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A B S T R A C T

The growing integration of renewable energy systems has heightened the demand for efficient thermal energy 
storage technologies to balance energy supply and demand. Phase change material (PCM)-based latent heat 
storage systems are attractive owing to their significant energy storage density and nearly isothermal operation; 
nevertheless, conventional configurations often suffer from low heat transfer rates, non-uniform melting, and 
limited scalability. In many heat-exchanger-inspired designs, heat transfer fluid (HTF) channels are located only 
along the outer boundaries of the PCM enclosure, leaving the central region thermally underutilized. To mitigate 
these drawbacks, the current work develops a novel modular energy storage system inspired by plate heat 
exchanger architecture. The system consists of 60 independent units that allow flexible assembly and scalable 
storage capacity. A key innovation is the incorporation of an additional HTF channel inside the PCM enclosure, 
forming two parallel heat transfer paths that enhance the effective heat transfer surface and decrease thermal 
resistance. To accelerate the design process, a multilayer perceptron surrogate model was developed to anticipate 
stored energy during charging. A two-stage optimization framework based on a genetic algorithm and the 
TOPSIS method was applied to identify the optimal configurations. The optimized designs demonstrated 
remarkably better performance than the reference configuration. At 9000 s, the half-time optimized design 
stored the largest amount of energy, reaching 9402 kJ, followed closely by the balanced design, which stored 
9287 kJ, while the full-time optimized design stored 8654 kJ. In comparison, the core design stored only 3818 kJ 
at the same time. Compared with the core design, the stored energy improved by approximately 146% for the 
half-time optimized design, 126.6% for the full-time optimized design, and 143.2% for the balanced design. At 
the end of the melting process (18,000 s), the liquid fractions were 0.9649 for the half-time optimized design, 1 
for both the full-time optimized design and the balanced design, and 0.3745 for the reference configuration. 
Correspondingly, the stored energy increased from 6457 kJ in the core design to 12,585 kJ, 13544 kJ, and 
13,113 kJ for the half-time optimized design, full-time optimized design, and balanced design, respectively, 
representing improvements of up to 109.8%.
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1. Introduction

Thermal energy constitutes the dominant share of global final energy 
consumption. According to assessments by the International Energy 
Agency, heat accounts for almost 50% of the whole energy demand 
worldwide, exceeding the shares of electricity and transport fuels indi
vidually [1]. This demand arises primarily from industrial processes, 
space heating and cooling in buildings, domestic hot water production, 
and district energy systems [2]. Despite its central role, thermal energy 
systems still rely heavily on fossil fuels, leading to significant greenhouse 
gas emissions and exposing energy infrastructures to fuel price volatility 
[3]. This situation, therefore, represents both a critical decarbonization 
challenge and a strategic opportunity for renewable integration [4].

However, the transition toward sustainable thermal systems is con
strained by the temporal mismatch between supply and end-use demand 
[5]. Solar-driven thermal resources are inherently intermittent and 
variable due to geographic location, time of day, and seasonal fluctua
tions [6]. This structural imbalance necessitates the deployment of 
efficient thermal energy storage technologies capable of storing surplus 
energy and delivering it when direct generation is insufficient [7]. 
Among the available storage options, latent-based energy storage sys
tems have been in the spotlight due to their superior energy density and 
nearly isothermal operation [8]. By selecting phase change materials 
(PCMs) as the base storage medium, these systems exploit the latent heat 
of solid-liquid phase transitions to absorb and release noticeable 
amounts of energy over a narrow temperature interval [9]. During 
charging, thermal energy is stored as the PCM undergoes melting at its 
characteristic phase transition temperature [10]. Because the majority 
of the absorbed energy contributes to the phase transformation rather 
than to temperature rise, large storage capacities can be achieved 
without significant thermal gradients [11]. Upon discharge, the reverse 
solidification process releases the stored latent heat at nearly constant 
temperature, ensuring stable and controllable heat output [12]. Never
theless, most PCM-based setups suffer from restricted heat transfer 
performance, which can lead to slow charging and discharging rates 
[13]. This limitation also results in non-uniform temperature distribu
tion, incomplete phase transition within practical operating times, and 
reduced effective storage capacity under dynamic conditions [14].

Several approaches have been developed to promote the thermal 
conductivity of PCMs and improve system efficiency [15]. The first 
technique consists of adding high-thermal-conductivity additives to the 
material, forming composite or enhanced PCMs [16]. Materials such as 
graphite powders, metal foams, or graphene-based nanoparticles are 

embedded within the storage medium to create conductive pathways 
[17]. These inclusions significantly reduce thermal resistance and pro

mote faster heat penetration during both energy absorption and release 
[18]. The second technique is encapsulation at the micro- or macro-scale 
[19]. By enclosing the PCM within a containment shell, encapsulation 
prevents leakage during melting, enhances surface-area-to-volume ratio, 
and maintains mechanical stability during repeated thermal cycles [20]. 
The third strategy focuses on geometry-based heat transfer enhance
ment, commonly referred to as extended or auxiliary surfaces [21]. In 
this method, structures such as ribs, fins, or channel networks are 
designed to be incorporated within the PCM domain to expand the 
effective heat transfer area [22]. These inserts accelerate energy ex
change between the PCM and the heat transfer fluid (HTF), thereby 
shortening charging and solidification durations [23]. Compared with 
material modification and encapsulation techniques, extended surfaces 
are often preferred by researchers due to their lower cost, simpler 
fabrication, and ease of integration into conventional thermal storage 
configurations [24].

Yan et al. [25] developed a rib-enhanced PCM domain to reduce 
melting time in an energy storage system. Eight aluminum ribs were 
utilized, and multiple geometric arrangements were assessed by varying 
rib angles and spacing to determine the optimal design. The analysis 
showed that complete melting in the rib-free case occurred after 19,648 
s, which was 118.2% longer than the optimized system. It also needed 
130.5% and 129.4% more time to reach 50% and 80% charging, 
respectively. Han et al. [26] conducted a comparative study of annular, 
longitudinal, and composite fins with identical total fin volume. They 
altered the fin number and dimensions to evaluate the influence of 
several volumetric ratios within the composite design. The findings 
indicated that composite fins ameliorated thermal performance 
compared with single-type fins. Under number variation, optimal per
formance was obtained at a 50%–50% volumetric ratio. However, 
dimension variation yielded superior results when annular fins 
accounted for 37.5% of the total volume. In this case, the melting time 
decreased by 6.75%, and the heat storage rate increased by 7.60%. Tang 
et al. [27] examined the effect of discontinuous fin configurations on 
PCM discharging behavior. The main fin length and bifurcation angle 
were identified as the key parameters controlling the optimized 
arrangement. The results demonstrated that fins with a length of 15 mm 
and a bifurcation angle of 0.45 accelerated solidification time by 22.14% 
and enhanced heat release rate by 28.45% relative to traditional lon
gitudinal fins. Mao et al. [28] proposed triangular rib structures to 
promote the thermal specifications of a PCM-based thermal storage 

Nomenclature

Cp specific heat (kJ/kg‧K)
CH inner HTF channel’ height (mm)
CS inner HTF channel’ space between inlet and outlet (mm)
Dh hydraulic diameter (m)
F latent enthalpy of melting (kJ/kg)
h sensible enthalpy (kJ/kg)
I characteristic height (m)
k thermal conductivity (W/m⋅k)
Mc mushy zone constant
P pressure (Pa)
Ra Rayleigh number
Re Reynolds number
t time (s)
T temperature (K)

T0 liquidus temperature of the PCM (K)
u velocity in x direction (m/s)
v velocity in y direction (m/s)
ε constant computational parameter
α source term
θ angle of the inner HTF channel (degree)
φ liquid fraction
β coefficient of thermal expansion (1/K)

Abbreviations
CC closeness coefficient
GA genetic algorithm
HTF heat transfer fluid
MLP multi-layer perceptron
PCM phase change material
RMSE root mean square error
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device. Their design was evaluated against a baseline model without 
ribs. The novel energy storage device exhibited superior melting 
behavior, achieving complete phase change in under 5 h, while the 
reference system attained only 48% liquid fraction within the same 
duration. In addition, the ribbed component resulted in an approximate 
75% increase in stored energy relative to the baseline setup. Song et al. 
[29] optimized fin layouts by modifying the geometry of HTF channels. 
Different structural types, including circular, elliptical, square, and 
triangular, were analyzed to investigate the impact of their geometries 
on thermal characteristics. It was determined that circular and elliptical 
shapes generated radial conductive skeletons with elongated backbones 
and sparse branching, whereas square and triangular shapes produced 
dense, tree-like networks. It was reported that the triangular channel 
configuration provided superior performance, with a 33.4% improve
ment rate and a minimum phase transition time of 89.6 min.

In recent years, the multi-layer perceptron (MLP) approach has been 
applied to analyze the functionality of energy storage systems [30]. Its 
popularity stems from the ability to simulate highly nonlinear re
lationships between design variables and thermal characteristics 
without requiring explicit analytical formulations [31]. Compared with 
conventional numerical simulations, MLP leads to notable savings in 
computational time and avoids the high resource demands of fine-mesh 
modeling [32]. Unlike traditional regression or empirical methods, it is 
less sensitive to data dispersion and can maintain predictive capability 
even when the dataset contains noise or incomplete trends [33]. MLP 
networks can estimate phase change behavior, heat transfer rates, and 
temperature distributions, making them a flexible tool for optimizing 
energy storage units. Abdellatif et al. [34] employed an MLP model to 
examine the heat transfer performance in four PCM enclosures. A rect
angular box with three inclined walls at 30◦, 45◦, and 60◦ was investi
gated. The study demonstrated that the rectangular container exhibited 
the longest melting time of 11,040 s. Introducing wall inclinations 
progressively reduced the melting duration to 9200 s, 8440 s, and 8200 s 
for 30◦, 45◦, and 60◦, respectively. Vaferi et al. [35] explored optimi
zation of a latent energy storage system by adjusting the placement and 
angles of finned tubes to enhance natural convection. MLP prediction 
models combined with a genetic algorithm were used to determine the 
optimal system configurations. Two configurations were identified: the 
first minimized the period to achieve 50% PCM charging, and the second 
minimized the period to reach 94% charging. The two optimal structures 
outperformed the finless model, resulting in PCM charging increases of 
25.12% and 28.06%, respectively.

Although numerous studies have investigated PCM-based thermal 
energy storage systems, most conventional designs rely on single-sided 
heat transfer enhancement and suffer from non-uniform melting and 
limited scalability. In particular, systems inspired by compact heat ex
changers often utilize HTF channels only along the outer boundary of 
the PCM enclosure, leaving the central region thermally underutilized. 
Moreover, the integration of intelligent modeling and systematic opti
mization into the structural design of such systems remains insuffi
ciently explored. The present study introduces a novel plate-heat- 
exchanger-inspired energy storage system that simultaneously ad
dresses structural efficiency, modularity, and optimization. The pro
posed system consists of 60 independent units, enabling simple 
transportation, flexible assembly, and straightforward adjustment of 
PCM capacity in response to energy demand. Unlike traditional fixed- 
geometry storage devices, this modular architecture provides scalabil
ity without redesigning the entire system. The key structural innovation 
is to embed an additional HTF channel within the PCM enclosure, 
creating two parallel HTF flow paths: one surrounding the PCM and the 
other penetrating its center. This dual-channel configuration signifi
cantly enhances the available heat transfer surface area and reduces 
thermal resistance inside the PCM region. Furthermore, by dividing the 
PCM region into two thermally active sections, the design enables the 
use of two distinct PCMs with different melting temperatures within a 
single unit. Beyond geometric innovation, this work integrates a high- 

accuracy MLP model to predict stored energy at intermediate and final 
charging stages. This surrogate model replaces repetitive numerical 
simulations and forms the basis for intelligent optimization. Finally, a 
two-stage genetic algorithm framework comprising single- and multi- 
objective optimization was implemented to identify configurations 
that maximize energy storage performance.

2. Geometry and structural configuration of the proposed 
system

Fig. 1 depicts the overall architecture and geometric details of the 
proposed modular PCM-based energy storage system. The figure is 
divided into three subfigures to clearly present the assembled device, the 
modular arrangement, and the cross-sectional geometry of a represen
tative unit. Fig. 1a shows the assembled storage module, composed of 
multiple parallel plates that form a compact rectangular structure. The 
HTF, which is water in the present study, enters the system through the 
inlet port located on one side of the frontal plate and exits through the 
outlet port positioned on the opposite side. Fig. 1b presents the exploded 
view of the system, highlighting its modular design. The number of PCM 
units was selected based on a practical design consideration rather than 
being treated as an optimization parameter. In the present study, the 
target was to develop a storage module with an overall length of 
approximately 1 m. Based on the dimensions of the proposed unit, 
assembling 60 identical units (each with 17 mm length) produced a total 
module length of approximately 1020 mm, which satisfied this design 
objective. Owing to the modular nature of the proposed concept, the 
total length of the storage system can be readily adjusted by increasing 
or decreasing the number of units. Consequently, the proposed design is 
scalable, allowing shorter or longer storage modules to be constructed 
for different engineering applications without modifying the geometry 
of the individual units. Within each module, an inner HTF channel is 
embedded in the conductive body, while an outer channel surrounds the 
PCM enclosure, enabling enhanced heat transfer between the HTF and 
the storage medium.

