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Abstract

This work examines the phase change material (P.C.M.) deposited in various lattice formations—such
as “S.C., B.C.C., and F.C.C"”-at varied characteristics. The test concentrates on comprehending heat
transport properties and thermal activity throughout the “melting and solidification processes”. The
heater's maximum temperature, P.C.M. “melting and solidification”, and Nusselt number are among
the essential factors examined. According to the findings, the heater's maximum temperature drops as
porosity increases. Although the Nusselt values for the various lattice forms are similar, the S.C. lattice
has a slightly higher Nusselt number. As porosity increases, so are the periods required for melting
and solidification. Three essential parameters are predicted using an artificial neural network trained
using the Bayesian Regularisation approach. The network's input parameters are set to porosity and
time. When assessing the performance of P.C.M. with three lattice structures, the optimum structure of
the ANN demonstrates excellent accuracy. 0.00003601 is the minimal mean square error, while 0.9998
is the most significant correlation coefficient. The trained artificial neural network (ANN) forecasts
P.C.M. behaviour with 82% “S.C., B.C.C., and F.C.C”. An exact match between the simulation and
the ANN predictions for P.C.M. with 82% porosity lattice structures is found.
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INTRODUCTION

The progress of modern civilization has been
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advancements that have increased the efficacy and
quality of our everyday lives. In recent years,
electronics have developed quickly. However,
there is a constant drive for slimness, lightweight
design, and miniaturization as the market for
electronic products expands. Given that these
devices produce more heat than they are
consuming, this presents a significant problem for
thermal management [1]. Numerous micro and
power electronics sectors faced the difficult
challenge of dissipating huge heat flux quantity,
reaching roughly 300 W/cm?, according to a 2007
research [2].

