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Abstract

This work presents a new Battery Thermal Management System (BTMS) concept utilizing
a metal foam manifold cold plate (MFMCP), developed specifically to meet the rising
thermal dissipation needs of lithium-ion batteries. By coupling a manifold flow design and
high-conductivity metal foams (characterized via SEM), the system significantly enhanced
heat transfer and temperature uniformity. A Local Thermal Equilibrium (LTE) model
evaluated thermal–hydraulic performance across varying Reynolds numbers (40–200),
foam structures (PPI and porosity), and Al2O3 nanofluid concentrations. Results indicated
that an optimal foam structure (95 PPI, porosity of 0.905) yielded a significant surface
temperature reduction of 15 K. Although the Al2O3 nanofluid provided an additional
cooling effect of 0.3 K, its pressure penalty lowered the performance evaluation criterion
(PEC); the highest initial PEC of 2.57 was established when employing the pure base
fluid without any functional additives. A Multi-Layer Perceptron (MLP) model was
developed to expedite design validation, achieving high predictive accuracy as evidenced
by an R2 of 0.983 and an MRE of 1.8%. Subsequent optimization via a genetic algorithm
(GA) further increased the maximum PEC by 12% to 2.88. Equal pumping power system
simulations indicated that the MFMCP design achieved a peak cell temperature of 304.35 K,
outperforming traditional designs which peaked at 308.33 K. Furthermore, transient tests
at 1C to 2C discharge rates confirmed consistent cooling improvements, demonstrating the
MFMCP’s promising potential for dynamic operational conditions.

Keywords: cold plate; MLP; Al2O3 nanofluid; battery thermal management; metal foam

1. Introduction
The rapid development of renewable energy generation projects, such as photovoltaics

and wind power, has rendered the intermittency and spatial dispersion of clean electricity
increasingly prominent challenges in power system operation and planning [1,2]. Grid-
scale energy storage is therefore widely regarded as a key enabling technology to enhance
supply–demand balance, improve dispatch flexibility, and maintain grid stability under
high renewable penetration [3]. Within the diverse landscape of energy storage technolo-
gies, the preeminent position has been secured by lithium-ion battery (LIB)-based systems,
which have seen widespread adoption across various sectors. This prominence stems
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from their exceptional combination of high energy density, prolonged cycle life, and rapid
dynamic response capabilities [4]. Nevertheless, large-format LIB packs deployed in grid-
scale energy storage facilities are typically configured with ultra-high cell packing densities
and constrained heat dissipation surfaces. This structural design inherently creates thermal
bottlenecks, which can trigger severe heat accumulation and pronounced spatial temper-
ature gradients during high-rate charge–discharge cycles or prolonged frequent cycling
operations [5,6]. Elevated temperature and large thermal gradients not only accelerate
performance degradation and aging, but also increase safety risks associated with ther-
mal runaway propagation, thereby threatening the reliability of the entire energy storage
system [7]. Consequently, an advanced battery thermal management system (BTMS) stands
as a critical prerequisite for upholding the safe and reliable operation of large-scale LIB
energy storage installations [8,9]. In this context, liquid-cooled cold plates have attracted
considerable attention because they can provide high heat-removal capability, compact
integration, and effective temperature regulation [10,11]. Nevertheless, as the critical com-
ponent in liquid-cooled BTMS, cold-plate design remains constrained by a fundamental en-
gineering paradox. Improving heat transfer efficiency and temperature uniformity usually
increases flow resistance, forcing designers to accept higher pumping-power consumption.
This fundamental performance dilemma persists as a critical bottleneck hindering further
optimization of liquid-cooled BTMS overall performance [12,13].

To address the aforementioned challenges, extensive efforts have been devoted to
enhancing and optimizing cold-plate designs [14,15]. One mainstream approach is conven-
tional parametric (geometric) optimization, where key design variables—such as channel
aspect ratio, rib thickness, inlet/outlet placement, header (manifold) dimensions, and flow-
path arrangement—are systematically tuned to improve flow distribution and suppress
hotspot temperatures. For instance, Zhan et al. [16] carried out an exhaustive investi-
gation focusing on the relationship between inlet–outlet arrangement and the thermal
characteristics of cold plates, as well as their overall hydraulic performance. Additionally,
the study delved into the effects of critical geometric variables, including channel depth
and mass flow rate, to identify optimal design parameters. Their findings revealed that
the optimal inlet–outlet layout is highly dependent on specific performance metrics (e.g.,
maximum temperature, temperature uniformity, or pressure drop), highlighting the inher-
ent trade-offs in cold-plate design that are dictated by layout choices. Keyinci et al. [17]
proposed an innovative curved multi-branch liquid-cooled plate with a multi-inlet layout.
They systematically compared the thermal–hydraulic performance of different channel
configurations using computational fluid dynamics (CFD) simulations. The multi-inlet
design significantly improved temperature uniformity and reduced maximum temperature
(Tmax), whereas increasing channel number/complexity tended to raise pressure drop, high-
lighting the thermal–hydraulic trade-off. On the other hand, topology optimization (TO)
has developed into an advanced design approach that intelligently reconstructs channel
networks within predefined volume and constraint conditions. It allows for more balanced
compromises between enhanced heat transfer efficiency and reduced pressure-drop costs.
Mo et al. [18] leveraged TO to develop an optimized liquid cold plate tailored for BTMS,
and subsequently conducted a comparative analysis against a traditional straight-channel
cold plate. The findings demonstrated that the flow network derived from TO is capable of
concurrently reducing both the peak temperature and flow resistance. Furthermore, they
performed an exhaustive examination of the effects that different coolant flow rates and
inlet temperatures exert on the optimized design’s performance. Chen et al. [19] adopted a
two-step approach to create topology-optimized cold plates: initially acquiring 2D channel
topologies via TO, then rebuilding corresponding 3D models to perform numerical per-
formance evaluations. Their analyses showed that topology-generated channel networks
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outperform traditional layouts (e.g., serpentine/straight) in overall thermal–hydraulic
performance, and highlighted the sensitivity of performance to inlet/outlet placement.
Ji et al. [20] introduced TO for pouch-battery cold plates while explicitly considering
heat-distribution characteristics, and formulated multi-objective problems to maximize
heat transfer while minimizing flow resistance. The resulting topology designs (under
different inlet-position settings) improved temperature regulation and delivered a better
thermal–hydraulic trade-off compared with baseline configurations.

