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Abstract

Triply periodic minimal surface (TPMS) heat exchangers offer high surface-area-to-volume
ratios and interconnected flow pathways, making them attractive for compact thermal
management. However, accurately predicting nanofluid heat transfer over a wide range
of nanoparticle concentrations and operating conditions in complex TPMS geometries
remains computationally challenging because of the coupled effects of porous architecture,
flow dynamics, and concentration-dependent thermophysical properties. In this study, a
hybrid physics-informed neural network (PINN) framework was developed to reconstruct
concentration-dependent Al2O3–water nanofluid temperature fields in TPMS gyroid heat
exchangers. The originality of the proposed approach lies in integrating sparse thermo-
couple measurements, a steady-state convection–diffusion equation, boundary condition
residuals, concentration-dependent nanofluid property models, and a physics-based con-
centration scaling procedure within a unified framework. The proposed framework was
applied to aluminum and silver TPMS heat exchangers over a wide range of nanofluid
volume fractions and flow conditions. The trained PINN accurately reconstructed the
experimentally measured temperature field, demonstrating excellent agreement with the
reference experimental data. Predictions at concentrations beyond the experimentally
measured reference condition were obtained using the physics-based concentration scaling
model. The effective heat transfer coefficient and Nusselt number were subsequently
evaluated from the predicted mean TPMS temperature through an energy balance formu-
lation. Increasing nanoparticle concentration reduced the predicted TPMS temperatures
by approximately 17.5–18.5%, while the combined increase in concentration and flow
rate produced an overall temperature reduction of about 33.5%. Relative to the selected
baseline condition, the combined variation in concentration and flow rate was associated
with calculated increases of 62.08% in he f f , 58.33% in Nu, and 59.32% in Re. These results
demonstrate the potential of the proposed hybrid PINN framework as a computationally
efficient surrogate for evaluating nanofluid-enhanced TPMS heat exchangers, while ac-
knowledging that predictions away from the training concentration depend on the validity
of the concentration scaling model.

Keywords: TPMS structures; heat transfer; heat exchangers; inverse heat conduction;
physics-informed neural network and machine learning

1. Introduction
Modern thermal systems require compact and efficient heat exchangers capable of

removing high heat fluxes under limited flow and space conditions. Conventional designs,
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such as straight channels, pin fins, and simple porous media, are increasingly limited by
their geometry and relatively low surface-area-to-volume ratios [1–3]. This has motivated
growing interest in architected porous structures that can improve heat transfer pathways
and thermal performance.

TPMS structures are promising candidates for advanced heat exchangers because
they provide continuous interconnected channels, high surface-area-to-volume ratios, and
smooth geometries [4,5]. TPMS topologies, such as gyroid, Schwarz-D, and diamond
surfaces, are periodic in three spatial directions and provide complex but continuous flow
pathways [6]. Among them, the gyroid structure is particularly attractive due to its geomet-
ric continuity, structural uniformity, and suitability for additive manufacturing [7]. These
characteristics enhance the interaction between solid conduction and fluid convection while
improving thermal uniformity compared with many conventional porous structures [8–10].

Nanofluids provide an additional method for improving heat transfer performance. By
dispersing high-conductivity nanoparticles, such as Al2O3, CuO and TiO2 or carbon-based
materials, into a base fluid, the effective thermal conductivity and convective heat transfer
capability of the working fluid can be enhanced [11–14]. Several studies have reported
improved heat transfer coefficients and Nusselt numbers when nanofluids are used in
channels, microchannels, and porous media, particularly under flow conditions where
conduction effects are important [15–18].

However, nanofluid behaviour is strongly affected by nanoparticle concentration, par-
ticle material, particle size, dispersion stability, viscosity increase, and flow conditions [19].
These effects become more complex when nanofluids flow through TPMS geometries,
where porous architecture, flow distribution, and thermal gradients are strongly coupled.
As a result, conventional heat transfer correlations may not fully capture the combined
effects of TPMS geometry and concentration-dependent nanofluid properties [20].

Although TPMS heat exchangers and nanofluids each offer significant thermal advan-
tages, their combined behaviour is difficult to predict using experiments or high-fidelity
simulations alone. Experiments over multiple nanoparticle concentrations and flow rates
are time-consuming, while detailed numerical simulations of TPMS domains require fine
meshes and high computational cost. Therefore, surrogate modelling approaches, particu-
larly machine learning and physics-informed neural networks, offer a promising route for
predicting nanofluid thermal transport in TPMS heat exchangers with reduced experimen-
tal and computational effort.

Recent advances in machine learning (ML) have transformed the prediction of complex
engineering systems by enabling accurate approximation of highly nonlinear relationships
directly from experimental and numerical datasets. Compared with conventional empirical
correlations, ML techniques can identify hidden patterns in multidimensional data and
provide rapid predictions without repeatedly solving computationally intensive governing
equations. Consequently, ML has been successfully applied to material design, structural
analysis, manufacturing processes, and thermal fluid systems.

Akbari et al. [21] applied ML to predict the mechanical properties of metal additive-
manufactured components using a comprehensive experimental dataset. Their results
demonstrated that machine learning can provide accurate predictions while reducing the
need for extensive experiments and computationally expensive simulations. Deng et al. [22]
employed ML to predict the mechanical properties of Cu–Al alloys, demonstrating that
data-driven models can accurately capture complex material behaviour while significantly
reducing computational effort. Similarly, Imran et al. [23] used ML techniques to estimate
the mechanical properties of carbon nanotube-incorporated concrete, showing that machine
learning provides reliable predictions even for highly nonlinear engineering problems.
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Among ML approaches, artificial neural networks (ANNs) have become one of the
most widely adopted tools for modelling thermal systems because of their ability to learn
nonlinear input–output relationships from experimental data. Ewim et al. [24] reviewed
the application of ANNs in thermal engineering and concluded that ANN models provide
accurate predictions for a wide range of heat transfer and energy-system applications
while substantially reducing computational cost compared with conventional numerical
simulations. Ibrahim et al. [25] further demonstrated the capability of ANN models for
predicting convective heat transfer of nanofluids in enclosed cavities, where the trained
network successfully captured the influence of flow regime and nanoparticle concentration
on the thermal behaviour.

Despite their excellent predictive capability, conventional ANN models rely entirely
on training data and do not explicitly enforce the governing physical laws. As a result,
their predictive accuracy and generalization capability often deteriorate when extrapo-
lating beyond the available experimental dataset or when only limited measurements
are available. To address these limitations, physics-informed neural networks (PINNs)
were introduced by Raissi et al. [26], who incorporated the governing partial differential
equations directly into the neural network loss function. By simultaneously satisfying
experimental observations and physical constraints, PINNs provide physically consistent
solutions for both forward and inverse problems involving nonlinear partial differential
equations. Since then, PINNs have emerged as a powerful scientific machine learning
framework for solving multiphysics problems while requiring significantly fewer training
data than conventional neural networks.

The rapid development of PINNs has led to numerous extensions for complex en-
gineering applications. Cuomo et al. [27] presented a comprehensive review of scientific
machine learning based on PINNs, highlighting their effectiveness in solving inverse prob-
lems, data assimilation, uncertainty quantification, and multiphysics simulations. The
review also identified sparse-data reconstruction, computational efficiency, and complex
geometries as key research challenges. More recently, Uhrich et al. [28] demonstrated
the application of physics-informed deep learning for real-time anomaly detection and
fault mitigation in additive manufacturing, illustrating the capability of physics-informed
learning to combine measurement data with governing physical principles for accurate
real-time prediction in engineering systems.

Although significant progress has been achieved in ANN- and PINN-based modelling,
their application to nanofluid heat transfer in TPMS gyroid heat exchangers remains limited.
In particular, few studies have integrated sparse experimental measurements, concentration-
dependent nanofluid thermophysical properties, governing heat transfer equations, and
TPMS geometries within a unified physics-informed learning framework. The present
study addresses this gap by developing a hybrid PINN framework that reconstructs the
TPMS temperature field from sparse experimental data and extends the predictions to
a wide range of nanofluid concentrations using a physics-based concentration scaling
approach, thereby providing an efficient surrogate model for TPMS heat exchangers.

PINNs, a subset of neural network-based machine learning models, provide an effec-
tive approach for combining data-driven learning with physical laws. Unlike conventional
neural networks that rely only on training data, PINNs include governing partial differen-
tial equations, constitutive relations, and boundary condition constraints directly in the
loss function. This helps ensure that the predicted solution remains consistent with energy
conservation and heat transfer physics. PINNs have been widely applied to forward and in-
verse heat transfer problems, especially in complex geometries where traditional numerical
simulations can be computationally expensive or difficult to implement. Yahya et al. [29]
developed a PINN model to predict thermal behaviour in porous TPMS metals. Their
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work showed that PINNs can reconstruct temperature fields from limited experimental
data, generalize predictions across different materials, and estimate heat transfer quantities
where direct measurements are not available. El Hassan et al. [30] reviewed the appli-
cation of PINNs in fluid dynamics using sparse experimental and numerical data. The
authors showed that PINNs improve prediction accuracy by embedding governing physi-
cal equations into the learning process, enabling accurate reconstruction of flow fields while
reducing the dependence on large datasets. The review also highlighted data-driven PINNs
as a promising approach for complex engineering applications involving limited measure-
ments. Zhang et al. [31] proposed MUSA-PINN, a multi-scale weak-form physics-informed
neural network for fluid flow in complex TPMS geometries. Their proposed framework en-
forces conservation laws over multi-scale control volumes, improving prediction accuracy
and physical consistency in complex flow passages. The method demonstrated superior
performance to existing PINN models for TPMS heat-exchanger channels, highlighting the
potential of advanced PINN formulations for complex thermal fluid engineering applica-
tions. Bobbili et al. [32] developed a PINN to predict the high-strain-rate energy absorption
of LPBF-fabricated lattice structures. By embedding the linear elastic constitutive relation
into the loss function, the PINN achieved higher prediction accuracy and better general-
ization than conventional machine learning models, demonstrating the effectiveness of
physics-informed learning for complex lattice geometries.

Motivated by the findings reported in the literature, the present study develops a
PINN framework for predicting Al2O3 nanofluid thermal transport in TPMS gyroid heat
exchangers over different nanoparticle concentrations and flow rates. The framework
combines experimental thermocouple measurements, concentration-dependent nanofluid
property models, governing convection–diffusion heat transfer physics, and heat transfer
scaling relations. This allows the model to predict temperature distributions, effective heat
transfer coefficients, and Nusselt numbers in a physically consistent way, while reducing
the need for extensive experiments or high-cost simulations. The developed framework
is considered a hybrid forward–inverse model. The forward component comes from
predicting temperature fields using known inputs, including spatial coordinates, flow
rate, nanoparticle concentration, material conductivity, nanofluid properties, pore velocity,
and effective porous thermal conductivity. The inverse component comes from using
sparse thermocouple measurements to reconstruct the continuous temperature field within
the TPMS domain. Therefore, the model acts as a physics-informed forward surrogate
with inverse temperature-field reconstruction capability, allowing predictions beyond
the directly measured cases while remaining consistent with experimental data and heat
transfer physics.

Unlike conventional PINN implementations, which are generally trained and applied
at fixed material properties and operating conditions, the proposed framework incor-
porates concentration-dependent thermophysical property models and a physics-based
concentration scaling strategy to extend the reconstructed temperature field beyond the
experimentally measured reference condition.

2. Theoretical Background
2.1. Triply Periodic Minimal Surfaces

TPMS are a class of mathematically defined, bicontinuous surfaces characterized
by zero mean curvature at every point and periodic repetition in three orthogonal
directions [33]. The zero-mean-curvature property means that the two principal curvatures
κ1 and κ2 at every surface point are equal in magnitude but opposite in sign κ1 + κ2 = 0.
This condition minimizes surface area for a given boundary, endowing TPMS structures
with exceptionally high surface-area-to-volume ratios and mechanically efficient load
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paths [34,35]. Their bicontinuous architecture creates two interpenetrating, non-intersecting
channels that simultaneously allow fluid flow and solid heat conduction, which is consid-
ered an ideal configuration for compact heat exchangers.

