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The ef�cient conversion and utilization of low-grade thermal energy is essential to enhancing the energy 
ef�ciency and reaching the carbon neutrality goals of modern industrial energy systems. As a cutting-
edge heat-to-electricity technology, thermo-electrochemical cells (also known as thermocells) have great 
prospects in low-grade heat recovery due to its ultra-high thermopower, high scalability, and low cost. 
However, conventional aqueous thermocells, typically based on planar or rectangular modules, face sub-
stantial limitations when deployed in real-world environments characterized by geometric irregularity, 
spatial constraints, and distributed thermal sources. This study addresses the utilization of waste heat 
in complex circular tubular sources by proposing a machine learning-enabled optimization framework 
for fan-shaped aqueous thermocells. Firstly, a database is established using simulation models. By inte-
grating machine learning methods, a surrogate model is developed to achieve high-accuracy performance 
prediction of fan-shaped thermocells under various geometric con�gurations and deployment positions. 
Secondly, by using the surrogate model to decouple the relationship between the geometric parameters
and the deployment position, a two-step Gray Wolf optimization algorithm (GWO) is proposed to opti-
mize the performance of single fan-shaped thermocell unit. Its maximum power density can reach
333.7 mW m�2 , which is 66.35% higher than that of the conventional square one. To further conquer
the issue of full coverage deployment, a synergistic performance optimization for array-level fan-
shaped thermocells modules (hereinafter referred to as the ‘‘module”) is proposed. Through a combina-
torial arrangement, six fan-shaped thermocell units are aligned to conform to circular heat sources,
resulting in a power density of 235.7 mW m�2 . These results highlight the potential of geometry-
driven and machine learning-assisted design in advancing next-generation thermocells technologies
toward scalable applications.

© 2026 THE AUTHORS. Published by Elsevier LTD on behalf of Chinese Academy of Engineering 
and Higher Education Press Limited Company. This is an open access article under the CC BY license

(http://creativecommons.org/licenses/by/4.0/ ). 

1. Introductio n

In modern industrial energy systems, low-grade thermal 
energy, which is widely present in industrial production, is becom-
ing increasingly important to utilize effectively [1,2] . In the energy 
structure of China society, the proportion of primary energy that 
can be effectively utilized accounts for less than 40%, with the
majority dissipated into the environment as waste heat. Among
this, low-grade waste heat below 100 °C accounts for as much as

66% [3,4] . Therefore, the development and utilization of low-
grade waste heat at low cost and with high ef�ciency is of great
signi�cance for achieving the global carbon neutrality goal [5] . 
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At present, common approaches for waste heat r ecovery and 
utilization mainly focus on converting waste heat into mechanical 
or electrical energy. For medium- and high-grade waste heat with
temperatures above 100 °C, technologies such as organic Rankine
cycle (ORC) [6,7] and semiconductor thermoelectric generator [8] 
are relatively mature and have been partially applied. However, 
when the temperature is below 100 °C, or even close to room tem-
perature, the performance of these conversion technologies
drops signi�cantly, and their economic feasibility is limited.
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Thermo-electrochemical cells (also known as thermocells), as a 
novel promising heat to power technology designed for waste heat
utilization below 100 °C [9–11] , operate by applying a temperature 
gradient across the electrodes to drive reversible redox reactions
[12] , and then convert chemical energy into electrical energy. To 
distinguish thermocells with traditional semiconductor thermo-
electric generators, here we use thermopower (T Se) instead of See-
beck coef�cient to describe thermoelectric conversion capacity of
thermocells which is more than ten times that of Seebeck coef�-
cient of semiconductors in numeral [13] , meaning greater power 
output when be applied under smaller temperature differences
[14,15] . Additionally, thermocells show advantages of low cost
and high �exibility [16] , providing promising application prospects 
for �re alarm [17,18] , self-powered wearable electronic devices
[19,20] , thermal managemen t [21] , and so forth.
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Existing studies on thermocells have largely focused on experi-
mental approaches, aiming to improve performance by preparing 
and modifying advanced electrode and electrolyte materials. For 
example, in recent years, MXene and carbon-based materials draw
immense research attention, owing to their intrinsic advantages of
high electrical conductivity, large speci�c surface area, and excel-
lent hydrophilicity [22] . Zhang et al. [23] employed modi�ed car-
bon cloth electrodes and achieved a power density of 12 W m �2

with a 99 °C temperature difference. Liu et al. [24] developed a Ti 3-
C2Tx hollow microsphere (Ti 3C2Tx-HM) nanocomposite electrode 
that addresses the long-standing issue of stacking in traditional 
MXene nanosheets. This design markedly expands the electro-
chemical active surface area which allows the optimized n-type 
thermocells to achieve an output power of 84.55 lW cm �2 and a
normalized power density of 0.53 mW m �2 K�2 at 40 K tempera-
ture difference. Wei et al. [25] employed the 2D MXene and 1D 
single-walled carbon nanotubes (SWCNTs) to construct layered 
composite �lms with 2D–3D sandwich structures in the vertical 
direction, which showed considerable electrical conductivity
(750.9 S cm�1 ) and enhanced thermopower (�32.2 lV K�1 ) coef�-
cient. Mo et al. [26] introduced a self-assembly method for fabri-
cating aerogel sheet electrodes (ASEs) tailored for thermocells, 
which retains a signi�cant porous structure, while has a relatively 
small in�uence on the thermopower. The results show a peak out-
put power of 22.10 lW cm �2 under a temperature difference of 
30 K. For electrolyte improvement, screening proper redox couples 
is a basic effort to fabricate ef�cient thermocells. Among all the 
redox couples, [Fe(CN)6]3� /[Fe(CN)6]4� is the most typical one in
previous studies, and it is generally used to fabricate benchmark
thermocell systems attributed to the relatively high pristine T Se

of �1.4 mV K �1 . In recent years, thermogalvanic hydrogels become
as one of the key materials for thermocells as quasi-solid-state
electrolytes, owning to their inherent advantages of high ther-
mopower, �exibility, biocompatibility, and cost-effectiveness
[27] . Yu et al. [28] developed a thermosensitive crystallization 
strategy by adding guanidine ions into a 0.4 mol L�1 [Fe(CN)6]4� / 
[Fe(CN)6]3� electrolyte, achieving a sustained concentration gradi-
ent and a high thermopower of �3.73 mV K �1 . Han et al. [29] lever-
aged the synergy between thermoelectric current and thermal 
diffusion, incorporating ionic additives (KCl, NaCl, and KNO 3) into 
�exible quasi-solid gels, resulting in an exceptionally high ther-
mopower of �17 mV K �1 , and successfully demonstrated power
generation by human body heat. Lu et al. [30] improved the 
mechanical strength of the conventional brittle gelatin hydrogel 
electrolytes from 50 to 440 kPa and raise the thermopower from 
�1.47 to �2.20 mV K�1 by introduce Hofmeister effect and multiple
non-covalent interactions via betaine zwitterions. These studies
provide a solid theoretical foundation for advancing the industrial
application of next-generation aqueous thermocells.

