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Abstract

Thermal management plays a critical role in maintaining the safety and reliability of lithium-
ion batteries by limiting excessive temperature rise and reducing non-uniform temperature
distribution within battery packs. This study proposes a geometry-driven multi-objective
optimization framework for a serpentine liquid-cooling channel to enhance the thermal
behavior of a battery module under fixed operating conditions. A three-dimensional
computational fluid dynamics (CFD) model was developed for a 40-cell battery module,
and Latin hypercube sampling was employed to generate training data for Gaussian Process
Regression (GPR) surrogate models. Three geometric design variables, namely, channel
thickness (tc), wall thickness (tw), and contact surface angle (θ), were considered, while the
maximum battery temperature (Tmax) and the maximum temperature difference within
the battery pack (∆Tmax) were selected as optimization objectives. Sensitivity analysis
showed that wall thickness was the dominant parameter, contributing 65.41% and 64.77%
to the variations in Tmax and ∆Tmax, respectively, followed by channel thickness, whereas
the influence of the contact surface angle was comparatively limited. The trained GPR
models were then coupled with the non-dominated sorting genetic algorithm (NSGA-II) to
identify the optimal channel geometry. The optimal design was obtained at tc = 2.95 mm,
tw = 0.949 mm, and θ = 60◦. CFD validation confirmed that the optimized design reduced
Tmax from 307.639 K to 306.653 K, corresponding to a temperature drop of 0.986 K, while
∆Tmax decreased from 8.752 K to 7.887 K, representing a reduction of 9.88%. Although the
reduction in Tmax is modest, the improvement in temperature uniformity is meaningful,
which benefits cell consistency and long-term reliability. These results demonstrate that
geometric optimization of cooling channels can provide an effective and energy-efficient
approach to improving thermal uniformity in lithium-ion battery systems.

Keywords: lithium-ion battery; battery thermal management; thermal reliability; thermal
safety; serpentine cooling channel; gaussian process regression; NSGA-II; temperature
uniformity

1. Introduction
Replacing traditional vehicles powered by internal combustion engines with electric

vehicles is an inevitable trend for environmental protection [1]. Lithium-ion (Li-ion) batter-
ies are one of the most popular energy storage systems for electric vehicles due to their high
energy density, long cycle life, low self-discharge rate, and superior efficiency compared to

Batteries 2026, 12, 138 https://doi.org/10.3390/batteries12040138

https://crossmark.crossref.org/dialog?doi=10.3390/batteries12040138&domain=pdf&date_stamp=2026-04-14
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/batteries
https://www.mdpi.com
https://orcid.org/0000-0001-5009-3856
https://doi.org/10.3390/batteries12040138


Batteries 2026, 12, 138 2 of 25

other battery types [2]. Battery aging critically undermines the performance, reliability, and
lifespan of electric vehicles. Among the various factors influencing battery degradation,
temperature plays a decisive role. High operating temperatures accelerate degradation
by promoting the formation of undesirable byproducts, damaging electrode materials,
and increasing the risk of thermal runaway, which may result in fire or explosion [3,4].
Conversely, at low temperatures, the diffusion of Li+ in the electrolyte, across interfaces,
and within the electrodes is slowed, constraining the performance of Li-ion batteries [5].

Maintaining temperature uniformity within individual battery cells or across cells
in a pack is equally critical. Variations in temperature across the battery pack can lead to
disparities in electrochemical behavior, reduced energy efficiency, and inconsistent cell
aging. Such problems become more pronounced in battery configurations where cells are
connected in series or parallel [6], affecting thermal balance and overall system reliability.
Numerous studies have demonstrated that the optimal operating temperature range for
Li-ion batteries is 20 ◦C to 40 ◦C [7,8], and ideally, the temperature difference between cells
in a pack should be kept below 5 ◦C [8]. As a result, creating a robust and consistent battery
thermal management system (BTMS) is crucial to safeguarding the performance and safety
of Li-ion batteries in electric vehicles [9].

Currently, BTMSs can be classified into four types based on cooling medium [10–12]:
air cooling, liquid cooling, phase change material (PCM), and heat pipes (HPs). Among
these, air cooling systems exhibit limited effectiveness and are unsuitable for long-range
EVs or hybrid electric vehicles [13]. Phase change materials (PCMs) have also demonstrated
significant advantages in battery cooling applications [14,15]. However, their practical
applications are limited by additional weight and cost. Likewise, although heat pipe-based
cooling solutions offer excellent thermal control, their higher cost remains a barrier to
broader industrial implementation [16,17]. In comparison, liquid cooling systems offer a
more practical and scalable solution and have therefore been widely applied in the thermal
management of lithium-ion batteries.

Recent studies have explored various strategies to improve the thermal performance
of liquid-cooled battery systems, including structural design optimization and data-driven
modeling approaches. For instance, Zhang et al. [18] studied a Tesla valve-based direct-
cooling plate for battery thermal management. They reported improved temperature
uniformity, reducing the maximum temperature by up to 0.76 ◦C compared to conventional
channel designs, with further improvements after structural optimization. Zhang et al. [19]
proposed a SHAP-assisted physics-guided neural network for identifying dominant factors
and optimizing Carnot batteries. Their results showed that the proposed method reduced
optimization time by 99.3% while maintaining high prediction accuracy. Li et al. [20]
investigated the influence of heat storage temperature on the performance of an ORC-based
Carnot battery under various operating conditions. Their results showed that the optimal
temperature depends strongly on the working fluid and the heat source, with a maximum
efficiency of 1.09. In addition, machine learning techniques have been increasingly applied
to battery thermal analysis and safety-related prediction. For example, Shi et al. [21]
proposed a transfer-learning approach to predict heat release during thermal runaway,
thereby reducing the experimental effort required for thermal-risk assessment.

Earlier studies have also employed surrogate-assisted multi-objective optimization
techniques, such as Gaussian Process (GP)-based models combined with NSGA-II, to
improve cooling efficiency and temperature uniformity [22–28]. Xie et al. [29] conducted a
study on designing and optimizing a liquid cooling pad for lithium-ion battery packs used
in electric vehicles. The findings indicated that, compared to single-objective optimization,
the peak temperature increased by 10.9%, whereas the mass of the cooling pad was reduced
by 82.4%. Li et al. [30] studied optimization of a liquid-cooling cylindrical battery thermal
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management system using a Gaussian Process (GP)-based surrogate model with NSGA-II.
Their results showed that the velocity of the cooling water and the pressure drop in the
cooling channel decreased by 26.67% and 24.18%, respectively. Nie et al. [31] studied a multi-
objective optimization framework for a liquid-cooled battery thermal management system
with asymmetric channels, employing surrogate modeling, global sensitivity analysis, and
NSGA-II. Results showed that the optimal design reduced Tmax, ∆Tmax and ∆P by 5.90%,
−0.78%, and 7.20% respectively.