The gyroid is one of the most widely studied TPMS geometries for thermal applications.
The gyroid is a highly symmetric cubic space group and possesses no planes or axes
of reflection symmetry, giving it superior mechanical isotropy relative to other TPMS
types [35]. The TPMS gyroid geometry is described using the level-set formulation [36]:

Φ(X, Y, Z) = cos(X)·sin(Y) + cos(X)·sin(Z) + cos(Z)·sin(X) = C (1)

where X = 2πx, Y = 2πy, and Z = 2πz are the dimensionless Cartesian coordinates
defining the three-dimensional periodic domain. The parameter C represents the geometric
offset that controls the solid-void volume fraction. In the present study, C = 0 is selected
to represent a single gyroid TPMS unit cell with symmetric solid and fluid domains and
thereby controls porosity ε. For the gyroid used in this study, the porosity is ε = 0.70,
meaning 70% of the total volume is available to the fluid [5].

2.2. Heat Transfer in Porous Media

The thermal behaviour of a fluid flowing through a solid porous matrix is rigorously
described by volume-averaged transport equations. Volume averaging replaces the mi-
croscale solid–fluid interface conditions with macroscale effective properties, making the
problem tractable without resolving individual pore geometries. The energy transport
within the TPMS heat exchanger is described using the local thermal equilibrium (LTE)
assumption, whereby the solid TPMS skeleton and the nanofluid are assumed to share
a common local temperature field, such that Ts = Tf = T. Under this assumption, the
separate solid and fluid energy equations reduce to a single effective energy equation,

ρn f CP,n f up
∂T
∂x

= ke f f

(
∂2T
∂x2 +

∂2T
∂y2 +

∂2T
∂z2

)
(2)

here T is the common local temperature of the solid and fluid phases, up is the interstitial
pore velocity vector, and ρn f , CP,n f , and ke f f are the effective density, specific heat capac-
ity, and thermal conductivity of the porous TPMS–nanofluid system, respectively. The
left-hand side of Equation (2) represents convective transport of thermal energy by the
nanofluid along the streamwise direction, whereas the right-hand side describes effective
heat conduction within the porous medium in the axial (x), lateral (y), and transverse
(z) directions. The effective thermal conductivity accounts for the combined conductive
contributions of the interconnected TPMS solid skeleton and the nanofluid occupying the
pore space.

The LTE assumption is considered appropriate for the present TPMS geometry and op-
erating conditions because of the high thermal conductivity of the metallic TPMS structure
and the relatively small temperature difference between the solid and fluid phases. The
validity of this assumption is further assessed through the LTE–LTNE sensitivity analysis,
where the influence of thermal non-equilibrium on the predicted temperature field and
heat transfer performance is quantitatively evaluated.

Axial conduction is retained because the Péclet number (Pe) is not uniformly large
across all tested flow rates [7].

Pe =
ρn f CP,n f upore

ke f f
L (3)

The Péclet number is a dimensionless parameter that compares convective heat trans-
port with conductive heat transport in a porous medium. Here, L is the characteristic
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length. A low Pe indicates diffusion-dominated heat transfer, whereas a high Pe indicates
convection-dominated transport. Since Pe is not uniformly large across the investigated
flow rates, forced convection does not fully suppress heat diffusion along the flow direction.
Therefore, axial conduction remains relevant and is included in the governing energy
equation. The pore velocity was used instead of the superficial average velocity because
the TPMS structure behaves as a porous medium, where the fluid flows only through the
interconnected pore space. In porous-media theory, the interstitial or pore velocity is ob-
tained by correcting the superficial velocity by the porosity, up = uavg/ε = φ/Acε, making
it more representative of the actual fluid velocity inside the TPMS channels [37,38]. The
effective thermal conductivity of the TPMS porous composite is modelled using a parallel
(volume-averaged) mixture rule, which assumes that heat is conducted simultaneously
through the solid ligaments and the nanofluid occupying the pore space [39].

ke f f = (1 − ε)ks + εkn f (4)

where ks is the thermal conductivity of the solid skeleton material and kn f is the
concentration-dependent nanofluid thermal conductivity. The parallel model provides an
upper bound on effective conductivity and is appropriate for TPMS geometries where both
the solid and fluid phases form fully interconnected continuous networks.

2.3. Al2O3–Water Nanofluid Thermophysical Properties

Nanofluids are colloidal suspensions of nanometre-scale particles (≤1 µm) in a con-
ventional base fluid [40]. Nanofluid thermal enhancement is not governed only by classical
mixture effects but may also be influenced by nanoscale mechanisms such as Brownian
motion, thermophoresis, and nanolayer formation. Brownian motion refers to the random
movement of nanoparticles within the base fluid, which can promote microscopic mixing
and energy transport. Thermophoresis describes nanoparticle migration under temperature
gradients, typically from hotter regions toward colder regions, which can affect local parti-
cle distribution near heated surfaces. Nanolayer effects arise from the ordered liquid layer
formed around nanoparticle surfaces, which can modify interfacial heat conduction and
contribute to the effective thermal conductivity of the suspension. Therefore, the addition
of high-conductivity nanoparticles can enhance the thermal conductivity of the base fluid
beyond that predicted by simple classical mixture theory. Among different nanoparticle
materials, Al2O3 nanoparticles are widely used because of their chemical stability, low cost,
and moderate thermal conductivity compared with metallic nanoparticles [41,42].

The nanofluid density follows the linear mixture rule, derived from conservation of
mass for a two-component system [43]:

ρn f = (1 − φ)ρ f + φρp (5)

The nanofluid density was calculated using a volume-fraction-based mixture relation,
where the effective density depends on the relative contributions of the base fluid and
the suspended nanoparticles. Here, φ is the nanoparticle volume concentration, where
(1 − φ)ρ f represents the contribution of the base fluid, while φρp represents the contribu-
tion of the nanoparticles. As φ increases, more nanoparticles are added to the fluid, so the
nanofluid density increases because Al2O3 particles are denser than water.

The effective specific heat capacity is obtained by equating the volumetric thermal
energy storage of the nanofluid to that of its components [43]. This equation shows how
much heat the nanofluid can store after nanoparticles are added to the base fluid. Since
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Al2O3 nanoparticles usually have a lower specific heat capacity than water, increasing φ

often reduces the overall Cp,n f .

Cp,n f =
(1 − φ)ρ f Cp, f + φρpCp,p

ρn f
(6)

The dynamic viscosity of the nanofluid is described by the Brinkman model [44,45], which
extends Einstein’s formula for dilute suspensions to moderate particle volume fractions:

µn f =
µ f

(1 − φ)2.5 (7)

where µn f = 1.0 × 10−3 Pa·s is the base fluid dynamic viscosity. The nanofluid viscosity
was estimated using the Brinkman model, which accounts for the increase in flow resistance
caused by suspended nanoparticles. As the nanoparticle volume concentration increases,
the effective viscosity of the nanofluid increases, which may affect the Reynolds number,
pressure drop, and pumping-power requirements, which is a key penalty that must be
balanced against thermal enhancement in heat exchanger design. At φ = 2.5% vol the
model predicts approximately a 6.7% increase in viscosity relative to pure water [40,45].

Finally, the thermal conductivity of the nanofluid is calculated using the Maxwell
model for spherical particles. This model estimates the effective thermal conductivity of a
suspension containing solid spherical particles dispersed in a continuous liquid medium.
It is derived from potential theory for dilute suspensions of non-interacting particles and
is commonly used to describe how high-conductivity nanoparticles modify the thermal
conductivity of the base fluid. As the nanoparticle volume concentration, φ, increases, the
contribution of the particles becomes more significant. Since Al2O3 has a higher thermal
conductivity than water, the effective nanofluid thermal conductivity, kn f , increases with
increasing nanoparticle concentration [46]:

kn f = k f
kp + 2k f + 2φ(kp − k f )

kp + 2k f − φ(kp − k f )
(8)

The Maxwell model is theoretically exact in the dilute limit (φ = 0) and has been
extensively validated for Al2O3–water nanofluids at volume fractions up to approxi-
mately 5% [19,42]. For φ ≪ 1, Equation (8) reduces to the linear approximation
kn f ≈ k f

[
1 + 3φ

(
kp
k f

− 1
)]

, confirming that conductivity enhancement scales linearly with
concentration at low φ However, in the present study, the full Maxwell model [46] was
used to retain the concentration-dependent behaviour more accurately.

3. Methodology
The proposed hybrid PINN framework consists of several interconnected components,

including the governing heat transfer equations, boundary conditions, experimental data
integration, physics-informed neural network formulation, concentration scaling model,
and post-processing of thermal performance parameters. For clarity, Table 1 summarizes
these components before their detailed mathematical formulation and implementation are
presented in the subsequent subsections.

Figure 1 illustrates the overall computational workflow of the proposed hybrid PINN
framework. The procedure begins with the acquisition of experimental temperature mea-
surements and operating conditions, followed by data preprocessing and PINN training
using the governing heat transfer equation and boundary condition constraints.
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Table 1. Summary of the governing equations, boundary conditions, PINN formulation, concentration
scaling model, and dimensionless parameters used in the proposed framework.

Component Description

Governing equation Steady-state convection–diffusion equation under LTE
Boundary conditions Inlet temperature, prescribed heat flux, outlet zero-gradient condition
PINN outputs TPMS temperature field
Experimental inputs Seven thermocouple temperatures at five flow rates
Physics constraints PDE residual + boundary condition residual
Concentration scaling Reynolds–Prandtl–thermal conductivity scaling
Heat transfer evaluation Energy balance formulation for he f f and Nu
Dimensionless numbers Reynolds, Prandtl, Nusselt

Figure 1. Computational workflow of the proposed hybrid PINN framework for TPMS gyroid
heat exchangers.

The trained PINN reconstructs the reference TPMS temperature field, which is sub-
sequently extended to other nanoparticle concentrations through the physics-based con-
centration scaling model. Finally, the predicted temperature field is used to evaluate the
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effective heat transfer coefficient, Nusselt number, and other thermal performance metrics
using an energy balance formulation.

3.1. TPMS Geometry and Experimental Configuration

A PINN model was developed to predict the temperature distribution in a TPMS
gyroid structure cooled by an Al2O3–water nanofluid flowing through the porous TPMS
domain. The model combines sparse experimental thermocouple measurements with a
physics-based porous through-flow energy equation. The main objective is to establish
the relationship between nanoparticle volume concentration and the temperature profile
inside the TPMS region and then use the trained model to predict temperature distributions
at higher Al2O3 concentrations. The developed model is used to learn the measured
temperature response of aluminum and silver TPMS samples at the experimental nanofluid
concentration of, φ = 0.6% vol, and then predict the temperature field at higher nanofluid
volume fractions. This value corresponds to φre f = 0.6% vol Al2O3 nanoparticle volume
concentration used as a reference experimental nanofluid concentration during the PINN
training. After the training, the model is evaluated at the following concentration values of
0.2%, 0.4%, 0.6%, 1.0%, 1.4%, 1.8%, 2.0% and 2.5% Al2O3 nanoparticle volume fraction.

The working fluid is modelled as Al2O3 nanoparticles dispersed in water. The thermo-
physical properties of the Al2O3–water nanofluid are evaluated as functions of nanoparticle
volume concentration. Specifically, concentration-dependent correlations are used to calcu-
late the effective density, viscosity, specific heat capacity, and thermal conductivity. These
property variations account for the influence of nanoparticle addition on the thermal and
flow behaviour of the base fluid. In the present MATLAB® R2026b model, the Al2O3–water
cooling fluid properties are defined in Table 2 [47].

