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Abstract: Thermal batteries based on phase change materials (PCMs) are a key technology for energy savings and carbon
reduction in building heating since latent thermal energy storage by PCMs with high energy storage density indicates great
potential to utilize renewable energies. However, the complicated structure of finned-tube heat exchangers and the nonlinear
melting-solidification process of PCMs require a great deal of computation and time resources, highly restricting the engineering
design and application of PCM-based thermal batteries. To address these issues, this study proposed a universal machine
learning-enabled performance prediction framework for finned-tube PCM-based thermal batteries designed for residential
domestic hot-water supply, in which thermal energy is stored in PCM during the charging process and released to cold water during
the discharging process to provide usable hot water for end users. First, a simplified simulation method coupling a 1D tube model
with a 3D CFD model is established for the rapid performance computation of thermal batteries. Second, the deep operator
network framework is introduced to directly map static parameters to the time-based temperature response of outlet hot water
validated by the simulation and previous experimental results. Based on the machine learning-enabled performance prediction
framework, the effects of critical parameters such as tube diameter and thickness combination (Or/Th), fin distance (Fd), and flow
rate (Fr) on the heat storage capacity and heat release power are systematically analyzed, providing guidelines for the proposed
flowrate feedback regulation strategy of thermal batteries to satisfy different usage temperatures 7us. and time constraints. The
results show that the proposed framework can accurately predict the outlet temperature and available total volume of hot water
output by thermal batteries under various conditions.

Key words: Latent thermal energy storage; Finned tube thermal battery; Simplified simulation model; Machine learning;
Operation strategy

1 Introduction

With the continuous advancement of
dual-carbon goals, the large-scale integration of
renewables such as solar and wind power is
accelerating (Li et al., 2025; Tong et al., 2025).
However, the temporal and spatial mismatch between
energy supply and demand (Zhai et al., 2025; Ming et
al., 2026) makes efficient and reliable energy storage
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essential for next-generation energy systems (Xie et
al.,, 2025; Huang et al., 2026). Thermal energy,
involved in nearly 90% of global energy conversion
and utilization processes (Henry et al., 2020), offers
advantages over electrochemical storage in cost,
safety, and service life (Freeman et al., 2023;
Abdellatif et al., 2025).

Latent thermal energy storage (LTES) is widely
regarded as an  effective  approach  for
high-energy-density thermal storage (Li et al., 2021;
Li et al., 2023a). Owing to the high latent heat
associated with phase change material (PCM) (Yu et
al., 2023), PCM can store substantially more thermal
energy than conventional sensible heat storage
(Huang et al., 2023a), exhibiting distinct advantages
in applications where space is constrained or strict
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temperature stability is required (Liu et al., 2025).
Numerous studies have demonstrated that LTES holds
considerable potential in renewable energy load
shifting (Moreno et al., 2014), waste heat recovery
(Huang et al., 2023b), and high-power thermal
management systems (Christopher Selvam et al.,
2025; Yan et al., 2026b).

Although LTES possesses high energy density,
its engineering application is still constrained by the
low intrinsic thermal conductivity of PCM.
Especially in organic phase change materials, the
thermal conductivity is typically only 0.2-0.7
Wm'K! (Liu et al., 2023; Tripathi et al., 2023),
resulting in slow heat transfer and low power density.
Material-level enhancement strategies have therefore
been widely explored. Liao et al. (Liao et al., 2025)
developed a PAAS/ST/DHPD flexible phase-change
hydrogel. With 65 wt% DHPD, it showed a
phase-change temperature of 31.0 °C, latent heat of
162.3 J-g7!, good thermal stability after 100
heating—cooling cycles, and compression resilience at
25 °C and 40 °C. Kumar et al. (Kumar et al., 2026)
prepared anisotropic shape-stable FCPCMs using
paraffin wax, OBC, SEBS, and EG. The sample with
10 wt% EG reduced the peak battery temperature by
23.5 °C at 4C discharge and narrowed the temperature
difference by 50%. To address PCM leakage during
phase transition, encapsulation and conductive fillers
have also been adopted. Ebrahimi et al. (Ebrahimi et
al., 2024) proposed an in situ synthesized nanoporous
nickel/graphitized-carbon foam for organic PCM
encapsulation, retaining high latent heat with only an
approximately 7-12% reduction, improving shape
stability, and achieving a photothermal efficiency up
to ~91%. These methods have to some extent
increased the thermal conductivity but may also
introduce new problems, such as increased viscosity
and suppressed natural convection. Li et al. (Li et al.,
2026) proposed a slip-enhanced close-contact melting
strategy using a pulse-heating layer and liquid-like
slip surface, shortening the charging time from
approximately 30 min to less than 3 min and
achieving power densities up to ~1100 kW-m™ while
largely maintaining the energy density.