Despite these advances, several limitations remain in the existing literature. Many
studies optimize both geometric parameters and operating conditions (e.g., coolant tem-
perature and flow velocity), making it difficult to isolate the intrinsic effects of structural
design variables on thermal performance. In addition, some optimization frameworks fo-
cus primarily on a single objective or report optimal solutions without providing sufficient
physical interpretation of the trade-off between competing thermal objectives. To address
these limitations, this study develops a geometry-driven multi-objective optimization
framework for a serpentine liquid cooling channel applied to a lithium-ion battery module.
In contrast to previous works, the proposed approach focuses exclusively on geometric
parameters, namely, channel thickness (tc), wall thickness (tw), and contact surface angle (θ),
while keeping all operating conditions strictly constant. This enables a clear and isolated
assessment of the influence of structural design on thermal behavior.

Furthermore, both the maximum temperature (Tmax) and the maximum temperature
difference (∆Tmax) are optimized simultaneously, allowing the trade-off between cooling
efficiency and temperature uniformity to be systematically explored and physically inter-
preted. An additional contribution of this study is the integration of a Gaussian Process
Regression (GPR)-based surrogate model with an iterative CFD validation loop, ensuring
both computational efficiency and physical reliability of the obtained Pareto-optimal so-
lutions. Therefore, the main novelty of this work lies not in the individual optimization
tools employed, but in the structured combination of (i) geometry-focused design variables,
(ii) controlled operating conditions, and (iii) physically interpretable multi-objective opti-
mization, which together provide clearer design insights for liquid-cooled battery systems.

2. Problem Definition and Design Variables
This study optimizes a serpentine liquid cooling system for 18,650 lithium-ion battery

cells. The lithium-ion battery considered in this study is a cylindrical 18,650 cell, whose
specifications are adopted from the literature [25]. As shown in Figure 1, the system
comprises 40 symmetrically arranged cells cooled by a serpentine channel. The detailed
cell specifications are summarized in Table 1, and the geometric parameters of the cooling
channel are listed in Table 2. The channel geometry is defined by three key design variables:

– Channel thickness (tc [mm]);
– Wall thickness (tw [mm]);
– Contact angle (θ [◦]).

Two objectives evaluate the liquid cooling system:

− Maximum temperature (Tmax): Peak temperature in the battery module;
− Maximum temperature difference (∆Tmax): Temperature spread between the hottest

and coolest cells.
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(a) (b) 

Figure 1. 3D computational model of Li-ion battery pack with serpentine cooling channel. (a) 3D
view with partial enlargement view of contact surface angle (θ). (b) Serpentine cooling channel.

Table 1. The 18,650 cylindrical LiFePO4 lithium–ion cell specifications.

Parameter Description Value

Cathode material Active material of the positive electrode LiFePO4
Anode material Active material of the negative electrode Graphite
Electrolyte type Electrolyte composition used in the cell Carbonate-based
Nominal capacity Rated discharge capacity 1.35 Ah
Nominal voltage Standard operating voltage 3.2 V
Cell dimensions Diameter × height of the cylindrical cell 18 mm × 65 mm

Table 2. The values geometry of the serpentine cooling channel.

Parameters Description Value

tc Channel thickness Design variable
tw Wall thickness Design variable
θ Contact angle Design variable
a Outer channel height 65 mm (Fixed)
b Inner channel height 63.6 mm (Fixed)
d Fixed wall thickness used in geometric definition 0.7 mm (Fixed)

As illustrated in Figure 1b, the parameters a and b represent the outer and inner heights
of the channel, respectively, where the outer height a is equal to the battery height (65 mm).
A constant wall thickness d = 0.7 mm is used to define the channel geometry, leading to the
relationship b = a − 2d.

The multi-objective optimization problem is formulated as:

Minimize F(x) = [Tmax(x), ∆Tmax(x)]T , x = [tc, tw, θ]T (1)

subject to bounds: tc ∈
[
tmin
c , tmax

c
]
, tw ∈

[
tmin
w , tmax

w
]
, θ ∈

[
θmin, θmax ]

(see Table 3).
The ranges of the design variables were selected based on both practical engineering

constraints and previous studies on liquid-cooled battery systems. In particular, the bounds
on channel and wall thickness are consistent with those reported in the literature [25], en-
suring realistic geometries that balance manufacturability, structural integrity, and cooling
performance. Therefore, the optimization is intentionally confined to a feasible design
space relevant to real-world applications. Here, Tmax reflects cooling efficiency, while ∆Tmax

ensures temperature uniformity. CFD simulations map each design x to F(x), enabling
optimization via surrogate modeling and NSGA-II (detailed in the following sections).
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Table 3. Design variable and output performance metrics.

Category Notation Description Range

Design
variables

tc (mm) Thickness of the cooling channel [2.000, 3.000]
tw (mm) Thickness of the channel wall [0.600, 1.200]

θ (◦) Contact angle between the channel wall and battery cell
(determines contact area) [51.000, 60.000]

Output
variables

Tmax (K) Peak temperature in the battery module
∆Tmax (K) Temperature spread between the hottest and coolest cells

3. Optimization Process
Figure 2 illustrates the research methodology in block diagram form. The process

begins by defining the geometric configuration of the liquid cooling system, creating a 3D
model of the fluid domains, lithium-ion battery cells, and a serpentine cooling channel, and
then setting up boundary conditions—such as velocity, temperature, and pressure—for the
CFD simulation. Based on the defined design space, 45 design points are generated using
the LHS technique within the Design of Experiment (DOE) framework. These 45 points are
then analyzed using CFD to accurately predict Tmax and ∆Tmax, providing critical metrics
for assessing thermal performance. Subsequently, a GPR surrogate model is developed
to map geometric design variables to objective functions, providing accurate nonlinear
predictions and efficient, uncertainty-aware optimization. GPR employs probabilistic
mathematical functions to model prediction uncertainty based on an input–output dataset
from CFD simulations. The model is validated using cross-validation to ensure predictive
accuracy. Once the surrogate model achieves an acceptable level of accuracy, multi-objective
optimization is performed using NSGA-II. NSGA-II is an improved version of the original
NSGA algorithm proposed in [32]. It is built on two algorithms: an evolutionary algorithm
for selecting and evolving optimal points (also known as individuals), and a crowding-
distance algorithm to ensure a reasonable distribution of optimal points along the Pareto
front. To ensure the reliability of the optimization results, selected Pareto-optimal solutions
are re-evaluated through CFD simulations. A solution is deemed valid only if the relative
error between the surrogate prediction and the CFD result is less than 5% for both objective
functions. This integrated methodology significantly reduces computational cost while
maintaining high optimization accuracy and robustness.

 

Figure 2. Flowchart of the multi-objective process.
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4. Numerical Simulation
To evaluate the thermal performance of the battery cooling system, CFD simulations

are conducted using the FLUENT solver in ANSYS 19.2. The procedure involves several
key stages, as outlined below.