Nevertheless, in energy industries, most waste heat carriers dis-
sipate through cooling water or exhaust gases, which are often

transported via circular pipelines. Thus, designing thermocell mod-
ules that conform ef�ciently to circular pipelines is a key challenge 
for practical engineering applications. However geometric param-
eters such as length and width, exhibit complex coupling relation-
ships that jointly affect internal heat and mass transfer of
thermocells, thereby in�uencing performance. Chen et al. [31] 
proposed a liquid �ow thermocells (LFTCs) featuring an innovative 
Y-shaped microchannel structure. Equimolar oxidized/reduced 
electrolytes are individually injected through dual inlets and mixed 
within the channel, which enhances ion mass transfer ef�ciency 
between electrodes via forced convection, suppresses ion back 
migration, and signi�cantly increases the solvation structure
entropy difference. Ultimately, a giant ionic thermopower of
�21.5 mV K�1 (13 times that of traditional liquid-state thermocells
(LITCs)) and a normalized power density of 16.5 mW m �2 K�2 is
achieved. Gunawan et al. [32] compared, through simulation, the 
maximum power density of Cu/Cu 2+ thermocells under convective 
and non-convective conditions. The results showed that, assisted 
by natural convection, the maximum power density increased with 
electrode distance, doubling from 0.8 to 1.6 lW cm �2 . This 
enhancement may be attributed to the unidirectional ion transport
in the Cu/Cu 2+ system. Since the electrodes of thermocells operate
at different temperatures, different deployment positions can also
result in distinct heat and mass transfer characteristics. Yu et al.
[33] experimentally con�rmed that thermocells under natural con-
vection exhibit an 18.5% higher thermopower and up to 744%
higher maximum power density compared to non-convective con-
ditions. Li et al. [34] designed a multi-factor experiment to analyze 
the coupling effects of thermocells parameters—including elec-
trolyte concentration, electrode orientation, and electrode dis-
tance, which indicated that the relative importance of in�uencing
factors on thermopower and power density follows the order: elec-
trode orientation > electrolyte concentration > electrode distance.
Shen et al. [35] numerically investigate heat and mass transport 
mechanisms inside aqueous thermocells and proposed an fan-
shaped thermocells design, achieving a 115% improvement in max-
imum power density compared to traditional square cells, and the 
proposed fan-shaped thermocell con�guration has provided an 
important prototype to achieve higher power density when har-
vesting low-grade heat in circular pipelines. However, research 
on fan-shaped thermocell module design tailored for circular 
pipelines remains scarce, and both experimental and simulation
approaches face challenges. On the one hand, fan-shaped thermo-
cell performance is affected by many parameters as mentioned
above, and building a parameter-to-performance mapping requires
extensive experimental data with limited generalizability. On the
other hand, simulation methods reliant on preset con�gurations,
limiting their ability to achieve continuous predictive capability.

2

To address these challenges, this study focuses on the applica-
tion scenario of circular pipelines and proposes a machine 
learning-enabled optimization framework for fan-shaped thermo-
cell units and modules based on [Fe(CN) 6]3� /[Fe(CN)6]4� systems 
with readily available and highly stable inert platinum electrodes. 
Firstly, a parameter to performance database of different fan-
shaped thermocell con�gurations is established based on simula-
tion models. Secondly, by combining physical principles with 
machine learning methods, a surrogate model of fan-shaped ther-
mocells is developed to enable rapid and accurate evaluation of
thermocell performance. In terms of application strategies, this
work addresses performance optimization of both single fan-
shaped thermocell unit and fan-shaped thermocell modules.
Speci�cally, facing constrained application scenarios, a single-
objective two-step Grey Wolf optimization (GWO) framework is
introduced to determine the optimal con�guration of single fan-
shaped thermocell unit. For the full-coverage application scenario
of circular tubular heat sources, a synergistic performance strategy



for fan-shaped thermocell modules with different units is proposed 
which optimize the con�gurations of units in the same module by 
integrating the two-step GWO algorithms. The proposed optimiza-
tion framework not only aims to enhance power output of thermo-
cells and improve spatial adaptability in geometrically complex
thermal environments, but also provides a feasible optimization
approach for the engineering application of next-generation aque-
ous thermoc ells.
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2. Modeling methodol ogy

Facing the application scenario of circular pipelines, the overall 
design strategy for fan-shaped thermocell modules proposed in
this study is illustrated in Fig. 1. In practical applications, each 
fan-shaped thermocell units is assumed to have a negative ther-
mopower and is deployed as shown in Fig. 1(a), with the anode 
located at the heat source for energy absorption and the cathode 
at the cooling end for heat dissipation. Different fan-shaped ther-
mocell units are arranged in arrays to form modules for ef�cient
heat to power conversion [36] . The working principle of thermo-
cells is based on the thermogalvanic effect, as depicted in Fig. 1 
(b). When the temperature difference exists at two electrodes, 
the chemical equilibrium state of reversible reactions is different,
leading to different equilibrium electrode potentials at high- and
low-temperature electrodes [37] . When a load is connected to 
the circuit, the heat can be converted into electricity. Due to the 
complex coupling of heat–mass transfer, the con�guration param-
eters of fan-shaped thermocells such as length, height, and orien-
tation play a critical role in determining performance [34] .  As  
shown in Fig. 1(c), a two-stage optimization strategy is proposed. 
A comprehensive database is �rstly constructed using numerical 
simulations, followed by the training of a surrogate model for accu-
rate performance prediction. By combining this model with opti-
mization algorithms, the con�guratio n parameters of single fan-
shaped thermocell unit are optimized. Building upon this, for the
full-coverage application scenario of circular tubular heat sources,
the con�gurations among different units are further optimized to

achieve synergistic performance enhancement. Ultimately, this 
leads to the optimal application scheme for a full-pipeline fan-
shaped thermocell module.

Fig. 1. Schematic diagram of designing application-oriented fan-shaped thermocell modules: (a) illustration of the application scenarios; (b) working principle of
thermocells; (c) �owchart of aqueous thermocell units and array modules optimization.

3

2.1. Numerical model of fan-shaped thermocells

Similar to the traditional rectangular aqueous thermocells, the 
fan-shaped aqueous thermocells adopts a tight contact rigid 
electrode–electrolyte–electrode structure. The difference is that 
the fan-shaped aqueous thermocells are designed in a fan-shaped
structure, with the electrodes on both sides being arcs with differ-
ent sizes respectively. As shown in Fig. 2, it is the physical model
geometry of the fan-shaped thermocells.

2.1.1. Thermody namics
The fundamental operating mechanism of aqueous thermocells 

is governed by redox reactions. A deep interrelationship exists 
between electrochemi stry and thermodynamics in redox systems,
articulated quantitatively through the thermodynamic equilibrium
expression:

DG0 
redox DH0 

redox T0 D S0
redox 1

where is standard electrochemical redox reaction free

energy; is standard electroche mical redox reaction

enthalpy; is standard temperature; and is standard elec-
trochemical redox reaction entropy.

From this, the standard electrode potential can be derived via
the Gibbs free energy relation:

E0 DG0 
redox 

ne F
2

where is the standard electrode potential; n e is the number of 
electrons transferred; F is the Faraday constant.