In addition, to overcome the fundamental limitations associated with exclusive geo-
metric optimization—specifically the inevitable trade-off between improving heat transfer
capabilities and managing pressure drop penalties—numerous studies have begun imple-
menting advanced heat transfer enhancement methods. These include the introduction of
porous metal foam materials within flow channels, which can be configured as full-volume
fillings or strategically embedded structural components. Such porous inserts can promote
fluid mixing through flow disturbance and provide higher effective thermal conductivity
due to their large specific surface area. Ki et al. [21] developed an energy-efficient liq-
uid cooling system that integrates multiscale manifold distributors with a porous metal
layer. This innovative design not only optimizes coolant distribution across the target
surface but also effectively minimizes heat spreading resistance, thereby enhancing over-
all thermal management performance. Results demonstrated that, in comparison with a
straight-channel module operating at the same flow rate, the proposed design enhanced
temperature uniformity by approximately 12.9% and lowered the maximum cell temper-
ature by around 7.4%. It is worth noting that at a flow rate as low as 3 L per minute, the
device recorded a Tmax of roughly 43.3 ◦C, and its temperature fluctuation was limited to
less than 2 K. Keyhani-Asl et al. [22] developed a hybrid BTMS integrating cold plates with
liquid-cooled channels enhanced by copper-foam layers, and optimized the foam-layer
thickness to balance heat transfer and pressure loss. Their results showed that an opti-
mized 4 mm foam layer reduced the maximum surface temperature by 9 K while keeping
temperature non-uniformity below 1 K under 5C discharge, with minimal pressure-drop
penalty and improved energy density by reducing required cold plates. Rabiei et al. [23]
put forward a unique Hybrid Liquid Cold Plate design to improve the operational effi-
ciency of BTMS. To optimize cooling performance under different ambient conditions, the
researchers designed several cold plate structures, including wavy microchannels, straight
microchannels, and metal foam-embedded microchannels, and analyzed their performance
under various coolant flow rates (2.5–17 kg/s) and ambient temperatures. Test results
revealed that the wavy microchannel design effectively suppressed temperature spikes,
achieving a 4–6 ◦C reduction in maximum temperature when compared to conventional
straight microchannels, with improved thermal performance, especially at lower coolant
flow rates. Despite these promising thermal improvements, metal-foam-enhanced cold
plates still face an inherent trade-off between heat-transfer enhancement and hydraulic
performance, because the porous structure may introduce additional viscous and inertial
resistance, increase pressure drop, and raise pumping-power requirements. Moreover, most
existing studies have focused on conventional straight, wavy, or locally enhanced chan-
nels, while the integration of porous metal foam into manifold-based overflow structures
remains insufficiently explored.

Furthermore, surrogate-assisted machine-learning optimization has been increasingly
adopted to efficiently explore high-dimensional design spaces, striking a more favor-
able balance between heat-transfer enhancement and flow resistance reduction (pressure-
drop/pumping-power) penalties [24–26]. Zheng et al. [27] engineered a deep learning-
enabled framework to map cold plate structural attributes to thermal–hydraulic responses,
before pairing the trained model with the NSGA-II algorithm for multi-objective opti-
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mization; their optimized bionic plate simultaneously reduced the battery temperature
difference and pressure drop compared with a conventional design. Ebbs-Picken et al. [28]
proposed a generalized cold-plate design optimization pipeline. Using a hierarchical deep
encoder–decoder neural network as a surrogate, it predicts full pressure, velocity, and
temperature fields to enable NSGA-II-driven evolutionary optimization, with manufac-
turability constraints integrated into the process; the optimized plates achieved concurrent
reductions in maximum temperature, temperature non-uniformity, and pressure loss, with
substantially lower computational cost than direct transient CFD-based optimization.

Although manifold cold plates, porous metal foams, nanofluids, and machine-learning-
assisted optimization have each demonstrated considerable potential for improving battery
thermal management, these enhancement strategies have largely been investigated in-
dependently. Existing manifold cold plate studies mainly focus on flow redistribution
through channel geometry optimization, whereas porous metal foam studies primarily
investigate local heat-transfer enhancement in conventional channels. Similarly, nanofluids
have generally been employed to improve coolant thermophysical properties without
systematically considering their coupled interaction with manifold structures. Moreover,
machine-learning approaches have mainly been applied to temperature prediction or geo-
metric optimization rather than to the coupled optimization of manifold flow distribution,
porous morphology, and coolant properties. Therefore, the combined thermal–hydraulic
behavior of a nanofluid-cooled, metal-foam-filled manifold cold plate has not yet been
systematically investigated for large-capacity battery energy storage systems.

To address this gap, the present study develops an integrated thermal–hydraulic
design and optimization framework that combines a manifold cold plate, metal-foam-
filled overflow channels, Al2O3–water nanofluid, CFD simulations, and machine-learning-
assisted optimization. The manifold architecture is employed to improve coolant distribu-
tion and repeatedly regenerate the thermal boundary layer, while the metal foam increases
the effective heat-transfer area, enhances solid–fluid thermal transport, and promotes lo-
cal fluid mixing. The nanofluid further modifies the coolant thermal conductivity, heat
capacity, viscosity, and density, resulting in coupled effects on both heat transfer and pres-
sure loss. These interactions are first evaluated at the periodic overflow-unit level over
different Reynolds numbers, foam morphologies, and nanoparticle concentrations. An
MLP surrogate model is subsequently trained using the CFD dataset and coupled with
a genetic algorithm to efficiently identify the parameter combination that maximizes the
performance evaluation criterion. Finally, the optimized configuration is assessed at the
full battery-pack level under equal pumping power and transient discharge conditions.