Recent studies indicate that material
modification alone cannot resolve the trade-off
between energy density and power density in LTES.
Fin structures are widely recognized as effective

passive heat-transfer enhancement methods (Elsihy et
al., 2025). Properly arranged longitudinal or annular
fins can enlarge the heat-transfer area and accelerate
charging and discharging (Jiang et al., 2024).
Accordingly, in practical engineering applications,
finned-tube PCM thermal batteries are widely
regarded as one of the most promising LTES
configurations, thanks to their intrinsic advantages of
compact structure and reliable long-term operation.
Jiang et al. (Jiang et al., 2021) found that lower-shell
fin placement enhanced heat conduction and natural
convection, reducing melting time by up to ~62%
compared with the bare-tube case. Tian et al. (Tian et
al., 2024) proposed a leaf-vein-inspired self-growing
fin topology with outer-tube optimization, reducing
melting time by 46.4% and 57.1%, increasing specific
power density by 80.6% and 125.7%, and further
reducing melting time by 21.57%. Wang et al. (Wang
et al., 2024) optimized the air-side fins of plate-fin
heat exchangers, increasing the comprehensive
performance factor by 9.53%22.82% and heat
dissipation by 26.21% under the same pumping power.
Li et al. (Li et al, 2023b) combined
annular-fin-induced close-contact melting with
nanoenhanced PCMs, reducing the melting time to
approximately 52.7% of the baseline and increasing
the average power density by more than 100%.
Although fin structures greatly improve heat-transfer
rates, the coupled effects of multiple parameters on
energy and power densities still require further study.

Despite advances in material and structural
optimization, the system-level coupling effects of key
finned-tube parameters, including tube diameter, tube
distance, and fin count, remain insufficiently
understood. These parameters affect heat storage, heat
release, and PCM utilization, thereby influencing
both energy and power densities (Paul and Biswas,
2026). Moreover, existing studies often rely on costly
full-scale CFD simulations or isolated parametric
analyses, limiting rapid engineering design.
Data-driven surrogate models have been increasingly
used to replace high-fidelity simulations (Bai et al.,
2026; Yan et al., 2026a). Intelligent and automated
operation also raises new requirements for practical
PCM thermal batteries (Sun et al., 2025). Therefore,
this study develops an engineering-oriented
simplified whole-device model to analyze the effects
of key parameters on heat-storage capacity and



heat-release power. Based on experimental and
simulation data, a machine-learning-based rapid
prediction model is then established. A flowrate
feedback regulation strategy for residential hot-water
supply is further proposed to match thermal-battery
performance with practical operating demands. This
work provides methodological guidance for the
structural design and rapid performance evaluation of
PCM-integrated thermal batteries.

2 Modeling methodology

This work investigates domestic hot water
utilization scenarios, selecting a customized
finned-tube PCM thermal battery as the research
object to characterize its heat discharge performance.
The equivalent volume of mixed hot water at the user
target temperature is herein adopted as the practical
evaluation index. Full descriptions of the prototype
structure, material thermal properties, operational
principle and equivalent hot water volume definition
are available in Section S1 of the electronic
supplementary materials (ESM).

2.1 Simplified simulation model

Due to the complex heat transfer process inside
the thermal battery and the large number of grids in
the computational domain, full-scale CFD
simulations are computationally expensive and
time-consuming. Therefore, in this study, a simplified
simulation method is established. By constructing the
minimum heat transfer unit, the complex heat transfer
process of the cold water and the PCM is decomposed
into a two-way data transfer process between the
I-dimensional tube model and the 3-dimensional
CFD model. A schematic diagram of the simplified
model construction is shown in Figure 1.
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Fig. 1 Basic conception of the simplified model for thermal
batteries.
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Based on the periodic arrangement of the
finned-tube heat exchanger, the thermal battery is
decomposed into several parallel single-finned-tube
units. Each unit is further divided into minimum
heat-transfer units along the flow direction,
representing the sequential heat exchange of cold
water from inlet to outlet. Each minimum unit
consists of a 1-dimensional (1D) tube model and a
3-dimensional (3D) CFD unit. The 1D tube model
calculates the axial temperature evolution of flowing
water, while the 3D CFD model calculates the local
PCM-side phase-change heat transfer. Their coupling
preserves the main heat-transfer characteristics while
reducing the computational cost of full-scale CFD
simulations. Through the CFD simulation model, a
dataset of heat flux under different inlet temperatures
of the cold water and the PCM’s states of charge
(SOC) is generated. The calculation for the SOC and
maximum heat capacity of the 3D CFD model is as
follows:

SOC = SOC,y — L Acowanrdt 0
Qmax = mpcM[AhpcM + CppeM(Tmax — Tmin)]
+ mtubeCp,tube(TmaX — Thin)
2

where SOC;,; represents the initial SOC; Q. is
the maximum heat storage capacity of the
3-dimensional CFD model; A.gq represents the heat
transfer area between the cold water and the tube; qyp
represents the heat flux density between the cold
water and the 1-dimensional tube model; mpcy is the
mass of the PCM in the model; My, is the mass of
the finned tubes in the model; Ahpcy is the latent heat
of the PCM; C), is the specific heat of the material;

and Ty and Tp,, are the highest and lowest
temperatures during operation, respectively.

During the calculation process, the
corresponding heat flux is obtained based on the
SOC of the current CFD wunit and the inlet
temperature of the cold water, which is then loaded
as input into the 1D tube model. The node outlet
temperature is calculated according to the energy
conservation equation, while the SOC of the current
CFD unit is updated. This process continues until the
outlet temperature of the last node is calculated.

As shown in Figure 2, the 3D simulation domain
is defined by the maximum PCM range that a single
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finned tube can influence and the PCM contained
between two adjacent fins (Kroeger and Ostrach,
1974; Xu et al., 2024). In this study, the heat release
process of the PCM within each finned tube is
similar, so it is assumed that the phase change
process is uniform and symmetrical between adjacent
fins (Waser et al., 2020).

Fin
.M
N Tube

Teoia, s

Fig. 2 Simulation domain using the finite volume method.

In this work, a numerical simulation model for
the finned-tube PCM thermal battery is built via
ANSYS Fluent. The corresponding governing
equations and detailed model calculation principles
are provided in Section S2 of the ESM.

2.1.2 1-Dimensional tube model

Modeling the heat transfer of the cold water
within the heat exchanger as a 1D tube model can
reduce the time required for the fluid=solid coupling
calculations in the full-scale simulation. The node
discretization scheme of the 1D tube model is shown
in Figure 3. From the above simplification process, it
can be seen that the number of nodes depends on the
length of the single finned tube and the number of fins
(Neumann et al., 2017). Each node adheres to the
principle of energy conservation, and the outlet
temperature of the cold water at node i can be
calculated using the following formula. The outlet
temperature of the cold water at node 7 can be used to
calculate the outlet temperature of the cold water at
node i+1 until the last node is reached.

Toer  Towar  Tewa s

B |

oo, i

m Direction of

the cold water

Fig. 3 Discretized node scheme of the 1-dimensional tube
model.

+ qcold, i (3)

Cp,coldMcold
where T4 ; represents the outlet temperature of the

Tcold, i = Tcold, i-1

cold water at node i; To)q ;—1 represents the outlet
temperature of the cold water at node i-1; qcog, ;
represents the heat flux fed back from the 3D CFD

model to node i; Cpcolq represents the specific heat
capacity at constant pressure of the cold water; and
Meolq represents the mass flow rate of the cold water.

2.1.3 Model validation

This study verifies the simplified simulation
model based on the thermal battery performance test
bench established by Jiang et al. (Jiang et al., 2024b)
in our research group. The experimental method
involved heating with 70 °C hot water for 2 hours,
letting it stand for 30 minutes, and then introducing
cold water at room temperature to measure the
temperature curve at the outlet of the thermal battery.
In addition, two situations are considered: the inlet
cold water temperatures are 28 °C and 15 °C,
corresponding to the summer and winter operating
conditions of the thermal battery, respectively. The
results showed that the simplified simulation analysis
model could maintain an error of within 10% with the
experimental data most of the time.