The Nernst equation provides a comprehensive description of 
how the cell potential depends on the temperature and concentra-
tions of the reacting species [38] :

DG0 
redox 

DH0 
redox 

T0 DS0 
redox 

E0 

move_f0005
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Fig. 2. The physical model and computational domain of the fan-shaped aqueous 
thermocells. r: the radius of the structure in the application scenario; a: the size 
angle of the thermocells, that is, the length of the thermocells; b: the position angle
of the thermocells, that is, the deployment position; d: the electrode distance of the
thermocells.

E E0 T T0 DS0 
redox 

neF 
RT 
n eF

ln
CR

CO
3

where R is the gas constant; T is the temperature; C R and CO are the
reduced and oxidized concentration, respectively.

Under open-circuit conditions, the surface and bulk concentra-
tions of reactive ions are equivalent. Thus, the open-circuit voltage
(OCV) of thermocells simpli�es to:

VOC EC EA Th Tc 
DS0 

redox 

neF
4

where is cathode potential; is anode potential; is the tem-
perature of hot electrode; and is the temperature of hot
electrode.

Accordingly, the thermopower, a key performance parameter of 
aqueous thermocells, is expressed as:

TSe 
DS0 

redox 

n eF
5

As an important performance parameter of aqueous thermo-
cells, most current studies determine the thermopower through
experiments, using the expression shown in Eq. (6). The ther-
mopower of the thermocells is calculated by measuring the OCV
and temperature difference.

TSe 
VOC 

Th T c
6

However, the thermopower of the fan-shaped aqueous thermo-
cells is not only related to the type of electrolyte material, but also 
closely associated with its deployment position. For fan-shaped 
thermocells, the radial angle varies continuously at different size 
angles, and determining their thermopower is critical for perfor-
mance analysis. In this study, we adopt a calculus-based approach. 
Treating rectangular thermocells as the minimal unit, we concep-
tualize the fan-shaped thermocell as a continuous assembly of
numerous in�nitesimal rectangular thermocells. By obtaining the
thermopower of rectangular thermocells in different orientations,
we integrate these values according to the size angle to calculate
the total thermopower across the entire size angle. This total ther-
mopower is then averaged over the size angle to characterize the
average thermopower of the fan-shaped thermocells at different
size and position angles. Therefore, in this paper, the calculation

of the thermopower of a fan-shaped thermocell adopts a method 
combining experiments and numerical �tting. Firstly, the ther-
mopower of rectangular thermocells at different position angles 
are measured experimentally. Then, based on the experimental 
data, a �tted curve of the thermopower variation with position
angle is obtained. Subsequently, an average thermopower is
de�ned to describe the thermoelectric conversion capacity of
fan-shaped thermocells under different size and position angles.

4

The schematic diagram of the experimental rig used i n this
study is shown in Fig. 3(a). Both the hot and cold electrodes 
are platinum (Pt). The thermocells contains a liquid chamber 
with dimensions of 10 mm × 10 mm × 10 mm, which is equipped 
with an injection port for electrolyte �lling and replacem ent.
The electrodes are placed on opposite sides of the electrolyte
chamber. Thermocouples for temperature measurement are
�xed on the electrode surfaces, as illustrated in Fig. 3(b), ensur-
ing no direct contact with the electrolyte. During the experi-
ments, a bench screw is used to adjust the orientation of the
electrodes, as shown in Fig. 3(c), thereby changing the angle 
(b) between the hot and cold electrodes. The hot-side environ-
ment is maintained at 60 °C, while the cold-side environment
is maintained at 20 °C (temperature deviation of ±0.3 °C for both
electrodes).

Measurements were taken at 10° intervals, with each point 
tested three times and averaged. The �nal results are shown in
Fig. 3(d). The results indicate that the thermopower generally 
decreases �rst and then increases (for the K 3/K4 [Fe(CN)6]  aque-
ous thermocell system, the thermopower is negative), reaching 
its minimum at 90°, which corresponds to the natural convection 
con�guration. Based on the measured thermopower, this study 
employs a curve-�tting approach to describe the thermopower
of fan-shaped aqueous thermocells at different size angles and
position angles. Considering the periodic variation in the data, a
Fourier function was selected for curve �tting. Fig. 3(e) shows 
the �tted curve, with a coef�cient of determination 
R2 = 0.996461, and the residual distribution is presented in
Fig. 3(f), with a maximum residual of 0.011519, indicating high 
accuracy. The �tted curve is expressed in Eq. (7) .  Using  the  �tted  
curve, an average thermopower is introduced to describe the 
thermoelectric conversion capacity for fan-shaped aqueous ther-
mocells at different size angles ( a) and position angles (b). Specif-
ically, the �tted curve is integrated from b to a + b, and the result
is averaged with respect to a to obtain the average thermopower
of the fan-shaped aqueous thermocell unit, as given in Eq. (8) .  For  
example, consider a fan-shaped thermocell with a size angle of 
60° and a position angle of 90°. Firstly, based on the �tted curve
of thermopower, we calculate the integral value of thermopower
over the range from 90° to 150° = 100.1516), then compute 
the average thermopower u sing the size angle

= 1.669194). 

TSe f  x  a0 
9 

j 1 
aj cos jhx bj sin jhx

h 0 017453 a 0 1 629748 

a1 0 000447 a 2 0 069852 a 3 0 000553

a4 0 004940 a 5 0 000692 a 6 0 008701 a 7 0 000888

a8 0 000505

a9 0 001064 b 1 0 083754 b 2 0 000089 

b 3 0 003429 b 4 0 000176

b5 0 003109 b 6 0 000263 b 7 0 001934 

b8 0 000305 b 9 0 003542

EC EA Th 

Tc 

(TSe 

(TSe average 
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Fig. 3. (a) Schematic diagram of the designed aqueous rectangular thermocell; (b) location of temperature sensor on the Pt electrode; (c) aqueous rectangular thermocell test 
rig; (d) thermopowers and electrode temperatures with different position angle of the rectangular aqueous thermocells; (e) �tted curve of thermopower with different
position angle; (f) residual distribution of the �tted curve. TEC: thermocell; Exp.: experiment.

TSe average 

b a 
b f x

a
8

where a 0 is constant, a j (j is normalized distance and j =  1,  2,  ,  9)  is  
the jth sine component coef�cient of the Fourier series; b j (j =  1,  2  ,

, 9) is jth cosine component coef�cient of the Fourier series; h is
angular frequency of Fourier series; and f(x) is the �tting function of
thermopower.