Table 2. Thermo-physical properties of the water and Al2O3 nanoparticles.

ρ [kg/m3] µ [Pa·s] CP [J/kg·K] K [W/m·K]

Water 997 - 4182 0.6

Al2O3 3950 0.001 765 35

The nanofluid thermophysical properties were evaluated as functions of nanopar-
ticle volume concentration using the standard mixture-based correlations given in
Equations (5)–(8). These correlations account for the contribution of the base fluid and
dispersed nanoparticles to the effective density, specific heat capacity, thermal conductiv-
ity, and dynamic viscosity of the nanofluid. As the nanoparticle concentration increases,
the resulting effective properties vary accordingly, influencing both the convective and
conductive heat transfer behaviour of the working fluid.

These concentration-dependent properties are then incorporated into the PINN and
the heat transfer post-processing model. In the PINN framework, they provide the
material-property inputs required to represent the thermal response of the nanofluid
under different flow and concentration conditions. In the post-processing stage, the same
properties are used to calculate the relevant heat transfer parameters, ensuring consis-
tency between the governing thermal model, the learned temperature field, and the final
performance evaluation.

The solid TPMS material is represented through its thermal conductivity. Two solid
materials are included in the MATLAB model; the thermal conductivities of the aluminum
and the silver are kAl = 237 W/m·K and kSi = 429 W/m·K, respectively [47].

The effective porous thermal conductivity of the TPMS region is calculated using a
porosity-weighted relation given in Equation (4), which represents the combined contri-
bution of the solid TPMS structure and the nanofluid inside the pore volume. However,
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because the solid thermal conductivity is much larger than the nanofluid thermal con-
ductivity, keff is strongly dominated by the solid material. Therefore, the change in knf

with increasing nanoparticle concentration causes only a limited change in keff. For this
reason, the present corrected model also includes a Nusselt number enhancement factor to
represent the stronger convective heat transfer improvement reported in nanofluid studies.

In the present PINN model, the full three-dimensional TPMS thermal behaviour is
represented using a two-dimensional x-z temperature field. The TPMS specimens were
fabricated in a square cross-sectional geometry with an overall length of L = 37.5 mm and
a height of H = 12.7 mm. All samples were manufactured with a constant porosity of
ε = 0.7, corresponding to a relative density of 0.3. The geometric characteristics include a
unit-cell size of 10 mm and a total fluid-solid interfacial surface area of 15.524 cm2. The
TPMS structure was represented as an effective three-dimensional porous domain in the
streamwise vertical plane. The flow direction was taken along the x-axis, from left to right.
The coordinate system was defined such that x = 0 corresponds to the inlet side of the
TPMS sample and x = L corresponds to the outlet side, while the vertical heat transfer
direction was represented by the z-axis, such that z = 0 corresponds to the heated base
surface and z = H corresponds to the upper boundary of the porous TPMS domain. The
thermocouples were located 1 mm below the TPMS interface. Therefore, their vertical
coordinate in the computational domain was zTC = −1 mm, thus, the thermocouple
measurement plane was zTC = −1.0 × 10−3 m.

Experiments were performed in a closed-loop thermal-hydraulic facility, shown
schematically in Figure 2a. The working fluid was circulated by a variable-speed pump, and
the volumetric flow rate was regulated using a precision control valve prior to entering the
heated test section. The TPMS insert was mounted on a uniformly heated aluminum base
block, which supplied a constant surface heat flux of 38.4 kW/m2 to the porous structure.

Figure 2. (a) Schematic of the closed-loop thermal–hydraulic experimental facility, showing fluid
circulation, controlled heat input to the TPMS gyroid test section, thermocouple instrumentation, and
real-time data acquisition using LabVIEW 2013. (b) Arrangement of T-type thermocouples embedded
1 mm below the TPMS–fluid interface for interfacial temperature measurements.

Temperature measurements were obtained using seven T-type thermocouples
(manufacturer-specified accuracy ±0.5 ◦C) embedded in the aluminum base at a fixed
depth of 1 mm below the TPMS–fluid interface.

The sensors were distributed along the streamwise direction at y = 0, with the first
located at x = 2.3 mm from the inlet and uniformly spaced at 5.5 mm intervals, such as
xTC = [2.3, 7.8, 13.3, 18.8, 24.3, 29.8, 35.3] mm, as illustrated in Figure 2b, enabling detailed
characterization of the interfacial thermal response.

Forced convection experiments were conducted using nanofluids at a reference
nanoparticle volume fraction of φre f = 0.6% vol, for five volumetric flow rates of
φ = [3.74, 7.786, 11.8, 15.73, 19.85] cm3/s.
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The inlet and outlet bulk fluid temperatures were maintained at Tin = 11 ◦C and
Tout = 13 ◦C, respectively. The experimentally measured TPMS interface temperatures
at φre f used as the anchor dataset for all subsequent modelling and predictive analysis.
Temperature signals were acquired using a data-acquisition system and monitored in real
time via a LabVIEW-based interface. After exiting the test section, the fluid was cooled and
returned to the storage reservoir, completing the circulation loop. All experiments were
conducted under controlled laboratory conditions with an ambient reference temperature
of 23 ◦C, following the validated methodology reported in Ref [36].

3.2. Physical Description and Assumptions

The thermal system investigated in this study consists of a TPMS gyroid heat exchanger
subjected to a uniform heat flux at the solid–fluid interface and cooled by a nanofluid
flowing through the interconnected porous channels. The gyroid topology provides a
continuous, smooth internal surface that promotes strong coupling between conduction in
the solid skeleton and convection within the fluid domain.

The analysis is restricted to steady-state conditions. The flow is assumed to be laminar,
incompressible, and Newtonian. Thermal radiation and viscous dissipation are neglected.
The nanofluid is modelled as a single-phase effective medium in which nanoparticles are
uniformly dispersed within the base fluid, and slip effects between the solid and fluid
phases are ignored. Thermophysical properties are assumed constant for a given nanopar-
ticle concentration. These assumptions are consistent with widely adopted modelling
approaches for nanofluid heat transfer in laminar porous flows and enable a tractable yet
physically meaningful formulation.

4. Physics-Informed Neural Network (PINN) Architecture
Conventional PINN formulations have been successfully applied to forward and

inverse heat transfer problems where the governing equations and boundary conditions are
sufficient to predict the solution over the domain of interest. In the present study, however,
the available experimental dataset is limited to sparse temperature measurements obtained
at a single reference nanoparticle concentration. Consequently, a conventional PINN trained
solely on these measurements would reconstruct the temperature field only for the reference
operating condition and would not directly predict the influence of varying nanoparticle
concentration on the thermal response. To address this limitation, the proposed framework
integrates the PINN with concentration-dependent nanofluid property models and a
physics-based concentration scaling procedure, enabling physically consistent prediction
of temperature fields over a wider range of nanoparticle concentrations while preserving
the governing heat transfer physics.

The developed PINN in this study was used to predict the temperature field of TPMS
gyroid heat exchangers under different flow rates, nanoparticle concentrations, and material
conditions. The proposed network is based on a multilayer perceptron (MLP) architecture,
which is suitable for modelling complex nonlinear relationships between input and output
variables. In the present work, this nonlinear behaviour results from the coupled effects of
flow rate, nanofluid thermophysical properties, nanoparticle concentration, solid thermal
conductivity, and heat transfer inside the porous TPMS structure.

The network consists of an input layer, several hidden layers, and an output layer.
The input layer receives the spatial coordinates and operating parameters, including x, z,
volumetric flow rate, nanoparticle concentration, solid thermal conductivity, nanofluid
density, specific heat capacity, thermal conductivity, viscosity, pore velocity, and effective
porous thermal conductivity. The output layer predicts the local temperature field, T(x,z).
The hidden layers contain trainable neurons that transform the input variables through
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nonlinear activation functions, allowing the network to learn the relationship between the
operating conditions and the resulting temperature distribution. Unlike a conventional
data-driven neural network, the PINN does not rely only on minimizing the difference
between predicted and experimental temperatures. Instead, the governing convection–
diffusion heat transfer equation and boundary condition residuals are embedded into
the loss function. During training, the network weights are updated to satisfy both the
experimental thermocouple measurements and the underlying heat transfer physics. The
total loss function includes the data loss, which measures the error between predicted and
measured thermocouple temperatures, and the physics losses, which enforce the governing
PDE and boundary conditions.

The experimental data obtained from aluminum and silver TPMS gyroid samples
tested with pure water and the reference φre f = 0.6% Al2O3 nanofluid were used to train
and validate the model. The data were normalized before training to improve numerical
stability and convergence. The network was trained iteratively using gradient-based
optimization, where the prediction error and physics residuals were back-propagated
through the network to update the trainable weights and biases. This process continued
until the total loss was minimized and stable convergence was achieved.

The trained PINN was then used as a surrogate model to predict temperature profiles
beyond the directly measured cases. In particular, it was used to estimate the thermal
response of the TPMS heat exchanger over nanoparticle concentrations ranging from
φ = 0 to φ = 2.5% vol and flow rates from 3.74 to 19.85 cm3/s. This structure allowed the
model to capture both the experimental trends and the physical constraints of heat transfer,
making it suitable for predicting concentration-dependent nanofluid thermal transport in
TPMS gyroid heat exchangers.

4.1. Governing Energy and Boundary Equations

Heat conduction within the solid TPMS structure is governed by the steady-state
Fourier heat conduction equation,

ks

(
∂2Ts

∂x2 +
∂2Ts

∂z2

)
= 0 (9)

Here ks denotes the thermal conductivity of the TPMS solid material, and Ts is the
local solid temperature field. The energy transport within the nanofluid flowing through
the TPMS channels is described by the steady-state convection–diffusion equation.

When the thermal response times of the solid structure and the fluid are comparable,
and the interfacial heat exchange between them is sufficiently strong, the LTE assumption
can be applied.

The applicability of the local thermal equilibrium approximation was assessed using
characteristic Biot numbers and thermal response times. The specific solid–fluid interfacial
area was calculated as as f = As/V = 256.7 cm−1. A characteristic solid length was
estimated as Ls = (1 − ε)/as f = 1.17 mm. Using the effective heat transfer coefficients
obtained from the reference-condition energy balance, the solid-phase Biot number was
evaluated as

Bis =
he f f Ls

Ls
(10)

The resulting ranges were Bis,Al = 0.007–0.061 and Bis,Ag = 0.004–0.034. Since these
values are below 0.1, thermal gradients across the characteristic metallic ligament thickness
are expected to be small.
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The phase response times were additionally estimated from

τf

ε
(
ρCp

)
nj

he f f as f
, τs

(1 − ε)
(
ρCp

)
s

he f f as f
, (11)

and compared with the fluid residence time

τres =
εV
Qv

(12)

Across the investigated flow range, τres was approximately 0.21–1.13 s, whereas the
estimated solid and fluid response times were approximately 0.23–1.9 s and 0.91–7.5 s,
respectively. These results support rapid thermal redistribution within the highly con-
ductive metallic skeleton but do not demonstrate perfect instantaneous equilibrium be-
tween the two phases. Accordingly, LTE is adopted here as a reduced-order homoge-
nization approximation that enables a single-temperature PINN formulation. Potential
solid–fluid temperature differences are acknowledged as a model limitation, and a two-
temperature local thermal non-equilibrium (LTNE) formulation is recommended for future
pore-scale investigations.