2.2 Machine learning-enabled performance
prediction model

Engineering product design and optimization
impose strict limits on computational cost and
efficiency. Conventional experiments are
time-consuming with poor repeatability, while
simplified simulation models require fixed predefined
parameters and involve heavy computation. With
advances in artificial intelligence, machine learning
surrogate models enable rapid performance prediction
of thermal batteries under various key parameters,
supporting product optimization and operational
strategy design.

Figure 4 presents the machine learning workflow
for thermal battery performance prediction. This work
targets the prediction of time-varying outlet water
temperature under different static critical parameters.
Traditional artificial neural networks (ANNs) treat
time as an extra input for pointwise regression and
cannot capture temporal evolution patterns. Recurrent
neural networks (RNNs), long short-term memory
(LSTM) networks and transformers support
autoregressive prediction but depend on historical
states and fixed time steps, making them unsuitable
for static parameter-driven output prediction. In
contrast, Deep Operator Networks (DeepONet) (Lu et
al., 2021), developed for operator learning, split the



temperature prediction task into branch and trunk
subnetworks (Figure 4a—c). The branch encoder
receives structural parameters (outer diameter, wall
thickness, fin distance) and the operational parameter
(flow rate). The trunk network takes operating time to
construct temporal basis functions. Their outputs are
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fused via the vector dot product to generate
predictions. This framework efficiently learns the
mapping  between  static  parameters  and
time-dependent outlet temperature, with strong
generalization and continuous-time adaptability.
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Fig. 4 The ﬂowchart of machine learnmg (a) The input parameters of the model; (b) The framework of DeepONet; (c)
The prediction performance of the model; (d) The module of "Time-based Broadcast"; (e¢) The module of "Fourier
Feature".

2.2.1 Data processing

In this study, the machine learning dataset is
established with the thermal battery initially
maintained at 70 °C (PCM fully charged), and 20 °C
cold water is supplied for the heat-release process.
The model output corresponds to the hourly evolution
of outlet water temperature. The static input
parameters adopted in this work are summarized in
Table 1. Considering the comprehensive heat transfer
characteristics of the thermal battery, four groups of
structural parameters (tube outer diameter, wall
thickness, and fin distance) and operational
parameters (cold water flow rate) are selected. The
diameter—thickness combinations follow commercial
copper tube specifications and practical engineering
standards. To guarantee engineering feasibility, the
wall thickness is matched with specific outer
diameters rather than varying independently.

Table 1 The input static parameters of machine learning

Flow rate (Fr) 6,8, 10 L/min

Parameter Numerical range Unit

635 & 038,952 &

1.0, 127 & 1.2, mm
1588 & 1.2

2,4,6,8,10 mm

outer diameter (Or)
& thickness (Th)

Fin distances (Fd)

Prior to model training, the input parameters are
separately processed for the two DeepONet
subnetworks. The trunk network receives continuous
operating time and captures temporal evolution
features via Fourier transformation and MLP. As
illustrated in Figure 4e, sine and cosine functions map
raw time information into high-dimensional
frequency features, constructing the time-dependent
feature vector 7(%). In contrast, the branch network
takes a four-dimensional static parameter vector g and
compresses it into low-dimensional latent features
through MLP, yielding fixed parameter embeddings
B(g) for each parameter group. To realize operator
learning, static parameter features are broadcast and
aligned with all time points. As shown in Figure 4d,
each static parameter group is repeatedly matched
with sequential time information, constructing
complete parameter—time input pairs for subsequent
temperature prediction.

2.2.2 Model training

Based on the above data processing, a total of 60
unique static parameter groups are adopted for model
training. Each parameter group is broadcasted and
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matched with 721 time points (spanning 3600 s with a
5 s interval) to construct complete training samples.
Given the limited dataset size, 5-fold cross-validation
is implemented to enhance model reliability and
generalization. The detailed dataset settings, network
hyperparameters, training configurations, and
complete model validation figures are provided in
Section S3 of the ESM. The results demonstrate rapid
and stable model convergence, with the coefficient of
determination (R?) of both the training and test sets
converging close to 1 after sufficient training, as
shown in Figure S2. No obvious overfitting is
observed, indicating excellent fitting and
generalization capability of the network. The optimal
model obtained from cross-validation is further
verified under multiple typical structural and
operational conditions. As shown in Figure S3, the
predicted temperature evolutions show excellent
consistency with the numerical simulation results,
which validates that the proposed DeepONet model
can accurately and reliably capture the dynamic
heat-release responses of thermal batteries.