2.1.2. Electrode kinetics
Distinct from conventional isothermal electrochemical systems, 

thermocells exhibit a reaction mechanism at the electrode–elec-
trolyte interface that is in�uenced not only by species concentra-
tions and overpotentials, but also critically by temperature
variations. In this context, the exchange current density at the elec-
trode is governed by a temperature-dependent Butler–Volmer for-
mulation [39] : 

j A neFk0 exp 
Exa 

R 
1 

T0 

1 
TA 

CA 
Oexp 

neF 1 e gA 

RTA

CA
Rexp

neFegA

RTA
9

j C neFk0 exp 
Exa 

R 
1 

T0 

1 
TC 

CC 
Oexp 

neF 1 e gC 

RTC

CC
Rexp

neFegC

RTC
10

where is the electronic current density at the anode; is the 

electronic current density at the cathode; is the standard rate
constant; is charge transfer coef�cient; is the rate activation 
energy; TA and TC are the temperature at the anode and cathode,

respectively; superscripts A and C represent at the anode and at
the cathode, respectively; and represent the overpotentials 
at the anode and cathode, respectively, and are de�ned by the devi-
ation of the local electrode potential from its equilibrium value:

5

gA EA Eeq 
A 11

gC EC Eeq 
C 12

where is the anode equilibrium potential and is the cath-
ode equilibrium potential.

Moreover, current continuity is maintained within the system, 
mandating that the net current densities at the anodic and catho-
dic interfaces are equal in magnitude but opposite in direction.
This yields the following integral constraint:

J A J C j AdSA j C dSC 13

where is the surface area of anode electrode; is the surface 
area of cathode electrode.

2.1.3. Heat and mass transfer
When an external temperature gradient is imposed across the 

electrodes of a thermocell, heat is conducted and converted 
through the electrolyte solution. This spatiotemporal heat transfer
process is governed by the following partial differential equation:

qCp 
T 
t 

qCpu T ks T SH 14

where and represent the density, speci�c heat capacity, and 
thermal conductivity of the electrolyte, respectively; t is the time.
The term denotes the velocity of the �uid, while encapsulates 
the total volumetric heat generation rate. Speci�cally, includes

j A j C

k0 

e Exa 

gA gC 

Eeq 
A Eeq 

C 

SA SC 

q Cp,, ks 

u SH 

SH 



contributions from reversible electrochemical heating, irreversible 
activation overpotentials, and Joule heating. However, the magni-
tude of these electrochemically induced heat sources is approxi-
mately three orders of magnitude lower than that of conductive
and convective thermal transport [40] . Thus, for modeling purposes, 
their effects can be neglected without compromising the accuracy
of the thermal analysis.
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In parallel, the mass transport of ionic species within the ther-
mocell plays a pivotal role in sustaining current �ow. The �ux of 
ionic species can be expressed as [41] : 

N i Di Ci zium i FCi / Ci u 
Q 

RT 2
DiCi T 15

where is �ux density, is diffusion coef�cien t, is ion concen-
tration is ion charge number is the effective mobility of ions;

is electrostatic potential, is velocity, and is heat of transport. 
The effective ionic mobility follows the Nernst–Einstein 
relationship:

um i 
Di 

RT
16

The four terms on the right-hand side of Eq. (15) represent mass 
transport arising from: ① concentration gradient (Fickian diffu-
sion), ② electro-migration under an electric �eld, ③ convective
�ow due to pressure gradients, and ④ thermal diffusion (Soret
effect) [37] . However, as reported by Qian et al. [42] the thermal 
diffusion term is typically at least three orders of magnitude smal-
ler than the concentration-driven diffusion. Consequently, its in�u-
ence is commonly disregarded in two-dimensional numerical
simulations of thermocell operation.

2.1.4. Fluid ßow
The aqueous electrolyte within thermocells is modelled as a

continuous, incompressible �uid [39] . The conservation of mass 
for such a system is governed by the continuity equation:

dq 
dt 

q u S F 17

where is the �uid source term.
In this model, the source term is taken to be zero, re�ecting 

the absence of mass sources or sinks within the �uid domain. To
characterize the momentum transport of the electrolyte, the
Navier-Stokes equations are employed:

q u 
t 

q u u p K q g 
q 0 q
q0

18

K l u u 
T

19

where is the dynamic viscosity of the �uid; is the gravity vec-
tor. In this study, the thermocell system is inherently non-
isothermal, with natural convection induced by spatial temperature 
gradients across the con�ned chamber. These temperature differen-
tials lead to buoyancy variations and cause uneven lifting forces
within the electrolyte, driving internal �ow [43] . To simplify the 
treatment of buoyancy-driven �ow under moderate temperature 
variations, the Boussinesq approximation is introduced.

2.1.5. Performance evaluation index
Power density is a critical metric for evaluating and com-

paring the output performance of various thermocell architectures. 
the relationship between power output, current, and voltage is
de�ned by two key parameters: the OCV and the short-
circuit current density . Theoretically, maximum power output 
occurs when the external load potential equals half the OCV. To

account for differing electrode surface areas across device designs, 
the maximum power density is de�ned as:

6

Pd max 
1 
4 

V ocIsc 20

For thermocells, ef�ciency is a key indicator for assessing ther-
moelectric conversion performance. However, due to the substan-
tial additional contributions of convection and radiation to the 
total heat �ux, the calculated ef�ciency often appears higher than
its actual value. Despite this, the overall ef�ciency of thermocells
remains low, typically below 1%. For example, He et al. [44] 
reported that altering the spacing of triangular electrodes resulted 
in only a marginal improvement, with the maximum relative Car-
not ef�ciency increasing by merely 0.002%.

2.1.6. Model veriÞcation
In this study, the model is constructed in COMSOL Version 6.2. 

The initial ferricyanide and ferrocyanide concentration are 
0.2 mol L�1 . The initial temperatures of the hot and cold sides are
323.15 and 300.15 K, respectively. And the above governing equa-
tions are solved by a multifrontal massively parallel sparse direct
solver (MUMPS) in Transient state [45] . Furthermore, the correct-
ness of the thermocells model is validated using the experimental
data reported by Yu et al. [33] , and the maximum relative error 
between simulation results and experimental data is only 7.7% 
for both the current and power under various potential. As this part
of the study has already been described in detail in our previous
work [35] , it is not elaborated further here.

2.2. Machine learning surrogate model of fan-shaped thermocells

In recent years, the convergence of arti�cial intelligence (AI) has 
forged a transformative frontier in materials and energy systems 
research. In the realm of aqueous thermocells, AI-driven modeling 
paradigms are now ef�ciently addressing the traditional limits of
module prediction and optimization, which offers a parallel
route—one that is fast, scalable, and deeply integrative. As shown
in Fig. 4(a), it depicts the training process of the AI agent model. 
At the heart of this shift lies the backpropagation (BP) neural net-
work, a foundational architecture in supervised learning known for
its capacity to approximate complex nonlinear functions. As illus-
trated in Fig. 4(b), the BP neural network comprises an input layer, 
one or more hidden layers, and an output layer [46] .

Unlike simple forward-propagation training in multilayer per-
ceptions, the BP neural network employs a bidirectional training 
paradigm consisting of forward signal transmission and backward 
error correction, which forms the core of the BP algorithm. For fan-
shaped thermocells, its layered architecture and feedback-driven 
learning mechanism make it particularly effective in capturing
the multidimensional coupling among geometric design, heat–
mass transfer, and electrochemical behaviours, thereby enabling
rapid and accurate performance prediction. In this paper, it serves
as the computational backbone for the optimization of geometry
parameters and deployment positions.

