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a b s t r a c t 

The present study investigates the flow pattern and thermal behavior of constructal theory-based pore- 

scale porous media (CTPSPM) using computational fluid dynamics (CFD) and machine learning. Due to the 

increasing complexity of the geometry, as the number of pairs (Np) and clusters (Nc) increase, the CFD 

approach is unable to present the precise results. For the first time, we present a novel hybrid computa- 

tional method to predict the flow pattern and thermal behavior of pore-scale porous media (PSPM) based 

on the direct training data set from high-fidelity numerical simulation. Tensors of component velocity, 

temperature for fluid and solid, and pressure drop will be used to update the training dataset in accor- 

dance with the geometry matrix. A tensor-based combination of CFD and block-based machine learning 

(BBML) is developed for this target due to the complex interface between flow and solid. An elliptical 

tube is filled with two distinct types of PSPM: CTPSPM and constant-porosity PSPM (CPPSPM) with dif- 

ferent porosity ratios ( β= 0.6, 0.8, 1.2, 1.4). A laminar flow ( Re = 300, 500, and 800) of Al 2 O 3 nanofluids 

through an elliptical tube in constant volume fractions ( ϕ= 0.06) is studied in both CFD and BBML meth- 

ods. The effects of various combinations of CTPSPM pairs and clusters on pressure drop and heat transfer 

are evaluated using machine learning in over 1200 states of calculation to determine the optimal con- 

figuration. Additionally, we evaluated the effect of multiple cores on calculation time in three distinct 

optimizations (machine learning, surface response method, and genetic algorithm) approaches in CTPSPM 

for the first time. The results show that the multiblock neural network could reduce the computational 

cost by up to 70% compared with the regular CFD. In addition, the results show that the constructal the- 

ory significantly influences heat transfer in the low Re range. The results of this study could lead to a 

new understanding of fluid flow due to complex geometry, such as that of a catalyst and membrane. 

Published by Elsevier Ltd. 
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. Introduction 

Optimization is important in all aspects of life, from energy 

onsumption [1] to industry [2] . Optimization methods can also 

ield the optimum state, such as maximum heat transfer with a 
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f Engineering, King Mongkut’s University of Technology Thonburi (KMUTT), Bang- 

od, Bangkok 10140, Thailand. 
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inimum drop in pressure [3] . Process optimization aims to max- 

mize efficiency while minimizing undesirable effects, such as drag 

orce [4] and pressure drop [5] . In recent decades, energy require- 

ents have increased significantly, prompting the need for a new 

eneration of standards that place a premium on energy efficiency 

6] . Numerous algorithms for mathematical optimization have been 

sed over the last several decades to maximize system efficiency 

7] . Researchers have attempted to minimize the drop in pressure 

sing various optimization techniques. They have tried to deter- 

ine the optimal geometry by analyzing the interaction between 

hape and fluid flow (see, for example, Weber et al. [8] and Sha- 

aby et al. [9] ). The most popular optimization methods include 

https://doi.org/10.1016/j.ijheatmasstransfer.2022.123072
http://www.ScienceDirect.com
http://www.elsevier.com/locate/hmt
http://crossmark.crossref.org/dialog/?doi=10.1016/j.ijheatmasstransfer.2022.123072&domain=pdf
mailto:Mehrdad.mes@kmutt.ac.th
mailto:Somchai.won@kmutt.ac.th
https://doi.org/10.1016/j.ijheatmasstransfer.2022.123072


M. Mesgarpour, K. Sakamatapan, A.S. Dalkılıç et al. International Journal of Heat and Mass Transfer 194 (2022) 123072 

m

[

o

p

o

[

n

m

a

m

c

P

S

t

c

B

r

r

a

n

i

Nomenclature 

A Surface area, [m 

2 ] 

A 1 , A 2 , A 3 A 4 , A 5 Constant 

Bi Biot number 

C Heat capacity [J.K 

-1 ] 

C P Specific heat, [J.kg −1 .K 

− 1 ] 

D Diameter, [m] 

D 0 Thickness of the central strip, [m] 

Da Darcy number 

D h Hydraulic diameter, [m] 

E f Total fluid energy, [J] 

f j Values of j-th neuron 

g Gravity, [m.s −2 ] 

g ∗ Activation function 

H Height, [m] 
˜ H 0 Dimensionless height 

h s f Convection heat transfer coefficient, surface 

to fluid, [W.m 

−2 .K 

−1 ] 

h n f Convection heat transfer coefficient, 

[W.m 

−2 .K 

−1 ] 

K Permeability, [m 

2 ] 
˜ K 0 Dimensionless permeability 

k n f Thermal conductivity of nanofluid, 

[W.m 

−1 .K 

−1 ] 

k f Thermal conductivity of water, [W.m 

−1 .K 

−1 ] 

k s Thermal conductivity of solid, [W.m 

−1 .K 

−1 ] 

L Length, [m] 

Nu Nusselt number 

N u ∗ Nusselt number ratio 

N u CT P SP M 

Nusselt number of constructal theory pore- 

scale porous media 

N u CP P SP M 

Nusselt number of constant porosity pore- 

scale porous media 

n ∗ Sample size 

O i Model output 

P Pressure, [Pa] 

P CT P SP M 

Pressure drop of constructal theory pore- 

scale porous media, [Pa] 

P CP P SP M 

Pressure drop of constant porosity pore- 

scale porous media, [Pa] 

P r Prandtl number 

q 
’ ’ 

s Heat flux for solid zone, [W.m 

−2 ] 

q ’ ’ Heat flux, [W.m 

−2 ] 

q 
’ ’ 

nf 
Heat flux of nanofluid, [W.m 

−2 ] 

Ri Richardson number 

S h 
f 

Fluid enthalpy, [J] 

T max Maximum temperature, [K] 

T w 

Wall temperature, [K] 

T s Temperature of solid, [K] 

T i Target value for sample i 

Re Reynolds number 

Ra Rayleigh number 

T n f Temperature of nanofluid, [K] 

T i Initial temperature, [K] 

V duct Total duct volume, [m 

3 ] 

u, v , w x,y,z velocity, [m.s −1 ] 

w i Weight of i -th neuron of hidden layer 

w 2 0 ,z Weights of the bias 

w 2 j,z Weights of the j-th hidden neuron 

x i Values of i -th neuron 

x, y, z x,y and z-direction 

y z ( ML ) Output of z−th neuron 
i

2 
Z z-direction 

Greek symbols 

ρ f Density of pure water, [kg.m 

−3 ] 

ρ Density, [kg.m 

−3 ] 

ρn f Density of nanofluid, [kg.m 

−3 ] 

ηp Pump efficiency 

β∗
f Thermal expansion of fluid, [K 

−1 ] 

β∗
s Thermal expansion of solid, [K 

−1 ] 