Under this assumption, the solid and fluid phases do not require separate temperature
fields; instead, they are represented by a single local temperature, such that Tf ≈ Ts ≈ T.
For the metallic TPMS structures and liquid nanofluid considered in this study, the high
solid thermal conductivity and large solid–fluid interfacial area support this assumption.
Therefore, both phases are treated as sharing a common temperature field, T(x, y, z), which
simplifies the porous-domain formulation to a single governing energy equation for the
composite medium. Since the thermocouples are located along the plane y = 0, Equation (2)
can be simplified by neglecting temperature variation in the y-direction at the measurement
line. Therefore, the governing equation becomes:

ρn f CP,n f up
∂T
∂x

= ke f f

(
∂2T
∂x2 +

∂2T
∂z2

)
(13)

where T is the solid-nanofluid temperature and the effective thermal conductivity ke f f ,
given in Equation (4), represents the equivalent heat-conduction capability of the porous
TPMS-nanofluid medium under the assumption of local thermal equilibrium. It combines
the contribution of the solid TPMS material and the nanofluid occupying the pores.

This equation states that axial convective energy transport by the nanofluid is balanced
by effective conduction or diffusion in the x-z plane. In residual form, the governing
equation is written as

RPDE = ρn f CP,n f up
∂T
∂x

− ke f f

(
∂2T
∂x2 +

∂2T
∂z2

)
(14)

Note that up = φ/εWH, where the term εWH represents the effective pore-flow cross-
sectional area based on the porosity ε, W is the width of the TPMS and H is the height.
During training, the PINN minimizes the mean squared value of this residual:

LPDE =
1
N

N

∑
i=1

R2
PDE,i (15)
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This forces the network to predict temperatures that not only match the experimental
data, but also satisfy the governing heat transfer physics. At the bottom boundary, where
the TPMS contacts the heated base, a constant heat flux boundary condition is applied:

−ke f f
∂T
∂z

= q′′ at z = 0 (16)

which q′′ is the imposed uniform heat flux and z denotes the outward normal direction.
Convective heat removal by the nanofluid is governed implicitly through the energy
balance between the inlet and outlet of the heat exchanger. The corresponding residual of
the bottom heat flux boundary condition is

Rbottom = −ke f f
∂T
∂z

− q′′ (17)

At the upper boundary of the TPMS region, an insulated condition is applied
∂T/∂z = 0, and the top boundary residual is Rtop = ∂T/∂z. At the outlet boundary,
a zero streamwise temperature gradient condition is applied to represent a thermally devel-
oped outflow condition: applied ∂T/∂x = 0 at x = L, and the outlet boundary residual is
Routlet = ∂T/∂x.

4.2. PINN Input-Output Structure

The complex coupling between TPMS geometry, nanofluid transport, and thermal
behaviour motivates the use of a PINN as a surrogate modelling tool. The PINN is trained
using both experimental thermocouple data and physics collocation points to predict
the steady-state TPMS temperature as a function of operating conditions and nanofluid
properties. In this approach, the convection–diffusion equation is not solved explicitly
using a traditional numerical method such as CFD or finite element analysis. Instead,
the neural network predicts the temperature field directly, while the governing energy
equation is included as a physics-based constraint in the loss function. As a result, the
model is trained to match the measured thermocouple temperatures while also satisfying
the underlying heat transfer physics. During training, the PINN adjusts its weights so
that the predicted temperature matches the experimental data and also satisfies the heat
transfer physics. Each input point includes the spatial coordinates, flow rate, nanofluid
concentration, solid thermal conductivity, nanofluid properties, pore velocity, and effective
porous conductivity.

The input vector is defined as X = [x, z, q,
.
φ, ks, ρn f , Cp,n f , kn f , µn f , up, ke f f ], and the

output variable of the network is the temperature Y = T. The experimental training data
are obtained from thermocouple measurements for aluminum and silver TPMS samples at
different flow rates. The model is trained at the reference concentration of φre f = 0.6% vol.
Each thermocouple measurement is paired with its corresponding input vector, allowing the
neural network to learn the relationship between operating conditions, material properties,
nanofluid properties, spatial location, and measured temperature. Before training, the
input variables are normalized using the mean and standard deviation of each input feature
X̂j = Xj − µxj/σXj and the output temperature is also normalized T̂ = T − µT/σT . This
normalization improves numerical stability, prevents variables with large magnitudes from
dominating the training process, and allows the PINN to learn more efficiently from all
input features.

The neural network is formulated as a feedforward network with eleven input features
and one scalar output. The neural network is formulated as a fully connected feedforward
neural network with eleven input features and one scalar output representing the TPMS
interface temperature. The network consists of an input layer, four hidden layers, and
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a single linear output layer. Each hidden layer contains 64 neurons and employs the
hyperbolic tangent (tanh) activation function. The tanh function was selected because
it is smooth, continuously differentiable, and well suited for automatic differentiation,
allowing accurate evaluation of the first- and second-order derivatives required by the
physics-informed loss function.

Prior to training, the network parameters were initialized using randomized weight
values and zero-valued biases, providing a suitable starting point for gradient-based
optimization. This initialization provides stable forward and backward propagation dur-
ing training and improves convergence by reducing the risk of vanishing or exploding
gradients. The network contains approximately 12,900 trainable parameters, including
all weights and biases, providing sufficient representational capacity while maintaining
computational efficiency.

4.3. Input Normalization and Output De-Normalization

To improve numerical stability and ensure balanced optimization during training, all
continuous input variables were normalized before being supplied to the neural network.
The axial position, x, volumetric flow rate, Q, and nanoparticle volume fraction, ϕ, were
independently scaled to the interval [0, 1] using min–max normalization:

X̂ =
x − xmin

xmax − xmin
(18)

where X denotes the original variable, X~ is the normalized variable, and the subscripts
“min” and “max” represent the minimum and maximum values of the corresponding
variable in the training dataset. The TPMS interface temperature was normalized using the
same procedure:

T̂ =
T − Tmin

Tmax − Tmin
(19)

The normalization parameters obtained from the training dataset were consistently
applied to all experimental data, collocation points, and boundary condition points, ensur-
ing that the data loss, governing-equation residual, and boundary condition residual were
evaluated within the same normalized domain throughout the training process. Because
the present study considers only aluminum TPMS specimens during network training, no
categorical input variables were included and no material encoding was required. After
training, the normalized network output was transformed back to the physical temperature
using the inverse min–max transformation:

T = T̂(Tmax − Tmin) + Tmin (20)

The reconstructed temperature field was then used to determine the mean TPMS wall
temperature, from which the effective heat transfer coefficient and Nusselt number were
subsequently evaluated using the energy balance formulation.

If the neural network is denoted by Nθ , where θ represents the trainable weights and
biases, the normalized network prediction is T̂pred = Nθ(X̂) and the corresponding physical
temperature prediction is given by Tpred = Nθ(X̂)σT + µT .

The prediction input vector is then constructed as

Xpred =
[

x, z, q, φ, ks, ρn f (φ), Cp,n f (φ), kn f (φ), µn f (φ), up, ke f f (φ)
]

(21)

The predicted temperature field is calculated as

T(x, z, q, φ, ks) = Nθ(X̂)σT + µT (22)
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The one-dimensional thermocouple temperature profile is obtained by evaluating the
trained model at the thermocouple measurement locations.

4.4. Physics-Informed Loss Function

The training objective of the PINN is constructed as a composite loss function that
enforces agreement with experimental data while simultaneously satisfying physical con-
straints. The total training loss consists of the experimental data loss, the governing-
equation residual loss, and the boundary condition losses. The supervised data loss is
calculated based on Equation (15) as

Ldata =
1

Nd

Nd

∑
i=1

(
T̂pred,i(pi, qi, φi, . . .)− Texp

s,i (pi, qi, φi, . . .)
)2

(23)

Similarly, the PDE residual loss is calculated and the bottom heat flux boundary loss as

LPED =
1

N f

N f

∑
i=1

(RPDE,i

q′′

)2
(24)

The remaining boundary condition losses are formulated using the same mean-
squared residual approach. The bottom heat flux boundary loss is obtained from the heat
flux residual, while the outlet and top insulated-boundary losses are calculated using the
corresponding outlet and insulation residuals, respectively, as expressed in Equation (23).

Loutlet =
1

No

No

∑
i=1

(Routlet,i)
2 (25)

The total loss function minimized during training is

Ltotal = λdataLdata + λPDELPDE + λoutletLoutlet + λbottomLbottom + λtopLtop (26)

here λdata = 100 controls how strongly the model fits the experimental thermocouple data;
the model gives high priority to matching the measured temperatures. λPDE = 0.005 which
controls the importance of satisfying the governing heat transfer equation. This means
the PDE residual is included, but it is not allowed to dominate the experimental data
fitting. The boundary condition weights are λoutlet = λbottom = λtop = 0.05 and control
how strongly the model enforces the outlet, bottom heat flux, and top insulated boundary
conditions. Note that these coefficients are not universal physical constants and not values
from literature. They are hyperparameters chosen in the PINN model to balance data fitting
and physics constraints.

It should be emphasized that the PINN predicts only the TPMS temperature field. The
effective heat transfer coefficient and Nusselt number are not direct outputs of the neural
network. Instead, they are calculated from the PINN-predicted temperatures using the
energy balance formulation. Likewise, the Reynolds–Prandtl-based concentration scaling
model is used solely to predict the temperature field at nanoparticle concentrations beyond
the experimental reference condition and does not contribute directly to the evaluation of
the heat transfer coefficient or Nusselt number.

4.5. Training Procedure and Collocation Point Selection

The network parameters were optimized using the Adam optimization algorithm [40]
with a fixed learning rate of 1× 10−3 and the default exponential decay coefficients β1 = 0.9
and β2 = 0.999. Training was performed for 7000 epochs using a fixed set of collocation and
boundary points. During each epoch, automatic differentiation was employed to evaluate
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the gradients of the composite loss function with respect to all trainable parameters, and
the resulting gradients were back-propagated to update the network weights and biases.
A fixed random seed was used throughout training to ensure reproducibility, while the
individual loss components were monitored every 500 epochs to verify stable convergence.

The PINN was trained using experimental temperature measurements obtained for
pure water and a reference nanofluid concentration of φ = 0.6%. The experimental dataset
consisted of seven thermocouple measurements distributed along the TPMS axial direction
for five volumetric flow rates, resulting in a total of 35 temperature observations for
each working fluid. These experimental measurements served as the supervised training
data, enabling the network to reconstruct the TPMS temperature field at the reference
operating conditions. Temperature predictions at higher nanoparticle concentrations were
subsequently obtained using the correlation-based concentration scaling the developed
PINN model.

To enforce the governing heat transfer physics, a set of collocation points was uni-
formly distributed throughout the one-dimensional computational domain along the TPMS
axial direction and over the investigated range of flow rates. Unlike the experimental
measurements, the collocation points did not require temperature data and were used
exclusively to evaluate the residual of the governing convection–diffusion equation within
the physics-informed loss function. The number of collocation points was selected to be
substantially larger than the number of experimental observations to ensure adequate
enforcement of the governing physical constraints throughout the solution domain.

Owing to the limited size of the experimental dataset, all measured temperature data
were used for network training, while the physics residual evaluated at the collocation
points acted as an intrinsic regularization mechanism that reduced the risk of overfitting.
Consequently, a separate validation or testing dataset was not employed. Instead, the
predictive capability of the trained PINN was assessed by comparing the reconstructed
temperature profiles with the experimental measurements and by evaluating the corre-
sponding heat transfer coefficient and Nusselt number derived from the PINN-predicted
temperature field.

Training convergence was assessed by monitoring the total loss together with its
individual data, PDE, and boundary condition components throughout the optimization
process. The results show that all loss components decrease rapidly during the initial
training stage and gradually approach stable plateaus as the training progresses. During
the final stage of training, no appreciable reduction in the loss was observed, indicating that
the network parameters had converged and that additional training epochs would provide
negligible improvement in the predicted temperature field. Based on this convergence
behaviour, 7000 training epochs were considered sufficient for the present study.