From a manufacturing perspective, the proposed storage system is 
composed of identical modular units that are assembled to form the 
complete thermal energy storage module. Since each unit contains both 
inner and outer HTF channels, high dimensional accuracy is required to 
ensure proper alignment between neighboring modules. Consequently, 
high-precision manufacturing techniques, such as CNC machining or 
cold extrusion, are recommended to accurately fabricate the proposed 
geometry. Although these methods increase manufacturing cost, they 
also improve assembly quality and facilitate reliable sealing between the 
PCM and HTF domains. Reliable sealing can be achieved by connecting 
adjacent HTF channels using precisely machined sleeves (bushings) or 
similar mechanical connectors that provide both accurate alignment and 
leak-tight interfaces. Furthermore, because the operating temperature 
range of the proposed latent heat storage system is relatively moderate, 
significant thermal expansion is not anticipated. Nevertheless, to 
accommodate small differential thermal expansions during repeated 
thermal cycles and to reduce mechanical stresses at the interfaces, a thin 
gasket may be placed between adjacent modules. This compliant sealing 
layer can compensate for minor dimensional changes while enhancing 
the long-term mechanical integrity and sealing performance of the 
modular system. Fig. 1c illustrates the cross-sectional geometry of a 
single storage unit and compares three channel configurations with 
inclination angles of θ = 80◦, 90◦, and 100◦. The outer red boundary 
represents the outer HTF channel that forms the PCM enclosure, while 
the inner red passage corresponds to the central HTF channel. The hy
draulic diameter of the HTF channels is 15 mm. The blue region in
dicates the PCM domain, where RT50 is used as the phase change 
material. The enclosure's total height is 335 mm, and its width is 270 
mm. The wall thickness is 15 mm, and the clearance between internal 
features is 1 mm.
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3. Numerical simulation

3.1. Phase change modeling method

By implementing the enthalpy-porosity procedure in simulations of 
PCM-based systems, natural convection effects can be accurately 
captured. In this framework, the latent heat associated with melting and 
solidification is embedded within the energy balance via an enthalpy 
term, allowing the phase transition to be handled implicitly. The state of 
the material is described by a liquid fraction that continuously evolves 
from 0 (solid) to 1 (liquid), eliminating the need to resolve the moving 
phase boundary explicitly. Zones with intermediate liquid fraction are 
treated as a resistive medium known as the mushy region. In this region, 
the coexistence of solid and liquid phases restricts fluid motion and 
behaves similarly to a porous structure. To account for this resistance, a 
momentum-damping term based on the Darcy permeability formulation 
is incorporated into the momentum equations. The resistance's strength 
is governed by the mushy zone constant (Mc). Here, the Mc value is set to 
106, effectively suppressing unrealistic velocities in partially solidified 
regions.

3.2. Governing equations and related assumptions

To facilitate the numerical analysis while preserving the dominant 
physical mechanisms of the system, the following simplifications are 
considered: 

• Flow characteristics

The heat transfer and flow processes are assumed to be 2D, transient, 
and incompressible. Based on the operating conditions, the flow regime 
in the HTF channels remains laminar. The Reynolds number of the HTF 
is approximately 1569, which is lower than the critical value of 2300 for 

transition to turbulence. Similarly, the natural convection flow of the 
molten PCM is assumed to be laminar, as the Rayleigh number is below 
the critical value of 109 [36]. 

• Thermo-physical properties

All materials are assumed homogeneous and isotropic, with constant 
properties in each phase during the computation (Table 1). However, 
density variations in the liquid RT50 are accounted for applying the 
Boussinesq approximation to capture buoyancy-driven natural convec
tion. This approach allows density to vary only in the buoyancy term of 
Eq. (5) while maintaining it constant elsewhere [36]. 

• Energy dissipation and body forces

Viscous dissipation is omitted from the analysis due to its insignifi
cant effect on the overall energy balance. A uniform gravitational ac
celeration (g) of 9.81 m/s2 is considered downward along the vertical 
axis.

The flow regime inside the HTF channels is evaluated using the 
Reynolds number (Re) [40]. 

Fig. 1. (a) Assembled view of the proposed energy storage system showing HTF inlet and outlet ports; (b) Exploded view illustrating the modular arrangement of 60 
individual storage units; (c) Cross-sectional geometry of a representative unit showing PCM enclosure, outer and central HTF channels, geometric parameters, and 
different channel inclination angles (θ = 80◦, 90◦, and 100◦).

Table 1 
Required data for materials.

Properties RT50 [37] Water (at 333.15 K) [38] Aluminum [39]

Solid Liquid

ρ (kg/m3) 880 760 983 2719
Cp (J/kg‧K) 2000 2000 4183 871
k (W/m‧K) 0.2 0.2 0.641 202.4
μ (kg/m‧s) – 0.0038 0.00047 –
β (1/K) 0.0006 – –
F (J/kg) 168,000 – –
Tm (K) 318.15–324.15 – –
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Re =
ρVDh

μ (1) 

Rayleigh number (Ra) represents the balance between buoyancy 
forces and resistive effects (viscosity and thermal diffusion) in a fluid. 
Higher values of Ra mean stronger natural convection currents [41]. 

Ra =
gβCpρ2(THTF − TPCM)I3

μk
(2) 

The conservation of mass for incompressible flow is expressed as 
[42]: 

∂u
∂x

+
∂v
∂y

= 0 (3) 

This relation maintains mass conservation within each control vol
ume throughout the transient melting process. The momentum transport 
in the horizontal direction is described as [43]: 

ρ0,l

(
∂u
∂t

+ u
∂u
∂x

+ v
∂u
∂y

)

= −
∂P
∂x

+ μ
(

∂2u
∂x2 +

∂2u
∂y2

)

+ αx (4) 

where P represents pressure, and αx denotes the momentum damping 
term associated with the enthalpy-porosity method. This term sup
presses fluid motion within solid or partially solidified PCM regions. 
Similarly, the vertical momentum balance is given by Eq. (5) [44]. 

ρ0,l

(
∂v
∂t

+ u
∂v
∂x

+ v
∂v
∂y

)

= −
∂P
∂y

+ μ
(

∂2v
∂x2 +

∂2v
∂y2

)

+ gρ0,l(1 − β(T − T0) )+αy

(5) 

where the buoyancy force term gρ0,l(1 − β(T − T0) ) accounts for density 
variations caused by temperature differences according to the Boussi
nesq approximation. This term accounts for natural convection within 
the molten PCM. The variable T0 used in the buoyancy term of Eq. (5) is 
equivalent to the liquidus temperature Tl, representing the temperature 
at which the PCM begins to melt and liquid PCM is formed. The con
servation of energy in the PCM is indicated as follows [45]: 

ρ0,l

(
∂H
∂t

+ u
∂H
∂x

+ v
∂H
∂y

)

= kl

(
∂2T
∂x2 +

∂2T
∂y2

)

(6) 

This formulation allows the phase transition to be captured implic
itly during melting. For the solid structural materials of the PCM 
enclosure, the heat transfer process is governed by Eq. (7) [46]. 

ρsCP,s
∂T
∂t

= ks

(
∂2T
∂x2 +

∂2T
∂y2

)

(7) 

where the subscript s denotes the thermo-physical properties of the solid 
surfaces. The above conservation equations are applied to both the PCM 
and HTF regions. However, in the HTF domain, the buoyancy-related 
Boussinesq term and the momentum-damping source terms are 
omitted because the inlet velocity and phase change forces prevent the 
flow from occurring in the fluid channel. The specific enthalpy is 
expressed as [47]: 

H = h+ΔH (8) 

h = href +

∫T

Tref

CpdT (9) 

ΔH = φF (10) 

where href is the reference enthalpy at temperature Tref. The liquid 
fraction is determined from the PCM temperature [48]. 

φ =

⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

0 if TPCM < Ts

TPCM − Ts

Tl − Ts
if Ts ≤ TPCM ≤ Tl

1 if TPCM > Tl

(11) 

where Ts denotes the solidus temperature of the PCM, respectively. The 
resistance applied via the solid matrix in the mushy zone is modeled 
using Eqs. (12)–(14) [49]. 

αx = − A(φ)u (12) 

αy = − A(φ)v (13) 

A(φ) = Mc
(1 − φ)2

φ3 + ε (14) 

where A(φ) is the permeability function. The energy storage perfor
mance of the proposed unit is evaluated using the transient melting 
enhancement ratio (TMER). This parameter quantifies the improvement 
in the melting process of the modified configuration relative to a 
reference case. A higher TMER value indicates that the PCM melts more 
rapidly compared with the core design [50]. 

TMER =

[
φ

φcd
− 1

]

×100% (15) 

where φcd corresponds the core design, indicating the system in the 
absence of an inner HTF channel. The total stored energy is one of the 
most important performance indicators in thermal energy storage sys
tems, representing the total thermal energy stored by the PCM during 
the charging process. It can be expressed as follows: 

Qtotal = Qsensible +Qlatent

= φρl∀CP,lΔTsensible,l +(1 − φ)ρs∀CP,sΔTsensible,s +φρl∀F (16) 

Here, Qtotal represents the total stored energy absorbed by the PCM. ∀
denotes the net volume of the PCM enclosure. The hydraulic perfor
mance of the system was evaluated through the pumping power 
required to circulate the heat transfer fluid. The pumping power is 
defined as [51]: 

PP = ∀̇ΔP (17) 

where ΔP is the total pressure drop across the system and ∀̇is the volu
metric flow rate of the heat transfer fluid. This formulation enables a 
direct assessment of the energetic cost associated with fluid circulation 
in the proposed thermal energy storage system.

3.3. Boundary and initial conditions

• Velocity boundary condition: The HTF enters the channels with a 
uniform velocity of 0.05 m/s.

• Inlet temperature: The HTF temperature at the channel inlets is 
maintained at 333.15 K.

• Outlet condition: A zero-gauge pressure boundary condition is 
imposed at the outlets of the HTF channels.

• Wall condition: All solid surfaces satisfy the no-slip velocity condi
tion and the no-temperature-jump assumption at the solid-fluid 
interfaces.

• Pressure level: The operating pressure is fixed at 1 atm.
• Initial temperature: At t = 0, the temperature of the solid structure 

and the PCM is 298.15 K.

3.4. Numerical methodology and solution strategies

The plate-storage system was modeled using ANSYS Fluent as the 
computational platform. The SIMPLE approach was employed for 
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pressure-velocity coupling, ensuring stability in the iterative solutions. A 
second-order upwind discretization was exerted to Eqs. (4)–(7) to 
enhance numerical precision. The PRESTO method was used for pres
sure interpolation, which is especially effective in buoyancy-driven 
flows. To improve convergence, under-relaxation factors were set to 
0.3 for pressure, 0.7 for momentum, 0.9 for liquid fraction, and 1.0 for 
density and energy. The simulations were carried out until the residuals 
of all equations were reduced to 10− 6.

4. Verification of PCM melting simulation

To evaluate the capability of the developed numerical model, the 
present simulation results were validated against the experimental study 
conducted by Kamkari and Groulx [52]. In their work, the energy ab
sorption performance of a PCM was examined under both horizontal and 
vertical orientations. The setup consisted of a rectangular container 
measuring 120 × 50 × 120 mm, filled with PCM initially at 25 ◦C. The 
melting process was started by imposing a constant temperature of 60 ◦C 
on the finned wall of the enclosure, while the ambient temperature 
remained at 25 ◦C. According to the uncertainty analysis reported in the 
reference work, the maximum uncertainties associated with the 
measured liquid fraction and heat transfer rate were approximately 
4.2% and 8.2%, respectively.

Fig. 2a and b compare the liquid fraction obtained from the present 
numerical results compared against the experimental measurements for 
the horizontal and vertical configurations, respectively. As observed, the 
acquired liquid fraction closely follows the reference trend during the 
entire melting process for both orientations. Small deviations observed 
during the intermediate phases are likely due to experimental un
certainties as well as the assumptions incorporated in the proposed 
model. Hence, the overall agreement between the numerical and 
experimental findings confirms that the presented computational 
framework can reliably capture the dominant heat transfer mechanisms 
governing PCM melting. A sensitivity analysis of Mc is carried out using 
three commonly adopted mushy zone constants (105, 106, and 107). The 
results indicate that Mc of 106 provides the best overall agreement with 
the experimental liquid-fraction evolution for both the horizontal and 
vertical rectangular enclosures. When Mc is reduced to 105, the nu
merical model predicts a slightly faster melting process, leading to an 
overestimation of the liquid fraction. Increasing the Mc to 107 suppresses 
the flow within the mushy region more strongly, resulting in a slightly 
slower melting process. It is also observed that the difference between 
the predictions obtained with Mc 106 and 107 is relatively small 
compared with that between 105 and 106. This behavior indicates that 
the numerical solution gradually becomes insensitive to further in
creases in the Mc, demonstrating convergence toward Mc-independent 
results.