All the while making sure that the temperature
didn't get over 85 °C. Modern server equipment
chips now have a heat flow magnitude of up to 1
M.W./m2 [3]. Thermal problems account for
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around 55% of electronic malfunctions [4]. Integrating an operational thermal management system with
the electronic system is crucial for achieving optimal efficiency and dependability. P.C.M.s have
significant latent heat of fusion per unit volume, among other intrinsic thermal features. It is a widely
used cooling method for power electronics and is very effective [5]. P.C.M. cooling systems are more
appropriate for intermittent-use electronic components than continuous-use ones because melted
P.C.M. must solidify and discharge heat into the surrounding environment. P.C.M.s are intriguing, but
their low heat conductivity—which leads to low melting and solidification rates—Ilimits them. When
employing P.C.M.s, thermal conductivity enhancers, or T.C.E.s, are necessary. Researchers have
conducted many studies to investigate various T.C.E.s utilized in PCM-based thermal systems [6,7].
Numerous T.C.E.s, such as (“metallic fins, metallic foams, carbon foams, and so forth”), are suggested
and studied [8,9]. Numerous studies have been done on metallic fins, namely plate and pin fins [10].
These fins' form [11], number [12], thickness [13], and other characteristics have all undergone
extensive research and optimization. Furthermore, research has concentrated on investigating the
metallic and carbon foams' porosity [14], pore density [15], and pore size [16] [17]. The development
of additive manufacturing (AM) makes it feasible to produce intricate, robust, and lightweight lattice
structures that are not achievable with conventional manufacturing [ 18]. Three types of lattice structures
may be distinguished: strut-based, triply periodic minimum surface, and shell formation. Lattice
structures comprise several repeating topological ordered unit cells [19]. Linking strut components at
certain nodes characterizes strut-based lattice structures, including diamond, B.C.C., F.C.C., P.C., and
octet-truss lattice category [20]. Lattice structures can improve the efficiency of heat “conduction and
convection” because of their lightweight design and superior heat dissipation capabilities [21]. Its
thermal and flow properties have been investigated and reported [22]. Several researchers used the
lattice structures as T.C.E.s for the PCM-based thermal system. To improve the thermal conductivity
of P.C.M., Righetti et al. [23, 24] created novel 3D metallic periodic structures using additive
manufacturing. Experimental research was conducted by Piacquatio et al. [25] to evaluate the P.C.M.
combined with additively built lattice structures. Four lattice configurations with identical dimensions,
strut diameters, and aspect ratios but different cell topological structures were produced and put through
testing. P.C.M. was implanted into multidimensional printed periodic metal foam by Zhou et al. [26],
and an experimental representation of the melting process was produced. They discovered that by
combining P.C.M. with periodic metal foam, the melting time might be shortened by 2.5 times. To
improve the thermal conductivity of P.C.M., Hu et al. [27] created and produced a framed porous
material using 3D printing. They subsequently did experimental and computational research on a heat
sink that included P.C.M. with various porosities and heater powers. Using the technique of additive
manufacturing, Diani et al. [30] created two periodic B.C.C. structures made of aluminium and placed
three P.C.M.s with varying melting temperatures within them. The B.C.C. structures' porosity was set
at 87%. To improve P.C.M.'s heat conductivity, Zhang et al. created a graded periodic cell framework
that was printed using three-dimensional (3D) printing. The internal cell porosity distribution and the
thickness of the exterior packing wall had an important influence on the phase change process,
according to what was found in a three-dimensional numerical simulation model confirmed by
experimental data. Numerical research on the performance enhancement of P.C.M. implanted in metal
periodic structures was conducted by Zhao et al. The influence of material qualities, cell elevation
thickness of interaction gap, and cell size were examined and discussed [28]. To determine the impact
of porosity and grading of “triply periodic minimum surface” structures on P.C.M.'s thermal
performance, Qureshi et al. conducted numerical simulations. Four TPMS configurations with various
permeability were taken into account. After setting the overall porosity at 75%, the scientists looked at
the impacts of a uniform, positive, and negative porosity gradient. Artificial neural networks (ANNs)
have been used more often in recent years to analyze and predict phase and heat transfer shifts in
P.C.M.s. The process of emulating biological neural networks results in ANNs. Because they have so
many neurons, artificial neural networks (ANNs) are very good at handling non-linear problems,
demonstrating error resistance, and easily handling noisy or missing data. These networks can develop
from training data, and after they have finished training, they solve problems incredibly well.
Consequently, the trained model may be applied to predict desired parameters in analogous situations.
ANN was used by Urresti et al. [29] to investigate and assess the thermal behaviour of P.C.M.s
integrated into building envelopes using experimental data. Using experimental data, Motahar used
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ANN to estimate percentage in an enclosure. To forecast the temperature, liquid fraction, and Nusselt
number for a P.C.M. with a metallic foam system dependent on time and porosity, Duan et al. used
artificial neural networks (ANN) with experimental data. Despite their growing popularity in this
domain, there is currently little published research on the use of ANNs in P.C.M. modelling and
prediction for heat transfer. This research pertains to the prediction and optimization of P.C.M.
performance with integrated lattice structures. In the present study, we examine the possibility of using
artificially generated neural networks to forecast the “dynamic melting and solidification process” of
P.C.M. embedded with three different kinds of lattice structures: S.C., B.C.C., and F.C.C. The
numerical simulations are run under six porosity levels of three lattice configurations, ranging from
70% to 95%, and are confirmed by experimental proof. Measurements, including the heat wall's
maximum temperature, the time it takes for “melting and solidifying”, and the Nusselt number, are
compared and evaluated at different porosity levels. The ANN analysis that follows uses the data
produced by the numerical simulation. To forecast the temperature of the heat wall, the melting and
solidification of P.C.M., and the Nusselt number, an M.L.P. “multilayer perceptron” “feed-forward
neural network” constructed depend on the Bayesian Normalisation (B.R.) method has been built.
When forecasting the heat transfer pattern, the created ANN has an ideal structure and outstanding
precision.