3 Results and discussion

For residential hot water  applications,
deliverable high-quality hot water is of primary
concern. Based on the simplified simulation model,
this section analyses the effects of key parameters on
the available Vi under a fixed device volume. Two
performance metrics are evaluated: the maximum Vi
after full charging, representing the total heat storage
capacity (energy density), and the cumulative Vi at
different operating times until the outlet temperature
drops to 40 °C, representing the instantaneous heat
release capability (power density). The following
parameter analysis is organized around these two
metrics.

3.1 Effects of the outer diameter and thickness

Figure 5a—e presents the outlet water
temperature profiles under different tube diameter
and thickness combinations. The temperature
evolution exhibits three distinct stages: an initial rapid
drop driven by sensible heat release from the finned
tubes and near-wall PCM; a plateau-like region
corresponding to PCM latent heat release, during
which the outlet temperature decreases slowly — note

that the plateau temperature does not equal the
phase-change temperature, as the outlet temperature
is governed by coupled heat transfer among the PCM,
fins, tubes and flow rate; and a final rapid decline
after most latent heat is exhausted, entering the
sensible cooling regime. At small fin distances,
increasing the tube diameter raises the initial outlet
temperature but shortens the heat release duration
(with 40 °C as the threshold). For instance, the
combination Or(15.88)-Th(1.2)- Fd(2) achieves an
initial outlet temperature of 70.25 °C, which is
19.75% higher than Or(6.35)-Th(0.8)-Fd(2), yet its
time to reach 40 °C is 1315 s, which is 30.05%
shorter. First, with a fixed fin distance, a larger tube
diameter reduces the PCM volume per fin-tube unit,
facilitating initial heat transfer to cold water;
simultaneously, the lower flow velocity at the same
mass flow rate reduces the convective heat transfer
coefficient but extends the water residence time,
yielding more thorough heat exchange. Consequently,
larger-diameter batteries deliver higher initial
temperatures. Second, the increased tube diameter
reduces the total PCM mass and thus the maximum
storage capacity, preventing sustained heat release
and causing the outlet temperature to drop below
40 °C more rapidly. This indicates that the
initial-stage heat transfer resistance is dominated by
the PCM itself, as heat must be gradually conducted
from the interior outward.

As the fin distance increases, the heat transfer
area between the PCM and tube outer wall
diminishes, which  disproportionately  affects
smaller-diameter thermal batteries. As shown in
Figure 5f, the heat release duration of
smaller-diameter batteries shortens more markedly
than that of larger-diameter batteries. For the
combination Or(6.35)-Th(0.8)-Fd(10), the time to
reach 40 °C is 1315 s, 30.05% less than that of
Or(6.35)-Th(0.8)-Fd(2). On the one hand, due to the
reduction in fin distance, the effect of heat transfer
deteriorates; on the other hand, because of the faster
flow velocity, most of the PCM cannot effectively
transfer the heat within itself.
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Fig. 5 The outlet water temperature of the thermal battery
under different combinations of tube diameters and
thickness: (a)-(e) Different fin distances; (f) The drop time
of the outlet water temperature to 40 °C.

The cumulative Vo over the full operating period
is further analyzed in Figure 6a—e. Since cumulative
Vo depends on both outlet temperature and operating
time, smaller fin distances benefit smaller-diameter
batteries: despite lower outlet temperatures, their
longer heat release duration yields larger cumulative
Vi that plateaus as operation proceeds. The
maximum Vo (defined as the cumulative Vi from t =
0 until the outlet temperature drops to 40 °C) of the
combination Or(9.52)-Th(1.0)-Fd(2) reaches 248.22
L, 12.4% higher than that of
Or(15.88)-Th(1.2)-Fd(2). However, this advantage of
smaller tube diameters diminishes as the fin distance
increases. As shown in Figure 6f, larger-diameter
batteries not only catch up and surpass smaller ones in
max Vi but also outperform them in heat release
duration. The max Vi of the combination
Or(6.35)-Th(0.8)-Fd(10) is 136.61 L, 40.08% lower
than that of Or(6.35)-Th(0.8)-Fd(2).

as— b

S0 3500 M0 350 40
Time (<)