β∗ Thermal expansion, [K 

−1 ] 

β Porosity ratio 

ε Porosity 

υ Kinematic viscosity, [m 

2 .s −1 ] 

μ Dynamic viscosity, [kg.m 

−1 .s −1 ] 

μn f Viscosity of nanofluid, [kg.m 

−1 .s −1 ] 

ε CT P SP M 

Porosity of constructal theory pore-scale porous 

media 

ε CP P SP M 

Porosity of constant porosity pore-scale porous 

media 

ϕ Volume fraction 

μi Center of i -th neuron 

αangle , βangle Angle, [degree] 

φi ( X 
∗∗) Gaussian function 

σ 2 
i 

Radius of i -th neuron 

θ Dimensionless temperature 

θn f Dimensionless temperature for nanofluid 

Abbreviation 

BBML Block-based machine learning 

CT Constructal theory 

CTPSPM Constructal-theory pore-scale porous media 

CPPSPM Constant porosity pore-scale porous media 

CFD Computational fluid dynamics 

DDTA Direct data transfer algorithm 

GPU Graphical process unit 

PSPM Pore-scale porous media 

Np Number of pairs 

Nc Number of clusters 

ML Machine learning 

MSE Mean square error 

athematical modeling [10] and thermodynamic approaches 

 11 , 12 ]. A numerical approach can help optimize by identifying the 

ptimal combination of parameters, such as the volume fraction, 

orosity, and types of nanofluids. Thermodynamics-based methods 

f optimization, such as entropy generation minimization (EGM) 

13] and constructal theory (CT) [14] , are multidimensional tech- 

iques that can be applied to various cases [15] . 

Understanding flow behavior through the pore-scale porous 

edia (PSPM) has a long history [16] . Mou and Chen [17] an- 

lyzed the fluid transport in PSPM using the lattice Boltzmann 

ethod (LBM) and direct numerical simulation (DNS). Results indi- 

ate that both methods are capable of modeling the flow through 

SPM. Habib et al. [18] used the transient form of the Navier- 

tokes equation to study the cylindrical shape of PSPM. They found 

hat variations in the Reynolds number ( Re ) and porosity of PSPM 

ould cause the system’s dynamic response to become nonlinear. 

akhshian et al. [19] studied two-phase flow in a heterogeneous 

ock sample, revealing that the viscosity ratio is an important pa- 

ameter for flow through the rock. 

The new generation of manufacturing processes and materi- 

ls, such as nanofluids [20] or porous media [21] , has opened a 

ew window to improve efficiency and heat transfer, particularly 

n thermal devices [22] . Porous media are among the most promis- 

ng candidates for improving heat transfer due to their unique 
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urface-area-to-volume ratio [21] . Hatami and Ganji [23] focused 

n heat transfer in microchannels and analyzed heat transfer using 

 porous medium. Their results showed that when the channel as- 

ect ratio (AS) increased, the Nusselt number (Nu) also increased, 

wing to more significant interactions between fluid flow and 

he porous media surface. Bourantas et al. [24] studied a mesh- 

ess technique to examine heat transfer in porous media by using 

arcy models. Their results indicated that at low Rayleigh numbers 

Ra = 103), the average Nu appeared to be sensitive to the pres- 

nce of a porous medium. Sheikholeslami [25] investigated heat 

ransfer in porous media by using various boundary conditions, in- 

luding the volume fraction of the nanofluid, and found that force 

onvection-induced heat transfer within a lid-driven porous cavity 

ould increase the rate of heat transfer. 

The CT is one of the most interesting nature-based optimization 

ethods [26] . Configurations that use CT introduce a groundbreak- 

ng physics-based approach to comprehending and predicting de- 

igns found in nature and engineering [27] . This approach can yield 

he optimum rate of heat transfer (see, for example, Wu et al. [28] ,

ang et al. [29] , and Dehaj and Hajabdollahi [30] ). Mehrgoo and 

midpour [31] examined the effects of the CT on the operational 

nd geometric design parameters of heat recovery in a steam gen- 

rator. Their findings show that increasing the total value to an op- 

imal point significantly reduces entropy generation. After a spe- 

ific point, the curve of entropy reduction decreases and exergy- 

nduced destruction becomes flat. Wu et al. [32] investigated the 

ffect of CT on the design of an evaporator. The results showed 

hat the dimensionless pumping power decreased by 37.1% after 

T-based optimization compared with the design point at which 

he optimization was performed. 

Redesigning equipment and applying the CT to a new genera- 

ion of thermal systems necessitates a significant amount of cal- 

ulation. When the number of pairs (Np) and clusters (Nc) is in- 

reased, the required grid size and calculation cost increase rapidly. 

s a result of this issue, the majority of CT geometries investigated 

ave the lowest possible Np and Nc [33] . The development of a 

ew generation of computational methods and algorithms necessi- 

ates enormous processing power. These novel computational tools 

ay aid in our comprehension of this complicated process. Neural 

etworks are the best example of how these new calculation tools 

ave become widespread, leading to the birth of a new generation 

f computational tools that can assist with complex calculations 

nd analyzes [34] . A combination of advanced numerical simula- 

ions and neural networks can assist in the comprehension of com- 

lex events, such as virus outbreaks [35] and combustion [36] . The 

bility to predict complex flow patterns [37] or a wide range of ge- 

metries [38] using real-time data is the primary reason for using 

 combination of neural networks and numerical simulations. 

A novel solution is presented in this paper to study flow 

hrough complex geometries such as PSPMs, including laminar 

ows of AL 2 O 3 nanofluids ( Re = 30 0, 50 0, 80 0) with constant vol-

me fractions ( ϕ= 0.06) through the constant-porosity PSPM (CPP- 

PM) and CT-based PSPM (CTPSPM). Additionally, 4 porosity ra- 

ios ( β= 0.6, 0.8, 1.2, and 1.2) are assumed for CTPSPM. The re-

ults of high-fidelity CFD are used to generate training tensors in 

his method. After thorough validation, separate tensors for ve- 

ocity component, the temperature of fluid and solid (PSPM), and 

ressure are defined for training feed-forward neural networks 

FNN) by taking geometry into account. In the training section, we 

rained the FNN model on all calculation domains for various Re 

nd porosity ratios at specific Np (Np = 4 and 7) and Nc (Nc = 2). For

ther Nc and Nc values (1 < Np < 3, 4 < Np < 6, 8 < Np < 10, and Nc = 1

nd 3 < Nc < 10), machine learning will predict the flow and heat 

ransfer patterns through the CTPSPM and PSPM. A tensor-based 

ombination of block-based machine learning (BBML) and numer- 

cal simulation predicted the nanofluid flow’s pattern and thermal 
3 
ehavior through the elliptical tube. Additionally, we investigate 

he effect of the number of GPU cores on calculation time and op- 

imization methods for the first time. We demonstrate how this so- 

ution predicts the pattern of heat transfer and pressure drop for a 

ide range of the numbers of pairs (1 < Np < 3, 4 < Np < 6, 8 < Np < 10)

nd clusters (Nc = 1 and 3 < Nc < 10) and study the calculation cost of

onstructal theory in PSPM domain. This solution provides a new 

ay of understanding flow through complex geometries such as 

SPM or membranes. 