Geometries And Simulation Models

Several crystalline structures—"S.C., B.C.C., and F.C.C."—are employed as T.C.E.s in the
investigation, as Fig. 1 illustrates (Table 1). The metal ligaments in S.C.'s structure have been organized
in a periodic cubic cell configuration, with connections at right angles. Homogeneous struts with equal
cross-sections are a defining feature of the crystal molecules' body frameworks known as the B.C.C.
and F.C.C. structures. The positioning of atoms in the unit cell, which built distinct coordination arms
and packing densities, is the primary distinction between the F.C.C. and B.C.C. lattice structures. The
thermal performance of these three lattice structures—whose porosities range from 70% to 95%—is
examined and contrasted after merging with P.C.M. Table 1 lists the measurements correlating to the
varying porosities. There are four x four x four lattice structures in all. With a 5 kW/m2 heat flux, the
heat source in that configuration is positioned at the cube's bottom wall. After 3000s, the heat source is
switched off to give the P.C.M. time to harden. A “natural convection boundary” situation with a
convective coefficient of 8W/m? K is applied to the remaining cube's walls. In the present research,
RT50 is employed. Its latent heat is 160 kJ/kg, and its defrost range is 45—51 C. RT50 has a specific
heat of 2000J/kgK, thermal conductivity of 0.2W/mK, and 880 kg/m3 density.

Border conditions and controlling equations the governing formulas Numerical studies in three
dimensions are carried out to simulate P.C.M. melting and the process of solidification. The following
presumptions are made to make the simulation more straightforward: The aluminium P.C.M. case is
consistent and isotropic; the aluminium’s thermophysical characteristics are stable and temperature-
insensitive. The controlling formulas for phase transition and heat transmission in P.C.M. embedded in
lattice structures are solved using ANSYS 2020R2. The phase transition between P.C.M.'s fluid and
solid states is defined by activating the solidification and melting model mechanism. Instead of
explicitly monitoring the liquid-solid interface in this model, an enthalpy-porosity formulation views
the liquid-solid mushy zone as a porous zone whose porosity is equal to the liquid percentage. Each
iteration calculates the liquid fraction, the percentage of liquid form in a cell volume. This parameter's
value ranges from O to 1 in the gooey zone. The following are the equations that dictate for the P.C.M.
heat sink:

Continuity equation:

dp , Ou , v _
5Tt =0 (1)
Momentum equation:

d(pw) | d(puw)
at + dx + ay dx

2 2
W) = L n(35+55) + Sxinx-dir )

dx2
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d(pv) |, d(puv)
at + ox + oy dy

d apP o*v | 0* : :
(o) _ 9P 4y G+ #) + Sy — pgin y- dir 3)

Energy equation:

d(pH) | d(puH) | 9(pvH) _ 9*T | 9°T
at + ox + y _+k(ax2+ay2) )

The variables in Egs. (1)—(4) are time (t), velocity (u) and velocity (v) in the x & y directions
accordingly. P stands for pressure, pu for P.C.M.'s dynamic viscosity, and g for the acceleration of
gravity. p denotes the P.C.M. density. The Boussinesq method accounts for density change linked to
buoyancy forces and enables natural convection realisation during P.C.M. defrost. The momentum sink
terms, Sx and Sy, in Egs. (2) and (3) are the result of the mushy zone's reducing porosity and are defined
as below:

S, = (1-B)* u (5)

— Ymush (ﬁ3+6)

SC BCC FCC
Figure 1. Shows heat sinks geometries.