4.1. Geometry and Mesh

The 3D geometry of the serpentine cooling channel integrated with the lithium-ion
battery pack is constructed in ANSYS Workbench (Figure 1). Cooling water enters through
the inlet, flows through the channel surrounding the battery cells, and exits through the
outlet, thereby extracting heat from the battery module. As shown in Figure 1b, the cooling
channel is assumed to be in direct contact with the battery cells. The channel (tc) and wall
(tw) thicknesses are set to 3 mm and 0.7 mm, respectively. The material used for the channel
is aluminium due to its high thermal conductivity.

The computational domain is discretized using a structured hexahedral mesh
(Figure 3). Mesh quality is assessed using the skewness criterion, with a maximum skew-
ness value of 0.70, which falls within the acceptable “good” range for CFD simulations. To
study mesh independence, Tmax and ∆Tmax of the battery pack were monitored at different
mesh densities (Figure 4). Five mesh sizes, yielding 170,445, 327,734, 480,518, 666,898, and
795,796 elements, were tested. The temperature differences for both evaluation criteria
(Tmax and ∆Tmax) across different grid numbers are slightly different, and the maximum is
less than 0.05 K when the number of elements exceeds 480,518. To balance efficiency and
accuracy, the fourth one (666,898 elements) was selected and used for all simulations in
this work.

Figure 3. Mesh of the battery pack.

Figure 4. Mesh independence analysis.
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4.2. Governing Equation

This study considers 40 lithium-ion cells in the module as a uniform volumetric heat
source to reduce computational complexity. The following assumptions are made before
the numerical study of the model:

– Multiple mechanisms, including conduction, convection, and radiation, govern heat
transfer within lithium-ion batteries. However, during battery operation, the elec-
trolyte does not exhibit bulk motion, rendering internal convection negligible [23]. In
addition, within the typical operating temperature range of −20 to 60 ◦C, radiative
heat transfer is insignificant compared to conduction. Therefore, heat conduction
is considered the dominant mode of heat transfer inside the battery. Based on this
physical understanding, convective and radiative heat transfer within each cell are
neglected in the present study.

– Thermal conduction between adjacent cells is also neglected due to the loose physical
contact between cylindrical batteries. As reported in [33], the thermal contact conduc-
tance between neighboring cells can be lower than 10−4 W/K, indicating that inter-cell
heat transfer is negligible. Consequently, the heat generated within the battery module
is assumed to be primarily dissipated through the cooling system.

– The specific heat capacity of the cell is treated as constant and time-invariant.

The governing equations used in the simulation, based on the above assumptions, are
shown below.

Battery energy conservation equation (Zhao et al., 2019 [33]):

ρbCb

(
∂Tb
∂t

)
= ∇(kb∇Tb) + Q (2)

where ρb, Cb, and Tb are the density, heat capacity and temperature of the lithium battery,
respectively; kb is the thermal conductivity. Q is the heat generation rate in the battery.
In this paper, the heat generated by the battery during discharge primarily occurs in the
battery core. The battery is assumed to be a stable, uniform heat source, and the heat
generation rate can be calculated theoretically using the empirical formula by Bernardi
et al. [34].

Q =
I

Vb

[
(Uocv − U) + Tb

dUocv

dTb

]
=

1
Vb

[
I2R + ITb

dUocv

dTb

]
(3)

where Q, I, R, Tb, and Vb represent the heat generation rate of the battery, the charge
and discharge current of the battery, the internal ohmic resistance, the temperature of the
battery, and the volume of the battery, respectively. I2R is the irreversible heat generated
by the internal resistance of the LIB, and R is set to 0.04 Ω [35]. Uocv is the battery open-
circuit voltage. ITb

dUocv
dTb

is reversible heat, that is, the heat generated by the electrochemical

reaction of LIB, and Tb
dUocv
dTb

is set to 0.01116 V [35]. However, this heat-generation model
does not account for the side-reaction heat and polarization heat of the battery. Combined
with Table 1, the battery heat generation rate can be calculated. After the calculation, we
can obtain the thermophysical parameters of the single battery, as shown in Table 4.

Table 4. Volumetric heat generation rates of lithium-ion batteries at different discharge rates.

Discharge Rates 1C 2C 3C 4C

Volumetric heat generation, (W/m3) 5318 19,452 42,400 74,163
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Cooling channel energy conservation equation:

ρcCc

(
∂Tc

∂t

)
= ∇(kc∇Tc) (4)

where ρc, Cc, Tc, kc are the density, heat capacity, temperature and thermal conductivity of
the cooling channel, respectively.

The energy conservation equation of water is given as follows:

ρwCw

(
∂Tw

∂t

)
+∇(ρwCwvTw) = ∇(kw∇Tw) (5)

where ρw, Cw, Tw, kw, v are the density, heat capacity, temperature, thermal conductivity
and velocity of the water, respectively.

The heat (Qw) generated by convection between the water and the channel wall (solid–
liquid interface) can be calculated from Newton’s law of cooling. Qw = hwA(Tc − Tw)
where Qw is the heat dissipated by convection; Tw is the temperature of water; Tc is the
temperature of the channel wall; hw is the convection heat transfer coefficient; and A is the
convection heat transfer area.

For liquid flow in the cooling channel, the Reynolds number (Re) is [25]

Re =
ρwvD

µ
(6)

where D is the equivalent diameter of the inlet channel, and the unit is m. In this study, µ is
equal to 1.01 × 10−3 Pa▪s, ρw is 998.2 kg/m3, D is equal to 3.12 × 10−3 m, and v is equal
to 0.3 m/s. The Reynolds number was calculated to be Re = 931.96, which is significantly
lower than the critical value of 2300. Therefore, the laminar model is used throughout
the study.

Assuming incompressible and steady-state flow (i.e., the density ρ does not change
over time), the fluid motion is governed by the following equations:

Continuity equation:
∇v = 0 (7)

Momentum conservation equation (Navier–Stokes):

ρw
dv
dt

= −∇P + µ∇2v (8)

where P and µ are the static pressure and dynamic viscosity of the water, respectively.

4.3. Boundary Condition

To simplify the calculation, the following assumptions and boundary conditions
are applied.

1. The heat generation rate of lithium-ion batteries is calculated using Bernardi’s model
under simplified assumptions, with a discharge rate of 3C, resulting in a volumetric
heat generation rate of 42,400 W/m3 (see Table 4 for other discharge rates).

2. The inlet is prescribed as the velocity inlet with an inlet velocity of 0.3 m/s, and the
coolant inlet temperature is set to 298.15 K. The outlet is set as a pressure outlet with
0 Pa gauge pressure. The Reynolds number varies with the inlet cross-sectional area
for different design points. The maximum Reynolds number among all cases is 931.96,
which is lower than the critical value of 2300; therefore, laminar flow is assumed for
all simulations. A no-slip boundary condition is applied at all channel walls.
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3. The airflow inside the battery module is not considered in the present model. There-
fore, all external surfaces are treated as adiabatic boundaries, with zero heat flux to
the surroundings.