. Problem statement 

A steady-state Al 2 O 3 nanofluid flowing through an elliptical 

ube filled with CPPSPM and CTPSPM is used to investigate the ef- 

ect of CT on the thermal behavior and flow pattern in the PSPM 

omain. As shown in Fig. 1 a , the CTPSPM includes clusters and 

airs. The porosity ( ε) of CPPSPM is 80%, and pores are 2 mm in

iameter on average. The porosity distribution and other properties 

re constant and uniform for CPPSPM and CTPSPM. The porosity 

nd pore size of CTPSPM depend on β . A numerical simulation for 

c = 4 and 7 is considered to provide training data set for compo- 

ent velocity, temperature for fluid, and solid and pressure. These 

wo calculation points are the foundation for the wide variation in 

p (1 < Np < 3, 4 < Np < 6, 8 < Np < 10) and Nc (Nc = 1 and 3 < Nc < 10).

ig. 1 b shows the CTPSPM and copper tube dimensions. The CTP- 

PM is composed of copper with a uniform porosity distribution. 

Table 1 provides additional information about porosity, perme- 

bility, and thermal expansion. Constant volume fractions of Al 2 O 3 

anofluid ( ϕ= 0.06) are flows through the CPPSPM and CTPSPM at 

ifferent Re ranges ( Re = 30 0, 50 0, and 80 0). As shown in Fig. 1 c

nd 1 d , steady-state and fully developed Al 2 O 3 nanofluids are in- 

roduced into the tubes for the CTPSPM and CPPSPM, respectively. 

he CTPSPM and tubes shared the same physical characteristics, 

ncluding thermal expansion and conductivity. The outer walls of 

he tube are maintained at a constant temperature ( T = 350 K) to 

mpose thermal boundary conditions. Additional details about the 

SPM are presented in Appendix A1 . 

.1. Block-based machine learning 

To combine numerical simulation and machine learning, it is 

ssential to understand several key concepts in neural networks. 

 training data set is the basis for machine-learning-based predic- 

ion. The training data set for this study is generated using the re- 

ults of a numerical simulation. Each parameter is assigned as an 

ndividual data matrix, such as pressure, velocity, fluid, or solid. 

he numerical simulation results in Fig. 2 are assumed to be a se- 

ies of inputs for a neural network. Six categories of numerical re- 

ults are used to re-generate the three main matrices (pressure, 

omponent velocity, and temperature for fluid and solid). These 

atrices define the values of parameters in each calculation node. 

As a result of the case study’s, these matrices are fed into two 

ayers of deep neural networks (CTPSPM and CPPSPM) to extract 

idden relationships among inputs and outputs. Study outputs in- 

lude pressure drop, heat transfer coefficient, and numeric values 

uch as temperature distribution for the CTPSPM and CPPSPM. Ac- 

ivation and loss functions are calculated based on each parame- 

er of these two layers. In addition to the regression model and 

he number of hidden layers, each prediction layer has its unique 

haracteristics. 

Table 2 provides further information about these two predic- 

ion layers. The output of the prediction layer is used as an input 

or the integration layer. Therefore, output patterns require an ad- 

itional layer in order to be precise. A single calculation layer or 

ultiple calculations layers are used [34] . Every data block (pre- 

iction layer) may have a pattern between the input and output. 
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Fig. 1. Graphical illustration of the CTPSPM and CPPSPM a) Isometric view of CTPSPM, CPPSPM, and tube, b) Dimension of pairs and clusters, and fluid and solid zones in c) 

CTPSPM and d)CPPSPM. 

Table 1 

Physical properties of the CTPSPM and CPPSPM. 

Zone Porosity [%] K perm abil ity [ m 

2 ] Re T tube [ K ] k poro us [ W.m 

−1 K −1 ] β∗ [ K −1 ] Ref. 

CPPSPM 80 5 . 23 × 10 −10 300 500 800 350 300 1 . 65 ×
10 −5 

[39] 

CTPSPM 85 90 95 98 6 . 27 × 10 −10 

Table 2 

Details of neural network for CTPSPM and CPPSPM zones. 

Layer Number of hidden layers Regression method Number of training data set Number of validations R 2 Mean average error (MAE) 

CPPSPM 86 MLP 3897,411 536,397 0.971 0.045 

CTPSPM 112 SVR 4289,278 364,871 0.985 0.087 
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s a result of the nature of this study, an integration layer is nec- 

ssary to reconcile the results of a series of tensors. This study in- 

roduces a BBML technique on the layers of the data block and 

erial calculation. When applied to complex geometry, the block- 

ng approach can form a distinct and independent prediction layer. 

dditionally, the optimal number of training data depends on the 

ndividual blocks for each category. In other words, a lack of infor- 

ation about specific parameters in the training data set can af- 

ect output. This method concentrates error distribution on a sin- 

le block. As a result, this method can compensate for any gaps 

n the training data set. Additionally, BBML improves the results 

f loss functions for each parameter by reducing the number of 

ossible values. Prediction of quality is contingent upon the preci- 

ion of the loss function. As a result, BBML aids in refining the loss 
4 
unction for the parameter. The primary advantage of the BBML 

ethod is that it enables the definition of neural networks with 

ultiple hidden layers. The flow through the PSPM is a combina- 

ion of fluid-solid interaction and solid-state heat transfer. Due to 

he complex geometry of the PSPM, variations in the fluid parame- 

ers necessitate the addition of a hidden layer to establish relation- 

hips between the parameters. 

Table 3 shows the details of the solution and describes the sim- 

lation procedure. 

The PSPM geometry was generated in Python using PoreSpy 

 https://github.com/PMEAL/porespy ). Numerical simulation was 

ased on the SIMPLE algorithm. This study developed BBML 

n GPU-based Python code for three calculation blocks ( https: 

/github.com/babrodtk/conslaws _ python _ opencl ). All codes in the 

https://github.com/PMEAL/porespy
https://github.com/babrodtk/conslaws_python_opencl
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Fig. 2. Data flow diagram of numerical simulation, blocks of data, training data set, and neural network. 

Table 3 

Details of the software. 