Table 1. heat sinks geometries in mm

“Lattice structures” | “Porosity” | “Length” | “Diameter” | “Total body volume of unit structures mm?3”
(SC) 95 10 0.6 50
(B.C.C) 1

(F.C.C) 1.1

(SC) 85 10 1.2 150
(B.C.C) 1.8

(F.C.C) 2.0

(SC) 75 10 1.6 250
(B.C.C) 24

(F.C.C) 2.7

(SC) 65 10 1.8 350
(B.C.C) 2.1

(F.C.C) 24

(SC) 55 10 1.9 450
(B.C.C) 2.4

(F.C.C) 2.8

Sy = Cmush (1 — ) 2 (B3 + €) v (7) where f is the liquid percentage of P.C.M. and is specified as follows, € is a tiny value
of 0.001 to prevent zero numerators, and C mush is the mushy zone constant, which is set at 105 in the present research.

T — T solidus /T liquids — T solidus, if T solidus < T < T liquids ®)
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The enthalpy of P.C.M., denoted as H in Eq. (4), is the product of the sensible enthalpy, h, and the
latent heat, AH: H=h + AH (9) Cp (T — Tinitial) + h initial = h (10) AH = BL (11) is where L is the
latent heat of fusion of P.C.M., Cp is the specific heat of P.C.M., and the starting enthalpy and
temperature of P.C.M. are initial and initial, respectively. The PRESTO! method applies for pressure
discretization in solving these equations, while the PISO method is employed to couple the two
variables. The P.C.M.'s starting temperature is 293K (20 °C). The simulation uses conditions for
laminar flow. There is no slip surface on the wall.

Model confirmation, mesh, and time scale independent verification

The present examination's simulation results have been verified using a comparison with the
experimental data reported in Reference [28]. The comparison between the temperature between the
experimental and numerical data using the identical P.C.M. (Rubitherm RT62HC), boundary
conditions, and geometric model as mentioned in Reference [28]. Notably, the simulation results show
a strong correlation with the experimental data, indicating the validity of the simulation approach. The
simulation model's accuracy and precision are further confirmed by the finding that the most significant
proportional variation between the numerical temperature and the equivalent observed value is just
2.5%. The validation test demonstrates the simulation results' reliability and validity and provides
evidence supporting the study's conclusions. A tetrahedral mesh is used to discretize the numerical
models, and a trio of cell mesh sizes—65,000, 95,000, and 162,000—are investigated. The results of
the simulations with the three different mesh numbers show a perfect consistency. Because it yields
correct results with a reduced effort, a mesh number of 65,000 is chosen to maximize computational
efficiency. An examination with the simulation results obtained via 0.50s, 0.20s, and 0.10s time
increased. There is much resemblance between the outcomes generated by the three distinct time stages.
This suggests that the time step selection does not significantly impact the accuracy of the results of
simulations. Consequently, 0.5s is chosen as the time step for this investigation as it requires fewer
computing resources.

Artificial Neural Network

The design and action of the natural neural networks seen in the human brain served as the model's
inspiration for the artificial neural network, or ANN. It is a machine-learning algorithm comprising
linked nodes arranged in layers—also called artificial neurons. After receiving input data, the neurons
apply an actuation task to create nonlinearity, conduct a weighted sum of the inputs, and then produce
an output. The weights attached to relationships between neurons control how strong the signal is sent
from one neuron to the next. By analyzing patterns and correlations in the training data, artificial neural
networks (ANNs) may adjust their internal weights by learning from the data. The network modifies
the weights to reduce prediction errors throughout training by comparing its predictions with the correct
outputs. It is an effective technique for managing intricate and non-linear data interactions. Because
there are significant differences between the data points, the data should be normalized before
beginning ANN network training to improve network performance. Equation (12) is used in the
standardization method to scale the data to a range of 0—1.

Xi,norm = Xi — Xmin /xmax — Xxmin (12)

here, xmax and xmin are the highest and lowest values and xi; norm is the acceptable value. To
evaluate the efficacy and precision of the ANN network's predictions, the mean square deviation
(M.S.E.) and Pearson's correlation coefficient (R) are defined as follows:

1 m
MSM= 2 (5 - yf)
}:

izm (y_SIM_ySIM) (yANN_y ANN
m/j=y J J

= 2
JE}'Ll(yf’M—yS’M) L, (NN -y ANM)2

R
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Where m is the number of the simulation data, ySIM j is the j-th simulation result, and yANN j is the
calculated result of the j-th data by using.