2.2.1. Generation and pre-processing of the dataset
Based on the simulation framework described above, the data 

acquisition and preproces sing work�ow for training the surrogate
model is illustrated in Fig. 4(a). The key input variables to the neu-
ral network include the size angle ( a), position angle (b), and the 
electrode distance (d) of the fan-shaped thermocell units. To bal-
ance both predictive accuracy and physical consistency, the model 
takes the short-circuit current density (I sc) and maximum power
density (P d,max) as output targets—serving as dual performance
indicators to assess the �delity and robustness of the trained
model. Notably, the output targets of thermocells are closely corre-
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lated with operating temperatures. During the dataset acquisition, 
the simulation boundary conditions are set as follows: the hot elec-
trode temperature was 323.15 K and the cold electrode tempera-
ture was 303.15 K. In addition, the performance of the BP neural
network is benchmarked against alternative machine learning
algorithms to evaluate its comparative effectiveness.
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Fig. 4. The �owchart of machine learning: (a) work�ow diagram for establishing the surrogate model; (b) architecture of BP neural network; (c) structure of dataset 
preprocessing and division; (d) structure of model training optimization and result comparison. ANN: arti�cial neural network; GPR: Gaussian process regression; LR: linear
regression; RF: random forest; MSE: mean squared error; RMSE: root MSE; R 2: coef�cient of determination.

Speci�cally, the parameter ranges of the fan-shap ed thermocell
dataset are detailed in Table 1. Notably, for the de�nition of fan-
shaped thermocells distance, this paper introduces a normalized 
distance parameter n, de�ned as the ratio between the actual 
fan-shaped thermocells electrode distance (d) and the radius (r) 
of the applied circular pipelines (i.e., n = d/r). This design choice 
serves two key purposes: ① In practical application, the actual
length of the hot-side electrode is jointly determined by both the
size angle and the radius. Meanwhile, the internal heat and mass
transport dynamics are strongly governed by the geometric ratio
between the electrode length and the electrode distance [35] .  By  
adopting the normalized ratio n as a neural network input, the 
model inherently captures the physical coupling between the 
length and the distance of the electrodes. ② In application scenar-
ios, fan-shaped aqueous thermocell units are often mounted onto 
�xed-radius circular pipelines to harvest waste heat. Using n 
instead of absolute electrode distance d as an input allows the
trained model to be �exibly applied across varying geometries,
improving its scalability and adaptability. To further enhance the
representativeness of the dataset, a two-stage sampling strategy
is employed for the parameter n. At lower ratio values, denser sam-

pling is used to generate a more re�ned dataset and better capture
gradient-sensitive regimes.

Table 1 
The parameters of fan-shaped thermocells used in the data processing for machine
learning.

Parameter Numerical 
range 
interval

Description 

Size angle (a) 0:15°:360° The arc length of thermocells
Position angle (b) 0:15°:360° Placement position of thermocells

0.025:0.025:0.2; 
0.2:0.1:0.5 

Normalized distance (n) The ratio between the actual 
distance d and the radius r
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The dataset, comprising 6600 numerically simulated samples, is 
further preprocessed prior to model training. As illustrated in Fig. 4 
(c), the preprocessing involved several key steps to enhance model 
robustness and physical consistency. Firstly, considering the peri-
odicity of angular parameters, both the size angle ( a) and position 
angle (b) were transformed into their sine and cosine components. 
This encoding preserves the inherent angular continuity and avoids 
discontinuities at the boundary values (e.g., 0° and 360°), thereby 
improving learning stability for neural networks. Secondly, for 
dataset partitioning, a strati�ed grouping strategy is employed— 
guided by the underlying physical structure of the dataset—to 
avoid the uncertainty introduced by purely random splits. Speci�-
cally, the size angle and position angle were held constant within
each group, while the normalized distance ratio is used to de�ne
data strata. Based on this, the dataset is divided into a training
set (60%), testing set (20%), and validation set (20%), ensuring that
the entire parameter space is appropriately sampled and represen-
tative. Finally, all the data were normalized according to the mean
and standard deviation.

2.2.2. Comparison and results of model training
In t his study, a BP neural network is employed to construct a 

surrogate model for the fan-shaped thermocells. The model is
implemented in MATLAB, and the overall work�ow is illustrated
in Fig. 4(d). The processed dataset described above is used as the 
model input. The BP network architecture includes three hidden 
layers. The hyperbolic tangent function is adopted as the activation 
function between hidden layers, and the Bayesian regularization
algorithm is used to constrain the weight parameters of the BP net-
work. This regularization approach aims to balance training error
and model complexity, thereby mitigating the risk of over�tting.

The mean squared error (MSE) is used as the primary metric to 
evaluate model performance. To assess and improve the accuracy 
of the BP neural network, three other machine learning meth-
ods—Gaussian process regression (GPR), linear regression (LR),
and random forest (RF)—were also applied to model the fan-
shaped thermocells system. To further enhance the BP network, a
particle swarm optimization (PSO) algorithm is applied to optimize



the number of neurons in each hidden layer. The prediction results 
on the testing set were compared, as summarized in Table 2.  It  is  
observed that LR produced the lowest accuracy and the highest 
error, re�ecting the complex nonlinear relationship between ther-
mocells geometric parameters and performance metrics. In con-
trast, the PSO-BP neural network achieved the highest prediction 
accuracy and the lowest error, con�rming its effectiveness for
modeling this system. Speci�cally, the coef�cient of determination
(R2) for short-circuit current density prediction reached 0.9917,
while that for maximum power density reached 0.9928.
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Table 2 
Comparison of model performance of different machine learning methods under the testing set.

Model R2 MSE RMSE 

Isc Pd,max Isc Pd,max Isc Pd,max 

BP 0.9909 0.9920 0.1469 1.02 × 10 �5 0.3833 0.0032 
PSO-BP 0.9917 0.9928 0.1453 1.00 × 10 �5 0.3810 0.0032 
GPR 0.9565 0.9626 0.6531 4.45 × 10 �5 0.8082 0.0067 
LR 0.1763 0.1920 12.3739 0.0010 3.5176 0.0310 
RF 0.9235 0.9255 1.1490 0.0001 1.0719 0.0094 

As shown in Fig. 5, the prediction accuracy for maximum power 
density is slightly higher than that for short-circuit current density. 
Moreover, model performance follows the pattern: testing set > val-
idation set > training set, which re�ects the model’s strong gener-
alization ability and robust performance. Overall, the predictive
accuracy of the PSO-BP model can meet the requirements of prac-
tical engineering applications.

3. Results and discussions

To enhance the power density of aqueous fan-shaped thermo-
cells when recovering low-grade heat sources �owing in circular
pipelines, this study proposes two optimization strategies
for fan-shaped thermocells: single fan-shaped thermocell unit

performance optimization and fan-shaped thermocell modules 
synergistic performance optimization. The former focuses on con-
strained application scenarios, aiming to design and select con�g-
uration parameters of single fan-shaped thermocell unit to 
maximiz e power output. The latter targets full circular coverage,
optimizing the synergistic performance of different numbers of
fan-shaped thermocell units in the same modules.