4. Water is used as the coolant, and the serpentine cooling channel is made of aluminium.
The thermophysical properties of water, aluminium, and the lithium-ion cell are listed
in Table 5. Each lithium-ion cell is modeled as a simplified solid domain.

5. The SIMPLE approach is chosen as a solver. The solution is considered converged
when the scaled residuals of the continuity, momentum, and energy equations fall
below 10−6.

Table 5. The thermal and physical properties of the water, cooling channel and battery.

Property Symbol Unit Water Aluminium Battery Cell

Density ρ kg/m3 998.2 2719 2018

Specific heat capacity Cp J/kgK 4128 891 1282

Thermal conductivity k W/mK 0.6 202.4
Axial direction: 2.7
Radial direction: 0.9

Dynamic viscosity µ kg/ms 1.003 × 10−3 - -

4.4. Simulation Model Verification

To ensure the accuracy of the CFD model before its application in this study, a vali-
dation was performed by reproducing the benchmark serpentine-channel cooling case for
lithium-ion battery packs reported by Xu et al. [25]. All physical parameters and bound-
ary conditions, including battery type (18,650 cylindrical cell with LiFePO4 chemistry),
discharge rate (3C, corresponding to a volumetric heat generation rate of 42,400 W/m3),
coolant properties (pure water at 298.15 K), and inlet velocity (0.3 m/s), were adopted
directly from the reference work.

The simulation was conducted using the same numerical framework as that used in the
present study. The resulting Tmax was 301.706 K (Figure 5), and ∆Tmax was 3.556 K, which
agrees closely with the values reported by Xu et al. (301.73 K and 3.74 K, respectively). The
relative errors are only 0.008% for Tmax and 4.9% for ∆Tmax, confirming that the numerical
model is sufficiently accurate for further parametric and optimization studies.

 
(a) 

Figure 5. Cont.
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(b) 

Figure 5. Comparison of the temperature distribution contours between the present study and Xu
et al. [25]. (a) Xu et al. [25]. (b) Present study.

5. Multi-Objective Design Optimization
5.1. Design of Experiment

This study systematically examined the influence of geometric design parameters
on the thermal performance of the battery cooling system, employing a DOE approach.
For this purpose, Latin Hypercube Sampling (LHS) was implemented to create an opti-
mized sampling scheme that provides uniform coverage of the parameter space. LHS
is a space-filling design method that stratifies the range of each input variable into n
equiprobable intervals, where n is the predetermined sample size. Unlike random sampling,
LHS ensures uniform coverage by selecting exactly one point per interval for each vari-
able, thereby minimizing clustering and efficiently exploring the multidimensional design
space [36,37]. The lower and upper bounds of three design variables were determined
based on engineering feasibility and are listed in Table 3.

A total of 45 design points were generated using the LHS technique. These points
uniformly span the three-dimensional design space, as visualized in Figure 6. At each
design point, a CFD simulation was conducted to compute two thermal performance
indicators: Tmax and ∆Tmax. The resulting dataset was then used to train a GPR surrogate
model, which subsequently facilitated multi-objective optimization. Using LHS ensures
that the surrogate model captures the system’s nonlinear response over the full range of
input parameters, thereby improving the reliability and generalisation capability of the
optimization results.

5.2. Surrogate Modeling with Gaussian Process Regression

Gaussian process regression (GPR) has emerged as a powerful machine learning
approach for engineering design applications involving computationally expensive sim-
ulations [38,39]. As a nonparametric Bayesian method, GPR fundamentally differs from
conventional parametric regression techniques, such as polynomial regression, by avoiding
predefined functional forms. The method characterizes the unknown system response
by distributing possible functions refined via Bayesian updating as new data becomes
available. The practical value of GPR in thermal system design stems from its dual output
capability, providing both predicted mean values and their associated uncertainty esti-
mates. This feature proves particularly valuable when working with CFD-based design
optimization, where the method’s uncertainty quantification guides efficient sampling of
the design space.
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Figure 6. Distribution of design points through LHS method.

In this study, GPR is adopted to construct surrogate models that approximate the
mapping between three geometric design variables and two thermal performance metrics
of the battery pack. A set of 45 design points was generated using LHS during the DOE
stage, and the corresponding outputs were obtained from CFD simulations (Table 6). Two
separate GPR models were developed, one for each output metric. Both models use the
Automatic Relevance Determination Squared Exponential (ARD-SE) kernel, which enables
the model to learn different length scales for each input, thus implicitly revealing the relative
importance of design variables. All input data were standardized before training, and a
constant basis function was used to model the prior mean. This setup ensures a flexible
yet robust surrogate capable of capturing the nonlinear, multidimensional relationships
inherent in the battery cooling system.

Table 6. Design points and corresponding CFD results.

Design Point θ (◦) tc (mm) tw (mm) Tmax (K) ∆Tmax (K)

1 51.025 2.945 1.089 307.657 8.859
2 56.400 2.911 0.847 307.011 8.172
3 59.261 2.845 0.649 306.700 7.855
4 58.073 2.235 0.746 307.950 8.244
5 52.362 2.593 0.670 307.461 8.599
6 54.369 2.010 0.760 307.467 8.733
7 55.703 2.459 0.876 307.159 8.411
8 59.465 2.296 0.938 307.094 8.375
9 54.485 2.181 0.881 307.558 8.830
10 57.847 2.418 0.912 307.030 8.297
11 53.418 2.640 0.927 307.363 8.604
12 52.658 2.608 0.973 307.509 8.758
13 55.454 2.729 1.140 307.412 8.684
14 55.998 2.745 0.707 306.887 8.086
15 51.718 2.786 1.045 307.603 8.847
16 57.242 2.672 0.781 306.936 8.158
17 54.966 2.995 0.740 307.168 8.285
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Table 6. Cont.