Validation of simulation result Temprature of heat wall

Temprature of heat wall in degree ¢

Time (s)

= Experimental data from ref(28) B Simulation result in this study

Figure 2. This figure shows the validation of stimulation result temperature of heat wall.

A standard deviation of ANN and y is the value. Three fundamental layers comprise a neural network
of neurons (ANN): an i/p layer, an unseen layer, and an o/p layer. Two nodes make up the i/p layer of
the network: normalized time and adjusted porosity of lattice structures. Three nodes comprise the
output layer: the Nu number, the P.C.M. liquid percentage, and the temperature of the heat wall. Using
information from numerical modelling, the Back-propagation approach is used to train the artificial
neural network. The Bayesian Regularisation (B.R.) technique is used for regression applications. Upon
comparing the learning performance of Scaled Conjugate Gradient (S.C.G.) ANN, Levenberg-
Marquardt (L.M.) ANN and BR ANN, it is clear that BR ANN is more capable of learning than LM
ANN and SCG ANN. Three groups are created from the numerical simulation's data. For three different
kinds of lattice architectures, three different networks are trained. The degree of disorder, based on the
number of nodes in the hidden layer, significantly impacts ANN accuracy diagram -2. The hidden-layer
node count is changed from five to fifty. When the number of hidden-layer nodes is set to 25, the
network model's mean square error (M.S.E.) decreases when the BR ANN training results are analyzed
after each modification. In addition, every ANN regression produces a correlation coefficient (R)
greater than 0.99, suggesting a solid agreement among the simulation outcomes and the ANN outputs.