Fig. 6 Cumulative Vy of the thermal battery under
different combinations of tube diameters and thickness:
(a)-(e) Different fin distances; (f) The max V.
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Therefore, thermal battery design requires
careful balancing of the tube diameter and fin
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spacing. Smaller tube diameters extend heat release
duration and can yield optimal max Vi, whereas
larger tube diameters raise the initial outlet
temperature at the cost of reduced max V4o and shorter
heat release duration. From a thermal load
management perspective, larger tube diameters
enhance short-term heat release capability, making
them suitable for meeting peak hot-water demand
within limited time windows. Conversely, smaller
tube diameters accommodate more PCM and deliver
higher maximum Vi, making them better suited for
applications requiring prolonged heat supply and
greater peak-load shifting capacity.

3.2 Effects of the fin distance

For a given tube diameter and thickness
combination, the fin volume has a negligible effect on
the total PCM mass due to the small fin thickness (0.2
mm), especially compared with the impact of the tube
diameter and thickness. As shown in Figure 7, outlet
water temperatures are initially similar across
different fin distances but diverge after a certain
point: batteries with smaller fin distances have
already released most of their latent heat, whereas
those with larger fin distances retain unexploited
thermal energy due to reduced heat transfer area.
Notably, the influence of the fin distance weakens as
the tube diameter increases. Two mechanisms
contribute: first, the reduced total PCM mass and
smaller per-unit PCM volume around each finned
tube enable faster heat extraction; second, the lower
flow velocity associated with larger diameters
promotes more thorough heat exchange.
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under different fin distances: (a)-(d) Different
combinations of tube diameters and thickness.

The cumulative Vi profiles over time are
presented in Figure 8. Consistent with the preceding
analysis, smaller fin distances yield higher
cumulative Vao, and this effect diminishes as the tube
diameter increases. Notably, for larger-diameter
batteries, the enhanced heat transfer from increased
tube area reduces the sensitivity of heat release
duration to fin spacing. In contrast, the benefit of
smaller fin distances is more pronounced for
smaller-diameter batteries.
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Fig. 8 Cumulative V40 of the thermal battery under
different fin distances: (a)-(d) Different combinations of
tube diameters and thickness.

The influence of fin distance also reflects the
trade-off between heat release rate and thermal
storage capacity. A smaller fin distance enhances heat
transfer and increases the available heat output within
a short period, whereas a larger fin distance increases
PCM loading and contributes to a greater amount of
stored thermal energy. Therefore, the selection of fin
distance should be based on whether the application
prioritizes short-term peak demand coverage or
long-term thermal load shifting.

3.3 Effects of the flow rate

For thermal batteries with identical structural
parameters, Vi 1is governed by both outlet
temperature and flow rate. A higher flow rate
increases the convective heat transfer coefficient and
instantaneous heat release power but prevents
sufficient heat exchange, thereby lowering the outlet

temperature. Conversely, a lower flow rate enables
more thorough heat transfer and raises the outlet
temperature but limits the instantaneous heat release
power. These two competing effects collectively
determine the net change in Vao.

As shown in Figure 9, as the flow rate increases,
the outlet water temperature of the thermal battery
shifts downward overall. This means that even at a
larger flow rate, although the convective heat transfer
coefficient increases, since the heat transfer resistance
is mainly concentrated within the PCM, the
temperature rise of the cold water within the same
time period is lower compared to that at a smaller
flow rate. The initial outlet water temperature of the
combination Or(6.35)-Th(0.8)-Fd(2)-Fr(6) can reach
58.33 °C, which is 22.96% higher than that of the
combination Or(6.35)-Th(0.8)-Fd(2)-Fr(10).

a b
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Fig. 9 The outlet water temperature of the thermal battery
under different flow rates: (a)-(d) Different combinations
of tube diameters and thickness.

This pattern persists throughout the entire heat
release process. Notably, the influence of flow rate
diminishes slightly with increasing tube diameter —
consistent with the earlier observation that larger
diameters reduce the per-unit PCM volume around
each finned tube, enabling faster heat extraction.
Nevertheless, the competing relationship between
outlet temperature and flow rate remains the primary
determinant of Vo,

Cumulative Vi profiles under different flow
rates are shown in Figure 10. Higher flow rates do not
increase the maximum Vio, indicating that Vio is
ultimately limited by outlet temperature: despite



higher instantaneous heat release power, the total heat
extracted over the full operating period decreases,
reducing max Vao. This effect is partially mitigated by
larger tube diameters, although max Vi still declines
slightly. For the combination
Or(6.35)-Th(0.8)-Fd(2)-Fr(10), the max Vio is 32.38
L, 85.79% lower than that of
0r(6.35)-Th(0.8)-Fd(2)-Fr(6). Further analysis of the
cumulative Vs evolution reveals that lower flow rates
extend the heat release duration, requiring more time
to deliver the full max Vio. Conversely, while higher
flow rates yield lower cumulative Vo at matched time
points, they release heat faster and deliver more Vao
within equal time intervals. This highlights the need
to align flow rate selection with actual user usage
patterns.

