.9) 
ηte (%) 74 (6.2) 3 (4.3) 7.8 (3.8) 273 (4.1) 
ηen (%) 74 (5.6) 3 (3.9) 7.8 (3.5) 273 (3.7) 
ηex (%) 74 (6.0) 3 (4.1) 7.8 (3.7) 273 (3.9) 
Exd (W) 74 (0.9) 3 (1.6) 7.8 (1.9) 273 (1.8) 
Sgen (mWK− 1) 74 (2.9) 3 (5.5) 7.8 (6.5) 273 (6.7)  
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Table 5 
Optimal geometry parameters  

Parameter Hte (mm) Ate (mm2) %SKT (%) 

25 Suns 50 
Suns 

75 Suns 100 Suns 25 Suns 50 
Suns 

75 Suns 100 Suns 25 Suns 50 
Suns 

75 Suns 100 Suns 

Pte (W) 5.2 (3.8) 3.2 (9.2) 2.2 (13.3) 1.2 (14.9) 0.04 (10) 0.04 (17.6) 0.16 (21.8) 0.16 (21.4) 6.2 (29.7) 6.2 (24.4) 43.2 (14.3) 55.6 (15.8) 
ηte (%) 14.2 (9.3) 14.2 (10.3) 14.2 (9.5) 14.2 (7.7) 0.04 (8.3) 0.04 (9.3) 0.04 (8.6) 0.04 (7.2) 6.2 (9.9) 18.5 (7.2) 49.4 (6.2) 62 (6) 
ηen (%) 14.2 (8.4) 14.2 (9.3) 14.2 (8.5) 14.2 (7) 0.04 (7.5) 0.04 (8.4) 0.04 (7.8) 0.04 (6.5) 6.2 (8.9) 18.5 (6.5) 49.4 (5.6) 62 (5.5) 
ηex (%) 14.2 (9.0) 14.2 (10) 14.2 (9.1) 14.2 (7.5) 0.04 (8) 0.04 (9) 0.04 (8.3) 0.04 (6.96) 6.2 (9.6) 18.5 (7) 49.4 (5.9) 62 (5.8) 
Exd (W) 5.2 (0.88) 3.2 (0.2) 2.2 (0.75) 1.2 (3.8) 0.64 (0.19) 1.44 (0.12) 1.69 (0.2) 0.81 (0.22) 30.9 (0.4) 43.2 (0.42) 37 (0.02) 55.6 (2.92) 
Sgen (mWK− 1) 5.2 (3.0) 3.2 (0.7) 2.2 (2.5) 1.2 (13) 0.64 (0.6) 1.44 (0.4) 1.69 (0.66) 0.81 (0.7) 30.9 (1.35) 43.2 (1.4) 37 (0.07) 55.6 (9.9)  

H
. A

lgham
di et al.                                                                                                                                                                                                     



Case Studies in Thermal Engineering 61 (2024) 104940

27

Fig. 15. Optimum geometry parameters for maximum energy and energy efficiency and minimum entropy generation and exergy destruction.  
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Fig. 16. Loss function evolution for the neural networks built with the (A) Bayesian regularization (B) Levenberg-Marquardt (C) Scaled Conjugate Gradient.  
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skutterudite content for maximum power and efficiency is influenced by the operating concentrated solar flux. Moreover, it has been 
demonstrated that the optimum thermodynamic stability of the thermoelectric system is obtained at a much higher skutterudite 
content than that required for maximum power and efficiency, emphasizing the necessity of utilizing segmented thermoelectric 
generators with a higher content of high-temperature materials for optimal performance in high solar flux applications. This insight 
contributes to a better understanding of the design and optimization of segmented thermoelectric generators, paving the way for more 
efficient and effective energy conversion devices in solar energy applications. 

3.3. Optimal design parameters 

In this section, we summarize the optimal design parameters obtained from the numerical optimization scheme. The optimal values 
for thermal parameters, including the optimal thermal mix and the maximum/minimum performance parameters, are presented in 
Table 4. The optimal geometry parameters, along with the maximum/minimum performance parameters for the system, are shown in 
Table 5. Additionally, for a better understanding of the results, a graphical depiction of the optimum geometry parameters is presented 
in Fig. 15. 