Topic Target Software or code 

Geometry re-generation Generating a new geometry based on new Np and Nc Python 3.9.0 

Grid generation Grid generation on new geometry ICEM/ Python 3.9.0 

Simulation Solveing Navier-Stokes equation Python 3.9.0 

Data transfer and analysis Data transfer (real-time) Pyansys 0.60/ Numpy 

Neural 

network 

Training Tensorflow/ Python 3.9.0 

Prediction Tensorflow/ Python 3.9.0 

n

r

i

p

a

u

t

R

3

N

t

i

umerical section were developed based on second-order accu- 

acy. Data transfer between numerical section and machine learn- 

ng is based on tensor-based data transfer ( https://github.com/ 

ytorch ). Multilayer perceptron (MLP) was used as the regression 

lgorithm ( https://github.com/filipecalasans/mlp ). TensorFlow was 

sed in this study’s machine -learning section ( https://github.com/ 

ensorflow/tensorflow ). All codes were developed using an Nvidia 

TX 80 0 0 graphics card and a 12-core CPU (Xeon E5–2630). 

. Governing equations 

A steady-state form of continuity equation is used to satisfy the 

avier-Stokes equation [18] . 

∂ ( ρu x ) 

∂x 
+ 

∂ ( ρu y ) 

∂y 
+ 

∂ ( ρu z ) 

∂z 
= 0 . (1) 
5 
The momentum equation is required to describe the fluid flow 

hrough the PSPM. The steady-state form of momentum equation 

s defined as [18] : 

ρ

(
u x 

∂ ( u x ) 

∂x 
+ u y 

∂ ( u x ) 

∂y 
+ u z 

∂ ( u x ) 

∂z 

)
= −∂ p 

∂x 

− ∂ 

∂x 

(
−2 μ

∂ ( u x ) 

∂x 
+ 

2 

3 

μ

(
∂ ( u x ) 

∂x 
+ 

∂ ( u y ) 

∂y 
+ 

∂ ( u z ) 

∂z 

))

− ∂ 

∂y 

(
−μ

(
∂ ( u x ) 

∂y 
+ 

∂ ( u y ) 

∂x 

))
− ∂ 

∂z 

(
−μ

(
∂ ( u x ) 

∂z 
+ 

∂ ( u z ) 

∂x 

))
, 

(2) 

https://github.com/pytorch
https://github.com/filipecalasans/mlp
https://github.com/tensorflow/tensorflow
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Table 4 

Thermal conductivity and viscosity correlations of nanofluid. 

Parameter Correlation Ref. 

Dynamic viscosity 
μnf 

μw 
= 1 + 4 . 93 ϕ + 222 . 4 ϕ 2 [43] 

Thermal conductivity 
k nf 

k f 
= 1 + 2 . 944 ϕ + 19 . 672 ϕ 2 
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ρ

(
u x 

∂ ( u y ) 

∂x 
+ u y 

∂ ( u y ) 

∂y 
+ u z 

∂ ( u y ) 

∂z 

)

= −∂ p 

∂y 
− ∂ 

∂x 

(
−μ

(
∂ ( u x ) 

∂y 
+ 

∂ ( u y ) 

∂x 

))

− ∂ 

∂y 

(
−2 μ

∂ ( u y ) 

∂y 
+ 

2 

3 

μ

(
∂ ( u x ) 

∂x 
+ 

∂ ( u y ) 

∂y 
+ 

∂ ( u z ) 

∂z 

))

− ∂ 

∂z 

(
−μ

(
∂ ( u y ) 

∂z 
+ 

∂ ( u z ) 

∂y 

))
, (3) 

ρ

(
u x 

∂ ( u z ) 

∂x 
+ u y 

∂ ( u z ) 

∂y 
+ u z 

∂ ( u z ) 

∂z 

)

= −∂ p 

∂z 
− ∂ 

∂x 

(
−μ

(
∂ ( u x ) 

∂z 
+ 

∂ ( u z ) 

∂y 

))

− ∂ 

∂y 

(
−2 μ

∂ ( u z ) 

∂z 
+ 

2 

3 

μ

(
∂ ( u x ) 

∂x 
+ 

∂ ( u y ) 

∂y 
+ 

∂ ( u z ) 

∂z 

))
. (4) 

here ρ is fluid density, p is pressure, and μ is viscosity. The en- 

rgy equation for fluid through the PSPM is defined as [18] : 

ρw 

c p 

(
u x 

∂T 

∂x 
+ u y 

∂T 

∂y 
+ u z 

∂T 

∂z 

)

= 

∂ 

∂x 

(
k nf 

∂T 

∂x 

)
+ 

∂ 

∂y 

(
k nf 

∂T 

∂y 

)
+ 

∂ 

∂z 

(
k nf 

∂T 

∂z 

)
. (5) 

According to Newton’s law of cooling, heat transfer by forced 

onvection within the PSPM is defined as [40] : 

 

// 

f 
= h n f 

(
T n f − T s 

)
. (6) 

 n f = 

Q 

T w 

− T i 
. (7) 

here h n f is the convection heat transfer coefficient for nanofluid. 

he following equation describes heat conduction in a PSPM [41] : 

 . [ k s ∇ T solid ] = 0 . (8) 

here k s is thermal conductivity of PSPM. The dimensionless num- 

ers are expressed as: 

Re = 

V i D h 

υ f 

, Nu = 

q // 
f 
.D h 

k nf 

(
T s − T ref 

) , N u 

∗ = 

N u CTPS PM 

N u CPPS PM 

, 

P ∗ = 


P CTPS PM 


P CPPS PM 

, β = 

ε CTPS PM 

ε CPPS PM 

. (9) 

The boundary condition in this case study is defined as follows: 

• The solid-liquid interfaces boundaries are no-slip, ( u = 0). 
• Dirichlet boundary condition for the momentum equation along 

the boundary. 
• Thermal resistance between tube and PSPM is zero. 

.1. Nanofluid properties 

The Al 2 O 3 /water nanofluid is considered the operation fluid. Its 

hermophysical properties are presented in Table 4 [42] . 

.2. Neural network 

.2.1. Activation function 

An activation function (g ∗) is applied to the weighted sum of 

he input layer’s outputs by the hidden layer’s m 

∗ + 1 neurons, 
6 
ne of which serves as a bias [44] . 

f j = g ∗

( 

w 1 0 , j + 

n ∑ 

i =1 

w 1 i, j x i 

) 

. (10) 

In this equation, x i and f j are the values of the i -th neuron and 

he j-th neuron, respectively. Neurons are activated (or not) by an 

ctivation function [45] . In other words, it uses simpler mathemat- 

cal calculations to determine how important the neuron’s input is 

uring the prediction process. The model’s output is generated by 

ctivating each neuron in this layer as follows: 

 z ( M.L ) = g ∗

( 

w 2 0 ,z + 

m ∑ 

j=1 

w 2 j,z f j 

) 

. (11) 

y z ( ML ) is the output of the z-th neuron, and w 2 0 ,z and w 2 j,z are

he weights of the bias and j-th hidden neuron’s connection with 

he z-th output neuron, respectively. 