2. Methodology
2.1. Geometric Model

For this study, a representative lithium-ion battery pack for energy storage applications
was selected, consisting of 52 prismatic cells arranged in a 4 × 13 configuration. The overall
dimensions of the battery pack are 978 mm × 704 mm × 207 mm, and each cell is a
280 Ah LiFePO4 battery with dimensions of 173 mm × 71 mm × 207 mm. The equivalent
density and specific heat capacity of the battery pack are 2238.9 kg/m3 and 1190 J/(kg·K),
respectively. Owing to the layered internal structure of the prismatic cells, anisotropic
thermal conductivity was adopted, with a value of 20.2327 W/(m·K) in the x- and z-
directions and 6.0835 W/(m·K) in the y-direction. The manifold channel has a height
of 2 mm and a width of 2 mm, while the overflow channel has a height of 6 mm and a
width of 4 mm. These dimensional parameters play a key role in determining the cooling
efficiency and thermal performance of the system. As depicted in Figure 1, battery racks
for energy storage systems are usually assembled from multiple modules, each combining
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lithium-ion batteries with an integrated cold plate. The module utilized in this research
consists of 52 series-linked LFP batteries, with a cold plate mounted at the base of the
battery stack. This advanced cold plate design integrates a dual-manifold system, where
cooling fluid enters through the primary inlet manifold, flows through precision-engineered
inlet channels, and is then channeled into overflow channels that prevent flow stagnation
and enhance heat transfer efficiency across the entire plate surface. As the heat exchange
process proceeds, the coolant reverses its flow path, passing through the channels linked
to the outlet manifold and converging into the manifold structure before exiting the cold
plate assembly. The manifold-channel cold plate design transforms the coolant flow from a
conventional single-inlet, single-outlet configuration into a more complex multi-inlet, multi-
outlet intermittent flow pattern. This design maximizes the entrance effect, improving heat
transfer efficiency. To further enhance the cold plate’s heat transfer capabilities, porous
metal foam was incorporated into the overflow channels in this study. Four types of metal
foams, each with different PPI (pores per inch), were selected. The ligament thickness
(df) and pore diameter (dp) of these metal foams were measured using scanning electron
microscopy (SEM, Phenom ProX, Thermo Fisher Scientific, Waltham, MA, USA), providing
detailed insights into their microstructure.

Figure 1. Conceptual layout of the battery pack cooling system using a metal-foam-filled manifold
cold plate.

In this study, four different metal foam configurations are considered, each char-
acterized by varying PPI (pores per inch), porosity (ε), pore diameter (dp), and ligament
thickness (df). Four distinct cases of porous structures are analyzed, with key morphological
parameters summarized as follows:

Case 1: This configuration has a PPI of 35, a porosity level of 0.933, a pore diameter
ranging from 0.68 to 0.72 mm, and a ligament thickness between 0.30 and 0.34 mm.

Case 2: With a PPI of 40, this case shows a marginally higher porosity of 0.944
compared to Case 1, paired with an expanded pore diameter of 0.78–0.82 mm and a
reduced ligament thickness of 0.18–0.22 mm.

Case 3: Featuring a PPI of 60, this structure shares the same 0.933 porosity as Case 1, but
has a narrower pore diameter of 0.41–0.45 mm and a ligament thickness of 0.19–0.23 mm.

Case 4: Representing the extreme end of the parameter spectrum, this case has the high-
est PPI (95) alongside the lowest porosity (0.905), smallest pore diameter (0.25–0.29 mm),
and thinnest ligament thickness (0.14–0.18 mm).

These distinct metal foam configurations are specifically chosen to investigate their
effects on thermal and flow performance within the battery pack cooling system. Given
that pore structures directly dictate heat transfer efficiency and flow resistance, variations
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in these structures are anticipated to exert a notable influence on the overall performance
of the cooling system.

2.2. Geometry and Simulation Cases

Al2O3 nanofluid is formulated by dispersing aluminum oxide nanoparticles in deion-
ized water, with the resulting suspension treated as a homogeneous single-phase medium
within the present numerical framework. Three nanoparticle volume fractions, ϕ = 1%, 3%,
and 5%, are examined. The correlations and procedures adopted to determine the thermo-
physical properties of the nanoparticle-base-fluid mixture are summarized in Table 1.

Table 1. Water-based Al2O3 nanofluid thermophysical properties prediction model.

Parameter Water Al2O3 Water-Based Al2O3 Nanofluid Reference

ρ (kg/m3) ρb f = 998.2 ρnp = 3970 ρn f = (1 − ϕ)ρb f + ϕρnp G. Topcu et al. [29], S. A. Khan et al. [30]

Cp (J/kg · K) cp,b f = 4190 cp,np = 765 cp,n f = (1 − ϕ)cp,b f + ϕcp,np

M. K. Najafabadi et al. [31],
B. N. RAO and T. Sreedhar [32]

k (W/m · K) kb f = 0.613 knp = 40 kn f =
knp+2kb f −2(kb f −knp)ϕ

knp+2kb f +(kb f −knp)ϕ
kb f

M.R. Sohel et al. [33],
M. K. Moraveji and R. M. Ardehali [34]

µ (Pa · s) µb f = 0.001005 - µn f = µb f (123ϕ2 + 7.3ϕ + 1) A. M. Ali et al. [35]

2.3. CFD Model Construction Methodology
2.3.1. Governing Equation

Since the Reynolds number in the clear-fluid (non-metal-foam) region is below 200,
the flow is modeled as laminar. In the porous zone, the superficial/average velocity varies
from 0.01 to 0.07 m/s, which falls within the applicability range of the Brinkman–Darcy–
Forchheimer formulation as reported in the literature [36,37]. When the coolant temperature
variation is as small as 9 K, the corresponding changes in its thermophysical properties
listed in Table 1 can be neglected [38]. Under these assumptions, the governing equations
can be written in the simplified form:

Continuity equation [39]:

∂ρ

∂t
+

∂u
∂x

+
∂u
∂y

+
∂u
∂z

= 0 (1)

Momentum equation of fluid in the non-metal foam region [40]:

ρ f (
∂u
∂t

+ (u ×∇u)) = −∇p + µ∇2u (2)

• u represents the velocity.
• ρ f represents the density.
• p represents the pressure.
• µ represents the viscosity.