Design Point θ (◦) tc (mm) tw (mm) Tmax (K) ∆Tmax (K)

18 51.000 3.000 0.700 307.639 8.752
19 56.425 2.313 0.637 306.979 8.203
20 53.319 2.514 0.726 307.307 8.525
21 53.770 2.715 0.698 307.226 8.405
22 57.543 2.371 0.989 307.304 8.584
23 53.614 2.891 1.129 307.425 8.665
24 58.773 2.823 0.803 306.794 7.963
25 59.827 2.996 1.110 306.754 8.011
26 58.295 2.535 1.032 307.116 8.392
27 54.136 2.345 0.607 307.259 8.423
28 56.542 2.629 1.134 307.474 8.753
29 51.466 2.897 1.094 307.627 8.870
30 55.186 2.951 1.011 306.907 8.038
31 56.244 2.723 0.874 307.014 8.244
32 54.865 2.230 0.635 307.163 8.390
33 58.555 2.773 0.892 306.643 7.782
34 58.266 2.708 0.806 306.647 7.776
35 52.531 2.746 0.695 307.438 8.568
36 56.610 3.000 0.922 306.943 8.163
37 52.260 2.535 0.621 307.476 8.616
38 58.782 2.006 0.739 307.009 8.282
39 60.000 3.000 0.912 306.630 7.848
40 53.550 2.600 0.900 307.343 8.582
41 54.250 2.800 0.700 307.171 8.327
42 59.000 3.000 0.800 306.774 7.962
43 57.231 2.609 0.686 307.097 8.319
44 60.000 2.804 0.867 306.602 7.843
45 59.060 2.779 0.739 306.751 7.918

In addition to its predictive capability, the GPR model with ARD kernel helps reveal
the relative influence of the design variables through the learned length-scale parameters.
This allows the surrogate model not only to approximate the nonlinear relationships in
the system but also to support a physically informed interpretation of how the geometric
parameters affect thermal behavior.

5.3. Multi-Objective Optimization Using NSGA-II

This study combined three computational approaches: (1) computational fluid dy-
namics for thermal performance evaluation, (2) Gaussian process regression for surrogate
modeling, and (3) the NSGA-II multi-objective optimization algorithm to optimize the
geometry of the serpentine cooling channel. The process begins with the design space
defined in Section 2, where three geometric parameters (tc, tw, and θ) govern the thermal
performance characterized by two objectives: Tmax and ∆Tmax.

Figure 7 outlines the iterative optimization workflow. An initial set of 45 design points
was generated using Latin Hypercube Sampling (LHS) and evaluated through CFD simu-
lations in ANSYS Fluent. To establish reliable surrogate models, we trained two distinct
Gaussian Process Regression (GPR) predictors using the CFD-derived Tmax and ∆Tmax data.
Each model incorporated an Automatic Relevance Determination Squared Exponential
(ARD-SE) kernel, automatically identifying and weighting each input variable’s importance
via optimized length-scale parameters.
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Figure 7. Multi-objective optimization algorithm flow.

Model accuracy was checked in two steps:

• The coefficient of determination (R2) must exceed 0.9 for both Tmax and ∆Tmax predictions;
• CFD validation of surrogate predictions requires ≤5% error for Pareto solutions;
• Failed validation triggers additional LHS and model retraining.

For multi-objective optimization, the NSGA-II algorithm was implemented using
MATLAB’s gamultiobj function (MATLAB R2016b, MathWorks, Natick, MA, USA). A
population size of 200 was selected to ensure sufficient diversity of candidate solutions
while maintaining computational efficiency. The maximum number of generations was set
to 300 to allow adequate exploration of the design space.

These parameters were selected based on commonly adopted practices in evolutionary
optimization and were further verified through preliminary numerical experiments. A
convergence assessment was conducted by comparing the stability of the obtained Pareto
fronts under different generation settings. The results indicated that the Pareto front
becomes stable beyond a certain number of generations, confirming that the selected
parameters are sufficient to ensure convergence.

The default genetic operators in gamultiobj were employed, including crossover and
mutation, which provide a balance between exploration and exploitation. In addition, key
mechanisms of NSGA-II were utilised to handle the conflicting objectives:

• Non-dominated sorting preserves elite solutions;
• Crowding distance metrics maintain front diversity;
• Tournament selection drives population improvement.

Post-optimization, all Pareto-optimal solutions undergo CFD verification.
Solutions with a prediction error above 5% are added to the training data, and the

model is updated in the next iteration. This iterative process continues until the results
stabilize. In this study, the initial LHS was sufficient to achieve the required surrogate
accuracy, and no additional sampling or retraining iterations were necessary. In the end, it
helps identify channel designs that offer a good balance between Tmax and ∆Tmax.

6. Results and Discussion
6.1. Precision Analysis of GPR Model

Two commonly used statistical metrics were employed to assess the predictive ac-
curacy of the GPR models developed in this study: the coefficient of determination (R2)

https://doi.org/10.3390/batteries12040138

https://doi.org/10.3390/batteries12040138


Batteries 2026, 12, 138 14 of 25

and the Root Mean Square Error (RMSE). These metrics were computed by comparing the
predicted values from the GPR models and the observed outputs from the CFD simulations
on the training dataset. The coefficient of determination indicates how well the surrogate
model captures the variability in the original dataset; a value of R2 close to 1 implies high
predictive accuracy. RMSE quantifies the average magnitude of prediction error. A lower
RMSE shows a closer fit between the surrogate model and the CFD data.

R2 = 1 − ∑N
i=1(yi − ŷi)

2

∑N
i=1(yi − yi)

2 (9)

RMSE =

√√√√ 1
N

N

∑
i=1

(yi − ŷi)
2 (10)

where yi is the actual CFD output, ŷi denotes the GPR predicted output for the i-th sample,
and yi indicates the mean of all observed outputs.

Two GPR models were constructed in this study: one for Tmax and one for ∆Tmax.
Both models were trained using the ARD Squared Exponential kernel, a popular choice for
capturing nonlinear relationships with automatic relevance determination. Standardization
of input features was also applied to enhance training convergence. The performance of
the GPR models is summarized in Table 7.

Table 7. Performance metrics of GPR surrogate models.

Output Values

Tmax ∆Tmax

R2 0.9900 0.9412
RMSE 0.0328 0.0774

The GPR model for Tmax exhibited superior performance compared to the model for
∆Tmax, as indicated by the higher R2 and lower RMSE (Table 7). The ∆Tmax model shows
slightly lower accuracy but remains acceptable for surrogate-based optimization. Despite
slightly lower accuracy in predicting ∆Tmax, the surrogate model still provides reliable
estimations with acceptable error margins, making it suitable for optimizing the process. In
addition, Figure 8 shows how well the GPR model predicted the actual value.

(a) (b) 

Figure 8. Comparison between GPR model predictions and CFD results. (a) Tmax. (b) ∆Tmax.
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As shown in Figure 8a, the predicted Tmax values agree well with the observed data,
with an R2 of 0.9990 and an RMSE of 0.0328 K. The most frequently predicted points are
tightly clustered around the 45-degree reference line (shown in red), indicating that the
GPR model accurately captures the nonlinear relationship between the design variables and
the maximum battery pack temperature across the entire range. No significant systematic
overestimation or underestimation is observed, even at higher temperatures, confirming
the model’s robustness.

As shown in Figure 8b, the ∆Tmax prediction exhibits slightly lower accuracy than
Tmax, with an R2 of 0.9412 and an RMSE of 0.0774 K. Although the scatter of the predicted
values around the diagonal line is more pronounced than in the Tmax case, the overall trend
is still well preserved. This indicates that the GPR model remains effective in predicting
thermal non-uniformity among battery cells.