4.6. Computational Cost and Implementation

The proposed PINN was implemented in MATLAB using the Deep Learning Toolbox.
Network training was performed on a workstation equipped with an AMD Ryzen 7
9700F 8-Core Processor, 64.0 GB RAM, and an 8 GB GeForce RTX5060 graphics card
(Canada Computers, Richmond Hill, ON, Canada). The complete training process required
approximately (training time) to reach convergence after 7000 epochs. The peak memory
usage during training was approximately 30–40% of the total memory. Once trained, the
PINN required about 40 to 80 min to predict the complete temperature field for a new
combination of flow rate and nanoparticle concentration.

Unlike conventional CFD simulations, which require solving the governing equations
for each new operating condition, the trained PINN performs only a forward evaluation of
the neural network during inference. Consequently, the computational cost of generating
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new temperature predictions is negligible compared with the one-time training cost. This
characteristic makes the proposed approach particularly suitable for rapid parametric stud-
ies, optimization, and real-time engineering applications involving TPMS heat exchangers.

4.7. Physics-Based Concentration Scaling Model

The experimental data available for training were limited to pure water and the
reference nanofluid concentration φre f = 0.6%. Consequently, the PINN was trained to
reconstruct the TPMS temperature field only at these experimentally measured operating
conditions. To extend the predictions to other nanoparticle concentrations without requiring
additional experiments, a physics-based concentration scaling model was employed.

The scaling model is based on the concentration-dependent changes in the Reynolds
number, Prandtl number, and effective thermal conductivity, whose definitions and ther-
mophysical property models are presented in the next section. The corresponding Nusselt
number ratio between an arbitrary concentration φ and the reference concentration φre f is
expressed as

Nu(φ)

Nu(φre f )
=

(
Re(φ)

Re(φre f )

)a(
Pr(φ)

Pr(φre f )

)b(
kn f (φ)

kn f (φre f )

)c

(27)

where a = 0.3, b = 1/3, and c = 0.5. Since the convective heat transfer coefficient satisfies
h ∝ Nukn f , the PINN-predicted reference temperature field is corrected according to

Ts(Q, x, φ) = T∞ +
[

TPINN

(
Q, x, φre f

)
− T∞

](Rere f

Re

)a(Prre f

Pr

)b( kre f (φ)

k

)c+1

(28)

Accordingly, the PINN reconstructs the reference temperature field directly from the
experimental measurements, while the concentration scaling model modifies this field to
account for the concentration-dependent variation in the nanofluid transport properties.
This hybrid strategy enables predictions over the investigated concentration range without
requiring additional experimental measurements for every nanoparticle concentration.

4.8. Heat Transfer Performance Evaluation

The trained PINN reconstructs the spatial temperature distribution within the TPMS
gyroid heat exchanger for the experimentally measured reference nanofluid concentration.
The predicted temperature field is first used to determine the mean TPMS wall tempera-
ture, from which the effective heat transfer coefficient and Nusselt number are evaluated
using the energy balance formulation presented in Equations (23)–(26). Thus, the thermal
performance metrics are derived directly from the PINN-predicted temperature field rather
than from empirical heat transfer correlations. The Reynolds–Prandtl concentration scaling
introduced in this section is employed only to extend the PINN predictions to nanoparti-
cle concentrations beyond the experimental dataset by accounting for the corresponding
changes in nanofluid thermophysical properties [48].

The Reynolds number was calculated as

Re =
ρn f upDh

µnj
(29)

where ρn f is the nanofluid density, Dh is the hydraulic diameter used is Dh = 0.01 m, and
µnj is the nanofluid dynamic viscosity. The Prandtl number was calculated as:

Pr =
µn f Cp,n f

knj
(30)
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where Cp,n f is the nanofluid specific heat capacity and knj is the nanofluid thermal conduc-
tivity. In principle, the local interfacial heat flux may be evaluated from the PINN-predicted
temperature field using Fourier’s law q′′ = −ks(∂Ts/∂n)int. However, the thermocou-
ple measurements used to train the present PINN are distributed primarily in the axial
direction and are positioned approximately 1 mm below the TPMS–fluid interface. The
interface-normal temperature gradient is therefore not directly measured and is insuffi-
ciently constrained for a reliable gradient-based evaluation of the local heat flux. Because
numerical differentiation may amplify uncertainties in a sparsely reconstructed tempera-
ture field, the present study evaluates the effective heat transfer coefficient using an overall
energy balance. The PINN-predicted temperature field supplies the mean wall temperature,
whereas the measured fluid temperature rise determines the total heat transfer rate.

The PINN contributes directly to the Nusselt number evaluation through its prediction
of the mean wall temperature, while the total heat transfer rate is obtained independently
from the fluid-side energy balance.

The base Nusselt number, Nubase, was calculated using a conventional forced-
convection correlation based on the Reynolds and Prandtl numbers. It represents the
basic convective heat transfer behaviour of the flow before applying any additional correc-
tion for nanoparticle concentration.

Nubase = CNuRemNuPnNu (31)

In this study, Nubase used as a reference value to include the effects of flow inten-
sity, viscosity, thermal diffusivity, and pore-scale convection inside the TPMS channels.
The effective Nusselt number was then obtained by applying a concentration-dependent
enhancement factor, allowing the model to account for the additional heat transfer improve-
ment caused by Al2O3 nanoparticle addition [49,50]. The constants used in the model are:
CNu = 1.8, mNu = 0.42 and nNu = 0.33. Thus, the effective heat transfer coefficient is
calculated as

he f f =
Nubasekn f

Dh
(32)

Since the TPMS solid has much higher thermal conductivity than the nanofluid,
changes in kn f have little influence on ke f f . The Nusselt correction allows the model to
include convective enhancement associated with nanoparticle concentration, Reynolds
number, Prandtl number, and nanofluid thermal conductivity. The effective heat-removal
is calculated as

.
Qrem = he f f Asmax(Tmean − Tin, 0) (33)

where As = 15.524 × 10−4 m2 is the TPMS heat transfer area, and Tmean = 1
Ntc

∑N
i=1 Ttc,i is

the mean temperature. This heat-removal index is used as a comparative performance
metric to evaluate the influence of flow rate and nanofluid concentration on the effective
heat-removal capability of the TPMS structure.

For three-dimensional visualization, the STL file of the gyroid TPMS structure is
imported into the model. The STL vertex coordinates are mapped into the physical domain.
The physical streamwise and the physical vertical coordinates are calculated as

xphys = L
xSTL − xmin
xmax − xmin

and zphys = H
zSTL − zmin
zmax − zmin

(34)

The trained PINN is then evaluated at each STL vertex TSTL = T(xphys, zphys, q, φ, ks).
The predicted temperature values are assigned to the STL vertices as colour data, producing
a three-dimensional thermal visualization of the TPMS. This visualization allows the spatial
temperature distribution to be interpreted directly on the complex gyroid geometry.
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4.9. Model Validation and Accuracy Assessment

The validation strategy adopted in the present study builds on the framework previ-
ously established for PINN-based thermal prediction in porous TPMS metals [29]. In that
earlier work, the model was first verified using published digitized temperature-distance
data from Islam et al. [51]. Specifically, temperature profiles at selected time steps were
digitized and used to test whether the implemented neural network framework could
reproduce the reference thermal response. The predicted profile showed strong agreement
with the published data, confirming the correctness of the inverse-model implementation
and the stability of the training procedure.

The previous work was then further validated using experimental measurements
from aluminum and silver TPMS gyroid samples tested under identical heating and flow
conditions. The PINN-predicted temperature fields were compared directly with the
measured thermocouple temperatures across all flow rates and axial locations. The use
of two materials with different thermal conductivities provided independent thermal
responses and helped confirm that the model could capture both material-dependent and
flow-dependent temperature variations.

Based on this previously validated framework, the present nanofluid study applies
the same validation philosophy to the Al2O3–water TPMS heat-exchanger problem. In
the current model, the PINN predictions are evaluated against experimental thermocou-
ple measurements for pure water and nanofluid cases using both aluminum and silver
TPMS samples. This ensures that the developed model is assessed not only for numeri-
cal accuracy, but also for physical consistency across different materials, flow rates, and
working-fluid conditions.

The accuracy of the developed PINN model was evaluated by comparing the pre-
dicted thermocouple temperatures with the corresponding experimental thermocouple
measurements. After the training process was completed, the normalized output of
the neural network was converted back to the physical temperature scale using the
de-normalization relation:

Tpred = T̂predσT + µT (35)

where Tpred is the predicted temperature, T̂pred is the normalized output of the neural
network, σT is the standard deviation of the training temperature data, and µT is the mean
value of the training temperature data.

The predicted temperatures were compared with the experimental temperatures at all
thermocouple locations and for all tested flow rates. The model accuracy was quantified
using the RMSE, MAPE, and coefficient of determination. RMSE and MAPE were used to
evaluate the prediction accuracy of the PINN model. The RMSE was used to quantify the
average temperature prediction error in degrees Celsius and is expressed as

RMSE =

√√√√ 1
N

N

∑
i=1

(
Tpred,i − Texp,i

)2
(36)

where N is the total number of thermocouple data points, Tpred,i is the predicted temperature
at the i-th point, and Texp,i is the corresponding experimental temperature. The MAPE is
used to express the average percentage deviation between the predicted and experimental
values. It is calculated as

MAPE =
100
N

N

∑
i=1

∣∣∣∣∣Tpred,i − Texp,i

Texp,i

∣∣∣∣∣ (37)
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The coefficient of determination was used to evaluate how well the predicted temper-
atures follow the variation in the experimental data. It is defined as

R2 = 1 −
∑N

i=1(Tpred,i − Texp,i)
2

∑N
i=1(Texp,i − Texp,i)2

(38)

where Texp,i is the mean value of the experimental temperatures. Values of R2 close
to unity indicate that the model captures most of the physical variability present in
the measurements.

The initial validation results obtained from the trained PINN showed small error
values, indicating that the trained PINN reproduced the experimental thermocouple tem-
peratures with high accuracy. The overall RMSE value shows that the magnitude of the
prediction error was very low, while the MAE value confirms that the average absolute
difference between the predicted and measured temperatures was minimal. The statistical
performance of the model was also evaluated separately for the aluminum and silver TPMS
samples. The material-specific validation results are summarized in Table 3.

Table 3. Statistical performance metrics of the PINN predictions for aluminum and silver, includ-
ing root mean square error (RMSE), mean absolute percentage error (MAPE), and coefficient of
determination R2 evaluated across all flow rates and streamwise locations.

Material RMSE (◦C) MAPE (%) Coefficient of
Determination (R2)

Agreement
Assessment

Aluminum φ = 0.6% vol 0.0148 0.0459 0.99998 Excellent

Silver φ = 0.6% vol 0.0393 0.1469 0.99971 Excellent

Aluminum φ = 0 (water) 0.0230 0.0689 0.99992 Excellent

Silver φ = 0 (water) 0.0292 0.0979 0.99987 Excellent

Overall 0.0266 0.0899 0.99994 Excellent

Although the error values for silver were slightly higher than those for aluminum, the
prediction accuracy remained very high, as confirmed by the coefficient of determination
close to unity.

The PINN was trained using the experimental thermocouple measurements at the ref-
erence nanofluid concentration to reconstruct the TPMS temperature field while satisfying
the governing heat transfer equations. The predicted temperature field is subsequently
used to determine the mean TPMS wall temperature, from which the effective heat transfer
coefficient and Nusselt number are calculated using an overall energy balance. For nanopar-
ticle concentrations beyond the experimental reference case, a Reynolds–Prandtl-based
scaling relation is introduced only to account for the concentration dependence of the
nanofluid thermophysical properties and to extend the PINN predictions. Consequently,
the empirical correlation supplements the PINN during extrapolation rather than replacing
the physics-informed temperature prediction.