.2.2. Loss function 

This function reduces the current output of the algorithm to the 

xpected output by determining the loss. Basically, it is a way of 

etermining how the algorithm models the data. A measurement 

f the mean squared difference between actual and predicted val- 

es is known as the mean square error (MSE). A penalty is applied 

o an excessive difference when the squared difference calculation 

s performed. The MSE criterion is used as the loss function [46] . 

SE = 

1 

n 

∗

n ∗∑ 

i =1 

( O i − T i ) 
2 
. (12) 

n ∗ is the sample size, and O i and T i are the model output and 

arget value for sample i . The mean average error (MAE) is defined 

ased on: 

AE = 

1 

n 

∗∗

n ∗∗∑ 

i =1 

| X i − X | . (13) 

here n ∗∗ is the number of errors, and | X i − X | is absolute errors. 

.2.3. Supervised neural network models 

The following examples are provided ( x 1 , y 1 ) , ( x 2 , y 2 ) , …, 

 x n , y n ) , where x i ∈ R 

n and y i ∈ { 0 , 1 } . The MLP learns a func-

ion using a hidden layer underneath a hidden neuron f (x ) = 

 2 g ( W 

T 
1 

x + b 1 ) + b 2 , where W 1 ∈ R 

m and W 2 , b 1 , b 2 ∈ R . W 1 , W 2 

how the weights of the input layer and the hidden layer, respec- 

ively. Bias added to the hidden and output layers is represented by 

 1 . In this case, g(. ) : R → R is the hyperbolic tan activation func-

ion [47] . 

 

∗( z ) = 

e z − e −z 

e z + e −z 
. (14) 

For binary classification, f (x ) , a logistic process takes place 

 

∗(z) = 

1 
( 1+ e −z ) 

to obtain output values between 0 and 1. Samples 

xceeding the threshold of 0.5 are considered positive, while the 

est are considered negative. There can be more than two classes, 

f (x ) ; as a vector, it would have the size (n-classes). In place of

assing through a logistic function [48] , it passes through the soft- 

ax function [49] , which is written as: 

of tmax ( z ) i = 

exp ( z l ) ∑ k exp ( z l ) 
. (15) 
l=1 
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Table 5 

MAE and MSE reports for the first 10 hidden layers. 

Neurons 1 2 3 4 5 6 7 8 9 10 

MAE 1.539 0.819 0.734 0.509 0.509 0.508 0.508 0.508 0.508 0.508 

MSE 3.875 1.019 0.859 0.340 0.340 0.339 0.339 0.339 0.339 0.339 
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The input to softmax ( z l ) is the l -th element, which corre- 

ponds to class l, and k is the number of classes. Thus, a vector 

ontaining probability values for each class is generated. The class 

etermines the output with the highest probability. The output in 

egression remains as f (x ) ; as a result, the output activation func- 

ion is nothing more than the identity function. The MLP employs 

arious loss functions [50] . Cross-entropy [51] is the classification 

oss function written, as in the binary case, 

oss 
(

ˆ y , y, W 

)
= 

1 

2 

∥∥ ˆ y − y 
∥∥2 

2 
+ 

α

22 

‖ 

W ‖ 

2 
2 . (16) 

By updating the weights, the MLP minimizes the loss function 

52] . An incremental backward pass propagates each parameter of 

he weight function from the output layer to the previous layers 

o reduce the loss. In gradient descent, the gradient ∇LossW of the 

oss with respect to the weights is computed and deducted from 

. The input parameters can be defined as a vector of real num- 

ers: 

 

∗∗ = [ x 1 x 2 . . . x n ] . (17) 

The model output is a scalar function of the input vector and is 

alculated as follows: 

 

∗∗ = 

m ∑ 

i =1 

w i φi ( X 

∗∗) . (18) 

here φi ( X 
∗∗) and w i are the output and the weight of the i -th

euron of the hidden layer, respectively. A weight is assigned to 

ach of the neurons in the hidden layer, which constituted the 

rainable parameter of the network. The Gaussian function [53] is 

ften used to calculate φi by the following equation: 

i ( X 

∗∗) = φ( ‖ 

X 

∗∗ − μi ‖ ) = exp 

(
−‖ 

X 

∗∗ − μi ‖ 

2 σ 2 
i 

)
. (19) 

here μi and σi are the center and the radius of the i -th neuron, 

espectively. The MAE and MSE in this study for the first 10 hidden 

ayers are presented in Table 5 . 

.3. Tensor-based data transfer protocol (TBDTP) 

A numerical simulation provides a large number of data val- 

es that change over time, such as temperature, velocity, and pres- 

ure. Combining these numbers with dimensions and dimension- 

ess numbers can generate an extraordinary amount of data [54] . 

hese data necessitate a variety of statistical methods and a signifi- 

ant amount of time for post-processing. Linear algebraically, a sin- 

ular value decomposition (SVD) of a matrix corresponds to factor- 

zing that matrix into three matrices [55] . Linear transformations 

onvey significant geometrical and theoretical insights due to their 

lgebraic properties. This technique can also be applied to data sci- 

nce. For matrix M, the SVD is defined as [56] : 

 = U�V 

T . (20) 

Matrix M consists of two singular vector spaces, U 

∗ and V 

∗. For 

ector (S) in the l -dimensional tensor S ∈ R 

p 1 ×p 2 ×... ×p L , the Kro- 

ecker matrix is defined as [57] : 

 � W = [ a 1 � W... a n � W ] = 

⎛ 

⎝ 

a 11 W . . . a 1 n W 

. . . 
. . . 

. . . 
a m 1 W · · · a mn W 

⎞ 

⎠ . (21) 
7 
Tensor W admits a rank-R decomposition as [55] : 

 ( l ) = W ( l ) ( W L � ... � W l+1 � W l−1 ... � W 1 ) 
T 
. (22) 

The module is for computing and storing smaller sets of core 

ata from high-dimensional tensorized data. Implementing the 

HOSVD algorithm can further enhance the reduction by incremen- 

ally updating the orthogonal bases in the unfolded matrices [58] . 

. Grid generation and validation 

.1. Grid study 

Advanced meshing methods are used to generate various types 

f meshes (boundary layer grids (BLGs) [59] , mosaic grids (MGs) 

60] , polyhedral grids (PGs) [61] , and structural grids (SGs) [62] ) 

ased on their locations. Table 6 shows detailed information on 

he various types of meshes. The results indicate that grid genera- 

ion using a variety of mesh types may help reduce skewness. Such 

istinct features as the thickness of the boundary layer (BL) and 

nterfaces with various types of grids on each side contribute to 

ncreasing the accuracy and speed of calculations. 