The Brinkman–Darcy–Forchheimer model for the porous region [41]:

ρ

ε2 (u ×∇)u = −∇p + u∇2u − µ

KF
u − ρF√

KF
|u|u (3)

• KF represents the Forchheimer permeability.
• F represents the Forchheimer coefficient.
• ε represents the porosity of the metal foam.
• KF and F are computed via:
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KF = 0.00073(1 − ε)−0.224(d f /dp)
−1.11d2

p (4)

F = 0.00212(1 − ε)−0.132(d f /dp)
−1.63 (5)

The strut diameter (df) and pore diameter (dp) were extracted from SEM characteri-
zation. Using Equations (4) and (5), the resulting permeability KF and inertial factor F for
metal foams at various PPI levels are computed and tabulated as follows: Case 1 with KF of
1.56, F of 0.01085; Case 2 with KF of 4.15, F of 0.02971; Case 3 with KF of 0.548, F of 0.00974;
Case 4 with KF of 0.161, F of 0.00679.

In porous-media heat transfer analyses, the Local Thermal Equilibrium (LTE) model
operates on the premise that the solid and fluid phases within a control volume maintain
thermal equilibrium, meaning both phases share a uniform temperature field. Although
heat is exchanged between the solid skeleton and the fluid, the resulting temperature
deviation between them is considered very small [42,43]. Accordingly, the governing
energy equation for the LTE model can be expressed as:

LTE model [44]:

ρ f cp, f (
∂Tf

∂t
+ u ×∇Tf ) = ∇× (keff∇Tf ) + S (6)

• cp, f represents the specific heat capacity of the fluid.
• Tf represents the temperature of the fluid.
• keff represents the effective thermal conductivity.
• S represents the heat source.

Solid domain:

ρscp,s
∂Tf

∂t
= ∇× (ks∇Ts) + S (7)

• cp, f represents the specific heat capacity of the solid.
• Ts represents the temperature of the solid.
• ks represents the thermal conductivity of the solid.

To enable a rigorous comparative assessment of the overflow unit across different
operating conditions, a suite of thermal and hydraulic performance indicators is defined.
These include Reynolds number (for flow regime characterization), hydraulic diameter
(for channel geometry), convective heat transfer coefficient and Nusselt number (for heat
transfer performance), friction factor (for flow resistance), and PEC (for comprehensive
performance evaluation) [45,46]. The calculation methods for each parameter are provided
as follows:

Reynolds number:

Re =
ρuD

µ
(8)

where D is defined as the hydraulic diameter of the overflow channel and can be calculated
by:

D =
2hm × wm

hm + wm
(9)

where hm represents the height of the manifold channel, and wm represents its width.
Local heat transfer coefficient for the overflow channel:

h =
q

Tbase,ave − Tm
(10)
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In the present study, q is the heat flux on the heating surface, Tbase,ave is the average
heating-surface temperature, and Tm is the mean fluid temperature, taken as the average of
the inlet and outlet temperatures:

Tm =
Tin + Tout

2
(11)

where Tin and Tout correspond to the temperatures of the fluid at the inlet and outlet,
respectively.

The average Nusselt number is calculated as follows:

Nu =
h × D

k
(12)

Friction factor:
f =

∆p × D
1/2 × (ρu2L)

(13)

where ∆p represents the pressure drop at the inlet and outlet, and L represents the length
of the overflow channel.

For heat exchanger assessment, the Nusselt number is commonly used to quantify heat-
transfer performance, whereas the friction factor (f ) reflects flow resistance. To concurrently
address both the enhancement of thermal efficiency and the accompanying hydraulic
penalty, the performance evaluation criterion (PEC) is adopted as a unified indicator for
design assessment. The PEC is defined in terms of Nu and f as:

PEC =
Nu/Nu0

( f / f0)
1/3 (14)

The pumping power required to circulate the coolant through the cold plate is calcu-
lated as:

Pp = ∆p × Qinlet (15)

• Pp represents the pumping power,
• ∆p represents the pressure drop of the inlet and outlet.
• Qinlet represents the volumetric flow rate at the inlet.

2.3.2. Battery Heat Generation Model

In Equation (7), denotes the battery heat generation rate, which is calculated as:

S =
Qb
Vb

(16)

where Vb represents the volume of the battery, and Qb corresponds to the heat generation
during the charge–discharge process, expressed as:

Qb = I2R − IT
dVoc

dT
(17)

where I, Ri, T and Voc are the current, internal resistance, battery temperature, and open-
circuit voltage, respectively. The derivation and implementation steps are provided in the
corresponding reference [47].

The heat generation function of the battery is delineated as follows:
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Qb =



19.5 − 779 × DOD + 22125.1 × DOD2 − 30960 × DOD3 + 2469540 × DOD4

−11986800 × DOD5 + 35993900 × DOD6 − 65200200 × DOD7+

65197800 × DOD8 − 27607400 × DOD9, DOD < 0.16
16 − 39 × DOD + 55.9612 × DOD2 − 60.0829 × DOD3, 0.16 ≤ DOD < 0.37

3.16516 − 163.279 × DOD + 656 × DOD2 + 668.94 × DOD3, 0.37 ≤ DOD < 0.5
46.83774 − 401.20154 × (1 − DOD) + 2301.55062 × (1 − DOD)2 − 7355.81 × (1 − DOD)3

+11143.95 × (1 − DOD)4 − 6219.8834 × (1 − DOD)5 DOD ≥ 0.5
(18)

where DOD, the Depth of Discharge, can be converted to the State of Charge (SOC):

SOC = SOCinitial −
I × t

3600Ccap
(19)

DOD = 1 − SOC (20)

Figure 2 illustrates the heat generation rate and output voltage profiles during the
0.5 C discharge process at 25 ◦C. A distinct peak emerges at the initial discharge stage
(when the depth of discharge, DOD, is below 0.005), followed by a continuous decline that
persists until DOD reaches approximately 0.5, before a remarkable upward trend occurs in
the late phase of the discharge cycle.

Figure 2. Heat generation rates at various depths of discharge [47].