Fig. 5. Comparison of the predicted results of PSO-BP model with numerical data for short-circuit current density and maximum power density: (a) training dataset for short-
circuit current density; (b) training dataset for maximum power density; (c) validation dataset for short-circuit current density; (d) validation dataset for maximum power
density; (e) testing dataset for short-circuit current density; (f) testing dataset for maximum power density. Pred.: predicted; simu.: simulation.
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3.1. ConÞguration optimization of single fan-shaped thermocell unit

Based on t he previously constructed fan-shaped aqueous ther-
mocell surrogate model and considering manufacturing and 
deployment constraints, this study �rstly proposes a grid partition-
ing optimization strategy for predicting optimal single fan-shaped 
thermocell unit con�gurations. A three-dimensional space is estab-
lished using the size angle ( a), position angle (b), and normalized
distance (n) as the variables. Within this space, the maximum
power density of each fan-shaped thermocell units is predicted
at discrete intervals using the trained surrogate model.

As shown in Table 3, the discretization of the three-dimensional 
design space re�ects practical constraints in the manufacturing 
and installation process. Speci�cally, an angular interval of 5° is
adopted to match realistic assembly tolerances, and the normal-
ized distance n is discretized at an interval of 0.005. This results



in 511 584 possible con�guration combinations, each evaluated via 
the surrogate model, from which the top 1% of highest-perfor ming
fan-shaped thermocell units are selected to populate the database
and provide options for application deployment.
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Table 3 
The parameters of fan-shaped thermocells used in the grid-based optimization
strategy.

Parameter Numerical 
range 
interval

Description 

Size angle (a) 0:5°:360° The arc length of thermocells
Position angle (b) 0:5°:360° Placement position of thermocells
Normalized distance ( n) 0.025:0.005:0.5 The ratio between the actual 

distance d and the radius r

As illustrated in Fig. 6(a), the performance of the top 1% highest-
performing units from the database is visualized. It is observed that 
the size angles (a) are predominantly concentrated around 10°, 
and the position angles (b) also tend to converge near 10°. This 
indicates that relatively small angular spans and deployment loca-
tions closed to the thermal apex contribute signi�cantly to 
enhanced power density output. On one hand, an increase in the 
size angle extends the electrode length, which facilitates a larger 
surface area for chemical reactions and boosts the total current 
output. However, it also prolongs the ion transport distance along 
the electrodes, thereby reducing the diffusion �ux toward the elec-
trode and impeding the prompt departure of reaction products 
from the electrode, which will both decrease the reaction rate, 
leading to a lower current density per unit area. On the other hand, 
due to symmetry and natural convection, position angles ranging
from 0° to 90° promote heat and mass transfer processes, because
smaller position angles enhance �ow �eld distributions that accel-
erate �uid movement near the electrode, increasing diffusion �ux,
while larger position angles enhance �uid �ow in the electrolyte,
boosting convection �ux. Considering these combined effects,
smaller size angles are more conducive to increasing current den-
sity per unit electrode area; additionally, the improved diffusion
�ux from smaller position angles enhances performance more
effectively than the increased convection �ux from larger position
angles. Such �ndings highlight a performance-sensitive zone
within the geometric design space. Notably, while variations in
size angle (a) and position angle (b) are signi�cant, the normalized
distance n consistently remains around 0.1 across the optimal

fan-shaped thermocell units, suggesting that n exhibits weak cor-
relation with a and b.

Fig. 6. (a) The performance of fan-shaped thermocell units based on the grid partitioning optimization strategy; (b) heatmap distributions of maximum powe r density
(Pd,max) under different size angles a, position angles b, and normalized distances n.
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To further investigate the potential relationship between a, b, 
and n, heatmap distributions of maximum power density are gen-
erated using the original dataset of the surrogate model, as shown
in Fig. 6(b). These heatmaps demonstrate consistent distribution 
patterns across different n values, and a pronounced deep-color 
band (indicating higher performance) near n = 0.1 is observed 
across all (a, b) combinations. This reinforces the observation that 
maximum power output tends to peak when n � 0.1, regardless of
a and b. Based on this �nding, the study proposes an approxima-
tion that decouples the normalized distance n from the geometric
parameters a and b.

Based on approximation above, a two-step GWO strategy is pro-
posed to simplify the optimization process and reducing the com-
putational complexity of aqueous fan-shaped thermocells 
con�guration design. The GWO algorithm mimics the predatory
behavior of grey wolf packs by dividing the search space into mul-
tiple subregions and coordinating different hierarchical wolves to
locate the global optimum [47] . In single-objective optimization 
tasks, this cooperative mechanism effectively avoids local optima 
and enhances global search capability. When applied to the perfor-
mance optimization of fan-shaped thermocells, GWO demon-
strates high ef�ciency and accuracy in handling the highly
nonlinear and multimodal relationship between thermocells
parameters and performance. As illustrated in Fig. 7(a), the �ow-
chart presents the proposed optimization process. The two-step 
optimization procedure proceeds as follows: In the �rst step, the 
GWO algorithm optimizes a and b under a �xed normalized dis-
tance n, with the objective of maximizing the unit’s max power 
density. In the second step, the optimized a and b values are used
as a base to further optimize the normalized distance n, leading to
the �nal optimal con�guration of the fan-shaped aqueous thermo-
cell unit. To compare two-step GWO algorithm with global GWO
algorithm, as illustrated in Figs. 7(b) and (c), the two-step GWO 
algorithm shows better result in same iteration numbers while
the calculation time is close to the global GWO algorithm.

The � nal optimized parameters are size angle a =  11.73°,  position  
angle b =  9.18°, normalized distance n = 0.09. Notably, the optimal 
con�guration obtained by the two-step GWO approach closely 
resembles the result from the grid-based sampling strategy discussed 
in the previous section, indicating the reliability and consistency of
the proposed optimization method. Then, as showed in Fig. 8(a), three
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Fig. 7. (a) Flowchart of the two-step GWO algorithm; (b) performance comparison of the global GWO algorithm and the two-step GWO algorithm; (c) calculation time
comparison of the global GWO algorithm and the two-step GWO algorithm.