6.2. Sensitivity Analysis of Design Variables

We conducted a sensitivity analysis to evaluate the relative influence of the geometric
design variables-channel thickness (tc), wall thickness (tw), and contact surface angle (θ)-on
the thermal performance of the battery module, specifically the Tmax and the ∆Tmax. The
sensitivity indices summarized in Table 8 are normalized measures of parameter influence
derived from the trained GPR surrogate models. These indices were computed using a
Morris-type one-at-a-time (OAT) global sensitivity analysis, in which the mean absolute
elementary effects were normalized to yield relative influence percentages.

Table 8. Multi-objective design optimization results.

Design Variable
Output Variable

Tmax ∆Tmax

θ (◦) 2.64% 4.17%
tc 35.95% 31.05%
tw 65.41% 64.77%

As shown in Table 8, the most dominant factor is tw, with sensitivities of 65.41% for
Tmax and 64.77% for ∆Tmax. These results underline the critical influence of tw on reducing
both Tmax and ∆Tmax. Physically, the wall thickness directly controls the thermal resistance
between the coolant and the battery cells. A thinner wall reduces this resistance, thereby
enhancing conductive heat transfer and facilitating more efficient heat dissipation.

Channel thickness (tc) is the second most influential parameter, with sensitivities of
35.95% for Tmax and 31.05% for ∆Tmax. This can be attributed to its effect on the coolant
flow area, where an increase in tc allows higher coolant flow and improves convective
heat transfer performance. Therefore, optimizing tc will also improve cooling performance,
especially by reducing Tmax. In contrast, the contact surface angle (θ) shows a relatively
small contribution, with sensitivities of 2.64% for Tmax and 4.17% for ∆Tmax. Physically, θ

primarily modifies the local contact configuration rather than the dominant heat transfer
pathways, which explains its limited influence on overall thermal performance. Although
its influence on thermal performance is noticeably lower than that of tc and tw, the slightly
higher contribution to ∆Tmax suggests that θ may have a secondary effect on temperature
uniformity. However, the overall results show the importance of focusing on tw and tc

when optimizing serpentine cooling channel for thermal control. The influence of θ may
be more relevant to other performance metrics, such as pressure drop or flow distribution,
rather than temperature control alone.

Figure 9 presents the GPR-predicted response curves for each design variable. The
solid lines represent the mean prediction, while the shaded areas indicate the 95% confi-
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dence intervals. The top-left plot indicates that the contact surface angle (θ) has a limited
influence on Tmax, with only slight variations observed across the investigated range. In
contrast, a more pronounced decreasing trend is observed for ∆Tmax as θ increases, sug-
gesting that θ has a secondary, but non-negligible, effect on temperature uniformity rather
than on peak temperature. Nevertheless, the overall sensitivity of θ remains significantly
lower than that of the other two design variables, which is consistent with its contribution
remaining below 5% in the variance-based sensitivity analysis.

Figure 9. Sensitivity analysis results for various design parameters. The solid lines represent the
mean predictions, while the shaded regions indicate the corresponding 95% confidence intervals.

The central plots reveal a nonlinear, weakly non-monotonic relationship between tc and
Tmax. As tc increases from 2.0 to approximately 2.2 mm, a slight increase in Tmax is observed;
however, the magnitude of this variation is marginal (within 0.2 K). Beyond this range,
Tmax decreases markedly with increasing tc and gradually approaches a plateau at larger
channel thicknesses. This behavior indicates a saturation effect, in which further increases
in tc yield diminishing thermal benefits, resulting in an almost constant peak temperature.

In contrast, ∆Tmax exhibits a more pronounced, nearly monotonic decrease with
increasing tc across the investigated range. This indicates that larger channel thickness
promotes more uniform temperature distribution within the battery module, likely due
to improved coolant flow capacity and reduced local thermal gradients. Unlike Tmax,
no evident deterioration in ∆Tmax is observed at higher tc values within the considered
design space.

The right-column plots show that wall thickness (tw) strongly influences thermal per-
formance, particularly ∆Tmax. An increase in tw leads to a pronounced rise in temperature
non-uniformity, while Tmax also exhibits an increasing trend, though with a milder gradient.
This confirms that thicker walls introduce additional thermal resistance, hindering effective
heat dissipation and exacerbating temperature gradients within the battery module.

From both numerical and graphical analyses, it is evident that tw and tc dominate
the thermal response of the cooling channel, with tw having the most critical impact.
Optimizing these two parameters is essential to minimise peak temperatures and achieve
thermal uniformity. In contrast, θ plays a secondary role and may be deprioritised in
early-stage optimization, thereby allowing greater flexibility in layout design.
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Figures 10 and 11 illustrate the combined effects of the three design variables—tc, tw,
and θ—on Tmax and ∆Tmax using 2D contour plots and 3D response surface visualisations.
These plots provide insight into both individual parameter influence and interaction effects
on the thermal behavior of the battery cooling system.

Figure 10. Contour plot of the interaction effects on Tmax and ∆Tmax.

 

Figure 11. 3D surface plot of the interaction effects on Tmax and ∆Tmax.

From the Tmax contour and surface plots (top rows), tw emerges as the most influential
parameter. Tmax consistently increases with increasing tw across the investigated range,
indicating that thicker channel walls introduce greater thermal resistance and hinder heat
dissipation. Channel thickness (tc) exhibits a secondary but noticeable influence, with Tmax

showing a nonlinear response and an optimal intermediate range where the maximum
temperature is minimised. In contrast, variations in the contact surface angle (θ) lead to
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relatively mild changes in Tmax, suggesting that θ primarily affects temperature distribution
rather than the peak temperature level.

The interaction plots further reveal that the combined effects of tc and tw are critical
in determining Tmax. A balanced combination of moderate channel thickness and thin
channel walls forms a clear optimal region with reduced Tmax, while extreme values of
either parameter result in elevated temperatures.

The bottom rows of Figures 10 and 11 show the response of ∆Tmax to the design
variables. Compared to Tmax, ∆Tmax is more sensitive to variations in both tw and θ.
An increase in wall thickness leads to a pronounced rise in temperature non-uniformity,
confirming its dominant role in governing thermal gradients within the battery module.
Increasing θ generally reduces ∆Tmax, indicating that a larger contact surface angle promotes
more uniform cooling across the cells. The influence of tc on ∆Tmax is comparatively
moderate and exhibits a nonlinear trend, with excessive or insufficient channel thickness
leading to higher temperature differences.

Overall, the contour and surface plots demonstrate that tw and tc are the primary
parameters controlling the thermal performance of the serpentine cooling channel, with
tw being the most critical. The contact surface angle (θ) plays a secondary role, mainly
affecting temperature uniformity rather than absolute temperature levels. These findings
highlight the necessity of multi-variable optimization, with priority given to tc and tw to
minimise Tmax and ∆Tmax, while θ may be adjusted with greater flexibility during layout
and structural design.