4.10. LTE–LTNE Sensitivity Analysis

To assess the influence of the local thermal equilibrium assumption, a sensitivity
analysis was performed by comparing the LTE model with an LTNE formulation that treats
the solid TPMS skeleton and nanofluid as separate temperature fields. The aluminum TPMS
case at the highest investigated volumetric flow rate, Q = 19.85 cm3/s, and nanoparticle
volume fraction, φ = 25%, was selected as a conservative test condition because the high
flow rate produces the shortest fluid residence time and is therefore more likely to generate
interphase thermal disequilibrium.
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Under LTNE conditions, the volume-averaged solid and fluid energy equations are
written as

∇·[(1 − ε)ks∇Ts − hs f as f (Ts − Tf ) = 0 (39)

ερn f Cp,n f u·∇Tf = εkn f∇2Tf + hsas f (Ts − Tf ) (40)

The LTNE results were compared with those from the single-temperature LTE model
using the mean TPMS temperature, maximum temperature, effective heat transfer coeffi-
cient, Nusselt number, and maximum phase temperature difference. The relative deviation
of a predicted quantity Y was evaluated as

δY =
|YLET − YLTNE|

YLTNE
× 100 (41)

The LTE and LTNE temperature profiles were compared at the seven thermocouple
positions, as shown in Figure 3. The LTE temperature, LTNE solid temperature, and LTNE
fluid temperature follow similar axial trends. The temperatures remain nearly constant
in the upstream region and subsequently increase toward the downstream portion of the
TPMS structure. The LTE model predicts slightly higher temperatures than the LTNE solid
phase, while the LTNE fluid phase exhibits the lowest temperature. Nevertheless, the three
profiles remain closely spaced and preserve the same spatial variation, indicating that the
LTE approximation captures the dominant thermal behaviour of the TPMS heat exchanger.

Figure 3. LTE-LTNE sensitivity analysis at Q = 19.85 cm3/s: (a) comparison of the LTE temperature
profile with the LTNE solid- and fluid-phase temperature profiles along the seven thermocouple
positions; (b) absolute solid–fluid phase temperature difference.

The local LTNE solid–fluid temperature difference, |Ts − Tf |, ranges from approx-
imately 0.130 to 0.28 ◦C across the thermocouple positions. The maximum phase tem-
perature difference occurs near x = 30 mm, whereas the minimum occurs at the final
thermocouple position. These relatively small temperature differences indicate strong
thermal coupling between the metallic TPMS skeleton and the nanofluid. Therefore, the
LTE formulation provides a reasonable reduced-order approximation for the investigated
operating condition, although small local solid–fluid temperature differences remain and
are explicitly acknowledged.

The small interphase temperature differences indicate strong solid–fluid thermal
coupling and support the use of the LTE approximation for the investigated condition.
Conventional prediction of heat transfer in TPMS heat exchangers is typically performed
using three-dimensional computational fluid dynamics (CFD) solvers, such as ANSYS
Fluent or COMSOL Multiphysics, based on finite volume or finite element formulations.
These approaches require the complete solution of the governing conservation equations
for each combination of flow rate, nanoparticle concentration, and material properties.
Because TPMS geometries contain highly interconnected porous channels, accurate simula-
tions generally require fine computational meshes and significant computational resources,
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making large parametric studies computationally expensive. In contrast, the proposed
PINN reconstructs the temperature field directly from the trained model. Although the
initial training stage requires additional computational effort, prediction of new operating
conditions is completed within seconds, providing a substantial reduction in computa-
tional cost compared with repeatedly solving the governing equations using conventional
CFD methods.

4.11. Limitations and Assumptions

The model assumes steady-state heat transfer, constant thermophysical properties
at each nanoparticle concentration, uniform heat flux at the TPMS-base interface, and an
effective porous-medium representation of the TPMS domain. The nanofluid is treated
using a single-phase effective-property approach, where the nanoparticle and base fluid are
assumed to move with the same average velocity. The empirical concentration enhancement
factor is used only to represent the expected convective improvement with increasing Al2O3

volume fraction and should be interpreted as a calibrated heat transfer correction rather
than a direct experimental measurement at each concentration.

The LTE formulation assumes a common local temperature for the TPMS skeleton and
nanofluid. Although the calculated solid-phase Biot numbers are below 0.1, the estimated
phase response times are not uniformly much smaller than the fluid residence time. There-
fore, possible local solid–fluid temperature differences cannot be excluded, particularly at
the highest flow rates and near the heated interface. The resulting temperature field and
heat transfer coefficients should be interpreted as effective volume-averaged quantities.
Future work should employ an LTNE formulation with separate solid and fluid energy
equations coupled through a pore-scale interstitial heat transfer coefficient.

Another limitation of the present study is that the PINN was trained and experimen-
tally validated using pure water and a single reference nanofluid concentration φre f = 0.6%.
Predictions at higher nanoparticle concentrations were obtained using the proposed physics-
based concentration scaling model and were not directly validated against independent
experimental measurements. Future work will include additional experiments at interme-
diate and higher nanoparticle concentrations to further assess the extrapolation capability
and robustness of the proposed framework.

5. Results and Discussion
The results presented in this section evaluate the performance of the proposed PINN

for predicting the thermal behaviour of nanofluid flow through TPMS gyroid heat exchang-
ers. The PINN was developed to reconstruct the temperature response of the system by
combining experimental temperature data with the governing heat transfer physics. This
approach allows the model to preserve the physical structure of the convection–diffusion
problem while providing continuous temperature predictions across different flow rates,
materials, and nanoparticle concentrations.

In the present framework, the PINN is used as the primary predictor of the TPMS
temperature field. The predicted temperatures are subsequently used to evaluate the
mean TPMS wall temperature, from which the effective heat transfer coefficient is obtained
through an energy balance. The corresponding Nusselt number is then calculated using
the predicted heat transfer coefficient and the concentration-dependent nanofluid thermal
conductivity. The empirical Reynolds–Prandtl scaling relation is employed only to extend
the PINN solution from the experimentally measured reference concentration to additional
nanoparticle concentrations.
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5.1. PINN Prediction and Training Performance Accuracy

The discussion first examines the prediction accuracy and training behaviour of the
PINN, as shown in Figure 4a,b. Figure 4a evaluates the agreement between the experi-
mental and PINN-predicted temperatures using a parity plot, while Figure 4b presents the
evolution of the total, data, PDE, and boundary condition loss components during train-
ing. These results provide the basis for assessing whether the trained PINN is sufficiently
accurate and stable before using it for further heat transfer analysis, including temperature-
field reconstruction, convective heat transfer coefficient estimation, and Nusselt number
evaluation. Figure 4a compares the experimental temperatures with the PINN-predicted
temperatures for pure water φ = 0 and nanofluid φ = 0.6% vol using aluminum and
silver TPMS samples. The data points are closely aligned with the diagonal reference line,
indicating strong agreement between the measured and predicted values. This confirms
that the PINN accurately reproduces the experimental thermal response over the inves-
tigated temperature range without noticeable over-prediction or under-prediction. The
agreement observed for both aluminum and silver samples also shows that the model can
represent different thermal-conductivity conditions. This suggests that the embedded heat
transfer physics and material-property inputs help the PINN generalize across different
TPMS thermal responses, supporting its use as a surrogate model for temperature-field
reconstruction.

Figure 4. Performance evaluation of the proposed through-flow TPMS PINN model: (a) parity plot
comparing experimental and PINN-predicted temperatures for pure water (ϕ = 0) and nanofluid
(ϕ = 0.006) cases using aluminum and silver TPMS samples; (b) training-loss history showing the
evolution of the total, data, PDE, and boundary condition loss components over 7000 epochs.

Figure 4b shows the training-loss history of the through-flow TPMS PINN over
7000 epochs. The total loss decreases rapidly at the beginning of training and then grad-
ually stabilizes, indicating that the model first captures the dominant thermal behaviour
and then refines the remaining errors. The data loss decreases by several orders of mag-
nitude, demonstrating that the network fits the experimental temperature data with high
accuracy. Although the total loss remains higher than the data loss, this is mainly due to
the contribution of the physics-informed and boundary condition terms. The repeated
spikes in the loss curves are likely related to optimizer updates or adaptive sampling,
but they do not interrupt the overall convergence trend. Therefore, Figure 4 confirms
that the proposed PINN provides accurate predictions while maintaining stable training
performance, making it suitable for subsequent heat transfer and Nusselt number analysis.

Additionally, as shown in Figure 4b, the boundary condition loss rapidly converges
during the initial training stage and subsequently remains nearly constant because the
prescribed boundary conditions are relatively simple and are satisfied early in the op-
timization process. In contrast, the data loss and total loss continue to exhibit small
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fluctuations as the optimizer simultaneously minimizes the experimental data mismatch
and the governing equation residual. These oscillations are characteristic of multi-objective
optimization in physics-informed neural networks and gradually diminish as the network
approaches convergence.

Figure 5 further compares the PINN-predicted thermocouple temperature profiles
with the experimental measurements for pure water φ = 0 and nanofluid φ = 0.6% vol for
one of the investigated flow rate of Q = 7.786 cm3/s. The comparison is shown for both
aluminum and silver TPMS samples. For all cases, the PINN predictions closely follow
the experimental temperature profiles along the thermocouple positions, confirming that
the model can accurately capture the spatial temperature variation inside the TPMS heat
exchanger. For the aluminum sample, Figure 5a shows that the PINN reproduces the
increasing downstream temperature trend for both pure water and nanofluid. Similarly,
for the silver sample, Figure 5b shows excellent agreement between the predicted and
measured profiles, including the relatively flatter temperature distribution caused by the
higher thermal conductivity of silver.

Figure 5. Comparison between experimental and PINN-predicted thermocouple temperature profiles
at Q = 7.86 cm2/s for pure water φ = 0 and nanofluid φ = 0.6% : (a) aluminum TPMS sample
and (b) silver TPMS sample. Error bars represent the RMSE-based prediction uncertainty and are
enlarged by 3% for improved visibility.

The close overlap between the experimental data and PINN predictions demonstrates
that the model can predict both the baseline pure-water case and the φ = 0.6% vol nanofluid
case with very high accuracy.

The error bars represent the prediction uncertainty based on the RMSE and were
enlarged by 3% to improve visibility in the graphs. Even with the enlarged error bars, the
predicted profiles remain very close to the experimental measurements, confirming the
robustness of the PINN model. This agreement supports the use of the trained PINN for
reconstructing temperature fields and for subsequent heat transfer coefficient and Nusselt
number calculations.

5.2. Effect of Nanoparticle Concentration on Thermocouple Temperature Profiles

Figure 6 shows the PINN-predicted temperature profiles along the thermocouple posi-
tions for the aluminum and silver TPMS samples at a fixed flow rate of Q = 7.786 cm3/s
and z = −1 mm. For both materials, the predicted temperature decreases as the nanoparti-
cle volume concentration increases. The highest temperatures are observed for pure water
φ = 0, while the lowest temperatures occur at the highest concentration φ = 2.5% vol.
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Figure 6. PINN-predicted thermocouple temperature profiles along the streamwise x-position
at Q = 7.786 cm3/s and z = −1 mm for different nanoparticle volume fractions (φ = 0–0.025):
(a) aluminum TPMS sample and (b) silver TPMS sample.

This confirms that adding nanoparticles improves the effective thermal transport of the
working fluid and enhances heat removal from the TPMS structure. For the aluminum sam-
ple, Figure 6a shows a gradual increase in temperature along the thermocouple positions,
especially toward the downstream region.

This indicates that heat accumulates as the fluid progresses through the TPMS channels.
However, increasing the nanoparticle concentration shifts the entire temperature profile
downward, showing that the nanofluid reduces the TPMS temperature across all axial
locations. The reduction becomes more pronounced at higher concentrations because the
enhanced effective thermal conductivity strengthens heat diffusion from the solid structure
to the flowing fluid.

For the silver sample, Figure 6b shows lower overall temperatures compared with
aluminum. This behaviour is consistent with the higher thermal conductivity of silver,
which promotes faster heat spreading and reduces localized thermal accumulation.