The charging pattern of the PCM is indicated in Fig. 2c and d, where 
the phase interface acquired from the present simulations is compared 
with the experimentally observed ones at several time instants. The re
sults demonstrate a strong similarity between the predicted and 
measured melting fronts. Initially, the charging is dominated via heat 
conduction. As the liquid region grows, buoyancy-driven natural con
vection develops within the molten PCM, driving movement of the 
warmer fluid and accelerating charging in the upper region of the 
enclosure. The numerical model successfully reproduces these physical 
phenomena and accurately predicts the evolution of the melting front 
over time. Fig. 2e and f present the second validation case, performed 
using the experimental study of Kousha et al. [53], in which the PCM is 
contained in a circular enclosure heated by three internal tubes. Fig. 2e 
compares the temporal evolution of the average PCM temperature pre
dicted by the present numerical model with the experimental mea
surements, demonstrating excellent agreement throughout the melting 
process. Fig. 2f further compares the experimentally observed melting 
fronts with the corresponding numerical predictions at different 
charging times. The close agreement between the experimental and 

numerical melting patterns confirms that the present model accurately 
captures the transient phase-change behavior, heat transfer, and evo
lution of the solid-liquid interface in geometries containing multiple 
internal heat-transfer tubes.

5. Mesh analysis

A systematic mesh sensitivity analysis was performed before the 
main calculations. The computational domain was discretized employ
ing a structured quadrilateral grid, with an average skewness of 
approximately 0.29. In Fig. 3a, three different mesh densities consisting 
of 90,121, 238968, and 335,950 elements were examined to evaluate 
the grid dependency of the numerical solution. As observed, the liquid 
fraction profiles for the three mesh configurations exhibit very similar 
trends throughout the melting process. Although the coarsest mesh 
slightly deviates from the other cases at later stages of melting, the re
sults obtained with 238,968 and 335,950 elements are nearly 
indistinguishable.

This behavior indicates that additional mesh refinement exerts an 
insignificant effect on the predicted melting behavior. Given the trade- 
off between computational accuracy and cost, the grid consisting of 
238,968 elements was chosen for the present simulations. In addition to 
the spatial discretization study, a time-step sensitivity analysis was 
performed to check the accuracy of the transient simulations. In Fig. 3b, 
the liquid fractions obtained with 0.1 s and 0.05 s show nearly identical 
outcomes throughout the melting period, whereas a slightly larger de
viation is observed with 0.5 s, particularly at intermediate melting 
stages. This indicates that smaller time steps provide improved resolu
tion of the phase change process. However, the difference between the 
two mentioned smaller time steps is insignificant, whereas the compu
tational time for the smaller step is significantly higher. Accordingly, the 
analysis was performed using a time step of 0.1 s.

6. Development of the MLP-based prediction model for stored 
energy

Accurate prediction of the total stored energy at different melting 
stages is essential for rapid design assessment and optimization of en
ergy storage systems [54]. While high-fidelity numerical simulations 
provide detailed thermo-fluidic information, they are computationally 
intensive, particularly when multiple geometric parameters are varied 
simultaneously [55]. Therefore, the development of a reliable prediction 
model capable of estimating system responses in a fraction of compu
tational time becomes highly valuable. Here, a predictive model is 
proposed to estimate: 

• The total stored energy at 9000 s (corresponding to half of the 
melting process), denoted as Ehalf.

• The total stored energy at 18,000 s (corresponding to complete 
melting), denoted as Efull.

To achieve this objective, a Multilayer Perceptron (MLP) artificial 
neural network is employed. MLPs are feedforward neural networks 
composed of an input layer, one or more hidden layers, and an output 
layer. They are widely utilized in nonlinear regression problems due to 
their strong ability to approximate complex multidimensional relation
ships. An MLP learns the mapping between input variables and output 
responses by adjusting connection weights and biases through iterative 
training. The presented MLP model includes three geometric parameters 
as inputs: 

• Inner HTF channel’ height (CH)
• Inner HTF channel's space between inlet and outlet (CS)
• Angle of the inner HTF channel with respect to the horizontal di

rection (θ)
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Fig. 2. Comparison of the predicted liquid fraction with the experimental measurements of Kamkari and Groulx [52] for (a) horizontal and (b) vertical rectangular 
PCM enclosures using three different mushy zone constants (105, 106, and 107). Comparison of the predicted melting fronts with the corresponding experimental 
observations for the rectangular enclosure in the (c) horizontal and (d) vertical configurations. (e) Comparison of the average PCM temperature predicted by the 
present model with the experimental results of Kousha et al. [53] for a circular enclosure containing three heated tubes. (f) Comparison of the experimentally 
observed and numerically predicted melting patterns for the circular enclosure at different charging times.
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These variables are explicitly shown in Fig. 4a. Table 2 presents the 
three input variables along with the three levels considered for each 
parameter. The variation levels were selected to systematically investi
gate the influence of inner HTF channel geometry on energy storage 
performance. Each variable was assigned three levels: 

• Low level (− 1)
• Medium level (0)
• High level (+1)

These coded levels correspond to the actual dimensional values of 
CH, CS, and θ used in the numerical simulations. Before training the MLP 
model, all input parameters were normalized. Normalization is a crucial 
preprocessing step in neural network modeling, ensuring that all input 
variables contribute proportionally during training. Since CH, CS, and θ 
have different physical units and numerical ranges (mm and degrees), 
using raw values directly may bias the training process toward variables 
with larger magnitudes. In this study, the inputs were scaled within a 

standardized range corresponding to the coded levels (− 1 to +1). This 
transformation improves numerical stability, accelerates convergence, 
and enhances prediction accuracy.

The available dataset, obtained from numerical simulations of 
different geometric states, was randomly divided into three subsets: 

• 70% for training
• 15% for validation
• 15% for testing

This division ensures both efficient learning and robust generaliza
tion capability. The training set is utilized to update network weights, 
the validation set prevents overfitting by monitoring generalization 
error, and the testing set evaluates the final predictive performance. The 
MLP was constructed and trained in MATLAB using the feedforwardnet 
tool. To optimize the training phase, the Levenberg–Marquardt algo
rithm was adopted. Fig. 4b presents the schematic structure of a single 
neuron in the network. Each neuron performs the following operations: 

• Multiplies each input Ii by a corresponding weight Wi.
• Sums the weighted inputs.
• Adds a bias term b.
• Passes the result through an activation function f.

In the developed MLP model, the nonlinear mapping between geo
metric parameters and stored energy responses is achieved by appro
priately selecting activation functions. The hidden layers apply the 
hyperbolic tangent sigmoid activation function. The tansig function 
maps the input signal into the range (− 1, +1), introducing strong 
nonlinearity and improving the network's ability to capture complex 
interactions among CH, CS, and θ. Since the inputs were normalized 
within the same range, the tansig function provides numerical consis
tency and accelerates convergence during training. For the output layer, 
the purelin activation function is adopted. Because the network's 
objective is regression (predicting continuous energy values), a linear 
activation function ensures that the predicted responses are not 

Fig. 3. Impact of (a) grid elements and (b) time step size on the transient variation of the liquid fraction.

Fig. 4. (a) Structure of the proposed MLP model showing the input layer (CH, 
CS, θ), hidden layers, and output layer (Ehalf, Efull); (b) Schematic representation 
of a single artificial neuron including weighted inputs, bias term, summation 
function, and activation function.

Table 2 
Inputs and their variation levels used for developing the MLP prediction model.

Variable Levels

− 1 0 +1

CH (mm) 150 215 280
CS (mm) 100 130 160
θ (degree) 80 90 100
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artificially bounded and can accurately represent the full range of Ehalf 
and Efull. During training, the network weights and biases are iteratively 
updated to lessen the loss function, typically defined based on the root 
mean square error (RMSE) between predicted and numerical simulation 
values. The quality of the developed model is evaluated using the co
efficient of determination (R2). The training process is repeated until: 

• The loss function reaches a minimum value.
• Validation error stabilizes.
• High R2 values are achieved across the training, validation, and test 

datasets.

After satisfying these criteria, the final MLP model is obtained and 
can be used reliably to rapidly predict Ehalf and Efull without conducting 
additional transient simulations.

7. Response surface methodology (RSM) modeling

RSM is a statistical and mathematical technique used to develop 
predictive models and investigate the relationships between multiple 
input variables and one or more output responses. RSM approximates 
the system behavior by fitting a regression equation to the available 
data, allowing the prediction of responses within the investigated design 
space. In engineering optimization studies, RSM is widely employed to 
identify significant factors, evaluate interaction effects between vari
ables, and estimate optimal operating or geometric conditions with 
considerably lower computational cost than repeated numerical simu
lations. In the present study, RSM is introduced to further verify the 
robustness and reliability of the proposed predictive methodology. A 
quadratic regression model was developed using the same input and 
output parameters employed in the ANN model (CH, CS, and θ) as in
puts, and the stored energy responses at 9000 s and 18,000 s as outputs. 
Using identical variables enables a direct and fair comparison between 
the ANN and RSM approaches. The general second-order RSM equation 
used in this work is expressed as: 

Y = β0 +
∑k

i=1
βiXi +

∑k

i=1
βiiX2

i +
∑k

i<j
βijXiXj + ε (18) 

where, Y is the predicted response (Ehalf and Efull). xi and xj are the coded 
input variables, β0 is the intercept term, βi represents the coefficients of 
the linear terms, βii denotes the coefficients of the quadratic terms, and 
βij corresponds to the interaction coefficients between variables. The 
linear terms describe the individual effect of each parameter, the 
quadratic terms account for curvature in the response surface, and the 
interaction terms represent the combined influence of two variables on 
the response. The RSM models were constructed using Design-Expert 
software based on the full factorial design employed in the numerical 
simulations. This approach ensures consistency between the numerical 
dataset, the ANN model, and the RSM model.

8. Optimization strategy for maximizing stored energy

Although the trained MLP and RSM models enable rapid prediction 
of system responses, identifying the best geometric configuration among 
countless possible combinations remains a complex task. Exhaustive 
numerical simulations for all possible parameter combinations would be 
computationally prohibitive [56]. Therefore, integrating the predictive 
model with an optimization algorithm provides a powerful and time- 
efficient solution. Here, a GA is employed to specify the optimal geo
metric parameters of the inner HTF channel. GAs are population-based 
evolutionary algorithms inspired by natural selection. They are partic
ularly suitable for nonlinear, multimodal optimization problems where 
gradient-based methods may fail. The present optimization process is 
conducted in two stages: 

• Single-objective optimization

In the first stage, two independent single-objective optimization 
problems are solved: the maximization of Ehalf (stored energy at 9000 s) 
and the maximization of Efull (stored energy at 18,000 s). Each objective 
is optimized separately to identify the geometric configuration that 
yields the highest performance at the respective melting stage. This 
approach provides insight into whether optimal designs for half-melting 
and full-melting conditions coincide or differ, which is important for 
application-specific design strategies. 

• Multi-objective optimization

Then, a multi-objective optimization is performed in which both Ehalf 
and Efull are simultaneously maximized. Unlike single-objective opti
mization, multi-objective optimization does not yield a single optimal 
solution but rather a set of Pareto-optimal solutions. These Pareto so
lutions represent optimal trade-offs where improvement in one objective 
cannot be achieved without compromising the other. This approach 
provides designers with a spectrum of high-performance configurations, 
enabling informed decision-making based on operational priorities.

In the present GA optimization, selected parameters were: 

• Population size: 1000. This allows broad exploration of the design 
space in each generation.

• Generations: 300. This provides sufficient evolutionary iterations for 
convergence while remaining computationally practical.

• Elite count: 50. This ensures that the top-performing individuals are 
directly transferred to the next generation, preserving high-quality 
solutions and accelerating convergence.

• Mutation rate: 0.01. This introduces controlled randomness, pre
venting stagnation in local optima and maintaining genetic diversity 
within the population.

• Crossover rate: 0.8. This promotes strong genetic recombination, 
enabling effective mixing of high-performing traits among 
individuals.

• Selection method: Stochastic uniform. This method ensures fair 
probabilistic selection of individuals based on fitness, balancing 
exploration of new regions and exploitation of promising areas in the 
search space.