The effect of the flow rate is directly related to
the peak-load shifting performance of the thermal
battery. Increasing the flow rate enhances the heat
release power and enables a larger amount of thermal
energy to be delivered within a short period.
However, it also reduces the maximum Vi due to the
shortened residence time of water inside the heat
exchanger. Therefore, high flow rates are
advantageous when the objective is to cover
short-term peak demand, whereas lower flow rates are
more suitable for maximizing the utilization of stored
thermal energy and extending the duration of
peak-load reduction.
a®

200 -
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Fig. 10 Cumulative V40 of the thermal battery under
different flow rates: (a)-(d) Different combinations of tube
diameters and thickness.

3.4 Feedback regulation strategy for residential
hot water supply
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On the basis of analyzing the above parameters,
different thermal battery structural selections are
constructed for different heat demand scenarios.
Choosing an appropriate combination of tube
diameter and thickness and a smaller fin distance can
achieve a larger max Vio. For rapid heat acquisition
scenarios, choosing a larger tube diameter and an
appropriate fin distance can achieve a lower heat
release time, meeting the immediate heat demand.

In practical applications, in addition to the
design optimization for the structural selection of
thermal batteries, it is also necessary to consider the
resolution of the contradiction between the time and
total amount of heat acquisition during the operation
of the thermal battery, that is, the heat release power
of the thermal battery. Therefore, based on a typical
structure  of a thermal battery with parameter
combination  Or(12.7)-Th(1.2)-Fd(2), this study
proposes a heat release power regulation strategy
based on intelligent flowrate feedback control,
considering the different time and heat requirements
of users. As shown in Figure 11, the core of the
strategy lies in the regulation of the flow rate.
Specifically, the demands of users include usage
temperature (7us), the required time, and the
equivalent water volume of the usage temperature
(Vuse). Based on the constructed thermal battery
performance prediction model, the cumulative Vs
changes can be quickly calculated. Furthermore, if the
user has no limit on the usage time, then it is only
necessary to compare whether the max Vs provided
by the thermal battery under the current flow rate is
larger than the required value. If it is larger, hot water
is output; if it is less, the flow rate is reduced to
increase the total Vuse. If the user has a limited usage
time, then the cumulative Vs that can be provided
within the time interval is calculated and judged
whether it is larger than the required Vis. If it is
larger, hot water is output; if it is less, the flow rate is
adjusted to meet the requirements.

Culculate the change ol V..
Stuctural parnmeders
(On-Th-Fd)

4
No Yes
Timitation of time
‘17 Required time
Prediction
el i

P e !
i)

| ’— Max Vo, » Required V..

Thermal batlery

Demand of users

Fig. 11 Thermal battery intelligent operation strategy
based on flow rate regulation.
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This study demonstrates the impact of regulating
the flow rate on the cumulative Vs under different
Tuse conditions, as shown in Figure 12. Under the
same 7y conditions, as the flow rate (6.5 L/min, 7.5
L/min, 8.5 L/min) increases, it can be observed that
the max Vs slightly decreases, indicating a reduction
in the total heat storage capacity of the thermal
battery. However, when the fully charged thermal
battery operates at different time intervals (10 min, 20
min, 30 min), as the flow rate increases, the
accumulative Vuse shows an upward trend, indicating
an increase in the heat release power of the thermal
battery, which is consistent with the results of the
above parameter analysis. As shown in Figure 12a, at
a flow rate of 8.5 L/min within 10 minutes, the
accumulative Vuse obtained is 13.96% higher than that
at 6.5 L/min, and it can increase by 11.02% within 20
minutes. It is worth noting that the accumulative Ve
obtained within 30 minutes is consistent with the max
Vuse, meaning that at this time, the thermal battery has
completed the heat release of the required Ty, and
then the outlet water temperature is lower than Tse.