As a result, the silver TPMS sample exhibits a more uniform temperature distribution
along the thermocouple positions. To quantify the cooling enhancement, the relative
percentage temperature reduction between pure water φ = 0 and the highest nanofluid
concentration φ = 2.5 vol was calculated using

Temperature Reduction =
Tφ=0 − Tφ=0.025

Tφ=0
× 100% (42)

Based on this calculation, the predicted temperature reduction ranges from approx-
imately 17.5% to 18.5% when the nanoparticle concentration increases from φ = 0 to
φ = 2.5% vol. This quantitative reduction confirms that the use of Al2O3–water anofluid
provides a meaningful cooling improvement compared with pure water. The reduction
is observed across the thermocouple locations, indicating that the enhancement is not
localized at a single point but occurs throughout the measured region of the TPMS heat
exchanger. This behaviour is also observed at the other investigated flow rates, as shown
in Figures 7 and 8. For the aluminum TPMS sample, the predicted temperature profiles
consistently decrease as the nanoparticle concentration increases.

The same trend is observed for the silver sample, confirming that the cooling enhance-
ment is not limited to one material or one operating condition. The profiles also show
that increasing the flow rate generally lowers the predicted temperature level. At higher
flow rates, stronger forced convection improves heat extraction from the TPMS structure,
resulting in lower surface temperatures.
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Figure 7. PINN-predicted thermocouple temperature profiles for the aluminum TPMS sample at
different nanoparticle volume fractions (φ = 0–0.025) and volumetric flow rates: (a) Q = 3.74 cm3/s
(b) Q = 11.8 cm3/s (c) Q = 15.73 cm3/s (d) Q = 19.85 cm3/s.

Figure 8. PINN-predicted thermocouple temperature profiles for the silver TPMS sample at dif-
ferent nanoparticle volume fractions (φ = 0–0.025) and volumetric flow rates: (a) Q = 3.74 cm3/s
(b) Q = 11.8 cm3/s (c) Q = 15.73 cm3/s (d) Q = 19.85 cm3/s.

Although the magnitude of the temperature reduction varies with thermocouple
position, nanoparticle concentration, and material type, the overall trend remains physically
consistent: higher flow rates and higher nanoparticle concentrations both contribute to
improved thermal performance.
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Consequently, Figures 6–8 demonstrate that both material conductivity and nanopar-
ticle concentration strongly influence the predicted thermal response. Increasing the
nanoparticle concentration φ, improves cooling performance by reducing the predicted
thermocouple temperatures, while the silver structure provides lower and more uniform
temperatures than aluminum.

The calculated 17.5% to 18.5% temperature reduction further supports the effectiveness
of nanofluid enhancement and confirms that the PINN captures physically consistent heat
transfer trends in TPMS heat exchangers.

Figure 9 provides a three-dimensional visualization of the PINN-predicted tem-
perature field mapped onto the TPMS gyroid surface for the aluminum sample at
Q = 19.85 cm3/s. In the present model, the full three-dimensional TPMS thermal be-
haviour is represented using a two-dimensional x-z temperature field. This means that
the PINN predicts the temperature variation along the streamwise direction (x) and ver-
tical heat transfer direction (z), while variations across the lateral direction (y) are not
solved independently. The resulting x-z temperature field is then projected onto the three-
dimensional TPMS geometry to visualize how the predicted thermal distribution appears
on the complex gyroid surface.

Figure 9. Three-dimensional mapping of the PINN-predicted x-z temperature field onto the aluminum
TPMS gyroid surface at Q = 19.85 cm3/s: (a) reference nanofluid concentration ϕ = 0.006; (b) higher
nanoparticle concentration ϕ = 0.025.

Figure 9a corresponds to the reference nanofluid concentration φ = 0.6% vol, while
Figure 9b corresponds to φ = 2.5% vol. The comparison between the two figures shows that
increasing nanoparticle concentration reduces the overall temperature level on the TPMS.
At φ = 0.6% vol, higher-temperature regions remain more pronounced near the lower
heated portion of the structure, whereas at φ = 2.5% vol, the temperature distribution
shifts toward lower values and becomes more thermally moderated.

This behaviour agrees with the thermocouple temperature profiles shown in Figures 6–8,
where increasing nanoparticle concentration consistently reduced the predicted surface
temperature. The 3D visualization should therefore be interpreted as a geometric mapping
of the PINN-predicted x-z temperature field rather than a fully resolved three-dimensional
CFD temperature solution. Nevertheless, it provides useful physical insight into how
nanofluid concentration affects the spatial thermal response of the TPMS structure and helps
connect the one-dimensional thermocouple profiles with the complex three-dimensional
gyroid geometry.

Figure 10 illustrates the combined influence of volumetric flow rate and nanoparticle
concentration on the PINN-predicted mean temperature for the aluminum and silver TPMS
heat exchangers. For both materials, increasing the flow rate leads to a clear reduction
in mean temperature. This trend is expected because higher flow rates strengthen forced
convection inside the TPMS channels, allowing the working fluid to remove heat more
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effectively from the solid structure. As the flow rate increases, the thermal boundary layer
becomes thinner and the convective heat transfer coefficient increases, resulting in lower
average surface temperatures.

Figure 10. Effect of volumetric flow rate and nanoparticle volume fraction on the PINN-predicted
mean temperature for TPMS heat exchangers: (a) aluminum sample and (b) silver sample.

At a fixed flow rate, increasing nanoparticle concentration generally lowers the pre-
dicted mean temperature because the enhanced effective thermal conductivity improves
heat diffusion and strengthens heat transfer between the TPMS and the coolant.

This confirms the temperature-reduction trend discussed in Figures 6–8, where increas-
ing φ from 0 to 2.5% vol produced an approximate temperature reduction of 17.5–18.5%.
The effect is more noticeable at low and moderate flow rates, where the longer residence
time allows the enhanced nanofluid properties to contribute more strongly to heat removal.
At higher flow rates, forced convection becomes dominant, so the additional benefit of in-
creasing φ becomes less pronounced. The figure confirms the temperature-reduction trend
discussed earlier, where increasing the nanoparticle concentration reduced the predicted
temperature. When this concentration increase was combined with increasing the flow rate
from 3.74 to 19.85 cm3/s the overall temperature reduction reached approximately 33.5%.

The silver TPMS sample shows lower mean temperatures than aluminum under
similar conditions due to its higher thermal conductivity, which improves heat spreading
through the solid structure and enhances thermal coupling with the nanofluid. This
confirms that the thermal performance depends on both the coolant properties and the
TPMS material conductivity.

However, increasing nanoparticle concentration also has drawbacks. Higher φ in-
creases nanofluid viscosity, which can reduce flow mobility, increase pressure drop, and
require higher pumping power in the tortuous TPMS channels. At high concentrations, the
heat transfer benefit may become limited because thermal conductivity enhancement gives
diminishing returns while viscosity continues to rise. Excessive nanoparticle loading may
also cause agglomeration or sedimentation, reducing stability and increasing the risk of
non-uniform flow or clogging. Therefore, an optimum concentration should balance heat
transfer enhancement with viscosity, pressure drop, and suspension stability.

5.3. Convective Heat Transfer Performance and Heat-Removal Index

The heat-removal index provides an additional measure of overall thermal perfor-
mance by combining the effects of heat transfer coefficient, heat transfer area, and the
predicted temperature difference. Figure 11 compares the heat-removal index for alu-
minum and silver as a function of nanoparticle concentration at different flow rates. For
both materials, the heat-removal index is strongly affected by flow rate, with higher flow
rates producing larger values. This confirms that forced convection is the dominant mecha-
nism controlling heat extraction in the TPMS channels.
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Figure 11. Effective heat-removal index as a function of Al2O3 nanoparticle concentration at different
volumetric flow rates for TPMS heat exchangers: (a) aluminum sample and (b) silver sample.

A quantitative comparison was also conducted using the relative difference formula-
tion given in Equation (42) between the pure-water case φ = 0 and the highest nanofluid
concentration φ = 2.5% vol. The results show that the effective heat-removal index pre-
sented in Equation (33) changes by an average of approximately qindex = 3 W as the
nanoparticle concentration increases from φ = 0 to φ = 2.5% vol. This relatively small
variation occurs because the heat-removal index depends not only on he f f , but also on
the temperature difference between the TPMS and the inlet fluid. As nanoparticle con-
centration increases, he f f increases due to improved convective heat transfer; however,
Tmean decreases, which reduces the thermal driving temperature difference. These two
effects partly offset each other. Therefore, the observed variation indicates that nanoparticle
addition improves the local heat transfer coefficient, while the overall heat-removal index
is governed by a balance between enhanced convection and the reduced temperature
driving force.

Unlike the effective heat transfer coefficient, the heat-removal index does not increase
monotonically with nanoparticle concentration. In several cases, it remains nearly constant
or slightly decreases as concentration increases. This behaviour occurs because nanoparticle
addition lowers the predicted TPMS temperature, which reduces the temperature difference
between the solid surface and the inlet fluid. Therefore, the heat-removal index reflects
the combined effect of an improved convective coefficient and reduced thermal driving
potential. The comparison between aluminum and silver further demonstrates the influence
of solid thermal conductivity on the heat-removal index. In the present results, aluminum
generally shows larger heat-removal-index values because it is predicted that surface
temperatures remain relatively higher, producing a larger temperature difference relative
to the inlet fluid. Silver, on the other hand, maintains lower surface temperatures due to its
higher thermal conductivity, which improves heat spreading and temperature uniformity
within the TPMS structure. However, this also reduces the thermal driving temperature
difference used in the heat-removal-index calculation. Therefore, differences in the heat-
removal index should be interpreted together with the temperature profiles: Aluminum
provides a larger driving temperature difference, while silver provides stronger temperature
suppression and more uniform thermal behaviour.

Figure 11 also reveals that the heat-removal index is strongly influenced by flow rate,
with higher flow rates producing larger values. This confirms that forced convection is
the dominant mechanism controlling heat extraction within the TPMS channels. Collec-
tively, these results show that the PINN-based framework captures the coupled effects of
Reynolds number, nanoparticle concentration, and material conductivity on TPMS heat
transfer performance.

Increasing the flow rate consistently improves convective transport, while increasing
nanoparticle concentration enhances the effective heat transfer coefficient heff. However,
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the improvement in the heat-removal index becomes limited at higher concentrations
because the reduced surface temperature also lowers the available thermal driving force.
Therefore, the optimum nanofluid concentration should be selected by balancing heat
transfer enhancement with the resulting temperature difference, rather than relying only
on the maximum value of h.

The small non-monotonic variations in Figure 11a result from the competing
concentration-dependent terms in the effective heat-removal rate.

Nanoparticle addition increases the effective heat transfer coefficient but simultane-
ously reduces the predicted TPMS temperature and, hence, the available wall-to-fluid
temperature difference.

Because the heat-removal rate is proportional to the product he f f As(Ts − Tf ), an
increase in he f f may be partly or fully offset by a reduction in the thermal driving force.
The resulting trend, therefore, reflects the coupled transport behaviour represented by the
model rather than a direct monotonic dependence on nanoparticle concentration.

The convective heat transfer performance was evaluated using the PINN-predicted
temperature fields and the corresponding nanofluid thermophysical properties. Figure 12
presents the enhanced effective heat transfer coefficient, heff, as a function of Al2O3 nanopar-
ticle concentration for the aluminum TPMS sample at different volumetric flow rates. The
results show that heff increases consistently as the nanoparticle concentration increases from
φ = 0 to 2.5% vol. This trend confirms that adding nanoparticles improves the convective
heat transfer capability of the working fluid.

Figure 12. Enhanced effective heat transfer coefficient, he f f , as a function of Al2O3 nanoparticle
concentration at different volumetric flow rates for the aluminum TPMS heat exchanger.