2.3.3. Calculation Model and Assumptions

Discretization of governing equations was performed using the finite volume method,
with ANSYS 2024 R1 Fluent employed for solution. A segregated solver with the SIM-
PLEC pressure–velocity coupling scheme was employed. Spatial gradients were evaluated
through a cell-based least-squares method, with pressure discretized to second-order ac-
curacy. Meanwhile, second-order upwind schemes were utilized for the discretization of
momentum and energy equations. To enhance computational efficiency, a two-stage simu-
lation strategy is adopted in this study. In the first stage, the overflow unit is prioritized for
simulation to screen the optimal metal foam configuration. Given that this stage prioritizes
comparing the thermal performance of distinct metal foam assemblies over capturing
dynamic thermal responses, a steady-state simulation was judged to meet the requirements.
A uniform heat flux boundary condition was imposed on the interface between battery cells
and the hollow cold plate. To ensure the experimental results accurately reflect the effect
of metal foam on heat dissipation, heat transfer between the overflow unit and ambient
surroundings was intentionally excluded from the analysis, creating a controlled thermal
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environment that isolates the variable of interest. Upon identifying the optimal metal foam
combination through the first-stage screening, the second stage focuses on simulating the
entire battery pack to validate the thermal management performance under more realistic
operating conditions. Both steady and transient simulations are conducted in this stage to
comprehensively evaluate the thermal behavior of the battery pack. Unlike the first stage,
heat exchange between the battery pack and the ambient environment is considered, with a
convective heat transfer coefficient set to 5 W/(m2·K) and a constant ambient temperature
of 297 K.

2.3.4. Mesh Independence Check

To verify mesh independence, a mesh sensitivity analysis was conducted, tracking
average heating-surface temperature and inlet–outlet pressure difference, as shown in
Figure 3. When the total cell count is greater than 0.36 million, these indicators remain es-
sentially unchanged, confirming that further mesh refinement has little effect on the results.

Figure 3. Mesh division and verification of overflow unit: (a) mesh division; (b) mesh independence
verification.

2.3.5. Numerical Validation

To further assess the accuracy of the numerical methodology adopted in this study,
two components of the computational framework were validated separately. First, the fluid-
flow and heat-transfer model for the metal-foam-filled manifold cold plate was validated
by reproducing the geometric model, boundary conditions, and operating parameters
reported in Reference [21]. As shown in Figure 4, the predicted pressure drop and heating-
surface temperature rise under different flow conditions agree well with the corresponding
published results, supporting the reliability of the adopted porous-medium flow and
conjugate heat-transfer models. Second, the transient battery thermal model was validated
using the experimentally measured average surface temperature of a 280 Ah battery under
a 0.5C discharge condition reported in Reference [47]. As shown in Figure 5, the simulated
and experimental temperature histories exhibit consistent nonlinear increasing trends, and
the maximum deviation remains below 5%. This agreement confirms the applicability of the
transient battery heat-generation and heat-transfer treatment adopted in the present study.
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Figure 4. Comparative analysis of simulation, experimental, and literature data under multiple flow
conditions: (a) maximum inlet/outlet and average temperatures; (b) pressure drop [21].

Figure 5. Battery heat generation validation [47].

2.4. Using Machine-Learning Methods

Machine learning (ML), a core branch of artificial intelligence (AI), establishes a
paradigm enabling AI systems to autonomously acquire knowledge and enhance their
performance through exposure to data. Establishing correlations between numerous vari-
ables traditionally demands considerable effort and time, primarily due to the intensive
mathematical modeling and analytical work required. The implementation of machine-
learning methodologies, however, offers a pathway to substantially expedite and automate
this procedure, thereby minimizing the subsequent modeling and analytical burden in
practical settings.

Following the training phase, these ML models can be applied to new datasets, en-
abling researchers to carry out comprehensive analyses in a significantly shorter period.
What is more, machine-learning models exhibit greater adaptability and resilience across
various practical scenarios, as they are engineered to support a wider range of data for-
mats and operational environments. Leveraging these advantages, a Multi-Layer Percep-
tron (MLP) architecture was constructed specifically to tackle the challenges identified in
this study.

2.4.1. Multi-Layer Perceptron

In predictive modeling, the MLP is a commonly used feedforward artificial neural
network. A minimal MLP structure consists of an input layer, one or more hidden layers,
and an output layer. In a “fully connected” MLP, every node in one layer is connected by
weighted links to all nodes in the subsequent layer. To fulfill the regression prediction ob-
jective of this study, an MLP model was developed. The architecture and learning behavior
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of an MLP are governed by a set of structural and configurable settings, commonly referred
to as hyperparameters (e.g., the number of hidden layers, neurons per layer, learning rate,
activation function). Crucially, unlike internal parameters such as weights and biases that
are iteratively adjusted through gradient-based backpropagation, hyperparameters are
predetermined and remain static during training; they cannot be derived automatically by
the model and must be explicitly configured prior to the learning process. Their selection
plays a decisive role in shaping both the learning dynamics and the eventual predictive
performance of the model. In this work, the Adam optimization algorithm was utilized for
training, with a weight-decay coefficient of 10−4 to mitigate overfitting. Concurrently, a
grid-search approach was implemented to systematically and exhaustively fine-tune these
principal hyperparameters across the predefined numerical ranges outlined in Table 2. The
procedure ultimately identified the hyperparameter configuration that yielded optimal
model performance, manifested as the highest convergence efficiency during training
alongside superior generalization capability on the testing set.

Table 2. Optimal hyperparameters.

Hyperparameters Search Range Final Value

Number of hidden layers 2, 3, 4, 5, 6 4
Neurons per hidden layer 7, 14, 28 14

Learning rates 0.001, 0.01, 0.1 0.001
Activation functions Relu, tanh Relu

Epochs 200, 500, 1000, 2000 1000

Figure 6 depicts the architectural configuration of the MLP implemented in this
research. The constructed network employs a five-layer topology, comprising an input
layer, three successive hidden layers, and an output layer. Seven neurons populate the
input layer, corresponding to the seven distinct input features, whereas the output layer is
configured with a single neuron dedicated to predicting the PEC value. Each of the three
intermediate hidden layers is uniformly designed with fourteen neurons. Computational
execution was performed on an RTX 2080 Ti graphics processing unit (GPU), within a
Python 3.7 programming environment. The PyTorch 1.8.1 framework coupled with CUDA
11.0 was leveraged to accelerate model training and inference processes.

Figure 6. The architectural configuration of the MLP.

2.4.2. Data Gathering and Preprocessing Workflow

The dataset plays a critical role in training machine-learning models. To enhance the
model’s performance and ensure the integrity of the data, various preprocessing steps were
implemented prior to training. These steps included data cleaning and normalization. A
dataset comprising 150 samples was obtained from computational simulations. Following
standard practice in machine learning, the dataset was segmented, with 80% designated for
the training phase and the remaining 20% for the testing phase. As outlined in Table 3, the
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selected features include both input and output parameters. Among these, inlet velocity,
permeability, and the Forchheimer coefficient are directly correlated with the PPI and
porosity of the medium. In parallel, the concentration of the nanofluid serves as the
governing variable for its thermophysical properties, including density, dynamic viscosity,
specific heat capacity, and thermal conductivity. These input parameters significantly
impact both Nusselt number (Nu) and the friction factor (f ). The output variable predicted
by the model is the PEC, which incorporates the effects of both Nu and f.