Fig. 3 a shows a grid analysis based on a velocity ratio for differ- 

nt values of β . Because the geometry of each sample case varied, 

 grid study is required for all new simulations. The results indi- 

ated that a specific value of grids is required for every β . Skew- 

ess analysis in the simulation domain provided insights into the 

uality of the generated grids. The average skewness value for the 

imulation domain is shown in Fig. 3 b for ranges of grids for Nc = 7

nd 4. The results show that the BLG method can reduce the aver- 

ge skewness. 

.2. Validation 

.2.1. Numerical simulation validation 

The simulation is validated using three distinct sources. The 

ressure drop in laminar flow is shown in Fig. 4 a . The numerical

imulation results for Nc = 4 and 7 are validated by Liu et al. [63] .

nd Ergun equation [64] . In addition, for Nu, the results in Fig. 4 b

how that the maximum error is −11.86% less than that obtained 

y Haji-Sheikh and Vafai [65] . 

.2.2. Neural network sensitivity and validation 

The accuracy of the prediction is highly dependent on the qual- 

ty of the training data set. The BBML method requires individual 

raining data sets for each calculation block. As a result of the com- 

lex geometry and the large number of datasets involved in this 

tudy, the matrix method is used for preparing training datasets. 

here are specific numbers of hidden layers in each calculation 

lock. Therefore, the maximum error in the predicted dimension- 

ess velocity is 9.54%, and the maximum error in the temperature 

s 9.32%. Table 7 summarizes the errors in predictions of the nu- 

erical method and the BBML algorithm. Appendix A2 (Table A2) 

resents additional information about the validation of hidden lay- 

rs in BBML. 
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Table 6 

Details of grid generation. 

Zone Wall CTPSPM 

β 0.6 0.8 1 1.2 1.4 0.6 0.8 1 1.2 1.4 

Skewness 0.13 0.15 0.08 0.11 0.13 0.26 0.21 0.20 0.20 0.22 

Grid type BLG BLG BLG BLG BLG PG + BLG PG PG PG PG 

Zone CPPSPM Interface 

β 0.6 0.8 1 1.2 1.4 0.6 0.8 1 1.2 1.4 

Skewness 0.26 0.18 0.22 0.19 0.18 0.09 0.12 0.14 0.28 0.24 

Grid type PG + BLG SG SG SG SG BLG BLG MG MG + BLG MG 

Fig. 3. Grid study for (a) Velocity ratio based on grid variation and (b) Average skewness in the calculation domain when Nc = 4, and Re = 300. 

Fig. 4. Validation study for a) Comparison of the numerical results for the modified friction factor with Liu et al. [63] and Ergun equation [64] and b) Nu with dimensionless 

parameter (Haji-Sheikh [65] ). 
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. Results and discussion 

.1. The effect of CT on the geometrical properties and calculation 

ost analysis 

Porous media can significantly affect the interface between a 

uid and a solid. As illustrated in Fig. 5 a , the variation of the sur-

ace area ratio for Nc = 4 and Nc = 7 is shown for all ranges of β . The
8 
esults indicated that increasing β could improve the surface area 

atio. For β< 1, the CTPSPM reduced the surface area ratio, which 

ay have an effect on heat transfer, pressure drop, and the number 

f grids due to porosity variation. According to the results, increas- 

ng Nc improves the surface area ratio, while increasing β has a 

reater effect on the surface area ratio. 

The PSPM approach to porous media necessitates the use of nu- 

erous grids that increase the calculation cost. When CT is applied 
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Fig. 5. Variations in a) Surface area ratio with porosity ratio, β and b) Calculation cost (minute) for wide ranges of Re , Nc, and β when Np = 2. 

Table 7 

Variation of R 2 in predicted results when Np = 2 , and Re = 300. 

Nc = 3 

β = 0 . 6 β = 0 . 8 β = 1 . 2 β = 1 . 4 

R 2 0.989 0.974 0.982 0.996 

Nc = 4 

β = 0 . 6 β = 0 . 8 β = 1 . 2 β = 1 . 4 

R 2 0.981 0.985 0.978 0.971 

Nc = 8 

β = 0 . 6 β = 0 . 8 β = 1 . 2 β = 1 . 4 

R 2 0.987 0.996 0.964 0.984 

Nc = 9 

β = 0 . 6 β = 0 . 8 β = 1 . 2 β = 1 . 4 

R 2 0.984 0.988 0.971 0.974 

Nc = 10 

β = 0 . 6 β = 0 . 8 β = 1 . 2 β = 1 . 4 

R 2 0.991 0.987 0.986 0.983 
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culation cost. 
o the PSPM, the calculation cost increases due to the variation in 

. This factor ( β) can affect the contact surface area of the CTP- 

PM with fluid and the number of grids by affecting the number 

f pores in the CTPSPM. As a result, the cost of calculation is di- 

ectly related to β . In addition, the interface between CTPSPM and 

PPSPM will change according to the variation in Nc and Np. The 

esults indicated that when Nc = 4 is replaced with Nc = 7, the inter-

ace between CTPSPM and CPPSPM increases by 116% when Np = 2. 

ue to the dense grids on both sides of the interface, a higher level

f Nc has a significant effect on the calculation cost. Fig. 5 b illus-

rates the average time required to calculate various case studies 

in minutes). 

According to Fig. 5 b , increasing the Nc from 4 to 7 increases the

alculation time by up to 77% when β = 0.6, Re = 800, and Np = 2.

he results indicate that the calculation cost becomes more com- 

lex as Nc increases. Based on the results, differences in Nc and 
Table 8 

Comparison between calculation time for ML, RSM and GA when 1 < Np < 10, Nc = 7 

Re 

ML (minutes) RSM (minutes) 

1 < Np < 10 Nc = 7 1 < Nc < 10 Np = 2 1 < Np < 10 Nc = 7 

12 Cores 48 cores 12 Cores 48 cores 12 Cores 48 cores 

300 218.24 84.22 192.54 78.31 598.74 458.22 

500 320.54 124.55 274.41 81.25 896.21 702.31 

800 364.05 134.46 314.96 97.21 964.14 721.23 

9 
p can increase calculation cost by 120% compared to a constant 

orosity across all zones. 

.1.1. Comparison calculation cost between machine learning, surface 

esponse method (RSM), and genetic algorithm (GA) 

As mentioned before, increasing Np or Nc can significantly in- 

rease the calculation cost of simulation. As a result of the numer- 

us calculated data, an optimization approach based on the results 

an have an effect on the cost of optimization. An optimization al- 

orithm finds the values of the parameterized mapping function’s 

arameters in such a way as to minimize the error of the func- 

ion when it maps inputs to outputs based on a machine learn- 

ng algorithm (e.g., a weighted sum of inputs). A machine learning 

lgorithm solves an optimization problem every time it is fitted 

o a training dataset [ 9 , 66 ]. Two distinct optimization approaches 

ere compared to a machine learning model to assess the effect 

f optimization methods on calculation costs. The surface response 

ethod (RSM) and genetic algorithm (GA) are considered the most 

requently used optimization methods for this case study [67] . 