3.3.1. Optimal thermal parameters 
From the results in Tables 4 and it is evident that the optimal cold and hot junction convective film coefficients and ambient 

temperature for optimizing the energy, exergy, and entropy performance of the thermoelectric system are the same. However, the 
optimal optical solar concentration ratios for efficiency and entropy are the same while the one for power is different. This observation 
suggests that exergy destruction and entropy generation are minimized at the lowest concentration ratio in a thermoelectric system, 
likely due to thermodynamic irreversibility in the constituent materials at elevated temperatures. However, this results in reduced 
maximum power, as the optimal solar concentration for maximum power generation of approximately 14.8 W requires a higher solar 
concentration ratio of 93. 

It is also noteworthy that, by employing thermal optimization, the maximum power, energy and exergy efficiencies, and minimum 
entropy generation were obtained only when the solar concentration ratio was parametrically studied. Specifically, the maximum 
power of 14.8 W is obtained at a solar concentration ratio of 93, the maximum energy and exergy efficiencies of 5.6 % and 6.0 % are 
obtained at a solar concentration ratio of 74 Suns, and the minimum exergy destruction and entropy generation rates, at 0.9 W and 2.9 
mWK− 1 are obtained at a solar concentration ratio of 74 Suns. This finding implies that the solar concentration ratio is the most 
influential thermal parameter for maximizing power and efficiency and minimizing entropy generation and exergy destruction. 

3.3.2. Optimal geometry parameters 
A visual representation of the optimal geometry parameters of the system is shown in Fig. 15 and the actual values are tabulated in 

Table 5. From the plot and the table, it is evident that the optimum geometry parameters to maximize the energy and exergy efficiency 
and minimize the entropy generation vary significantly. Specifically, maximum efficiency requires longer semiconductors of 14.2 mm 
length, which remain uniform regardless of the applied concentrated solar irradiance. In contrast, the optimum thermoelectric height 
for maximum power and minimum entropy generation decreases with increasing solar flux, implying that lower optimum heights will 
be needed as the solar flux intensifies. It is worth noting that the optimum height for maximum power and minimum entropy for all 
applied heat flux ranges coincide exactly, indicating that maximizing power generation by using the optimum semiconductor height 
automatically minimizes exergy destruction and entropy generation within the thermoelectric system. 

However, when considering the cross-sectional area, it is observed that the optimum area for maximum power and efficiency 
coincides only for low heat fluxes of 25 and 50 Suns. For 75 and 100 Suns, the optimum area for maximum power becomes slightly 
larger than that for maximum efficiencies. Nonetheless, the optimum areas for minimum entropy generation are the highest and are 
strongly influenced by the operating solar flux, with the largest area for 75 Suns and the smallest area for 25 Suns. 

Finally, the variation of the optimum skutterudite contents for all performance parameters of the thermoelectric module is pre
sented. It is shown that at 25 Suns, the optimum skutterudite content (6.2 %) for maximum power, thermoelectric efficiency, energy 
efficiency, and exergy efficiency are all the same. It is also observed that this 6.2 % optimum skutterudite generates the maximum 
power of 29.7 W and efficiencies of 9.9 %, 8.9 %, and 9.6 % for the thermoelectric, energy, and exergy efficiencies, respectively. 
Nevertheless, the minimum entropy generation and exergy destruction of 0.02 W and 0.07 mWK− 1, respectively, are obtained at a 
higher heat flux of 75 Suns when a 37 % skutterudite content is used. This suggests that a higher solar flux and skutterudite content, 
more than that required for power and efficiency, are necessary to minimize the thermodynamic irreversibility of the system. Finally, 
these results indicates that of all parameters considered in this study, the percentage skutterudite content has the most significant 
influence on the energy, exergy, and entropy performance of the system. 

3.4. Neural network performance 

This section presents the properties of ANN models developed using three training algorithms to accurately predict the performance 
of the thermoelectric module. The performance of the three ANNs is then evaluated using mean squared error and the coefficient of 
determination as metrics. Lastly, the impact of varying the number of neurons in the Bayesian regularized ANN selected as the op
timum ANN model is explored. 