9. Multi-criteria decision making using TOPSIS

While multi-objective optimization presents a Pareto front of optimal 
solutions, choosing a single final design from the set of non-dominated 
solutions needs a systematic decision-making approach [57]. Here, the 
Technique for Order Preference by Similarity to Ideal Solution (TOPSIS) 
is utilized to rank the Pareto-optimal configurations and identify the 
most balanced design. In the TOPSIS, the optimal alternative should 
have: 

• The shortest distance from the ideal solution (best possible 
performance)

• The farthest distance from the anti-ideal solution (worst possible 
performance)

In the present work, the criteria correspond to the objective functions 
(Ehalf and Efull), and each Pareto solution is treated as an alternative. The 
mathematical formulation of TOPSIS used in this study is presented in 
Eqs. (19)–(25), which are explained below. Eq. (19) shows the 
normalization of the decision matrix [58]: 

rij =
xij
̅̅̅̅̅̅̅̅̅̅̅
∑m

i=1
x2

ij

√ (19) 
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Since different criteria may have different units and magnitudes, 
normalization is required to eliminate dimensional inconsistencies. The 
denominator corresponds to the Euclidean norm of criterion j. This step 
transforms the original decision matrix into a dimensionless normalized 
matrix rij, ensuring fair comparison among criteria. Eq. (20) indicates 
the construction of the weighted normalized matrix [59]: 

vij = wj⋅rij (20) 

Here, wj denotes the weight assigned to criterion j, reflecting its 
relative importance. In multi-objective energy storage evaluation, 
weights may be assigned equally or based on engineering priorities. 
Multiplying the normalized matrix by the weights produces the 
weighted normalized matrix vij, which incorporates both performance 
values and criterion importance. Eqs. (21) and (22) demonstrate the 
determination of the ideal and anti-ideal solutions [60]: 

xideal
j = max

{
vij
}

(21) 

xanti− ideal
j = min

{
vij
}

(22) 

Since both Ehalf and Efull are beneficial criteria (to be maximized), the 
ideal value for each criterion is the maximum weighted normalized 
value across all alternatives. Eqs. (23) and (24) depict the distance from 
the ideal and anti-ideal solutions [61]: 

Dideal
i =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑m

j=1
wj

(
xij − xideal

j

)2
√
√
√
√ (23) 

Danti− ideal
i =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑m

j=1
wj

(
xij − xanti− ideal

j

)2
√
√
√
√ (24) 

Eq. (23) calculates the Euclidean distance between the ith alternative 
and the ideal solution. A smaller value of Dideal

i indicates that the 

alternative is closer to the best possible performance. This step quan
tifies the extent to which each design deviates from the optimal per
formance boundary. Similarly, Eq. (24) computes the Euclidean distance 
between the ith alternative and the anti-ideal solution. A larger value of 
Danti− ideal

i is desirable, as it indicates that the alternative is far from the 
worst-case scenario. Eq. (25) illustrates the calculation of the closeness 
coefficient [62]: 

CC =
Dideal

i

Dideal
i + Danti− ideal

i
(25) 

The closeness coefficient determines the relative ranking of each 
alternative. It combines both distances into a single scalar metric. In 
practice, the preferred alternative is the one with the highest closeness 
coefficient.

10. Results and discussion

10.1. Comparative performance of full-factorial designs and the core 
configuration

Table 3 presents the results of 27 geometrical configurations ob
tained using the full-factorial design method, along with the core design. 
The full factorial approach was implemented considering three inde
pendent design variables, namely the inner HTF channel height (CH), 
the spacing between the inlet and outlet of the inner HTF channel (CS), 
and the channel inclination angle (θ). Each parameter was examined at 
three levels of variation. Therefore, the total number of distinct con
figurations is 33 = 27. This systematic methodology guarantees 
comprehensive coverage of the design space and enables clear evalua
tion of the individual and combined effects of the variables on the sys
tem's melting and energy-absorption behavior. The core design 
corresponds to the baseline configuration, in which only the outer HTF 
channel surrounds the PCM enclosure, with no inner HTF channel. In 

Table 3 
Geometrical parameters, liquid fraction, total stored energy, pumping power, and thermal–hydraulic performance index (stored energy per unit pumping power) for all 
investigated designs.

Design number Variables Liquid fraction Total stored energy 
(kJ)

Pumping power for flow in 
units (J)

Stored energy per pumping 
power

CH (mm) CS (mm) θ (degree) 9000 s (2.5 h) 18,000 s (5 h) 9000 s 
(2.5 h)

18,000 s 
(5 h)

9000 s 
(2.5 h)

18,000 s 
(5 h)

9000 s 
(2.5 h)

18,000 s 
(5 h)

1 150 100 80 0.4777 0.8368 7339 11,693 20.4002 40.8003 359,751 286,591
2 150 160 80 0.5315 0.9254 7882 12,499 20.3319 40.6637 387,667 307,375
3 150 100 100 0.5339 0.9275 7922 12,514 20.4151 40.8301 388,046 306,490
4 150 130 80 0.5191 0.9144 7791 12,418 20.1570 40.3140 386,516 308,032
5 150 100 90 0.5195 0.8971 7799 12,209 19.4922 38.9843 400,109 313,177
6 150 130 90 0.5305 0.9244 7883 12,497 19.5922 39.1845 402,354 318,927
7 150 130 100 0.5448 0.9279 8009 12,506 20.5994 41.1989 388,798 303,552
8 150 160 90 0.5474 0.9305 8010 12,510 19.7450 39.4900 405,672 316,789
9 150 160 100 0.5511 0.9243 8040 12,391 20.7003 41.4006 388,400 299,295
10 215 130 90 0.6184 0.9833 8774 13,197 20.9251 41.8502 419,305 315,339
11 215 130 80 0.5835 1 8526 13,524 21.5819 43.1638 395,053 313,318
12 215 160 80 0.6005 0.9791 8619 13,170 21.6148 43.2296 398,755 304,652
13 215 100 90 0.6007 1 8684 13,517 20.8484 41.6968 416,531 324,174
14 215 100 100 0.6339 0.9909 8914 13,254 21.8428 43.6856 408,098 303,395
15 215 100 80 0.5584 0.9540 8285 12,897 21.7329 43.4658 381,219 296,716
16 215 130 100 0.6440 0.9389 8888 12,598 21.9431 43.8863 405,048 287,060
17 215 160 90 0.6280 0.9275 8734 12,492 21.0082 42.0163 415,742 297,313
18 215 160 100 0.6143 0.8826 8485 11,898 22.0570 44.1140 384,685 269,710
19 280 160 100 0.5443 0.7293 7506 9733 23.3110 46.6220 321,994 208,764
20 280 100 80 0.6183 0.9898 8772 13,018 31.5272 63.0543 278,236 206,457
21 280 130 100 0.6311 0.8160 8598 10,783 23.2019 46.4038 370,573 232,373
22 280 130 90 0.6852 0.9216 9306 12,097 22.2433 44.4865 418,373 271,925
23 280 100 100 0.6884 0.9005 9276 11,792 23.1260 46.2520 401,107 254,951
24 280 100 90 0.6797 0.9986 9350 13,035 22.1094 44.2188 422,897 294,784
25 280 160 80 0.6764 0.9477 9269 12,454 22.8187 45.6374 406,202 272,890
26 280 130 80 0.6522 1 9108 13,195 23.0208 46.0416 395,642 286,589
27 280 160 90 0.6459 0.8275 8833 10,993 22.3503 44.7005 395,207 245,926
Core-Design – – – 0.1998 0.3745 3818 6457 11.9685 23.9370 319,004 269,750
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this configuration, heat transfer occurs exclusively from the outer 
boundary toward the center of the PCM domain. Consequently, thermal 
penetration is limited by the conduction-dominated region in the PCM's 
core, which restricts melting progression and the rate of stored energy.

To evaluate both transient and final melting behaviors, the liquid 
fraction and total stored energy are reported at two different time in
stances: 9000 s (representing half of charging) and 18,000 s (repre
senting the final stage of charging). This dual-time evaluation allows 
assessment of both intermediate heat absorption dynamics and ultimate 
storage capacity. The results clearly indicate substantial variation 
among the 27 modified designs, confirming that CH, CS, and θ signifi
cantly influence the melting process. At 9000 s, the liquid fraction across 
the 27 designs ranges from 0.4777 (Design 1) to 0.6852 (Design 22). In 
contrast, the core design reaches only 0.1998 at the same time. This 
large gap demonstrates the pronounced effect of incorporating the in
ternal HTF channel, even at early melting stages. The presence of two 
parallel thermal fronts, originating from both the outer and inner HTF 
channels, substantially promotes heat penetration into the PCM region. 
At 18,000 s, the superiority of the modified designs becomes even more 
evident. The liquid fraction among the 27 designs ranges from 0.7293 
(Design 19) to complete melting (liquid fraction = 1) in Designs 11, 13, 
and 26. Meanwhile, the core design achieves only 0.3745 at 18,000 s, 
indicating that a considerable portion of PCM remains unmolten. 
Compared to the core design, Designs 11, 13, and 26 exhibit approxi
mately 167% improvement in liquid fraction at 18,000 s. Even the 
weakest modified configuration (Design 19) still achieves nearly 95% 
higher liquid fraction than the core design. These findings confirm that 
all 27 selected configurations are truly influential and meaningfully alter 
the system's melting characteristics. At 9000 s, the stored energy of the 
27 designs ranges between 7339 kJ (Design 1) and 9350 kJ (Design 24), 
while the core design stores only 3818 kJ. According to Table 3, the total 
stored energy of the 27 proposed designs at 18,000 s varies significantly, 
ranging from 9733 kJ in Design 19 to 13,524 kJ in Design 11. In 
contrast, the core design stores only 6457 kJ. This clearly demonstrates 
the substantial improvement achieved through geometric modification 
and parameter optimization. For Design 11, which exhibits the highest 
stored energy, the enhancement compared to the core design is 
approximately 109.5%. Even Design 19, which shows the weakest 
overall melting performance among the optimized cases (in terms of 
final liquid fraction trend), still stores about 50.7% more energy than the 
core configuration. This confirms that all modified designs outperform 
the base model, even the least effective one.

Table 3 also presents the hydraulic performance of all investigated 
designs, including the pumping power and the thermal–hydraulic per
formance index (stored energy per unit pumping power). The results 
indicate that the required pumping power over a 5-h charging period is 
relatively small, on the order of tens of joules (40 J), which is attributed 
to the low flow rates, smooth channel geometry, and relatively small 
pressure gradients within each unit. The simulations show that the 
pressure drop within an individual unit is approximately 2 Pa, con
firming that the longitudinal hydraulic resistance is minimal. However, 
when the complete multi-unit system is considered, the total pressure 
drop increases due to local losses at the inlet and outlet of each unit, 
where the flow is distributed from the main manifold into multiple 
channels. These values are directly extracted from the CFD simulations. 
It is noted that these results are also consistent with the predictions of 
the Darcy–Weisbach equation, confirming the validity of the numerical 
approach. Among the investigated designs, Design 20 exhibits the 
highest pumping power demand. This is attributed to its geometric 
configuration, where a smaller channel spacing (CS), larger channel 
height (CH), and lower inclination angle (θ) lead to a sharper inner 
channel geometry, increasing local flow resistance and thus the pressure 
drop. The thermal–hydraulic performance index, defined as the ratio of 
stored energy to pumping power, provides a dimensionless measure for 
evaluating overall system efficiency. A higher value of this parameter 
indicates superior combined thermal and hydraulic performance. For 

the core design, this value is 319,004 at 9000 s, which serves as a 
baseline reference. Most of the proposed designs outperform the core 
configuration, except for Design 20, which shows a relatively lower 
value. The maximum value at 9000 s is obtained for Design 24 (422897), 
indicating the best overall performance under combined thermal
–hydraulic criteria.

At 18,000 s, the core design exhibits a value of 269,750, while most 
proposed configurations again show higher values, confirming their 
improved overall performance. The maximum value at this time is 
achieved by Design 13 (324174). It is also important to note that, since 
the channels are arranged in parallel, the pressure drop within each 
individual unit remains nearly identical across all configurations. The 
pumping power values reported in Table 3 correspond to the total sys
tem consisting of all 60 units. The local pressure losses between units 
were not considered herein, as they remain nearly constant across all 
designs and would not affect the comparative analysis. However, these 
effects are explicitly considered in the later 3D simulations (Section 
10.4), where inter-unit flow distribution and local losses are fully 
resolved. Finally, since the longitudinal pressure drop is nearly constant 
across all configurations and the overall structural layout is identical, it 
can be concluded that the local pressure loss contribution does not 
significantly vary among the 27 investigated designs. Therefore, the 
focus of Table 3 is placed on the variations in longitudinal pressure drop 
resulting from geometric modifications of the channels, ensuring a clear 
comparison of design-dependent hydraulic behavior.

To more precisely evaluate the effect of each input variable on sys
tem performance, six representative designs out of the 27 cases are 
selected and analyzed in detail. 

• Design 1 represents the baseline experimental configuration in which 
all input variables are set at level − 1.

• Design 10 corresponds to the mid-level configuration, in which all 
inputs are set to level 0.

• Design 19 represents the extreme configuration in which all input 
variables are simultaneously set at level + 1.

• Design 2 is similar to Design 1 (all parameters at level − 1), except 
that CS is increased to level + 1. This isolates the influence of CS.

• Design 3 also follows Design 1 except that θ is increased to level + 1, 
allowing investigation of the angular effect independently.

• Design 20 again follows Design 1, but CH is increased to level + 1, 
highlighting the influence of inner channel height.