However, as Ty increases (30 °C to 50 °C), as
shown in Figure 12c, due to the insufficient total heat
storage capacity at higher flow rates, the max Vs
decreases significantly. At a flow rate of 8.5 L/min,
the maximum Ve decreases by up to 69.86%
compared to 6.5 L/min. At this point, the heat release
power at higher flow rates is limited by the max Vs
and thus no longer has an advantage. It is worth
noting that as Tus. increases, due to the higher
requirements for the outlet water temperature, the
max Vise 1s reduced. At a flow rate of 6.5 L/min, the
maximum Vyse of 50 °C is 80.27% lower than that at
30 °C, and the thermal energy is released over a
shorter duration. At this time, it is advisable to
consider connecting multiple thermal battery modules

to increase the max Ve output.
bow
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Fig. 12 Comparison of flow rate (6.5 L/min, 7.5 L/min, 8.5
L/min) regulation under different usage temperature
demands: (a) Zuse = 30 °C; (b) Tuse = 40 °C; (¢) Tuse =50 °C.

These results demonstrate that the proposed

prediction and regulation framework can provide
guidance for balancing thermal storage capacity and
heat release power according to different user
demands, thereby improving the operational
flexibility of residential hot-water systems.

4 Conclusions

This study proposes a machine-learning-enabled
design and operation strategy for thermal batteries in
residential hot-water supplies. By developing a
simplified simulation model and introducing the
DeepONet architecture, rapid performance prediction
is achieved. Based on these models, the effects of key
structural and operating parameters on high-grade
hot-water supply are systematically analyzed, and an
intelligent flowrate feedback regulation strategy is
proposed. The main conclusions are as follows:

(1) This study establishes an efficient modeling
and prediction framework to reduce the high
computational cost of full-scale CFD simulations and
enable rapid design iteration and time-series
performance evaluation. A simplified model coupling
a 1D tube model with a 3D CFD unit is developed to
decompose the complex multiphysics heat-transfer
process. The model maintains prediction errors within
10% while greatly reducing computational time. In
addition, the DeepONet framework is introduced to
directly map structural and operating parameters to
the time-dependent outlet water temperature
response. The 5-fold cross-validation results show an
R? approaching 1, with predictions highly consistent
with simulation results, demonstrating its reliability
for rapid engineering evaluation.

(2) This study reveals the coupling mechanisms
among key structural and operating parameters, as
well as the trade-off between energy density and
power density in finned-tube thermal batteries. Tube
outer diameter and thickness combinations (Or/Th),
fin distance (Fd), and flow rate (F7) are selected as
key parameters, while the equivalent 40 °C hot-water
volume (Vi) is used to characterize high-grade
hot-water release capability. Parametric analysis
results show that at small fin distances, increasing the
tube diameter elevates the initial outlet water
temperature but shortens the heat release duration.
Increasing the flow rate improves the heat release
power but significantly reduces the maximum Vao. At



10 L/min, the max Vo decreases by 85.79% compared
to 6 L/min, which clearly highlights the trade-off
between energy density and power density.

(3) This study proposes an intelligent flowrate
feedback operation strategy to resolve the dynamic
mismatch between heat extraction time and total heat
demand under different user scenarios for thermal
batteries with fixed structures. Specifically, for a
typical structural design, a regulation logic is
constructed considering usage temperature (7usc),
time constraints, and required hot water volume
(Vuse). The rapid prediction model is employed to
evaluate cumulative Vs in real time and adjust the
flow rate accordingly. The results demonstrate that in
time-constrained scenarios, increasing the flow rate
enhances short-term cumulative V. For example,
increasing the flow rate from 6.5 L/min to 8.5 L/min
raises the cumulative Ve by 13.96% within 10
minutes. However, under scenarios with high Ty
requirements, higher flow rates significantly reduce
the maximum Vs, indicating that modular expansion
may be required to improve the total output capacity.
This strategy provides methodological support for
intelligent control in practical engineering
applications of thermal batteries.

(4) Future work should validate the proposed
prediction framework and explore its application in
practical thermal energy management scenarios. The
developed prediction and regulation approach is
expected to support intelligent operation of
PCM-based thermal batteries, improve the flexibility
of residential hot-water systems, and facilitate
thermal load shifting and renewable energy
integration in building energy systems.
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