3.4.1. Loss function evolution 
The loss function (mean squared error) evolution of the neural networks constructed with the three training algorithms is illus

trated in Fig. 16. The results generally show that the LM and SCG ANNs have training, testing, validation, and all datasets, while the BR 
ANN does not have a validation dataset. This is consistent with literature findings, which reported that the BR ANN eliminates the need 
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for a lengthy cross-validation dataset [53], prevents overfitting of the data by introducing uncertainty in the model’s prediction, builds 
an accurate model with fewer data points, offers better generalization, and is more resilient to noisy datasets. It is important to note 
that the advantages of BR ANNs come at the expense of increased computational complexity during training, as the Bayesian 
framework involves updating and maintaining probability distributions for each weight in the network. However, in many cases, the 
benefits of using a BR ANN outweigh the additional computational cost. This is evident in the plot since the BR ANN yields the lowest 

Fig. 17. Coefficient of determination for the neural networks built with the (A) Bayesian regularization (B) Levenberg-Marquardt (C) Scaled Conjugate Gradient.  
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mean squared error of 6.7 × 10− 9 after 786 epochs. Conversely, the LM and SCG ANNs had higher mean squared errors of 1.9 × 10− 4 

after 184 epochs and 9.3 × 10− 3 after 14 epochs, respectively. This demonstrates that the BR ANN is 100 % more accurate than the 
widely used LM ANN for predicting the performance of thermoelectric modules. 

3.4.2. Coefficient of determination 
To further demonstrate the accuracy of the BR ANN, the coefficients of determination (CODs) of the three ANNs are presented in 

Fig. 17. Due to the effective generalization of the BR ANN, it is observed that the COD for the training and testing datasets are 100 %, 
indicating a perfect fit with the numerical data in all cases. For the LM ANN, the COD for the training dataset was 100 %; however, 
some outliers in the validation dataset ultimately appear in the numerical (all) dataset, resulting in a 99.98 % COD. Lastly, the SCG 
ANN has the lowest COD values of 80.57 %, 94.8 %, 94.34 %, and 84.66 % for the training, validation, test, and numerical (all) 
datasets, respectively, which can be attributed to the high mean squared error reported earlier. 

3.5. Effect of neurons 

This section examines the effects of varying the number of neurons (10, 30, 60, and 90) on the performance of the BR ANN, while 
other hyperparameters are kept constant. The results of this analysis are provided in Table 6. The first observation is that the training 
time increases with the number of neurons due to the higher complexity of the network. Additionally, the ANN’s performance im
proves as the mean squared error decreases with an increasing number of neurons, which can be attributed to the increased complexity 
of the model, making it more sensitive to patterns in the data. However, this comes at the expense of increased computational time. 

The rise in network complexity is evident with the increase in the number of neurons, while the sum squared parameters decrease 
as the number of neurons increase. Note that the effective number of parameters represents the significant parameters used for 
estimating the model’s complexity, while the sum squared parameters stand for the weights and biases used as a regularization term to 
prevent overfitting by penalizing large parameter values. Moreover, the constant mu parameter at 50, regardless of the number of 
neurons, suggests that the prior mean of the weights and biases is the same across different network configurations. In our study, we 
opt for the model with 10 neurons since it has the shortest elapsed time (12 s) and very low performance on the numerical data (6.7 ×
10− 9) while also having the smallest effective number of parameters (308), and highest number of sums squared parameters (167) 
indicating low complexity with high accuracy. 

3.6. Replication of experiments 

To authenticate the numerical representation of the innovative full-scale segmented variable area leg thermoelectric module, 
experimental and numerical findings from pertinent studies were juxtaposed with the current numerical model. The experimental 
investigation by Fabián-Mijangos et al. [24], which confirmed the enhanced performance of variable area leg thermoelectric gener
ators (Trap) relative to uniform leg thermoelectric generators (Rect), wаs employed for validation purpose. 

Fig. 18 presents the outcomes of the comparative analysis, illustrating a close correlation between the numerical and experimental 
findings, with a maximum relative error of 2.4 % observed in Fig. 18A and D. This signifies a satisfactory performance of the numerical 
model, accompanied by a low relative error. The juxtaposition with prior relevant experimental and numerical results substantiates the 
accuracy of the current numerical model and highlights its capacity for optimizing the performance of the full-scale thermoelectric 
module examined in this research. 

4. Conclusions 

In conclusion, this research contributes substantially to renewable energy technology by advancing the design and optimization of 
segmented variable area leg TEGs for concentrated solar power applications. 