Fig. 8. Performance comparison of fan-shaped thermocell units at different deployment positions: (a) con�guration visualization of fan-shaped aqueous thermocell units; (b)
comparison of diffusion �ux at the hot electrode; (c) comparison of maximum power density and thermopower.

common deployment con�gurations of single fan-shaped thermocell 
unit are compared with the optimal fan-shaped unit: ① a  thermocell  
with electrodes in the horizontal direction (horizontal), ② a  the  rmo-
cell with vertical electrodes having the cold electrode positioned over
the hot electrode (Vertical-COH), and ③ a thermocell with vertical
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electrodes having the hot electrode positioned over the cold electrode 
(Vertical-HOC). Furthermore, the diffusion �ux distribution on the hot 
electrode side is a nalyzed based on the simulation model, as illus-
trated in Fig. 8(b). It is observed that the diffusion �ux distribution 
of the optimal unit resembles that in the horizontal direction, while



being slightly larger in magnitude. Notably, although the fan-shaped 
thermocell units with Vertical-COH orientation and Vertical-HOC ori-
entation exhibit more symmetric diffusion �ux distributions with 
smaller �uctuations at the hot electrode, their overall magnitudes 
are lower. In particular, for the fan-shaped thermocell unit w ith
Vertical-COH orientation, the central region of the hot electrode expe-
riences a weakened concentration gradient due to the i n�uence of the
convective �ow �eld, resulting in a signi�cant reduction of diffusion
�ux. Fig. 8(c) compares the maximum power density and ther-
mopower among the different units, showing that the optimal fan-
shaped thermocell unit achieves a 244.54% increase in maximum 
power density compared with the one of Vertical-HOC orientation. 
This �nding suggests that in constrained deployment scenarios, 
designing fan-shaped thermocell units with smaller angular spans
and positioning them closer to regions with strong natural convection
can lead to signi�cantly en hanced thermoelectric conversion
performance.
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3.2. Synergistic performance optimization of fan-shaped thermocells
modules

In unconstrained application scenarios, fan-shaped thermocell 
units are arranged in a circular array to cover the entire tubular 
heat source, and are electrically connected in series to form a mod-
ule. This work proposes a synergistic performance enhancement
strategy based on the above two-step GWO algorithm. As illus-
trated in Fig. 9, the optimization process begins by determining 
the number of fan-shaped thermocell units (i). In the parameter 
con�guration stage, three key parameters are considered—size 
angle (a), position angle (b), and normalized distance (n)—with
prede�ned upper and lower bounds. Additional discretization
intervals are also introduced, both to match practical manufactur-
ing constraints and to accelerate computation.

Building on the conclusions from the single fan-shaped thermo-
cell units optimization section, this strategy also employs a two-
step GWO approach: In the �rst step, with n �xed, GWO optimizes

the size angle ( a) and position angle (b) of each unit in the array. In 
circular tubular heat sources scenarios, strong geometric con-
straints exist between thermocell units—they must ensure full cov-
erage without overlap, which increases optimization complexity. 
To address this, a mathematical permutation–combination simpli-
�cation is introduced: The arc range is converted into an equiva-
lent line segment length range, and the number of fan-shaped 
thermocel l units is expressed as the number of partitions. The dis-
tance between partitions represents the size angle ( a), while the
position of each partition corresponds to the position angle (b).
This reduces the optimization input to only i and b, with a derived
through calculation, thus decoupling part of the geometric con-
straints and simplifying implementation.

Fig. 9. Schematic diagram of the synergistic optimization strategy. lb: lower boundary; ub: upper boundary.
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The optim ization objective for the module optimization strategy 
is the total maximum power density (TP d,max) in series connection. 
Importantly, due to variations in the thermopowers of each fan-
shaped thermocell units under different a and b values, the VOC 

and short-circuit current density (I SC) differ even at the same tem-
perature difference. Therefore, in this strategy, the PSO-BP surrogate 
model is used to predict both I SC and Pd,max for each unit, and the 
total maximum power density is computed based on series circuit 
logic. Finally, for the best a and b obtained in the array optimization,
the normalized distance n of each unit is further optimized to deter-
mine the �nal con�guration for different thermocell units.

The con�gura tions of fan-shaped thermocell modules are opti-
mized for unit counts i = 1, 2, 3, 4, 5, and 6. As shown in Fig. 10 
when i = 1, the position angle (b) is not considered. When i � 2, 
the results indicate that the size angles ( a) are not uniformly dis-
tributed. Units located in the lower section of the heat source have 
larger a values compared to those in the upper section. This is 
because the lower units experience weaker natural convection, 
leading to poorer heat and mass transfer and thus lower heat to
power conversion capability. Increasing the contact area with the
hot side in these positions can partially offset the performance dis-
advantage. In terms of deployment position (b), the results show a
tendency to place more units within the 0°–180° range or partially



within this range to leverage the performance enhancement from 
natural convection. This further con�rms the importance of con-
vection in fan-shaped thermocells performance. The normalized
distance (n) remains close to 0.1, consistent with the earlier
observations.

Y. Shen, C. Fang, Y. Huang et al. Engineering xxx (xxxx) xxx

Fig. 10. Optimization con�guration visualization of fan-shaped thermocell modules with different units. (a)–(f): distribution of optimal con�guration parameters under
different units.

Table 4 
Performance of full-coverage fan-shaped thermocell modules with different units.

Number of thermocells TPd,max (mW m � 2 ) Con�guration parameter Units performance 

a n Ib SC (A m � 2 ) Pd,max (mW m � 2 )

1 203.4 360° — 0.110 24.93 203.4 
2 225.1 180° 10° 0.110 31.02 260.4 

180° 190° 0.110 24.69 195.7 
3 222.7 120° 15° 0.110 31.86 266.5 

105° 135° 0.115 27.74 229.6 
135° 240° 0.120 23.87 186.2 

4 231.9 95° 55° 0.100 32.49 271.5 
75° 150° 0.105 29.93 250.2 
110° 225° 0.105 23.46 179.4 
80° 335° 0.110 30.10 254.9 

5 233.2 80° 30° 0.115 32.36 270.2 
60° 110° 0.115 30.04 252.9 
65° 170° 0.105 29.54 242.6 
95° 235° 0.095 23.15 176.7 
60° 330° 0.105 31.69 268.2 

6 235.7 50° 5° 0.110 31.73 269.4 
75° 55° 0.100 33.71 280.8 
45° 130° 0.095 32.61 276.4 
65° 175° 0.095 28.97 236.1 
75° 240° 0.085 22.18 167.5 
50° 315° 0.100 31.07 257.7
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Table 4 summarizes the single-unit performance and overall 
performance of fan-shaped thermocell modules with different 
numbers of units. The results show that lower-section units have
lower performance than upper-section units. As the number of
synergistically optimized units increases, the total performance



generally increases. When i = 6, the total maximum output power 
density reaches 235.7 mW m �2 which achieves a 15.88% increase 
compared with a single-unit fan-shaped thermocell module. A 
slight decrease is observed when i = 3 compared to i = 2. Increasing 
the unit count improves modules adaptability, allowing better uti-
lization of each unit’s heat and mass transfer characteristics to 
enhance performance. However, excessive unit counts will 
increase manufacturing and installation complexity. Overall, the 
synergistic performance enhancement strategy achieves higher 
total output power density compared with the single conventional 
square natural-convection thermocell unit, while also enabling full 
heat-source coverage. This results in a win–win outcome in terms
of both output performance and thermal energy utilization. It is
notable that in actual operation, heat transfer exists not only
between the heat source and the units , but also among the units
themselves. However, the simulation model of the thermocells
only set the temperatures on both sides of the electrode, while
the rest are adiabatic boundaries. Therefore, the thermal interfer-
ence between each unit is ignored. This is also an important in�u-
encing factor that needs to be considered in the future practical
process.
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To fully evaluate the performance advantages of both the opti-
mal single thermocell unit and the six-units thermocell array mod-
ule, we incorporate a full-coverage thermocell module of one unit
for comparative analysis and then compute the total output volt-
age and max power for all three con�gurations when applied to

a typical industrial pipe (radius: 2.25 cm; length: 1 m). Notably, 
due to symmetry, there are two possible position angles for the 
optimal single thermocell unit, thus, both con�gurations of the
optimal single thermocell units are considered in the calculations.
The results are summarized in Table 5. In this study, thermocell 
units are connected in series for power output. Increasing the num-
ber of units will boost total output voltage, but inevitably increase 
internal resistance which will result in reduced power. While the
optimized single unit in this study exhibits higher power density,
its usable electrode area is smaller, so its actual total output power
is lower than that of the full-coverage array modules.