To compare ML, RSM, and GA, the calculation time for 

 < Np < 10, Nc = 7 and 1 < Nc < 10, Np = 2 will be compared for three

ifferent values of Re . It’s worth noting that the comparison codes 

re developed using the GPU in two different cores (12 and 48). 

herefore, this section also presents the effect on the number 

f cores. According to Table 8 , when compared to GA and RSM 

ethods, the ML method can significantly reduce the calculation 

ost associated with optimization. Additionally, the results demon- 

trated that optimizing for Nc takes less time than optimizing for 

p. This issue refers to the training data set (numerical results). 

he results also show that the number of cores can impact the cal- 
and 1 < Nc < 10, Np = 2. 

GA (minutes) 

1 < Nc < 10 Np = 2 1 < Np < 10 Nc = 7 1 < Nc < 10 Np = 2 

12 Cores 48 cores 12 Cores 48 cores 12 Cores 48 cores 

411.74 322.87 477.67 241.88 347.85 255.78 

636.31 301.67 782.04 367.97 496.65 306.44 

715.88 481.5 855.27 397.24 704.48 524.68 
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Fig. 6. Variation of N u ∗and 
P ∗ with Nc ( Re = 800, Np = 2). 

Fig. 7. Dimensionless temperature and velocity for variation of Nc (Np = 2, Re = 800, and β = 1 . 2 ) for (a) Nc = 3, (b) Nc = 4, (c) Nc = 5, (d) Nc = 6, (e) Nc = 10, and (f) Nc = 9. 

10 
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Fig. 8. Variation of N u ∗and 
P ∗with Re , Nc = 7 and Np = 2 (Prediction). 
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.2. Prediction of the thermal behavior of CTPSPM (BBML results) 

Due to the high cost of calculation and the difficulty of generat- 

ng a high level of CTPSPM, calculating the effect of different clus- 

er configurations requires a novel calculation method. Fig. 6 il- 

ustrates the variation in Nu 

∗ and 
P ∗ over the Nc range when 

e = 800 and Np = 2. The results indicate that Nu 

∗ is highest at

= 1.2. After Nc = 7, the pattern of Nu 

∗ decreases, implying that the

TPSPM is unable to improve Nu 

∗ in the high Nc range (Nc > 7) due

o the reduced volume of the CPPSPM–CTPSPM ratio. The results 

lso indicated that 
P ∗ will increase when β= 0.6 and 0.8. These 

esults refer to the definition of β . Despite the fact that β< 1, for

= 1.2 and 1.4, the 
P ∗ will decrease with increasing Nc (up to 

7.36%, Nc = 1.4 when, Re = 800, and Np = 2). By increasing Nc, due

o the tube’s elliptical geometry, the contact surface area between 

he CTPSPM and tube wall can be increased by up to 36.28% when 

c = 10 and Np = 2, compared to Nc = 2. As a result, the heat trans-

er rate from conduction to convection can be increased by 14.02% 

or the CTPSPM. Predicting the thermal behavior through the CTP- 

PM and CPPSPM requires re-generating the loss function associ- 

ted with the thermal pattern. As a result, gradients in temper- 

ture for the fluid and solid zones require true temperature dis- 

ributions (based on calculation nodes), particularly for the solid 

one. As previously stated, the pore size can be altered by β . As a

esult, the upper bound of β has the smallest surface area available 

or conduction heat transfer. 

The dimensionless velocity and temperature distributions for 

arious Nc extracted by BBML in the calculation domain are shown 

n Fig. 7 when β= 1.2, Re = 800, and Np = 2. The predicted results

or CTPSPM and CPPSPM are visualized in Figs. 7 a to 7 f . Accord-

ng to the results, an increase in Nc can change both dimension- 

ess velocity and temperature. At the end of the pairs, the tem- 

erature and velocity distributions clearly demonstrate the effect 

f PSPM modeling. The tube’s average velocity increases by in- 

reasing Nc (22.18% for Nc = 10 and Np = 2, compared to Nc = 3 and

p = 2). Fig. 7 e indicates that for the highest number of Nc, the

emperature radiance in the solid zone of the CTPSPM could reach 
11
.63 K, whereas, for Nc = 3, this parameter is 12.76 K, indicating 

hat CTPSPM can aid in achieving a more uniform temperature pat- 

ern along the tube. 

The results for the velocity distributions through the CTPSPM 

nd CPPSPM indicate that increasing Nc can result in decreased av- 

rage velocity (13.98% for Nc = 10 versus Nc = 3). To determine flow 

attern and thermal behavior, the geometric properties of the CTP- 

PM must be considered. An open-cell geometry with a random 

istribution of pores and a constant porosity distribution may pro- 

ide the best combination of CTPSPM and CPPSPM interfaces. 

The most important factor for heat transfer and pressure drop 

n CTPSPM and CPPSPM is Re . The flow-through PSPM presented 

ignificant variation due to hydraulic diameters and pore sizes. The 

teady-state approach to flow through PSPM produces a uniform 

radient in velocity through the PSPM. In Fig. 8 , Nu 

∗ and 
P ∗ are

hown for various β in the range of Re , based on predicted results 

hen Nc = 7 and Np = 2. 

As expected, the results indicated that increasing Re improves 

he total heat transfer of the tube (14.62% for Re = 800 compared 

o Re = 300). The pattern of Nu 

∗ with Re is a critical point in this

gure. The results indicated that as Re increases, Nu 

∗ decreases, 

mplying that the CTPSPM significantly affects heat transfer in the 

ow range of Re . Fig. 8 also shows that the behavior of 
P ∗ for

ifferent types of β ascends. β < 1 can be increased rapidly by in- 

reasing Re , while β> 1 is barely affected by increasing Re . 