▪ Innovative Analytical Approach: A unique integration of numerical analysis and ANNs was employed to scrutinize geo
metric and thermal parameters, including semiconductor height, cross-sectional area, skutterudite content, solar concen
tration ratio, and convective heat transfer coefficients. This methodology empowers high-fidelity performance analysis and 
optimization in a renewable energy context.  

▪ Material Optimization: The study establishes skutterudite content as a pivotal material parameter. Specifically, a 6.2 % 
content under 25 Suns yields the highest power output (29.7 W) and efficiencies of 9.9 % (thermoelectric), 8.9 % (energy), 
and 9.6 % (exergy). Conversely, minimized entropy generation and exergy destruction were observed at 75 Suns with a 37 % 
content.  

▪ Solar Concentration Significance: The research accentuates the solar concentration ratio as an indispensable thermal 
parameter. A ratio of 74 Suns emerged as the optimum, maximizing efficiency and minimizing entropy generation and exergy 
destruction. 

Table 6 
Network training information of the neural network  

Neurons Epochs Elapsed time Performance Gradient Mu Effective number of parameters Sum squared parameters 

10 786 12 s 6.69 × 10− 9 9.95 × 10− 8 50 308 167 
30 345 53 s 1.82 × 10− 9 1.00 × 10− 7 50 319 155 
60 691 18 min, 39 s 2.13 × 10− 9 9.98 × 10− 8 50 323 159 
90 1000 1 h, 43 min, 39 s 2.99 × 10− 10 1.82 × 10− 7 50 351 155  
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Fig. 18. Replication of experimental results (A) Fabián-Mijangos et al. [24] (B) [54] (C, D [54].  
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▪ Computational Efficiency via ANNs: Amongst ANNs with different training algorithms, the BR ANN exhibited exemplary 
accuracy and computational efficiency, achieving a coefficient of determination of 100 % with a mean squared error of 6.7 ×
10⁻⁹.  

▪ Implications for Renewable Energy: The insights gleaned through this research serve as a catalyst for the development of 
cutting-edge segmented TEGs, bolstering their performance in solar energy harnessing. By incorporating optimized skut
terudite content and solar concentration ratios, along with geometric refinements, a new frontier for efficient renewable 
energy conversion can be realized. 

These findings are integral to the ongoing efforts in the renewable energy sector to optimize and enhance the efficacy of solar 
thermoelectric generators. 

5. Future research directions 

Building upon the insights gained from this study, there are several promising avenues for future research to further advance the 
development and optimization of segmented TEGs for solar energy applications.  

● Material advancements: Investigate the potential of newly developed or improved thermoelectric materials that may offer higher 
conversion efficiencies or better stability under high temperature and concentrated solar flux conditions.  

● Hybrid systems: Explore the integration of TEGs with other renewable energy technologies, such as photovoltaic (PV) cells or solar 
thermal systems, to create hybrid energy conversion systems that capitalize on the strengths of each technology while minimizing 
their limitations.  

● Advanced optimization techniques: Apply more sophisticated optimization algorithms, such as genetic algorithms, particle swarm 
optimization, or simulated annealing, to further optimize the geometry, material composition, and operating conditions of 
segmented TEGs.  

● Dynamic operation: Investigate the performance of segmented TEGs under varying solar irradiance and ambient temperature 
conditions, simulating real-world operation and accounting for diurnal and seasonal variations in solar energy availability.  

● System-level analysis: Conduct a comprehensive analysis of the entire concentrated solar power system, including the solar 
concentrator, heat transfer fluids, and thermal storage, to optimize the overall system performance and identify potential synergies 
between components.  

● Economic and environmental assessments: Carry out cost-benefit analyses and life cycle assessments to evaluate the economic 
viability and environmental impact of using segmented TEGs in solar energy applications, considering factors such as material 
availability, manufacturing costs, and waste disposal.  

● Scalability and manufacturability: Investigate the scalability of the optimized segmented TEG designs for large-scale deployment in 
solar power plants, as well as the feasibility of mass production and the potential challenges associated with manufacturing and 
assembly processes. 

By addressing these research areas, the development and application of segmented TEGs in solar energy systems can be further 
advanced, ultimately leading to more efficient and sustainable energy conversion technologies that contribute to global efforts in 
combating climate change and securing a clean energy future. 
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