The dataset for this analysis originated from Fluent simulation outputs, where each
individual case was confirmed to have reached a converged state. Subsequent to data
acquisition, the first procedural step comprised a quality control check to identify and
correct any erroneous, missing, or logically inconsistent entries. To simplify subsequent
processing, duplicate entries and redundant data points were removed. Furthermore, to
standardize the input features, all numerical values were normalized to a common scale,
typically between 0 and 1. A small offset of 0.01 was applied to the permeability and
Forchheimer coefficient values to enhance numerical stability and smooth out the input
range, as suggested by previous studies [48]. In addition, the output data were rescaled to
the 0–1 range using the functions outlined in Table 3.

Table 3. Input parameters with corresponding value ranges and scaling functions for the model.

Parameters Type Min Value Max Value Functions

KF Input 0 1.47 × 10−8
xrescale,i = 0.99 xi

xmax
+ 0.01

F Input 0 9.57 × 10−2

Re Input 20 160

xrescale,i =
xi−xmin

xmax−xmin

cp Input 4009.55 4182
µ Input 0.001003 1.677 × 10−3

k Input 0.6 0.69
ρ Input 998.2 1142.29

PEC Output 0.82 2.57

2.4.3. Metrics for Evaluating Machine-Learning Model Performance

To evaluate how effectively and accurately machine-learning models perform, per-
formance metrics are essential. Through quantitative analysis, these metrics gauge both
the model’s capacity for precise forecasting and the extent of its prediction errors. In this
study, the performance of the machine-learning models is assessed using the following
key metrics: Mean Absolute Error (MAE), Mean Relative Error (MRE), Root Mean Squared
Error (RMSE), and R2. The definitions of each metric are provided below [48,49]:

MAE =
1
n

n

∑
i=1

|ŷi − yi| (21)

MRE =
1
n

n

∑
i=1

(ŷi − yi)
2

yi
× 100% (22)

RMSE =

√
1
n

n

∑
i=1

(ŷi − yi)
2 (23)

R2 =
∑n

i=1 (yi − yi)
2

∑n
i=1 (ŷi − yi)

2 , y =
1
n

n

∑
i=1

yi (24)

where n represents the sample size, yi represents the actual value, and ŷi represents the
predicted value.
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2.5. Optimization Method

In this study, the enhancement of the PEC primarily addresses the fundamental
compromise between flow resistance and thermal performance. Since machine-learning
approaches have uncovered intricate nonlinear correlations among multiple design vari-
ables and the PEC, a genetic algorithm (GA) was utilized in this investigation to determine
the most effective configuration of these parameters. The objective of the algorithm is
to maximize the PEC, which is essentially equivalent to achieving an optimal balance
between flow resistance and thermal dissipation performance. The GA stands out as a
highly effective tool for this optimization task, owing to its robust global search prowess
and strong compatibility with intricate nonlinear systems. By iteratively searching through
potential parameter combinations within the defined design space, the algorithm thor-
oughly explores possible solutions and ultimately converges to the optimal one. For specific
details on the GA methodology and its application in this context, readers are referred to
the relevant literature [50].

3. Results and Discussion
3.1. Impact of the Porous Metal Foam on Thermal and Flow Performance

This section utilizes numerical simulations to examine the influence of four different
metal foam configurations (Cases 1–4) on the thermal and flow performance within the
overflow unit. Furthermore, the traditional MCP design with pure water is labeled as Case
0 for comparison.

To intuitively understand the impact of metal foam on the heat dissipation perfor-
mance of cooling units, a comparison of the surface temperatures of cooling units under
different schemes should be prioritized. Given that the surface temperatures of the cool-
ing units in Cases 1–4 with metal foam added are comparable, Case 2 is selected as a
representative for comparison with Case 0, as illustrated in Figure 7.

The overall temperature of Case 2 is significantly lower, with the maximum tempera-
ture in the solid domain reduced by 25% (approximately 8 K) compared to Case 0. In Case 0,
the surface temperature of the fluid shows almost no variation, whereas in Case 2, the fluid
temperature changes remarkably, and distinct thermal boundary characteristics between
the fluid and solid domains are observed. This indicates that metal foam substantially
enhances the heat transfer intensity of the fluid, resulting in a large temperature difference
between the fluid inlet and outlet. Additionally, the temperature distribution in the solid
domain of Case 2 is fairly uniform, with almost no temperature difference, demonstrating
that metal foam can also improve the uniformity of heat transfer.

The incorporation of metal foam markedly improves flow uniformity by facilitating
a more laminar flow regime within the overflow unit. As Cases 1–4 exhibit analogous
flow patterns, Figure 8 presents a comparative analysis of velocity vectors between the
baseline design (Case 0) and a representative enhanced configuration (Case 2). Figure 8a
(Case 0) exhibits distinct velocity stratification, characterized by higher flow velocities
at the channel top and significantly reduced speeds near the bottom. In comparison,
Figure 8b (Case 2) reveals a substantially different flow field. The metal foam located at
the channel base effectively mitigates this stratification. The flow velocity in the bottom
region is considerably elevated, suggesting that the porous structure disturbs the fluid flow
and enhances momentum exchange. This active mixing promotes a more homogeneous
velocity profile across the entire channel cross-section. Consequently, the metal foam serves
to optimize the flow dynamics, which directly contributes to superior thermal performance
and more effective heat dissipation.
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Figure 7. Surface temperature contours for Cases 0 and 2 when Re = 80 and ϕ = 0: (a) Case 0;
(b) Case 2.

Figure 8. Velocity vector plot for Cases 0 and 2 when Re = 80 and ϕ = 0: (a) Case 0; (b) Case 2.