6.3. Multi-Objective Optimization Result

The Pareto front resulting from the NSGA-II multi-objective optimization is shown
in Figure 12. Each blue point represents a non-dominated solution obtained during the
optimization process, balancing the trade-off between the two conflicting objectives: min-
imising Tmax and ∆Tmax. The trade-off curve shows a downward-sloping trend: reducing
Tmax typically increases ∆Tmax, and vice versa. This inverse relationship confirms the multi-
objective nature of the thermal design problem. The red line represents a smooth curve
fitted through the Pareto-optimal points, serving as a visual guide to the frontier.

Figure 12. Pareto solution.

Compared with representative recent surrogate-assisted optimization studies on bat-
tery thermal management, the present work adopts a more geometry-focused setting under
fixed operating conditions. This allows the intrinsic effects of the geometric variables on
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Tmax and ∆Tmax to be interpreted more clearly. From this perspective, the study contributes
not only by identifying an improved design but also by providing clearer physical insight
into the Pareto trade-off observed in liquid-cooled battery systems.

The observed trade-off can be explained by the underlying heat transfer mechanisms
governed by the geometric design parameters. As demonstrated in the sensitivity analysis
(Table 8), wall thickness (tw) is the most influential parameter, accounting for approximately
65% of both Tmax and ∆Tmax. Physically, tw controls the thermal resistance between
the battery cells and the coolant. A reduction in tw decreases this resistance, thereby
enhancing conductive heat transfer and lowering Tmax. However, this intensified heat
removal tends to be spatially nonuniform along the serpentine flow path, with upstream
regions experiencing stronger cooling than downstream regions. As a result, temperature
gradients increase, leading to higher ∆Tmax.

The channel thickness (tw), identified as the second-most-influential parameter, pri-
marily affects coolant flow capacity and convective heat transfer. Increasing tc increases
coolant flow rate and improves overall heat dissipation, thereby reducing Tmax. At the same
time, it promotes more uniform cooling distribution, which helps reduce ∆Tmax. However,
this effect is nonlinear and exhibits diminishing returns at higher tc values, as observed in
the response surface analysis (Figures 10 and 11).

In contrast, the contact surface angle (θ) has a relatively minor influence on Tmax but a
more noticeable effect on temperature uniformity. Increasing θ enlarges the contact area
between the cooling channel and the battery cells, facilitating a more even distribution of
heat transfer and thereby reducing ∆Tmax, while having only a limited impact on Tmax.

Overall, these results indicate that Tmax is primarily governed by the intensity of heat
removal, dominated by tw and tc. In contrast, ∆Tmax is controlled by the spatial uniformity
of heat transfer, influenced by flow distribution and geometric configuration. The inherent
competition between these two mechanisms explains the formation of the Pareto front.

Among the obtained Pareto-optimal solutions, the selected design (green point in
Figure 12) corresponds to the minimum Euclidean distance from the ideal point, repre-
senting a balanced compromise between the two objectives. This criterion was adopted to
ensure simultaneous, unbiased consideration of Tmax and ∆Tmax without introducing sub-
jective weighting factors. This solution achieves a low peak temperature while maintaining
acceptable temperature uniformity, which is critical for preventing thermal degradation
and ensuring consistent performance and battery cell aging. The relatively narrow spread
of the Pareto front further indicates that the optimization converges to a high-performance
design region. This demonstrates the effectiveness of the surrogate-assisted optimization
framework based on Gaussian Process Regression in efficiently exploring the design space
and identifying optimal solutions.

To assess the performance of the proposed optimization framework, the initial cooling
channel configuration and the optimal design obtained from the NSGA-II algorithm were
compared, as summarized in Table 9. The initial model used a conservative geometry
with θ = 51◦, tc = 3 mm, and tw = 0.7 mm, resulting in a Tmax of 307.639 K and an ∆Tmax of
8.752 K. The optimal configuration was found at θ = 60 ◦, tc = 2.95 mm, and tw = 0.949 mm.
According to the GPR surrogate model predictions, this new design reduced Tmax to
306.575 K (a 1.064 K reduction) and ∆Tmax to 7.832 K (a 0.92 K reduction). The optimal
geometry was re-evaluated using a full CFD simulation to validate the surrogate model.
As shown in Figure 13b, the CFD results yielded Tmax = 306.653 K and ∆Tmax = 7.887 K.
These results are very close to the surrogate model predictions, with relative errors of less
than 1%, confirming the high accuracy and robustness of the GPR-based approach.
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Table 9. Comparison between the initial and optimal design results (predicted and CFD-validated).

Design Case θ (◦) tc (mm) tw (mm) Tmax (K) ∆Tmax (K)

Initial model 51.000 3.000 0.700 307.639 8.752
Optimal design (GPR) 60.000 2.950 0.949 306.575 7.832
Optimal design (CFD) 60.000 2.950 0.949 306.653 7.887
Relative error (%) - - - 0.025 0.697
Improvement - - - 0.986 K 9.883%

 
(a) 

 
(b) 

Figure 13. The temperature contour of initial model and after optimization. (a) Initial model.
(b) after optimization.

To quantify the effectiveness of the proposed optimization framework, the results
of the optimal design (obtained via NSGA-II and validated by CFD) are compared with
the baseline configuration, as summarized in Table 9. The optimized serpentine cooling
channel improved both thermal performance indicators compared with the initial design.
Specifically, Tmax decreased from 307.639 K to 306.653 K, corresponding to a temperature
drop of 0.986 K. More importantly, ∆Tmax was reduced from 8.752 K to 7.887 K, representing
a 9.88% reduction. This result indicates a clear enhancement in temperature uniformity
across the battery module. From a thermal management perspective, the reduction in ∆Tmax

is particularly meaningful because improved temperature uniformity helps alleviate local
hot-spot formation and contributes to more stable and reliable battery operation. Although
the reduction in Tmax is moderate in absolute magnitude, it still reflects a beneficial
improvement in thermal control under the fixed operating conditions considered in this
study. In addition, the close agreement between the GPR-predicted and CFD-validated
results, with relative errors below 1%, further confirms the accuracy and reliability of the
proposed surrogate-assisted optimization framework.
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Although pressure drop was not included as an optimization objective in this paper, the
optimized configuration results in a pressure drop (∆P) of 1456.817 Pa. At the considered
inlet velocity of 0.3 m/s, this corresponds to a pumping power (Pp) of approximately
0.0111 W for the studied 40-cell battery module, which can be neglected compared with
the system’s total thermal load. It should be noted that Pp can be calculated as follows:

Pp = b(tc − 2.tw)v∆P (11)

where b = 0.0636 m, tc = 0.00295 m, tw = 0.000949 m, v = 0.3 m/s, and ∆P = 1456.817 Pa.
Figure 13 shows the temperature contours of the initial lithium-ion battery pack

and the optimized battery pack. It can be seen that the maximum temperature of the
optimized battery pack was reduced to 306.653 K, and more importantly, the temperature
distribution became more uniform. Specifically, the isotherms within each battery cell are
more symmetrical and flatter (less steep), and the color transition across the entire battery
pack is smoother. These visual observations provide concrete evidence of improvements
in both Tmax and ∆Tmax, as predicted by the GPR model and verified by CFD simulations.
Overall, these results demonstrate the effectiveness of the GPR-NSGA-II framework in
improving both key thermal metrics. The optimal geometry, characterized by an increased
channel angle and wall thickness together with a slightly reduced channel thickness, is
associated with improved coolant flow distribution and more uniform heat removal across
the battery pack.