Figs. 9 a to 9 c show the variation of Nu 

∗and 
P ∗ along the el-

iptical tube for Re = 30 0, 50 0, and 80 0 when Np = 2, Nc = 7 β= 1.2,

u 

∗ increases as tube length increases. The pattern of Nu 

∗ depends 

n Re . The total heat transfer of an elliptical tube could be im- 

roved by 14.55% for Re = 300, 15.28% for Re = 500, and 17.22% for

e = 800 when Nc = 7, Np = 2, and β= 1.2 compared with the similar

ase when β= 1. Additionally, the result indicates that β= 0.6 has 

he greatest pressure gradient along its length due to its porosity. 

dditionally, the pressure pattern demonstrates that CTPSPM can 

educe a pressure drop while increasing heat transfer in the PSPM 

omain. This property has provided a new perspective on passive 

ooling methods without significant pressure drop. 
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Fig. 9. Variation of N u ∗ and 
P ∗ along the tube for (a) Re = 800, (b) Re = 500, and (c) Re = 300 when Np = 2, Nc = 7. 
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.3. The effect of variation in the Np on heat transfer and pressure 

rop 

In the previous section, the effects of Nc are examined, and 

hen β = 1 . 2 , Re = 800 , and Nc = 7 , the optimal configuration for 

eat transfer and pressure drop is generated. Calculation costs can 

e impacted significantly by increasing Np due to complex geom- 

try. On the other hand, increasing Np also has an effect on the 

nterface between CTPSPM and CPPSPM. Additionally, the practical 

pproach to high-level pairs is ambiguous. The predicted results 
12 
how that increasing Np would improve heat transfer and pressure 

rop ( Fig. 10 ). As a result, varying Np could reduce the pressure

rop by increasing the average velocity near the tube. Increasing 

p will increase the density of CTPSPM geometry. The geometry of 

he CTPSPM becomes more complex as the Np increases, as illus- 

rated in Fig. 10 . The predicted values for Np variation are shown 

n Table 9 . The results indicate that increasing Np improves the el- 

iptical tube’s total heat transfer by 14.38% when Np = 6 instead of 

p = 2. Additionally, Nu 

∗ can improve by 5.92% when Np = 6 is used

nstead of Np = 2. 
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Fig. 9. Continued 

Fig. 10. The effect of variation of Np on Nu ∗ and 
P ∗when Re = 800, β = 1 . 2 and Nc = 7. 
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8  
. Conclusion 

As one of the nature-based optimization methods, construc- 

ion theory is severely constrained by its computational methods 

hen applied to complex geometry. For the first time, this paper 

resents a comprehensive study of heat transfer and pressure drop 

n a wide variety of pairs (1 < Np < 10) and clusters (1 < Nc < 10) in

 constructal theory-based pore-scale porous media (CTPSPM) . To 

etermine the optimal combination of pairs and clusters, an in- 
13 
ividual combination of machine learning and numerical simula- 

ion was developed after evaluating three optimization methods 

Genetic algorithm, Surface response method, and Machine learn- 

ng) and examining their calculation costs. Specific tensors (com- 

onent velocity, pressure, and temperature for fluid and solid) are 

rained in this method using numerical results from each loca- 

ion according to the geometry. A GPU-accelerated machine learn- 

ng algorithm predicted the number of pairs (1 < Np < 3, 4 < Np < 6,

 < Np < 10) and the number of clusters (Nc = 1 and 3 < Nc < 10). Each
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Table 9 

Variation of parameters with changing Np when = 1 . 2 , Nc = 7 and Re = 800. 

Np 
Volum e Np = i 
Volum e Np =2 

N u ∗ Np = i 
N u ∗ Np =2 

(%) 

p ∗Np = i 

p ∗ Np =2 

(%) 

3 1.14 2.78 −2.15 

4 1.37 4.02 −3.26 

5 1.65 5.75 −4.39 

6 1.79 5.92 −6.74 

7 2.12 5.92 −7.95 

8 2.35 5.92 −7.95 

9 2.48 5.92 −7.95 

10 2.65 5.92 −7.95 

s  

t

i
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tate contains four porosity ratios ( β= 0.6, 0.8, 1.2, and 1.4), and the

otal calculation domain contains 972 prediction states. The results 

ndicate that: 

1- When compared to genetic algorithms and surface response 

methods, machine learning can significantly reduce calculation 

costs. 

2- When Nc = 4 is replaced with Nc = 7, the interface between the 

CTPSPM and CPPSPM increases by 116% when Np = 2. 

3- 
P ∗ increases by up to 33% for β= 0.6, Re = 300, Np = 2, and

Nc = 7 compared to β= 0.6, Re = 300, Np = 2, and Nc = 4. 

4- Increasing Re improves the total heat transfer of the tube 

(14.62% for Re = 800 compared to Re = 300). The pattern of Nu 

∗

with Re is a critical point in this figure. The results indicate 

that as Re increases, Nu 

∗ decreases, implying that CTPSPM sig- 

nificantly affects heat transfer in the low range of Re . 

5- Increasing Np improves the elliptical tube’s total heat transfer 

by 14.38% when Np = 6 instead of Np = 2. Additionally, Nu 

∗ can

be improved by 5.92% when Np = 6 instead of Np = 2. 
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ppendix A1. Geometrical properties of PSPM 

As illustrated in Fig. A1 , PSPM contains open-cell foam. Accord- 

ng to the porosity ratio ( β), PSPM can have a range of minimum

nd maximum pore diameters. Table A1 shows the pores’ average, 

aximum, and minimum diameters. Hydraulic diameter to find 

he Nu for PSPM is defined as: 

 h = 

6 

a v 
. (A1) 

here 6 
a is the solid specific surface. 
v 

zones of CTPSPM. 
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Table A1 

Geometrical details of CTPSPM. 

β Maximum pore diameter (mm) Minimum pore diameter (mm) Average pore diameter (mm) 

0.6 3 1 1.59 

0.8 5 1 2.0 

1 6 1 2.5 

1.2 7 1 3.24 

1.4 8 1 4.86 

Table A2 

A study on the sensitivity analysis for hidden layers based on heat transfer target. 

No. Hidden layers Input parameters MAE R 2 

1. (160,150,140,130,120,110,100,90,80,70,60,50,40,30,20,10) T CTP SP M , T tube 

T CP P SP M, V ,component , T f luid, 

P

0.036 0.940 

2. (150,140,130,120,110,100,90,80,70,60,50,40,30,20,10) 0.057 0.980 

3. (140,130,120,110,100,90,80,70,60,50,40,30,20,10) 0.061 0.968 

4. (130,120,110,100,90,80,70,60,50,40,30,20,10) 0.011 0.996 

5. (120,110,100,90,80,70,60,50,40,30,20,10) 0.103 0.954 

6. (110,100,90,80,70,60,50,40,30,20,10) 0.028 0.994 

7. (100,90,80,70,60,50,40,30,20,10) 0.096 0.989 

8. (90,80,70,60,50,40,30,20,10) 0.105 0.913 

9. (80,70,60,50,40,30,20,10) 0.026 0.968 

10. (70,60,50,40,30,20,10) 0.040 0.946 

11. (60,50,40,30,20,10) 0.060 0.944 

12. (50,40,30,20,10) 0.018 0.918 

13. (40,30,20,10) 0.016 0.992 

14. (30,20,10) 0.104 0.942 

A

R
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