Comparing the average temperature of the heating surface provides a direct and
intuitive measure of how effectively each design removes heat. As shown in Figure 9a,
increasing the flow rate (Re) reduces the average heating surface temperature for all config-
urations, while the four MFMCP cases (Cases 1–4) consistently maintain markedly lower
temperatures than the baseline serpentine plate (Case 0). At Re = 80, for example, Case 4
yields an average heating surface temperature of 297.3151 K, approximately 11 K lower than
that of the conventional serpentine design. This pronounced reduction demonstrates that
inserting metal foam into the overflow channels substantially strengthens convective heat
transfer, thereby improving the cooling effectiveness of the manifold cold plate. Among
the foam-enhanced configurations, Case 4 generally provides the lowest average surface
temperature over the entire Re range. Nevertheless, the differences among Cases 1–4 remain
small, indicating that these MFMCP variants deliver comparable temperature-control capa-
bility. Figure 9b further corroborates this trend by presenting the variation in the Nusselt
number (Nu) with flow rate. Overall, the MFMCP designs exhibit significantly higher Nu
than Case 0, confirming enhanced heat-transfer performance. Case 4 achieves the largest
Nu throughout the studied range, increasing from about 78 at Re = 40 to roughly 130 at
Re = 200. In contrast, Case 2 shows the smallest heat-transfer gain, with Nu rising from
approximately 68 at Re = 40 to just above 115 at Re = 200. The Nu curves of Cases 1 and 3
almost overlap, suggesting similar heat-transfer behavior for these two configurations.
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Figure 9. The average temperature of heating surface and Nusselt number change with Reynolds
number: (a) average temperature; (b) Nusselt number.

3.2. Impact of the Water-Based Al2O3 Nanofluid on Thermal and Flow Performance

To investigate the impact of Al2O3 nanofluid on the thermal and flow performance of
MFMCP, Figure 10 illustrates the maximum temperature of the heating surface across a
range of Reynolds numbers for four distinct concentrations of Al2O3 nanoparticles: 0 vol%
(pure water), 1 vol%, 3 vol%, and 5 vol%. The findings indicate a consistent trend in which
increasing the concentration of nanoparticles is associated with a slight decrease in the
maximum temperature, suggesting a measurable improvement in the cooling performance
of the MFMCP system. As an example, in Case 1 at Re = 40, the maximum temperature
of the overflow unit’s heat surface decreases relative to pure water (0 vol%) by roughly
0.1 K, 0.15 K, and 0.3 K for nanofluid concentrations of 1, 3, and 5 vol%, respectively. This
pattern persists across Cases 2–4, indicating that while nanofluids do improve thermal
performance, their impact becomes less pronounced as the Reynolds number rises. This
suggests that the contribution of nanoparticles to heat transfer diminishes under conditions
of higher flow velocity.

Figure 11 illustrates the correlation between pressure drop and PEC across varying
Reynolds numbers for nanofluids with distinct nanoparticle volume fractions (ϕ = 0, 1, 3 and
5 vol%). As depicted in Figure 11a, a consistent trend emerges: under identical operating
conditions, both inlet and outlet pressure drops escalate with increasing nanoparticle
concentration across all test cases. While nanofluid incorporation enhances the heat transfer
capacity of the MFMCP units, it concurrently elevates flow resistance, necessitating a
comprehensive PEC analysis to quantify this trade-off. A comparative visualization of PEC
values for the four experimental setups is provided in Figure 11b. Analysis indicates that
PEC progressively diminishes with increasing nanofluid concentration. Taking Case 1 at an
inlet Reynolds number of 40 as an instance, the PEC reduces from 2.35 under pure base
fluid conditions (ϕ = 0) to 2.25 when the nanoparticle volume fraction reaches 5%. This
pattern is consistently replicated in Cases 2, 3, and 4, indicating that despite the heat transfer
improvements afforded by nanofluid, these gains are partially offset by the augmented
pressure drop. Consequently, the overall enhancement in heat transfer efficiency becomes
relatively marginal when weighed against the corresponding increase in flow resistance.
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Figure 10. Influence of Reynolds number on the maximum heating surface temperature for different
Al2O3 nanoparticle volume fractions: (a) ϕ = 0 vol%; (b) ϕ = 1 vol%; (c) ϕ = 3 vol%; (d) ϕ = 5 vol%.

Figure 11. Variations in pressure drop and PEC with Reynolds number at different nanofluid volume
fractions: (a) pressure drop; (b) PEC.

3.3. Analysis and Evaluation of the Developed Machine-Learning Model

In this work, an MLP model was constructed to forecast the PEC, with its predictive
performance rigorously assessed using key metrics including R2, RMSE, MAE and MRE.
To diagnose potential overfitting or underfitting issues, a comparative analysis of R2 values
between the training and testing datasets was conducted. A substantial discrepancy,
characterized by a high training R2 paired with a significantly lower testing R2, is indicative
of overfitting, whereas consistently low R2 values across both datasets suggest underfitting.
A well-optimized model is defined by high and closely matched R2 values for both training
and testing, signifying robust generalization ability. As presented in Table 4, the MLP
model achieved an R2 of 0.99 for the training dataset and 0.983 for the testing dataset,
complemented by low RMSE (0.0118), MAE (0.0186), and MRE (1.8%). These outcomes
validate that the developed MLP model delivers precise PEC predictions and exhibits
excellent generalization performance across unseen data.
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Table 4. Performance metric values of different models for PEC prediction.

Predict Variable Model R2
train R2

test RMSE MAE MRE (%)

PEC MLP 0.99 0.983 0.118 0.0186 1.8

Figure 12 compares the predicted and measured PEC values on various datasets. The
orange dashed line denotes the 1:1 reference (ideal agreement), i.e., perfect predictions
would lie exactly on this line. The green markers indicate the model outputs. As shown
in Figure 12, the MLP predictions exhibit close agreement with the ground truth, with
most points tightly clustered around the 1:1 line, demonstrating strong predictive accuracy
and good generalization on unseen data. Minor deviations from the reference line are
observed only in limited value ranges, implying slightly larger local errors, while the overall
distribution remains compact and near-linear, indicating stable prediction performance.

Figure 12. Comparison of predicted and measured PEC values across various datasets: (a) training
dataset results; (b) validation dataset results; (c) test dataset results; (d) test R2 of MLP.