At a fixed flow rate, the increase in heff is mainly attributed to the enhancement of
the nanofluid effective thermal conductivity. As the Al2O3 concentration increases, heat
diffusion within the fluid improves, and the thermal interaction between the TPMS solid
surface and the flowing coolant becomes stronger. Figure 12 shows that the flow rate has a
strong influence on heff. Higher flow rates produce larger effective heat transfer coefficients
because stronger forced convection reduces the thermal boundary layer thickness and
enhances heat exchange inside the TPMS channels.

A quantitative comparison using Equation (42) shows that, at a fixed concentration,
increasing the flow rate improves heff by approximately 50.39%, while at a fixed flow rate,
increasing the nanoparticle concentration improves heff by approximately 23.57%. When the
concentration effect was combined with increasing the flow rate, the overall improvement
reached about 62.08%.

This confirms that both nanoparticle concentration and flow rate contribute to con-
vective enhancement, with flow rate producing the stronger overall effect in the present
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results. It should also be noted that Figure 12 is presented for the aluminum sample only
because, in the present formulation, he f f is mainly governed by the heat transfer balance,
nanofluid properties, flow rate, and geometry. The solid thermal conductivity ks does not
directly control the concentration-based variation in heff in this plot. Therefore, the silver
case is expected to follow a similar trend, while material-dependent effects are more clearly
reflected in the temperature profiles and heat-removal-index results.

5.4. Nusselt Number Enhancement and Scaling Behaviour

Figure 13a,b presents the variation in the effective Nusselt number with nanoparticle
concentration and equivalent Reynolds number for the aluminum TPMS heat exchanger.
The Nusselt number was evaluated from the effective heat transfer coefficient using the
rearranged form of Equation (32). In this formulation, the Nusselt number represents the
combined effects of convective heat transfer, flow conditions, nanofluid thermophysical
properties, and TPMS geometry.

Figure 13. Effective Nusselt number variation for the aluminum TPMS heat exchanger: (a) effective
Nusselt number as a function of Al2O3 nanoparticle concentration at different volumetric flow rates;
(b) effective Nusselt number as a function of equivalent Reynolds number at different nanoparticle
concentrations.

Figure 13a shows that the effective Nusselt number increases with Al2O3 concentration
for all investigated flow rates. At a fixed flow rate, increasing nanoparticle concentration im-
proves the thermal transport capability of the working fluid, which consequently increases
Nu by approximately 17.98% as the concentration rises from φ = 0 to φ = 2.5% vol.

The lowest Nusselt numbers are observed for pure water φ = 0, while the high-
est values occur at the maximum nanoparticle concentration φ = 2.5% vol. This con-
firms that nanofluid addition enhances convective heat transfer performance inside the
TPMS channels.

The influence of flow rate is also evident in Figure 13a. Higher volumetric flow rates
produce higher Nusselt numbers, with an improvement of approximately 50.39% across
the investigated flow-rate range. This behaviour is consistent with forced convection
theory, where increasing the flow rate increases the Reynolds number, reduces the ther-
mal boundary layer thickness, and strengthens heat exchange between the TPMS and
the coolant.

Nonlinear behaviour is observed between the Nusselt number and Reynolds number,
as shown in Figure 13b. At the same Reynolds number, higher Al2O3 concentrations
produce higher Nusselt numbers, confirming the additional contribution of nanofluid
thermal enhancement beyond flow-driven convection.

Increasing the concentration from φ = 0 to 2.5% vol improves Nu by approximately
17.98%. This effect becomes more pronounced at higher flow intensity: a low Reynolds
number, Nu increases from 24.77 to 30.20, while at Re ≈ 600, Nu increases from 49.93.
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Overall, combining the nanoparticle-concentration increase with the flow-rate increase
improves the effective Nusselt number by approximately 58.33% and increases the Reynolds
number by approximately 59.32%.

The nonlinear trend shows that heat transfer enhancement is controlled by both
nanoparticle concentration and flow intensity. Al2O3 addition improves Nu, but its effect
becomes more significant at higher Reynolds numbers because stronger flow enhances con-
vective transport inside the TPMS channels. Although the Nusselt number increases with
concentration, the enhancement should not be interpreted as purely material-dependent.

In the present formulation, Nu is governed mainly by heff, knf flow rate φ, and hydraulic
diameter Dh, while the solid thermal conductivity ks does not explicitly appear in the
Nusselt number calculation. For this reason, the aluminum case is used as the representative
material for the Nusselt number analysis. The silver case is expected to follow a similar
scaling trend, while material-dependent effects are more clearly reflected in the temperature
profiles and heat-removal-index results.

The results also show that the Nusselt number increases more smoothly with con-
centration than the temperature reduction trends. This is because the Nusselt number
is directly linked to the effective heat transfer coefficient, whereas the temperature and
heat-removal-index results also depend on the thermal driving temperature difference.
Therefore, increasing nanoparticle concentration can improve Nu while producing smaller
gains in the overall heat-removal index. This highlights the need to interpret Nusselt num-
ber enhancement together with temperature reduction, heat-removal capacity, viscosity
effects, and pumping-power requirements.

Ultimately, Figure 13a,b demonstrates that both Reynolds number and nanoparti-
cle concentration enhance the convective heat transfer performance of the TPMS heat
exchanger. The PINN-based framework captures these physically consistent trends
by combining learned temperature-field reconstruction with thermos-physical-property-
based heat transfer post-processing. This supports the use of the proposed model
for evaluating nanofluid-enhanced TPMS heat exchangers across different flow and
concentration conditions.

5.5. Implications for TPMS Heat Exchanger Design

The results demonstrate that nanofluid-enhanced TPMS heat exchangers exhibit opti-
mal operating regimes in which thermal performance gains are maximized while viscosity-
induced penalties remain limited. The PINN framework enables rapid exploration of
this design space by predicting thermal behaviour across a wide range of nanoparticle
concentrations and flow rates without requiring additional experiments or computationally
expensive simulations.

From a practical perspective, the findings suggest that moderate nanoparticle con-
centrations provide the most favourable trade-off between heat transfer enhancement and
hydrodynamic performance. Excessive concentrations may produce diminishing ther-
mal returns, particularly in highly tortuous TPMS geometries, where increased viscosity
can raise pressure drop and pumping-power requirements. Therefore, the selection of
nanofluid concentration should consider not only the enhancement in he f f and Nu, but also
the associated changes in mean temperature, heat-removal capacity, and flow resistance.

In essence, the present results confirm that the proposed PINN-based approach can pro-
vide physically consistent predictions of nanofluid heat transfer in TPMS heat exchangers.
The model successfully captures the coupled effects of flow rate, nanoparticle concentration,
and material conductivity on temperature distribution and convective performance. These
insights provide a useful basis for optimizing next-generation TPMS heat exchangers and
selecting appropriate working-fluid formulations for improved thermal management.
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5.6. Limitations of Concentration Extrapolation

The proposed framework combines a PINN trained using experimental measurements
at pure water and the reference nanofluid concentration φre f = 0.6% with a physics-
based concentration scaling model to predict thermal behaviour at other nanoparticle
concentrations. Consequently, the predictive capability outside the training conditions
depends on the validity of the concentration scaling model rather than on direct learning
from experimental data.

The extrapolation assumes that the governing heat transfer mechanisms remain un-
changed throughout the investigated concentration range and that the nanofluid can be
represented as a homogeneous single-phase effective medium. It is further assumed that the
concentration-dependent variations in density, viscosity, specific heat, and thermal conduc-
tivity are adequately described by the adopted effective-property correlations. Under these
assumptions, the Reynolds number, Prandtl number, and effective thermal conductivity
remain the dominant parameters controlling convective heat transfer.

As the nanoparticle concentration increases, additional phenomena such as particle
agglomeration, sedimentation, non-uniform dispersion, changes in rheological behaviour,
and fouling may become increasingly important. These effects are not explicitly repre-
sented in the present concentration scaling model and may reduce prediction accuracy
at concentrations significantly higher than the experimental reference condition. Conse-
quently, the present framework should be regarded as most reliable within the investi-
gated concentration range, while predictions obtained farther from the training concen-
tration should be interpreted with appropriate caution until validated using independent
experimental measurements.

Because the available experimental dataset was intentionally limited, all measured
temperatures were used during training to maximize the information available for learning
the governing thermal physics. The physics-informed loss evaluated at the collocation
points acted as an intrinsic regularization mechanism by constraining the solution to satisfy
the governing energy equation throughout the computational domain. Consequently,
the reported RMSE reflects reconstruction accuracy rather than independent predictive
accuracy. Future work will include additional experimental datasets acquired at different
nanoparticle concentrations and operating conditions to enable independent validation
and more rigorous assessment of the model generalization capability.

6. Conclusions
This study developed a hybrid physics-informed neural network (PINN) framework

for predicting nanofluid thermal transport in TPMS gyroid heat exchangers using sparse
experimental measurements. The framework integrates experimental thermocouple data,
the governing convection–diffusion equation, concentration-dependent nanofluid property
models, and a physics-based concentration scaling approach. The PINN reconstructs the
reference TPMS temperature field, while the effective heat transfer coefficient and Nusselt
number are subsequently evaluated from the predicted temperatures using an energy
balance formulation.

The proposed framework accurately reconstructed the experimental temperature field,
yielding a reconstruction RMSE of 0.028 ◦C, a MAPE of 0.0899%, and an R2 value of 0.99994.
Excellent agreement between the reconstructed and measured temperature profiles was
obtained for both aluminum and silver TPMS heat exchangers, demonstrating the capability
of the proposed framework to capture the thermal behaviour of the investigated system.

The results showed that increasing nanoparticle concentration and volumetric flow
rate enhanced the thermal performance of the TPMS heat exchanger. The combined effect re-
duced the predicted TPMS temperature by approximately 33.5% and increased the effective
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heat transfer coefficient, Nusselt number, and Reynolds number by approximately 62.08%,
58.33%, and 59.32%, respectively. The silver TPMS produced lower and more uniform
temperatures because of its higher thermal conductivity, whereas the aluminum TPMS
exhibited a greater heat-removal capacity owing to its larger wall-to-fluid temperature
difference, highlighting that lower surface temperature and higher heat-removal capacity
are not necessarily equivalent measures of thermal performance.

The LTE–LTNE sensitivity analysis confirmed that the local thermal equilibrium as-
sumption is appropriate for the investigated TPMS geometry and operating conditions,
with only minor differences observed between the LTE and LTNE predictions. Overall,
the proposed hybrid PINN framework provides a computationally efficient and physically
consistent surrogate model for evaluating nanofluid-enhanced TPMS heat exchangers while
substantially reducing the need for extensive experimentation and computationally expen-
sive numerical simulations. Future work will focus on validating the framework using
additional experimental datasets at multiple nanoparticle concentrations, incorporating
pressure-drop measurements and fully three-dimensional flow fields, and extending the
methodology to other nanofluids and TPMS architectures.
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Nomenclature

T Temperature ◦C
Tf Nanofluid temperature
Ts Solid structure temperature
Tpred Predicted temperatures
φ Concertation
φref Experiment reference concertation
Dh Hydraulic diameter
ρ Density kg/m3

CP Specific heat capacity
heff Heat transfer coefficient
k Thermal conductivity
keff Effective thermal conductivity
ks Solid thermal conductivity
kref Reference thermal conductivity
Q Flow rate
pi Measurement location index
Tmean Measured temperature
λ Regularization weight for optimization model
Q(t) Heat flux
Φ Gyroid surface equation
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LPDE Quantifies the physics of the heat-conduction partial differential equation.
Ldata PINN-predicted temperature matches the measured temperature data.
q′′ Surface heat flux
qindex Effective heat-removal index
N Total number of material elements in the model.
RPDE Physics residual of the governing energy equation
Nu Nusselt number
Nubase Base or reference Nusselt number
Dh Hydraulic diameter
A f Fluid-filled cross-sectional area
Re Reynolds number
Pe Péclet number
up Pore velocity
uavg Average velocity
σT Standard deviation
µ Dynamic viscosity
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