These six cases allow a systematic understanding of how each vari
able modifies the heat transfer and melting performance of the PCM 
enclosure. At first glance, Fig. 5a clearly shows that the difference in 
melting performance between the selected configurations and the core 
design is highly significant. The optimized geometries melt substantially 
faster than the core configuration. Furthermore, the differences among 
the six selected designs are also very noticeable. This confirms that each 
geometric parameter (CS, CH, and θ) plays a key and influential role in 
determining the melting behavior. Among the designs, Design 19 
initially exhibits the highest liquid fraction and the steepest slope. This 
indicates very rapid melting at the beginning of the charging process. 
However, after a certain period, its slope decreases, and its liquid frac
tion growth weakens relative to other designs. This behavior is attrib
uted to the geometric configuration of the inner HTF channel, where all 
parameters are at their maximum values. Due to higher CH, CS, and θ, 
the inner channel leans strongly toward the outer HTF channel sur
rounding the PCM enclosure. Consequently, in the upper and lateral 
sections of the enclosure, the two channels become very close to each 
other, leaving only a thin PCM layer between them. At the initial stage, 
this small PCM thickness enables very rapid heat transfer from the HTF 
to the PCM, accelerating the onset of phase change and producing a 
steep initial slope in the liquid fraction curve. However, because the 
inner channel is located near the outer channel, the PCM enclosure's 
central region suffers from a heat-penetration limitation. Thermal 
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energy has difficulty reaching the PCM's core. Hence, melting in the 
central region slows down, and the slope of the liquid fraction curve 
decreases at later times. Designs 10 and 20 demonstrate more balanced 
and sustained melting performances. In Design 10, where all variables 
are at their middle levels, the spacing between the inner and outer 
channels is appropriate. The channels are well distributed and effec
tively cover the PCM enclosure's sensitive thermal regions. This leads to 
a more uniform heat distribution and a consistently high melting rate 
throughout the process. In Design 20, θ is at its minimum level, causing 
the inner channel to shift toward the center of the enclosure. Meanwhile, 
the higher CH value enlarges the inner channel and allows it to extend 
toward the upper sections. This configuration improves coverage of both 
the central and upper PCM regions, resulting in strong, stable melting 
performance.

In Fig. 5b, a TMER value above 0 indicates performance improve
ment relative to the base configuration. For example, Design 19 reaches 
a TMER value of approximately 279% at around 3000 s. This indicates 
that, at that specific moment, its melting performance exceeds that of 
the baseline design by 279%. However, after this peak, the slope of the 
TMER curve decreases significantly and eventually falls below the values 
of the other designs. This again reflects the early rapid melting followed 
by weakened heat penetration in the central PCM region. In contrast, the 
other selected designs maintain TMER values consistently above 
0 throughout the entire 18,000 s charging period. Moreover, their slopes 
remain relatively stable, indicating sustained charging performance 
compared to the core design.

In Fig. 5c, the PCM temperature in all selected configurations in
creases more rapidly than in the core design. This confirms that the 

Fig. 5. Time evolution of melting and energy storage characteristics for selected designs compared with the core design.
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geometric modifications significantly enhance heat transfer from the 
HTF to the PCM. Design 19 shows the steepest temperature rise during 
the early stages of charging. This is physically consistent with its 
configuration, in which all geometric parameters are at their maximum 
values. In this arrangement, the inner HTF channel leans strongly to
ward the outer channel, reducing the PCM thickness in the upper and 
side regions. The shorter conduction path enables rapid heat penetration 
at the start of the charging process, leading to a sharp increase in tem
perature. However, after the initial period, the slope of Design 19 de
creases. The reason lies in the non-uniform thermal distribution created 
by the channel proximity. Since the inner and outer channels are close to 
each other, the heat is concentrated near the enclosure boundaries, 
while the central PCM region becomes thermally shielded. The absence 
of HTF channels and conductive surfaces in the central parts of the 
enclosure limits effective heat transfer into the PCM core. As melting 
progresses, natural convection currents develop due to buoyancy forces. 
Hot, lighter liquid PCM rises while colder, heavier solid PCM remains in 
the lower and central regions. In Design 19, the geometry limits effective 
circulation in the core region, weakening buoyancy-driven convection 
and slowing the overall temperature rise at later times.

Design 20 exhibits the highest temperature rise during most stages of 
melting. The balanced geometry (lower θ and higher CH) improves heat 
penetration into both central and upper PCM regions. Enhanced tem
perature gradients strengthen natural convection and buoyancy-driven 
flow, promoting more effective mixing and accelerating melting. At 
later stages, however, Design 10 slightly surpasses Design 20 in average 
PCM temperature. Since all variables in Design 10 are at their middle 
levels, the spacing between channels is optimal, not too concentrated 
near the walls and not excessively shifted toward the center. This pro
duces a more uniform thermal field, minimizes localized overheating, 
and allows natural convection to develop efficiently throughout the 
enclosure. As a result, heat distribution becomes more homogeneous, 
leading to a slightly higher average temperature toward the completion 
of the phase-change process. Between approximately 6000 s and 14,000 
s, a plateau region is observed in the temperature curves. During 
melting, a major fraction of the supplied heat is consumed in driving the 
phase transition instead of increasing the PCM's sensible temperature. 
Consequently, the temperature rise slows significantly, forming a quasi- 
plateau behavior. It is important to note that since the reported data in 
Fig. 5c are related to the average PCM temperature, the curves are not 
completely flat in this region. While some regions are undergoing phase 
change at nearly constant temperature, other regions may still be 
heating sensibly or may have already completed melting and begun 
sensible heating. The combination of these local variations results in a 
slightly increasing average temperature during the phase transition 
interval.

Fig. 5d presents the total stored energy over time. As previously 
discussed in Table 3, all selected designs absorb significantly more 
thermal energy than the core design. Design 19 initially stores energy at 
a very rapid rate, reflected by its steep slope in the early stage. This is 
again due to the reduced PCM thickness near the upper and side regions, 
which accelerates initial heat transfer. However, as time progresses, the 
slope of its energy curve decreases markedly. In fact, during later stages, 
its energy storage rate becomes comparable to, or even slightly less than, 
that of the core design. This behavior results from poor heat penetration 
into the central PCM region and weakened natural convection, which 
limit further energy absorption. Designs 10 and 20 demonstrate sus
tained energy storage rates throughout the charging process. By the end 
of 18,000 s, both designs achieve nearly identical total stored energy, 
indicating that although their internal heat transfer mechanisms differ 
slightly, their overall thermal performance is comparable and well- 
balanced. Fig. 5e shows the latent portion of stored energy. The trends 
closely follow the melting behavior observed in the liquid fraction 
curves. All selected designs store substantially more latent energy than 
the core configuration, confirming enhanced phase change efficiency. 
Fig. 5f illustrates the sensible energy storage component. During the 

initial period, the system experiences a rapid rise in sensible heat 
because the RT50 temperature increases before significant charging 
begins. Once the phase change dominates, the rate of increase in sensible 
energy gradually diminishes as an increasing portion of the absorbed 
heat is redirected into latent heat storage.

10.2. Optimization of the MLP and RSM structures

10.2.1. The MLP model
Accurate prediction of the objective responses is a critical step before 

performing any optimization procedure. The reliability of the optimi
zation results strongly depends on the predictive capability of the sur
rogate model. Therefore, identifying the most appropriate structure for 
the MLP model is essential to ensure both high accuracy and strong 
generalization ability. An under-parameterized network may fail to 
capture the nonlinear relationships between inputs and responses, 
whereas an overly complex network may suffer from overfitting, 
increased computational cost, and reduced robustness. Consequently, 
determining the optimal architecture involves balancing model 
simplicity and predictive performance. In this study, several MLP 
structures were systematically examined, ranging from the simplest 
configurations with a limited number of hidden neurons to more com
plex architectures with larger hidden layers. After extensive testing and 
comparison of performance metrics, a 3–7–2 structure was selected as 
the optimal model. This structure consists of three neurons in the input 
layer (corresponding to the three design variables), seven neurons in a 
single hidden layer, and two neurons in the output layer (corresponding 
to Ehalf and Efull). The choice of a single hidden layer is consistent with 
the universal approximation capability of feedforward neural networks, 
while seven hidden neurons provided sufficient nonlinearity to capture 
the complex interactions among CS, CH, and θ without introducing 
unnecessary complexity. Expanding the neuron count beyond seven did 
not lead to any substantial enhancement in prediction accuracy, 
whereas reducing the number led to noticeable deterioration in model 
performance.

Table 4 presents the detailed numerical parameters of the selected 
MLP model, including the weights and biases of both the hidden and 
output layers. The hidden layer contains a weight matrix of size (7 × 3), 
representing the connection strengths between the three input variables 
and the seven hidden neurons. Each hidden neuron also includes an 
associated bias term (7 × 1), which shifts the activation function and 
enhances the model's flexibility in fitting nonlinear relationships. In the 
output layer, two separate sets of weights are reported for predicting 
Ehalf and Efull. Each output neuron receives seven weighted inputs from 
the hidden layer (7 × 1), along with a single bias term (1 × 1). These 
parameters fully define the trained neural network and enable exact 
reproduction of the prediction model. The variation in the magnitude 
and sign of the weights reflects the relative contributions and in
teractions of each hidden neuron in shaping the final response. Positive 
and negative coefficients indicate whether a neuron amplifies or coun
teracts the predicted output. Providing the full set of weights and biases 
enhances transparency and reproducibility, allowing other researchers 
to directly implement the developed predictive model without 
retraining.

10.2.2. The RSM models
Using Design-Expert, the optimal regression equations for Ehalf and 

Efull were derived and are presented in Eqs. (26) and (27), respectively. 
These equations consist of linear, quadratic, and interaction terms, 
enabling the models to represent the nonlinear dependency between the 
configurational variables (CH, CS, and θ) and the thermal performance 
indicators of the storage system. The inclusion of quadratic and inter
action terms improves the ability of the regression models to represent 
the complex heat transfer and melting behavior observed in the nu
merical simulations. Consequently, the RSM results provide an addi
tional validation tool for evaluating the accuracy and robustness of the 
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ANN-based predictive framework. 

Ehalf = − 34903.6949 + 83.2221 × CH + 141.9022 × CS + 552.0610 × θ
− 0.1138 × CH × CS − 0.3497 × CH × θ − 0.9597 × CS × θ
− 0.0674 × CH2 − 0.1263 × CS2 − 1.9548 × θ2

(26) 

Efull = − 43735.3932 + 193.9178 × CH + 199.7320 × CS + 578.1758 × θ
− 0.2415 × CH × CS − 0.9180 × CH × θ − 1.1263 × CS × θ
− 0.1941 × CH2 − 0.2199 × CS2 − 1.5306 × θ2

(27) 

10.2.3. The accuracy assessment
To quantitatively evaluate the predictive performance of the devel

oped surrogate models, the statistical indices of the MLP and RSM 
models are summarized in Table 5. R2 and RMSE were employed as the 
primary evaluation metrics, where a higher R2 and a lower RMSE 
indicate superior prediction accuracy. For the MLP model, excellent 
predictive performance was achieved for both responses. The developed 
network obtained R2 values of 0.9938 and 0.9939 for Ehalf and Efull, 
respectively, indicating that more than 99.3% of the variation in the 
numerical results was successfully captured by the proposed neural 
network. Correspondingly, the RMSE values were only 44.74 kJ for Ehalf 
and 66.03 kJ for Efull, demonstrating that the deviations between the 
predicted and numerical values were very small throughout the inves
tigated design space. The RSM model also exhibited satisfactory pre
dictive capability. The obtained R2 values reached 0.9011 for Ehalf and 
0.9670 for Efull, while the corresponding RMSE values were 179.26 kJ 
and 153.12 kJ, respectively. These results confirm that the quadratic 
regression models successfully describe the general relationship be
tween the geometric variables and the stored energy responses. How
ever, their prediction accuracy is noticeably lower than that of the MLP 
model, particularly for Ehalf. A direct comparison between the two pre
dictive approaches clearly demonstrates the superiority of the MLP 
model. For both responses, the MLP provides higher coefficients of 
determination together with substantially lower prediction errors than 
the RSM model. This improvement originates from the capability of 
multilayer neural networks to approximate highly nonlinear relation
ships without being restricted to a predefined quadratic functional form. 
In contrast, the RSM model is limited to second-order polynomial ex
pressions, which may not completely capture the complex interactions 
between channel height, channel spacing, channel inclination angle, 

heat conduction, and natural convection occurring during the melting 
process. Nevertheless, the RSM model still provides acceptable predic
tive performance and serves as an independent validation tool, con
firming the reliability of the developed ANN framework.

Fig. 6a and b compare the predictions of the developed MLP and RSM 
models with the corresponding numerical simulation results for the 
stored energy at 9000 s (Ehalf) and 18,000 s (Efull), respectively. In both 
figures, the solid diagonal line represents perfect agreement between the 
predicted and numerical values. Therefore, the closer the predicted 
points are to this line, the higher the prediction accuracy of the corre
sponding surrogate model. The predictions of the MLP model almost 
completely overlap the numerical data. In contrast, although the RSM 
model generally follows the overall trend, the green markers exhibit 
noticeably larger deviations from the diagonal line, particularly in the 
low and medium stored-energy regions. These deviations are in agree
ment with the statistical outcomes depicted in Table 5, where the RSM 
model achieved a lower R2 and a considerably larger RMSE than the 
MLP model. Overall, the MLP model outperforms the RSM model in 
predicting both Ehalf and Efull. The multilayer neural network provides 
higher prediction accuracy, lower deviation from the numerical simu
lations, and better capability to capture the nonlinear interactions 
among the design variables. Consequently, although the RSM model is 
retained as an independent validation tool to verify the robustness of the 
proposed predictive methodology, all subsequent analyses, response 
surface investigations, and optimization studies presented in this work 
are based solely on the MLP model owing to its superior predictive 
performance.