3.4. Analysis of Parameter Optimization and Corresponding Outcomes

This section employs the trained MLP model as the surrogate predictor for PEC
due to its superior predictive accuracy. A GA is then used to search for the optimal
parameter combination within the prescribed bounds. The GA uses a population size of 50,
a maximum of 100 generations, a crossover probability of 0.8, and a mutation probability
of 0.05. Since the thermal conductivity (k) and specific heat capacity (Cp) exert negligible
influence on pressure drop, the optimization is restricted to five variables: Re, µ, KF, F,
and ρ, with ranges of 20.42 ≤ Re ≤ 149.28, 998.2 ≤ ρ ≤ 1142.9, 0.001677 ≤ µ ≤ 0.01003,
0 ≤ KF ≤ 1.147 × 10−9, and 0 ≤ F ≤ 0.0957. During the evolution process, the trained MLP
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repeatedly predicts PEC for each candidate solution, and the GA iteratively updates the
population toward the optimum.

Based on the MLP-GA optimization results, Table 5 presents the optimized parameter
combinations along with their corresponding PEC values. The final optimized parameters
identified for this study are as follows: the Reynolds number (Re) is 22.1, the density (ρ)
is 1137.4 kg/m3, the dynamic viscosity (µ) is 0.001005 Pa·s, the Forchheimer coefficient
(KF) is 1.47 × 10−8 m, and the friction factor (F) is 0.0002985. Using these optimized
parameters, the PEC value reached 2.88, indicating a notable enhancement in the system’s
comprehensive performance through the effective balancing of heat transfer efficiency and
pressure drop. Subsequent CFD simulations using these parameters yielded a PEC of 2.86,
with a 0.7% error, further validating the reliability and accuracy of the optimization results.

Table 5. Optimization results: parameter combinations and PEC values.

Result Re ρ (kg/m3) µ (Pa·s) KF (10−8·m) F PEC (GA) PEC (CFD)

Optimized Case 22.1 1137.4 0.001005 1.47 0.0002985 2.88 2.86

3.5. Thermal–Hydraulic Performance Assessment of the Cooling System

To validate the optimized design, a numerical simulation was conducted on the battery
pack integrated with the MFMCP cooling system, using the optimal parameter set listed in
Table 5. Figure 13 presents a comparative analysis of the steady temperature distributions
of the battery pack under identical pumping power conditions, achieved with two distinct
cooling-plate configurations: (a) the conventional MCP and (b) the proposed MFMCP. As
shown in Figure 13a, the battery pack’s maximum surface temperature reaches 308.33 K
when using the conventional MCP design. By comparison, the MFMCP design presented
in Figure 13b achieves notably better thermal management, lowering the peak temperature
to 304.35 K while also ensuring a much more even temperature profile throughout the
battery assembly. Moreover, the high-temperature region in the MFMCP is notably smaller
compared to the MCP, clearly indicating the enhanced heat dissipation capability brought
by the inclusion of metal foam, which significantly improves thermal uniformity and
overall cooling efficiency.

Figure 13. Comparative analysis of the steady temperature distributions of two battery packs:
(a) MCP; (b) MFMCP.

To investigate the heat transfer performance of the MFMCP under realistic dynamic op-
erating conditions of batteries, Figure 14 presents the time histories of the maximum battery
temperature at three discharge rates (1C, 1.5C, and 2C), comparing the conventional MCP
and the proposed MFMCP configurations. Across the full range of operating scenarios,
the MFMCP sustains peak temperatures that are consistently reduced during the complete
discharge process. This observed thermal behavior demonstrates the MFMCP system’s su-
perior capability in regulating and managing heat. Specifically, the maximum temperature
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reductions in MFMCP relative to the MCP are 4.25 K at 1C, 2.96 K at 1.5C, and 3.93 K at 2C,
respectively. Taken together, both steady and transient simulation results demonstrate that
the MFMCP possesses robust heat dissipation capacity, ensuring that the maximum battery
temperature remains below 318.15 K across all tested discharge scenarios.

Figure 14. Temporal evolution of maximum temperature of two battery packs at three discharge rates.

4. Conclusions
This study investigates how varying structural parameters of copper metal foam and

different volume fractions of Al2O3 nanofluid influence the thermal and flow performance
in the MFMCP. Using scanning electron microscopy (SEM), the microstructural properties,
including pore diameter and ligament thickness, were measured, providing essential input
data for numerical simulations conducted with the LTE model and the Brinkman–Darcy–
Forchheimer flow model. These simulations assessed the thermal–hydraulic performance
of four MFMCP overflow unit configurations under equivalent heat flux conditions, with
performance evaluated through the PEC method. An MLP model was also developed
to predict PEC values, and a GA was employed to optimize key design parameters. The
optimized MFMCP design was integrated into a full-scale battery pack and simulated
under various discharge rates. The results demonstrated that all MFMCP designs enhanced
heat transfer performance, with the maximum surface temperature decreasing by up to 15 K
compared to the traditional design. However, this improvement came with increased flow
resistance. Among the configurations, Case 2 consistently showed the highest PEC values
(2.57 at Re = 60), while Case 4 had the lowest. The use of Al2O3 nanofluid further reduced
the heating surface temperature, but also increased flow resistance, lowering the PEC.
Higher nanofluid volume fractions led to further PEC reductions for the same inlet Reynolds
number. Optimization with the GA achieved a PEC of 2.88, demonstrating the reliability
of the optimization approach. A thermal–hydraulic analysis of the optimized MFMCP
cooling system revealed its superior performance, with a lower maximum temperature
(304.35 K) compared to the MCP (308.33 K) and a more uniform temperature distribution.
Transient simulations showed that, at discharge rates of 1C, 1.5C, and 2C, the MFMCP
reduced the peak temperature by 4.25 K, 2.96 K, and 3.93 K, respectively, confirming its
superior thermal management performance across varying operational conditions.
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Abbreviations

BTMS battery thermal management system
MFMCP metal foam manifold cold plate
PPI pores per inch
LTE local thermal equilibrium
PEC performance evaluation criterion
MLP multi-layer perceptron
GA genetic algorithm
EVs electric vehicles
AI artificial intelligence
LSTM long short-term memory
CNNs convolutional neural networks
CFD computational fluid dynamics
SEM scanning electron microscopy
SOC state of charge
DOD depth of discharge
MAE mean absolute error
MRE mean relative error
RMSE root mean squared error
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