RESULTS AND DISCUSSIONS

Findings of the RT50 embedded lattice structure modelling The simulation outcomes of RT50 joined
with various lattice structures “S.C., B.C.C., and F.C.C." across varying porosity under a 5 kW/m2 heat
flux, in particular, show the heat wall's temperature. At first, the melting process starts when the RT50
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temperature hits 45 °C, and the wall temperature climbs quickly. At this stage, the P.C.M. melting
process absorbs a considerable quantity of heat, which causes the wall temperature to rise more slowly.
Complete melting occurs when the RT50 temperature reaches 51 °C, preventing the P.C.M. from
absorbing more heat. There is a rapid increase in the wall's temp. The heat supply is cut off when the
wall temperature reaches its maximum value at 3000s. Natural air convection cooling causes the wall
temperature to drop progressively. The solidification process begins when the RT50 temperature falls
below its solidification point, releasing heat. For this reason, the wall temperature gradually drops
throughout the solidification phase. After the P.C.M. solidifies completely, the wall temperature drops
very quickly. The heat wall reaches its maximum temperature at 3000s when the lattice structure
porosity is 70%. Porosity and the heat wall's maximum temperature are shown to be inversely related.
The heat wall's maximum temperature falls as porosity progressively rises. This link is explained by
the fact that a lower porosity causes a smaller quantity of RT50, which raises the maximum temperature.
The findings suggest that RT50 starts to melt in the 1000s and finishes melting in the 2500s. When the
porosity is adjusted to 95% in all three lattice scenarios, RT50 shows an earlier melting onset and a
longer melting duration than other porosity levels. RT50 has the fastest melting rate, notably at a lattice
porosity of 70%. The RT50 melting speed rose as the lattice porosity progressively decreased. This
tendency may be explained by the positive impact of a higher lattice volume, which is correlated with
reduced porosity. Faster melting rates are achieved by the P.C.M.'s improved heat conductivity, which
is facilitated by this bigger volume. Approximately 4000s marks the start of RT50's solidification, while
8000s marks its completion. RT50 shows a faster commencement of solidification and a longer
solidification process duration when the porosity is set at 95% as opposed to other porosity levels. The
solidification speed of RT50 increased with a steady reduction in lattice porosity. The Nusselt number
of the RT50 when combined with the S.C., B.C.C., and F.C.C. lattice structures, respectively. Because
the convective heat transmission methods shift during the P.C.M. melting and solidification process,
the Nusselt number also tends to change. The liquid fraction contours when RT50 is implanted with
S.C.,B.C.C., and F.C.C,, respectively. First, there is a rise in the Nusselt number when the P.C.M. next
to the heat wall starts to melt. This is frequently explained by the increased convective heat transfer
brought about by the fluid phase's presence close to the walls, which encourages mixing and convection
currents. The RT50 melting process begins at the bottom and moves towards the top as thermal energy
is transferred from the bottom heat wall to the side wall. In addition, heat moves through lattice
structures from the side wall into the interior region simultaneously, affecting the P.C.M's phase
transition. The Nusselt number reaches its maximum when the RT50 close to every wall has melted
entirely. Since convective heat transport has already begun in such areas, the Nusselt number stays
mostly unchanged as the melting process moves towards the core region. A decrease in convective heat
transmission results from the liquid P.C.M.'s slowing motion while the RT50 keeps melting. The
Nusselt number decreases as the melting process progresses due to this decrease in heat transmission
efficiency. Following total melting, the liquid P.C.M. gradually comes to a halt, causing the Nusselt
number to fall steadily. The heat power is turned off at around 3000 s, which causes the Nusselt number
to abruptly fall below 0. This indicates that natural air convection transfers heat from the system to the
surrounding area. The RT50 then starts to solidify when its temperature hits its solidification point. In
the early solidification phases, there is a brief increase in the Nusselt number's absolute value. The
solidification process is shown to start close to the wall and is driven by natural convection from the
outside air. The Nusselt value remains constant as the P.C.M. solidifies closer to the interior.
Nonetheless, the Nusselt number usually drops as the P.C.M. completely hardens and the solidification
process proceeds. There may be a tiny additional fall in the Nusselt value if the P.C.M. solidifies
entirely. This is explained by the convective heat transfer mechanism being impacted by the system's
surroundings' continuously decreasing temperature differential.

CONCLUSIONS

In brief, this study's simulation results offer a remarkable understanding of the qualities of P.C.M.
(RT50) when combined with diverse lattice structures (such as S.C., B.C.C., and F.C.C.) with pores
varying from 70-90 per cent. The fixed heat flow of 5 kW/m? is maintained for 3000s before shutting
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off.

The experimental data from the reference has been used to validate the simulation. Because of the

nonlinearity of the melting process, an artificial neural network (ANN) model is created to forecast the
critical parameters of P.C.M. behaviours. Important conclusions consist of:

L.

The porosity of the heat wall and its maximum temperature are inversely correlated. The
maximum temperature falls as the porosity rises. Furthermore, the most excellent temperatures
of the heating layer for P.C.M. implanted with all three lattice configurations are pretty similar
when the lattice pores are less than 80%. On the other hand, the P.C.M. with S.C. lattice has the
lowest wall temperature when the porosity surpasses 80%, whilst the P.C.M. with B.C.C. and
F.C.C. lattices show equal temperatures.

Compared to other pore levels, P.C.M. shows a faster melting commencement and longer melting
duration when the lattice porosity is 95%. Furthermore, a larger lattice volume has the beneficial
consequence of increasing the P.C.M.'s heat conductivity, which causes a lower lattice porosity
to result in quicker melting rates.

P.C.M. with the B.C.C. lattice has a slightly longer melting time than the other scenarios when
the lattice porosity is less than 80%. In contrast, P.C.M. with the S.C. lattice has a somewhat
longer melting time when the porosity surpasses 80%. The solidification time rises with
increasing lattice porosity, much like the melting time. Compared to the other scenarios, the
solidification period of the F.C.C. lattice structure is somewhat more extended.
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