Among the 27 full-factorial design cases, 70% of the samples were 
employed for network training, whereas the remaining 30% were 
reserved exclusively for validation and testing and were never intro
duced during the training stage. It is worth emphasizing that the per
formance metrics reported in Table 5, as well as the comparisons 
presented in Fig. 6a and b, were evaluated using the entire dataset, 
including the training, validation, and testing samples, rather than only 
the training subset. Therefore, the reported R2 and RMSE values repre
sent the overall predictive capability of the developed models across all 
available data. The excellent agreement between the MLP predictions 
and the numerical results over the complete dataset confirms that the 
proposed model has successfully generalized beyond the training data, 
accurately predicting not only the samples used for learning but also 
previously unseen validation and testing cases. This strong generaliza
tion capability demonstrates that the MLP model has learned the un
derlying physical relationships governing the thermal energy storage 
system instead of merely memorizing the training samples. To further 
strengthen the reliability of the proposed predictive methodology, six 
additional geometries outside the original full-factorial dataset were 
introduced. These new cases were generated systematically by assigning 
intermediate normalized levels of 0.75, 0.50, 0.25, − 0.25, − 0.50, and −
0.75 to all three design variables, resulting in Designs 28–33. Since none 
of these geometries were included in the original training, validation, or 
testing datasets, they provide a rigorous assessment of the extrapolation 
capability of the developed MLP model. The prediction results for the six 

Table 4 
Final weights and biases of the optimized MLP model for predicting Ehalf and Efull.

Hidden layer Output layer

Weights (7 × 3) Biases (7 × 1) Model of Ehalf Model of Efull

WeightsT (7 × 1) Bias (1 × 1) WeightsT (7 × 1) Bias (1 × 1)

− 1.5740 − 0.5869 − 0.9732 2.5439 1.6421 − 1.1897 0.7994 − 0.4497
2.2968 0.2218 0.4154 − 2.1204 0.6620 0.0093
− 0.3993 3.1788 − 1.1281 1.3793 0.2583 0.2778
− 0.8526 − 0.7562 − 0.9321 0.6361 − 0.2184 0.5075
2.2365 0.2226 0.1245 2.0957 0.6467 0.4795
− 0.5118 2.1579 − 1.4713 1.4752 − 0.3850 − 0.3519
− 0.3837 0.9567 1.5217 − 2.2649 − 0.1486 0.1601

Table 5 
Statistical evaluation metrics of the MLP and RSM for Ehalf and Efull.

Loss 
function

Mathematical 
expression

MLP model RSM model

Ehalf Efull Ehalf Efull

R2
1-
∑m

i=1
(
rnum-rpred

)2

∑m
i=1 (rnum-rnum)

2
0.9938 0.9939 0.9011 0.9670

RMSE

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑m

i=1
(
rpred-rnum

)2

m

√

44.7386 66.0306 179.2577 153.1176
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newly generated geometries are presented in Table 6. The numerical 
simulations are compared directly with the MLP predictions for both 
Ehalf and Efull, together with their corresponding prediction errors. An 
excellent agreement is observed for all six cases, confirming that the 
proposed neural network accurately predicts the thermal performance 
even for geometries that were completely excluded from the model 
development process. For Ehalf, the prediction errors vary between 
0.24% and 2.80%, while for Efull, the errors range from only 0.21% to 
1.82%. Even the largest prediction error remains below 3%, demon
strating the remarkable prediction capability of the proposed model. 

Such low deviations confirm that the MLP successfully captures the 
underlying nonlinear relationships governing the charging process and 
is not limited to memorizing the original training data.

A k-fold cross-validation strategy is conducted to further verify that 
the developed MLP models do not suffer from overfitting and that their 
predictive performance is not dependent on a particular training/testing 
partition. In the present work, the dataset was divided into 3 folds, 
where, in each iteration, 18 samples were used for training and the 
remaining 9 samples were used for testing. This procedure was repeated 
three times until every sample had been used once for testing. The 

Fig. 6. Validation of the MLP and RSM prediction models, and three-dimensional response surfaces of Ehalf and Efull as functions of CS, CH, and θ.

Table 6 
Comparison between numerical and MLP-predicted stored energy for six additional unseen geometries.

Design number Variables Numerical total stored energy (kJ) MLP predicted total stored energy (kJ) Error (%)

CH (mm) CS (mm) θ (degree) Ehalf Efull Ehalf Efull Ehalf Efull

28 231.25 137.5 92.5 9084 12,576 8897 12,603 2.06 0.21
29 198.75 122.5 87.5 8506 13,534 8526 13,308 0.24 1.67
30 247.5 145 95 9061 11,773 8804 11,825 2.80 0.44
31 182.5 115 85 8204 13,319 8295 13,077 1.11 1.82
32 263.75 152.5 97.5 8637 10,748 8444 10,782 2.23 0.32
33 166.25 107.5 82.5 7932 12,421 7867 12,459 0.82 0.31
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obtained results show that R2 remains greater than 0.98 in every fold 
and every iteration for both prediction models, demonstrating that the 
predictive performance is insensitive to the particular training/testing 
partition and that the model does not suffer from overfitting. Further
more, cross-validation reduces the influence of random sampling and 
provides a more reliable assessment of the model's generalization abil
ity. These results confirm that the excellent performance of the proposed 
MLPs arises from their ability to successfully model the underlying 
nonlinear dependency between the configurational variables and the 
thermal responses, rather than simply memorizing the training data.

Figs. 6c–6h illustrate the 3D response surfaces generated by the 
trained MLP model. These surfaces provide deeper insight into the in
dividual and combined effects of CS, CH, and θ on the energy storage 
performance. By observing the curvature, gradients, and color variations 
of these surfaces, one can identify dominant parameters, interaction 
effects, and optimal regions within the design space. The surfaces reveal 
not only linear trends but also nonlinear interactions among variables, 
highlighting the complex thermal behavior driven by conduction, nat
ural convection, channel geometry, and heat-penetration mechanisms. 
Fig. 6c shows the variation of Ehalf with CS and CH. A distinct interaction 
effect is observed. At lower CH values, increasing CS enhances Ehalf. In 
this region, a larger CS improves channel spacing, promoting better heat 
distribution and facilitating earlier melting. However, at higher CH 
values, increasing CS reduces Ehalf. In this case, the combined enlarge
ment of both geometric parameters causes thermal imbalance and re
duces effective heat penetration in certain PCM regions. In contrast, 
increasing CH consistently enhances Ehalf across all CS values. A higher 
CH enlarges the heat transfer surface and improves thermal coverage 
during the early melting stage (around 9000 s), making CH a strongly 
influential parameter for mid-time energy storage.

Based on Fig. 6d, at lower θ values, increasing CH significantly en
hances Ehalf. In this configuration, the inner channel is oriented more 
toward the central region of the PCM enclosure, and enlarging CH im
proves heat penetration and strengthens buoyancy-driven convection. 
However, at higher θ values, the trend becomes nonlinear: increasing CH 
initially enhances Ehalf, but after reaching a certain point, further in
crease reduces it. This is due to excessive leaning of the inner channel 
toward the outer channel, which leads to non-uniform heat distribution 
and thermal shielding in the core region. Fig. 6e demonstrates that the 
color gradient across the surface is less pronounced compared to Fig. 6c 
and d. The smaller variation in the color spectrum indicates that the 
combined effect of CS and θ on Ehalf is weaker than that of CH. This 
observation confirms that CH emerges as the dominant factor influ
encing the amount of stored energy at 9000 s. While CS and θ do modify 
the melting behavior, their impact is secondary compared to the domi
nant role of channel height in determining mid-stage energy absorption.

Fig. 6f shows the combined influence of CS and CH on Efull (stored 
energy at 18,000 s). Increasing CH initially enhances Efull, but beyond an 
optimal value, further increase causes a reduction. This behavior reflects 
the balance between improved heat transfer area and potential thermal 
non-uniformity at excessive channel heights. Increasing CS consistently 
decreases Efull, and this decreasing trend becomes more pronounced at 
higher CH values. When both CS and CH are large, the channel config
uration promotes uneven heat penetration and limits effective melting in 
certain PCM regions during the later stages. In Fig. 6g, increasing CH 
first enhances Efull, then decreases it. This nonlinear trend becomes more 
significant at higher θ values. When θ is large, the inner channel leans 
toward the outer wall, and excessive CH amplifies thermal concentration 
near the boundaries while weakening heat penetration toward the 
center. Increasing θ decreases Efull, and this effect is stronger at higher 
CH values. A larger θ shifts the inner channel away from the central PCM 
region, reducing the effectiveness of natural convection circulation in 
the core and limiting long-term energy storage. Fig. 6h reveals that 
increasing CS decreases Efull, and this reduction becomes more pro
nounced at higher θ values. Similarly, increasing θ decreases Efull, and 
this effect intensifies at higher CS values. This mutual amplification of 

negative effects indicates that excessive spacing combined with exces
sive inclination results in suboptimal heat distribution within the 
enclosure. The central PCM region becomes thermally less accessible, 
reducing the total energy absorbed during the full charging period.

10.3. GA-based optimization of the storage performance

Although the surface plots presented in the previous subsection 
provide valuable insight into the interaction between design variables 
and system performance, they are primarily qualitative tools and cannot 
precisely determine the optimal design parameters. Surface plots pri
marily illustrate trends and the system's general sensitivity to parameter 
variations; however, identifying the exact combination of variables that 
yields the best performance requires an optimization approach. There
fore, a GA is exerted to determine the optimal geometric configuration of 
the proposed thermal energy storage unit. The objective of the proposed 
optimization framework is not to search only among the original 27 full- 
factorial designs. Instead, the CFD simulations are first used to construct 
a continuous surrogate model (MLP), which approximates the nonlinear 
relationship between the design variables and the thermal responses 
over the entire design space. GA is then applied to this continuous 
response surface, allowing it to evaluate an unlimited number of 
candidate solutions within the prescribed variable ranges. Therefore, the 
optimization is not a selection or interpolation between the 27 original 
designs, but rather a continuous global search over the mathematical 
model represented by the trained MLP. Table 7 presents the sensitivity 
analysis of the genetic algorithm by independently varying five major 
GA parameters, including population size, maximum number of gener
ations, elite count, mutation rate, and crossover rate, by ±10% relative 
to their default values. The obtained optimal values of Ehalf and Efull 
exhibit negligible variations, with all changes remaining below 0.06%. 
These results demonstrate that the proposed optimization framework is 
highly robust and that the identified optimal designs are essentially 
independent of moderate variations in the GA control parameters.

First, a single-objective optimization strategy is adopted. Two sepa
rate optimization objectives are considered to evaluate the storage 
performance at different stages of the charging process. The first 
objective is to maximize the stored energy at half charging time, denoted 
Ehalf, which corresponds to the total energy stored in the PCM at 9000 s. 
The second objective is to maximize the stored energy at full charging 
time, denoted Efull, corresponding to the stored energy at 18,000 s. By 
optimizing these two objectives separately, the study aims to identify 
configurations that either enhance early-stage energy storage capability 
or maximize the system's total energy storage capacity. The GA- 
optimized results are presented in Table 8. For maximizing stored en
ergy at 9000 s, the GA proposes a configuration called the Optimal 
Design for Half-time (ODH). According to Table 8, the optimal param
eters for ODH are CH = 280 mm, CS = 100 mm, and θ = 94.08◦. 

Table 7 
Sensitivity analysis of the genetic algorithm settings and their effects on the 
optimized values of Ehalf and Efull.

GA setting parameters Change 
interval

Response (kJ) Changes from the 
default mode (%)

Best 
Ehalf

Best 
Efull

Best 
Ehalf

Best 
Efull

Population size
+10% 9459 13,540 0.01 0.05
− 10% 9458 13,540 0 0.05

Maximum number of 
generations

+10% 9459 13,538 0.01 0.04
− 10% 9459 13,540 0.01 0.05

Elite count
+10% 9459 13,540 0.01 0.05
− 10% 9458 13,539 0 0.04

Mutation rate
+10% 9458 13,534 0 0.01
− 10% 9456 13,537 0.02 0.03

Crossover rate
+10% 9457 13,539 0.01 0.04
− 10% 9455 13,533 0.03 0
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Similarly, when the optimization objective is shifted to maximize the 
total stored energy at 18,000 s, the GA identifies another optimal 
configuration, referred to as the Optimal Design for Full-time (ODF). The 
corresponding optimal geometric parameters for ODF are CH = 205.705 
mm, CS = 100 mm, and θ = 93.18◦, as presented in Table 6. A com
parison between the two optimal designs reveals that the channel 
spacing remains constant at 100 mm in both cases, suggesting that this 
spacing offers a favorable balance between heat transfer surface area 
and PCM volume. However, the channel height and the inclination angle 
exhibit noticeable variations, highlighting their important roles in 
controlling heat transfer distribution in the enclosure. The fact that one 
of the optimal solutions (ODH) is located close to Design 24 does not 
indicate a limitation of the optimization procedure. Instead, it suggests 
that the global optimum for this particular objective is naturally located 
near that region of the design space. This behavior is expected in 
surrogate-based optimization and demonstrates that GA successfully 
converges toward the region with the highest predicted performance. 
Moreover, the optimization results are not confined to a single neigh
borhood. The GA identified three different optimal configurations (ODH, 
ODF, and ODB) corresponding to different optimization objectives, each 
possessing distinct geometric parameters and thermal characteristics. 
This further demonstrates that the optimization framework effectively 
explores the design space according to the selected objective function 
rather than simply reproducing one of the original full-factorial designs.