Table 5 
Performance of optimal single fan-shaped thermocell unit and fan-shaped thermocell
modules.

Module Total output voltage (mV) Total maximum 
power (mW)

Optimal single unit 67.51 3.08 
One-unit module 32.63 28.75 
Six-units module 197.16 33.32 

Fig. 11. Performance comparison of two-units fan-shaped thermocell modules: (a)–(c) con�guration visualization of two-units fan-shaped thermocell modules; (d) 
comparison of diffusion �ux comparison at the hot electrode; (e) comparison of maximum power density; (f) comparison of total maximum power density.
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Furthermore, this study takes the cases of two-units and �ve-
units fan-shaped thermocell modules as examples to illustrate
the advantages over conventional deployment con�gurations. As
shown in Figs. 11(a)–(c), schematic diagrams of two-units fan-
shaped thermocell modules are presented, comparing common
left–right symmetric and top–bottom symmetric arrangements.
Fig. 11(d) shows the diffusion �ux at the hot electrode. Compared 
with the left–right symmetric arrangement, both the optimal two-
unit modules and the top–bottom arrangement exhibit symmetric 
diffusion �ux distributions with overall higher magnitudes. Nota-
bly, for the unit located at the lower position, the diffusion �ux is
more uniformly distributed but of smaller magnitude than that
of the upper unit, which is strongly related to the convective �ow
�eld distribution. In terms of single-unit performance and overall
modules output power, as illustrated in Fig. 11(e), the two units 
in the left–right symmetric module perform similarly, whereas 
the lower-position unit exhibits signi�cantly poorer performance. 
Consequently, the optimal two-units fan-shap ed thermocell mod-
ules achieves an 11.49% improvement in total output power den-
sity compared with the left–right arrangement, as illustrated in
Fig. 11(f). 

For the �ve-units fan-shaped thermocell modules, two common 
con�guration forms are considered, as illustrated in Figs. 12(a) and 
(b) (hereafter referred to as module 1 and module 2, respectively).
In both cases, the fan-shaped thermocell units are assigned
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uniform size angles, with the normalized distance �xed at 0.1. It is 
worth noting that larger distances can introduce greater mass-
transfer resistance, particularly when units are deployed in regions
with negligible convection. The optimal con�guration of the �ve-
units fan-shaped thermocell module is shown in Fig. 12(c). The dif-
fusion �ux distributions at the hot electrode of module 1, module
2, and best module are shown in Figs. 12(d)–(f), where both mod-
ule 1 and module 2 exhibit a certain degree of symmetry, and the 
numerical differences are relatively small. In module 1, however, 
more units bene�t from mass-transf er enhancement induced by
natural convection, which can be clearly observed from the curves
at position angles of 18° and 90°. As shown in Fig. 12(g), the ther-
mopower of the relatively poor-performing units in module 1 and
module 2 are similar. Nevertheless, as shown in Fig. 12(h), the fan-
shaped thermocell unit located at 234° (a nearly no convection 
region) in module 1 performs even worse than the weakest unit 
in module 2, becoming the primary factor limiting its overall per-
formance. In general, fan-shaped thermocell units located at the
upper part of the circular heat source perform better than those
at the lower part.
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Fig. 12. Performance comparison of �ve-units fan-shaped thermocell modules: (a)–(c) con�guration visualization of �ve-units fan-shaped thermocells; (d)–(f) comparison of 
diffusion �ux comparison at the hot electrode; (g) comparison of thermopower; (h) comparison of maximum power density; (i) comparison of total maximum power density.

Compared with modules 1 and 2, the optimal module proposed 
in this study demonstrates superior overall performance, as shown

in Fig. 12(i), with the total maximum power density approximately 
2% higher than that of module 1. This improvement is mainly 
attributed to synergistic optimization among different units: 
Enlarging the size angles of the lower-positioned units to increase 
reactive area, adjusting position angles to balance the performance 
of fan-shaped thermocell units, and, most importantly, tuning the 
normalized distance by assigning smaller distances in weak-
convection regions to mitigate mass-transfer resistance. It should
also be noted that, as discussed earlier, dividing the modules into
more fan-shaped thermocell units enhances deployment �exibility
but simultaneously imposes more geometric constraints, which
may limit the extent of performance improvement compared with
conventional modules.
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4. Conclusi ons

This study addresses the engineering demand for ef�cient low-
grade heat recovery in complex circular tubular thermal environ-
ments and proposes a machine learning–enabled optimization 
framework for fan-shaped thermocells. By integrating numerical
simulations, machine learning, and intelligent optimization algo-
rithms, a multi-level optimization framework is developed for both



single-unit and array modules of fan-shaped aqueous thermocells, 
tailored for different application scenarios. This framework simul-
taneously improves both performance and heat utilization. The
main conclusions are as follows:
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To address the traditional time-consuming thermocell experi-
ments and the limitations of standalone simulations, this study 
establishes a rapid-response and high-accuracy surrogate model 
for fan-shaped thermocells. By leveraging a BP neural network, 
the complex relationships between con�guration parameters and 
output characteristics are captured. The accuracy of the model is
further enhanced by PSO, achieving predictive accuracies of
R2 > 0.99 for both short-circuit current density and maximum
power density. This not only satis�es engineering application
requirements but also signi�cantly accelerates design iteration
ef�ciency.

In constrained application scenarios, a grid partitioning method 
is introduced to construct a database of optimal con�gurations for 
aqueous fan-shaped thermocell units. Through parameter analysis, 
the complex coupling among size angle, position angle, and nor-
malized distance is decoupled. On this basis, a two-step GWO algo-
rithm strategy based on the PSO-BP model is proposed. Results
show that the optimal unit achieves a maximum power density
of 333.7 mW m�2 , improving by 66.35% over square units and
244.54% over non-convective units, highlighting the advantages
of small-span designs near convection zones.

For unconstrained full heat-source coverage scenarios, a syner-
gistic performance optimization strategy for fan-shaped thermo-
cell modules based on the two-step GWO algorithm is proposed. 
This strategy simpli�es parameter constraints between size and 
position angles, ensuring complete circular coverage while opti-
mizing unit con�gurations to maximize overall module perfor-
mance. Results indicate that a six-units fan-shaped thermocell 
module can achieve a maximum power density of 235.7 mW m�2 ,
improving by 15.88% over a single-unit con�guration. Comparative
analysis of two-units and �ve-unit modules against traditional
deployment schemes further highlights the signi�cant impact of
natural convection, and shows that increasing the contact area
between low-performing units and the heat source can partially
compensates for their de�ciencies.
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