Relying solely on single-objective optimization is not always prac
tical in real engineering applications. In many thermal energy storage 
systems, improving one performance indicator often comes at the 
expense of another. For instance, a design that maximizes stored energy 
at the early stage of charging may not necessarily yield the highest total 
stored energy at the end of charging. Therefore, to achieve a balanced 
design that simultaneously considers both performance indicators, a 
multi-objective optimization procedure is also applied in this study. The 

results of this optimization are presented in Fig. 7, which illustrates the 
distribution of solutions generated during the GA search. The yellow 
markers represent random solutions explored by the GA across the 
design space. These points demonstrate the wide range of possible 
combinations of design variables and the corresponding values of Ehalf 
and Efull. As optimization progresses, the algorithm identifies a set of 
non-dominated solutions, known as the Pareto front, represented by the 
red markers. These solutions form the optimal trade-off curve between 
the two objectives, meaning that improving one objective beyond these 
points would worsen the other.

From the Pareto front, several candidate optimal designs can be 
observed. The figure also highlights the previously obtained single- 
objective optimal designs, namely the ODH and the ODF. The ODH 
design is located toward the right side of the Pareto front, where the 
value of Ehalf is maximized, whereas the ODF design appears toward the 
upper region, where Efull reaches its maximum value. Since all Pareto 
solutions are optimal from a mathematical perspective, selecting the 
most practical design among them requires a decision-making tech
nique. Using TOPSIS, the solution that simultaneously maintains high 
values of both Ehalf and Efull is selected as the final optimal design. This 
configuration is referred to as the Optimal Design for the Balanced state 
(ODB). The corresponding optimal geometric parameters of ODB are 
also listed in Table 8, and the locations of ODH, ODF, and ODB are 
clearly illustrated in Fig. 7. The design selected using the TOPSIS dem
onstrates a balanced performance between the two single-objective 
optimal designs, namely ODH and ODF. The optimal design identified 
by TOPSIS has a closeness coefficient of 0.7329 and corresponds to the 
geometric parameters CH = 280 mm, CS = 100 mm, and θ = 88.8704◦.

To further evaluate the reliability of the developed prediction model, 
the optimal designs obtained from the optimization process were re- 

Table 8 
Optimal design variables obtained from GA-based optimizations for Ehalf and 
Efull.

Response Symbol Variables

CH (mm) CS (mm) θ (degree)

Ehalf ODH 280 100 94.0800
Efull ODF 205.7050 100 93.1800
Ehalf and Efull ODB 280 100 88.8704

Fig. 7. Pareto front showing the trade-off between Ehalf and Efull, including random solutions, Pareto optimal solutions, and the TOPSIS-selected optimal design.

Table 9 
Comparison between MLP-predicted results and numerical simulation results for 
the optimal designs, including the corresponding prediction errors.

Design symbol Predicted results 
(kJ)

Numerical results 
(kJ)

Error (%)

Ehalf Efull Ehalf Efull Ehalf Efull

ODH 9458 12,788 9402 12,585 0.5956 1.6130
ODF 8752 13,533 8654 13,544 1.1324 0.0812
ODB 9346 13,248 9287 13,113 0.6353 1.0295
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simulated numerically and compared with the MLP-predicted values. 
The comparison between the anticipated data and the numerical find
ings is presented in Table 9. The error values for both Ehalf and Efull 
remain very small for all three optimal configurations (ODH, ODF, and 
ODB). For the ODH design, the prediction error is approximately 
0.5956% for Ehalf and 1.6130% for Efull. Similarly, the ODF design ex
hibits errors of 1.1324% for Ehalf and 0.0812% for Efull. For the ODB, the 
prediction errors are 0.6353% for Ehalf and 1.0295% for Efull. These very 
small deviations between the anticipated and numerical findings 
confirm the high predictive capability and reliability of the MLP model. 
The close agreement demonstrates that the trained neural network can 
accurately estimate the system's energy storage performance across 
different geometric configurations. Consequently, the model can be 
confidently used as a rapid and reliable tool for design optimization, 
significantly reducing the computational cost and time required for 
repeated numerical simulations. From Table 9, it is seen that the per
formance of ODB lies between those of ODH and ODF, although it re
mains very close to the ODH. Considering both short-term and long-term 
energy storage performance, ODB provides the most balanced and 
practical solution among the optimal designs. Therefore, this configu
ration can be regarded as the most suitable design for achieving efficient 
performance under both early-stage and long-duration charging 
conditions.

To further verify that the selected time step remains appropriate for 
the optimized geometry, an additional time-step independence study 
was carried out for the ODB. The time steps of 0.5 s, 0.1 s, and 0.05 s 
were investigated, and the corresponding liquid fraction histories are 
compared in Fig. 8. As shown in the figure, the solution obtained with a 
time step of 0.5 s exhibits a noticeably slower melting process and un
derestimates the liquid fraction throughout the charging period. In 
contrast, the predictions obtained using 0.1 s and 0.05 s overlap almost 
completely over the entire simulation, indicating that further reduction 
of the time step produces negligible changes in the numerical results. 
Therefore, temporal independence is achieved with a time step of 0.1 s. 
Considering that the smaller time step of 0.05 s substantially increases 
the computational cost without providing any meaningful enhancement 
in accuracy.

As observed in Fig. 9a, all optimized configurations significantly 
accelerate the melting process relative to the reference geometry. 
Among the optimal configurations, the ODH initially exhibits the fastest 
melting rate. However, its advantage gradually diminishes as the 

charging process progresses. The geometric characteristics of ODH can 
explain this behavior. In this configuration, the channel height is rela
tively large (CH = 280 mm), and the channel angle is θ = 94.08◦. The 
larger angle causes the inner HTF channel to move closer to the outer 
HTF channel, which reduces the effective heat transfer coverage in the 
central parts of the enclosure. Additionally, the larger channel height 
brings the inner HTF channel closer to the upper sections of the enclo
sure, enhancing heat transfer in these regions. As a result, heat transfer 
in the upper regions becomes dominant while the central regions receive 
less thermal interaction. Consequently, the melting process starts 
rapidly due to strong heat transfer near the channels, but as the melting 
front progresses toward the center, it becomes weaker because of 
insufficient heat transfer in the middle regions.

The ODB demonstrates an intermediate behavior between ODH and 
ODF. At the initial and middle stages, its performance is very close to 
that of ODH, while in the final stages, it approaches that of ODF. This 
balanced behavior arises from its geometric parameters. In ODB, the 
channel height remains relatively large (CH = 280 mm), which allows 
the upper regions of the PCM enclosure to be effectively heated. How
ever, the channel angle is smaller (θ = 88.8704◦), which moves the inner 
HTF channel slightly toward the central parts of the container. This 
adjustment improves heat transfer coverage in the middle regions while 
still maintaining strong heating in the upper sections. As a result, the 
melting process proceeds efficiently at both the middle and final stages, 
resulting in a well-balanced thermal performance. Quantitatively, the 
liquid fraction values at 9000 s are 0.6905 for ODH, 0.5990 for ODF, and 
0.6721 for ODB, whereas the core design only reaches 0.1998 at the 
same time. This corresponds to improvements of approximately 245.6% 
for ODH, 199.8% for ODF, and 236.3% for ODB compared with the core 
design. At 18,000 s, the liquid fractions are 0.9649 for ODH, 1 for ODF 
and ODB, while the core design reaches only 0.3745. These correspond 
to enhancements of about 157.6% for ODH, 167.0% for ODF, and 
167.0% for ODB relative to the reference configuration.

Comparing the optimal designs themselves, the ODB configuration 
achieves a liquid fraction about 12.2% higher than ODF at 9000 s, 
although it remains about 2.7% lower than ODH at this time. At the final 
stage (18,000 s), both ODB and ODF achieve complete melting, yielding 
a liquid fraction about 3.6% higher than that of ODH. The TMER trends 
in Fig. 9b further clarify the differences between the optimal configu
rations. At early stages, the ODH configuration exhibits the highest 
TMER (257% at 5700 s), indicating a faster melting rate due to stronger 

Fig. 8. Time-step independence study for the ODB. Comparison of the predicted liquid fraction histories obtained using three different time steps.
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heat transfer near the HTF channels. Nevertheless, as the charging 
process progresses, the advantage of ODH gradually decreases due to 
reduced heat transfer effectiveness in the central region. As a result, the 
ODF configuration eventually surpasses ODH, demonstrating a more 
sustained melting capability toward the end of the charging period. The 
ODB configuration behaves consistently across ODH and ODF, reflecting 
its balanced geometric design that simultaneously supports effective 
early melting and sustained heat transfer during the later stages.

In Fig. 9c, the optimized configurations exhibit significantly faster 
temperature rise than the reference geometry, due to improved heat 
transfer surfaces and enhanced HTF–PCM interaction. At the early stages 
of charging, the ODH shows the fastest rate of temperature increase, 
followed closely by the ODB. The ODF exhibits a slightly slower rise in 
the early stages, reaching roughly 323.69 K at 9000 s. However, it can 
reach the HTF temperature of around 333.15 K (332.88 K) at the end of 

18,000 s, whereas the core design only reaches about 317.77 K at this 
timeframe. A noticeable plateau region appears in all curves approxi
mately between 6000 s and 14,000 s. This plateau corresponds to the 
phase-change period, during which most of the supplied heat is 
consumed in driving the phase transition instead of raising the sensible 
temperature of the material. As a result, the temperature rise tempo
rarily slows down, creating the nearly flat region in the curves. However, 
the curves are not perfectly flat because the values shown represent the 
average temperature of the PCM domain. After most of the PCM melts, 
the temperature begins to rise more noticeably toward the end of the 
charging.

In Fig. 9d, the differences between the designs become clearer in this 
figure. At 9000 s, the ODH design stores the largest amount of energy, 
reaching 9402 kJ, followed closely by ODB with 9287 kJ, while ODF 
stores 8654 kJ. In comparison, the core design stores only 3818 kJ. 

Fig. 9. Time evolution of charging and energy storage behavior for the optimized designs compared with the core design.
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These results demonstrate that the optimized configurations signifi
cantly accelerate charging during the first half of operation. Specifically, 
compared with the core design, the stored energy at 9000 s improves by 
approximately 146% for ODH, 126.6% for ODF, and 143.2% for ODB. At 
18,000 s, the trend begins to change slightly. The ODF design becomes 
the best-performing configuration, storing 13,544 kJ, while ODB stores 
13,113 kJ and ODH stores 12,585 kJ. In contrast, the core design reaches 
only 6457 kJ, which results in the improvements of about 94.9% for 
ODH, 109.8% for ODF, and 103.1% for ODB. Comparing the optimized 
designs themselves, the ODB configuration stores about 1.2% less energy 
than ODH at 9000 s but about 7.3% more energy than ODF, indicating its 
balanced short-term performance. At 18,000 s, ODB stores approxi
mately 4.2% more energy than ODH but about 3.2% less energy than 
ODF, confirming that its performance lies between the two single- 
objective optimal designs.

It can also be observed that the ODF curve eventually reaches the 
highest total stored energy. This behavior is mainly related to its geo
metric structure. In the ODF configuration, the inner HTF channel height 
is smaller, which allows a larger volume of PCM to occupy the enclosure. 
Consequently, a greater mass of PCM participates in the energy storage 
process, leading to a higher total thermal energy storage capacity by the 
end of the charging period. Fig. 9e and f present the variations in latent 
and sensible stored energy, respectively. The trends in these figures are 
consistent with the overall energy storage behavior observed in Fig. 9d. 
The latent energy curves mainly reflect the PCM's melting progression 
and show significant improvements for the optimized designs due to 
faster phase change. Meanwhile, the sensible energy curves illustrate the 
temperature-driven energy storage before and after the phase change 
process. Together, these figures confirm that the optimized geometries 

enhance both melting performance and total energy storage capability 
compared with the core design.

The contours in Fig. 10 clearly demonstrate the influence of the inner 
HTF channel geometry, particularly its height and angle, on the PCM's 
charging behavior. In all cases, the melting process begins near the HTF 
channels, where the temperature gradient between the HTF and the 
solid PCM is highest. Additionally, since the HTF inlet is on the left side 
of the enclosure, the fluid entering this region has a slightly higher 
temperature than that at the outlet regions, leading to stronger melting 
on the left side during all stages of charging. For the ODH configuration, 
the inner HTF channel has a larger height and a larger channel angle. At 
3600 s, melting primarily occurs along the outer and inner HTF channel 
surfaces, forming thin liquid layers around the channels. Because of the 
higher channel height, the upper regions of the PCM enclosure receive 
heat earlier, leading to visible melting near the top of the geometry. As 
the melting progresses to 7200 s and 10,800 s, two elongated melted 
regions appear along the side walls of the enclosure. The melted PCM in 
these regions rises due to buoyancy forces, while the colder and denser 
solid PCM remains in the lower regions. This natural convection circu
lation enhances heat transfer near the heated walls but leaves a rela
tively large solid PCM region in the center, since the larger channel angle 
moves the inner HTF channel closer to the outer channel, reducing direct 
heat penetration into the central region. Consequently, although ODH 
exhibits rapid initial melting near the channels, a residual solid core 
remains longer in the middle of the enclosure.

The ODF design shows a different melting behavior due to its smaller 
inner channel height. At 3600 s, the melting region develops around 
both HTF channels but remains concentrated near the channel walls. 
Because the inner channel is positioned lower in the enclosure, the upper 

Fig. 10. Liquid fraction contours of the PCM for the optimized designs (ODH, ODF, and ODB) and the core design at different charging times.
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regions of PCM initially receive less direct heat transfer. However, as the 
process continues toward 7200 s and 10,800 s, the melting front expands 
upward along the outer walls and gradually toward the center. The 
melted PCM near the heated walls becomes lighter due to its reduced 
density with increasing temperature, causing it to rise under buoyancy 
forces, while the cooler PCM sinks under gravity, generating natural 
convection currents. These convective flows enhance heat transport 
from the channel surfaces toward the interior regions. As a result, by 
14,400 s, most of the PCM has melted except for a small region near the 
center-bottom. At 18,000 s, the enclosure becomes almost completely 
melted. The smaller inner channel height in ODF allows more PCM 
volume in the enclosure, which slightly delays the initial melting but 
results in a more uniform and complete melting process at later stages.

The ODB configuration, which represents the balanced optimal 
design, shows melting characteristics between ODH and ODF. At 3600 s, 
the melted regions appear around both the outer and inner HTF chan
nels, similar to ODH, due to the relatively large channel height. How
ever, the smaller channel angle moves the inner HTF channel slightly 
closer to the center of the enclosure than ODH does. This geometric 
adjustment allows heat to penetrate more effectively into the central 
PCM region. Consequently, during 7200 s and 10,800 s, the melted 
zones along the side walls grow while additional melting develops near 
the central region. The combined effects of heat conduction near the 
channel surfaces and natural convection in the melted PCM accelerate 
the melting process. By 14,400 s, only a small unmolten PCM region 
remains near the lower central section. At 18,000 s, the PCM in the ODB 
configuration is almost completely melted, showing a melting behavior 
that balances the rapid early melting of ODH with the more uniform late- 
stage melting of ODF.

In contrast, the core design exhibits significantly slower melting 
throughout the process because it lacks an inner HTF channel. Heat 
transfer occurs only from the outer HTF channel surrounding the 
enclosure. At 3600 s, melting is limited to a thin layer near the enclosure 
walls. Even at 7200 s and 10,800 s, the melted region remains mostly 
confined to the boundaries, while the majority of the PCM in the central 
region remains solid. The limited heat transfer area significantly re
stricts the development of natural convection, as only a small amount of 
PCM becomes liquid. As a result, the melting front progresses very 
slowly toward the interior. Even at 18,000 s, a significant part of the 
PCM stays in a solid state at the center, demonstrating the significant 
performance limitation of the reference configuration.

Fig. 11 presents the temperature distribution within the enclosure for 
the optimized and the core designs at different charging times. In all 
designs, the highest temperatures appear near the HTF channels. From 
these regions, heat propagates toward the colder PCM through a com
bination of thermal conduction in the solid phase and natural convection 
in the melted regions. In the ODH design, the temperature contours at 
3600 s show that the PCM near both the outer and inner HTF channels is 
already significantly heated, while the central region remains relatively 
cold. Due to the larger inner channel height, heat is delivered more 
effectively to the upper regions of the enclosure, resulting in relatively 
high temperatures there. As the charging process progresses to 7200 s, 
the heated zones expand along the side walls and upper regions, while 
the central PCM region remains cooler due to its larger distance from the 
heat transfer surfaces. At 10,800 s and 14,400 s, the temperature gra
dients gradually diminish as the PCM melts and natural convection re
distributes heat within the PCM. The warmer, lighter molten PCM rises 
under buoyancy forces, while relatively cooler PCM descends under 

Fig. 11. Temperature contours for the optimized designs (ODH, ODF, and ODB) and the core design at different charging times.
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gravity, generating a convective circulation that accelerates heat 
transport toward the interior. By 18,000 s, most of the PCM reaches 
temperatures close to the HTF temperature, although a small cooler 
region remains near the lower center.

The ODF configuration shows a slightly different thermal evolution 
due to its smaller inner HTF channel height, which positions the inner 
channel closer to the lower region of the enclosure. At 3600 s, high- 
temperature regions appear near the outer channel and the lower por
tions of the inner channel, while the upper PCM region is still compar
atively cooler. As time progresses to 7200 s and 10,800 s, the heated 
regions extend upward along the outer walls, forming a large high- 
temperature zone near the top. The development of natural convec
tion currents becomes more pronounced as larger liquid regions form, 
allowing heat to circulate more effectively throughout the enclosure. By 
14,400 s, most of the PCM has reached temperatures near the melting 
point or above it, and by 18,000 s, the entire PCM domain becomes 
nearly uniform in temperature. The lower inner channel height in this 
configuration allows more PCM volume to occupy the enclosure, 
resulting in slightly slower initial heating but ultimately higher total 
stored energy.

The ODB configuration exhibits a temperature distribution that lies 
between those of ODH and ODF. At 3600 s, the temperature field shows 

significant heating near both HTF channels, similar to ODH, due to the 
relatively large channel height. However, the slightly smaller channel 
angle moves the inner HTF channel closer to the central region, thereby 
improving heat penetration into the PCM. At 7200 s and 10,800 s, the 
heated regions expand more uniformly across the enclosure compared 
with ODH, indicating improved heat distribution. As the molten PCM 
increases, buoyancy-driven convection strengthens, redistributing heat 
throughout the enclosure. By 14,400 s, only a small cooler region re
mains near the lower center, and at 18,000 s, the temperature becomes 
nearly uniform across the PCM domain, confirming the balanced ther
mal performance of the ODB design.

In contrast, the core design shows a much slower temperature evo
lution. Since this configuration lacks an inner HTF channel, heat is 
transferred only from the outer boundary of the enclosure. At 3600 s, the 
PCM near the walls begins to heat up while the central region remains 
almost entirely cold. Even at 7200 s and 10,800 s, the temperature in
crease is largely confined to a thin layer near the enclosure walls. The 
absence of internal heating surfaces significantly limits the development 
of natural convection, as the melted PCM region remains small for a long 
time. Consequently, heat penetration toward the center is very slow, and 
even at 18,000 s, a major fraction of the material remains at relatively 
low temperatures. This behavior clearly highlights the importance of the 

Fig. 12. Comparison between the 2D and 3D simulations for the optimal design (ODB). (a) Evolution of liquid fraction, (b) average PCM temperature, and (c) stored 
energy (total, latent, and sensible) during the charging process. (d) Pressure contour within the inner and outer HTF channels of the 3D model.
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inner HTF channel in promoting heat transfer, accelerating PCM 
melting, and improving temperature uniformity within the enclosure.

10.4. 3D verification of the optimal design

A complete 3D transient simulation was performed for the optimal 
design (ODB) to evaluate the accuracy of the 2D modeling assumption 
adopted throughout this study. Owing to the complexity of the coupled 
fluid flow, heat transfer, and phase change, each 3D simulation required 
approximately five days of computational time. Therefore, conducting 
3D simulations for all investigated configurations was computationally 
impractical. Instead, the optimal design was selected as a representative 
case for comparison. Figs. 12a-c compare the predictions of the 2D and 
3D models in terms of liquid fraction, average PCM temperature, and 
stored energy. Excellent agreement is observed throughout the charging 
process. Both models predict nearly identical thermal responses, 
demonstrating that the 2D model accurately captures the dominant heat 
transfer and melting mechanisms governing the proposed storage sys
tem. Only slight deviations are observed, with the 3D model predicting 
marginally lower liquid fractions and stored energy during the charging 
process. This behavior is physically expected because the 3D model 
accounts for additional hydraulic effects and geometric complexities 
that are inherently neglected in the 2D approximation. Fig. 12d presents 
the pressure distribution within both the inner and outer HTF channels 
obtained from the 3D simulation. The total pressure drop between the 
inlet and outlet of the complete storage module is approximately 652 Pa. 
However, the pressure drop along an individual PCM unit is only about 
2 Pa, indicating that frictional pressure losses along the longitudinal 
direction of each channel are very small. The majority of the overall 
pressure drop originates from repeated local pressure losses generated at 
the inlet of each parallel channel. As the HTF flows through the distri
bution manifold, it repeatedly divides into the smaller channels associ
ated with each PCM unit. Each flow division introduces a local pressure 
loss, and the accumulation of these losses across all parallel units be
comes the dominant contributor to the total pressure drop of the mod
ule. Consequently, although the complete 3D system exhibits a 
noticeable overall pressure drop, the longitudinal pressure loss within 
each individual unit remains negligible. This observation further sup
ports the validity of the 2D assumption for investigating the thermal 
characteristics of the proposed device while significantly reducing the 
computational cost.

11. Conclusions

This work introduced a novel modular energy storage system 
inspired by plate heat exchanger architecture. In the proposed design, an 
additional HTF channel was embedded within the PCM enclosure to 
create two parallel heat transfer paths, thereby increasing the effective 
heat transfer area and improving thermal utilization of the PCM domain. 
To efficiently explore the design space, an MLP surrogate model was 
developed to predict the thermal energy stored during charging. The full 
factorial approach was implemented considering three independent 
design variables, namely the inner HTF channel height (CH), the spacing 
between the inlet and outlet of the inner HTF channel (CS), and the 
channel inclination angle (θ). The predictive model was then integrated 
with a two-stage optimization framework using a genetic algorithm and 
the TOPSIS decision-making method to identify optimal configurations 
that enhanced the system's charging performance. The key outcomes of 
this study are presented as follows: 

• The results revealed substantial variation among the 27 modified 
designs, confirming that CH, CS, and θ were the key parameters and 
were properly selected to influence the heat absorption and melting 
process.

• The combination of a very high R2 and a low RMSE demonstrated 
that the selected 3–7–2 MLP structure provided excellent predictive 

capability and served as a surrogate model for subsequent single- and 
multi-objective optimization procedures.

• CH was identified as the most influential parameter affecting the 
stored energy at 9000 s. Although CS and θ affected the melting 
behavior, their impact was secondary to that of the channel height 
during the intermediate charging stage.

• To maximize the stored energy at 9000 s, the GA identified an 
optimal configuration referred to as the Optimal Design for Half-time 
(ODH) with CH = 280 mm, CS = 100 mm, and θ = 94.08◦.

• When the optimization objective was changed to maximizing the 
total stored energy at 18,000 s, the GA identified another optimal 
configuration, referred to as the Optimal Design for Full-time (ODF), 
with CH = 205.705 mm, CS = 100 mm, and θ = 93.18◦.

• The TOPSIS method identified a balanced solution that simulta
neously maintains high performance for both objectives. This 
configuration, referred to as the Optimal Design for the Balanced 
state (ODB), had geometric parameters of CH = 280 mm, CS = 100 
mm, and θ = 88.8704◦.

• At 9000 s, the liquid fractions were 0.6905, 0.5990, and 0.6721 for 
ODH, ODF, and ODB, respectively, whereas the core design reached 
only 0.1998. These values corresponded to improvements of 
approximately 245.6%, 199.8%, and 236.3%, respectively. At the 
same time, ODH stored the largest amount of energy (9402 kJ), 
followed by ODB (9287 kJ) and ODF (8654 kJ), whereas the core 
design stored only 3818 kJ. Accordingly, the stored energy increased 
by approximately 146%, 126.6%, and 143.2%, respectively.

• At 18,000 s, the liquid fractions reached 0.9649 for ODH and 1.0 for 
both ODF and ODB, while the core design reached only 0.3745. These 
values represented improvements of approximately 157.6%, 
167.0%, and 167.0%, respectively. Moreover, ODF exhibited the 
highest stored energy (13,544 kJ), followed by ODB (13,113 kJ) and 
ODH (12,585 kJ). In contrast, the core design stored only 6457 kJ, 
corresponding to improvements of approximately 94.9%, 109.8%, 
and 103.1%, respectively.
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