Although the absolute reduction in Tmax is relatively small (≈1 K), this improvement
remains meaningful in battery thermal management, where operating temperatures are
tightly constrained, and even small reductions can enhance thermal stability and reduce
degradation risk. More importantly, the reduction in ∆Tmax (≈9.88%) represents a mean-
ingful improvement in temperature uniformity, critical for mitigating uneven aging and
ensuring consistent performance across battery cells.

From a practical standpoint, the required geometric modifications are relatively minor,
indicating that the improved thermal performance can be achieved without significant
design complexity or additional energy consumption. Therefore, the optimization results
are practically relevant for battery thermal management applications.

Compared with representative recent studies on battery thermal management, the
present work differs mainly in its geometry-focused optimization setting under fixed oper-
ating conditions. For example, Su et al. [23] employed NSGA-II combined with a GP-based
surrogate model and considered both thermal and hydraulic performance. Because the
compared studies do not share identical optimization variables and constraints, the com-
parison should be interpreted primarily in terms of design focus and result interpretation
rather than direct superiority. From this perspective, the present study contributes not only
by achieving competitive thermal performance but also by providing clearer physics-based
insight into the Pareto trade-off for geometry-driven battery thermal design.

However, the reported improvements in thermal metrics in that work were relatively
modest, with only marginal reductions in maximum temperature and temperature vari-
ation. In contrast, the revised discussion clarifies that the present study differs mainly
in its optimization scope and interpretive emphasis, rather than claiming universal su-
periority over previous approaches, particularly in temperature uniformity, with ∆Tmax

reduced by approximately 9.88%, together with a modest reduction in Tmax under the
studied conditions.

The differences can be attributed to both the design focus and modeling approach.
While Su et al. incorporated multiple operating parameters such as inlet temperature
and coolant velocity, the present study concentrates on the geometric optimization of the
serpentine cooling channel, which directly governs the dominant heat transfer pathways,
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including conductive resistance and convective heat removal. As demonstrated in the
sensitivity analysis, wall thickness (tw) and channel thickness (tc) play a critical role in
controlling thermal resistance and coolant flow capacity, thereby strongly influencing both
Tmax and ∆Tmax.

Furthermore, although Pareto-based optimization is adopted in both studies, the
present work provides a more detailed interpretation of the trade-off mechanism between
peak temperature and temperature uniformity by linking the Pareto front behavior with
the underlying heat transfer processes. This enables a clearer physical understanding of
why improvements in Tmax may be accompanied by changes in ∆Tmax, which is essential
for practical thermal design.

Overall, the comparison indicates that the contribution of the present work lies not only
in achieving competitive thermal performance but also in providing a clearer physics-based
interpretation of the Pareto trade-off for geometry-driven battery thermal design.

7. Conclusions
This study developed a surrogate-assisted multi-objective optimization framework

for a serpentine liquid-cooling channel in a battery thermal management system. A three-
dimensional CFD model was established for the battery module, and GPR surrogate models
were trained to describe the relationships between the channel geometric parameters and
the thermal performance indicators. Based on the trained models, sensitivity and interaction
analyses were conducted, and NSGA-II was employed to simultaneously minimize the
maximum battery temperature (Tmax) and the maximum temperature difference within the
battery pack (∆Tmax). The main conclusions are summarized as follows:

(1) Sensitivity analysis indicates that the wall thickness of the cooling channel is the most
influential design parameter affecting the thermal behavior of the battery module,
contributing 65.41% and 64.77% to the variations in Tmax and ∆Tmax, respectively.

(2) Channel thickness (tc) is the second most influential parameter, with sensitivities
of 35.95% for Tmax and 31.05% for ∆Tmax, indicating that adjusting tc can effectively
improve the cooling capability of the serpentine channel.

(3) The contact surface angle between the cooling channel and the battery cells has a
relatively minor influence on the temperature-related objectives. However, it may still
contribute to temperature uniformity through secondary effects.

(4) The optimal design was obtained at θ = 60◦, tc = 2.95 mm, and tw = 0.949 mm.
Under these conditions, Tmax decreased from 307.639 K to 306.653 K, corresponding
to a temperature drop of 0.986 K, while ∆Tmax decreased from 8.752 K to 7.887 K,
representing a 9.88% reduction. These results confirm that the optimized channel
geometry improves temperature uniformity and thermal performance of the battery
module under the studied operating conditions.

(5) CFD validation agrees well with the surrogate model predictions, with relative er-
rors below 1%, confirming the accuracy and reliability of the proposed GPR-based
optimization framework.

Although pressure drop was not explicitly included as an optimization objective in the
present study, this choice was made to isolate the effects of geometric design parameters on
thermal performance under fixed operating conditions. This approach enables a clearer
interpretation of the trade-off between Tmax and ∆Tmax. Nevertheless, the pressure drop of
the optimal configuration was also evaluated and found to be sufficiently small, indicating
that the proposed design does not introduce significant hydraulic losses.

The proposed framework therefore provides a reliable basis for geometry-driven
thermal design at the module level. Future work will incorporate hydraulic performance
metrics and multi-flow-path channel configurations to further improve the practicality
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and scalability of liquid-cooled battery thermal management systems. In addition, the
present study validates the proposed surrogate model against CFD simulations rather than
experimental data. Although the CFD model is based on well-established heat-transfer
principles and is widely used in battery thermal analysis, experimental validation is still
required to confirm the practical applicability of the present results. This aspect will be
addressed in future work.
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Nomenclature

BTMS Battery Thermal Management System
CFD Computational Fluid Dynamics
DOE Design of experiment
EVs Electric vehicles
GPR Gaussian Process Regression
LHS Latin hypercube sampling
NSGA − I I Non-dominated sorting genetic algorithm–II
SIMPLE Semi-implicit method for pressure-linked equations
a Cooling channel height (mm)
b Inlet/outlet height (mm)
Cb Heat capacity of lithium battery (J.kg−1 K−1)
Cc Heat capacity of cooling channel (J.kg−1 K−1)
Cw Heat capacity of water (J.kg−1 K−1)
K Thermal conductivity (W m−1 K−1)
kc Thermal conductivity cooling channel (W m−1 K−1)
kw Thermal conductivity water (W m−1 K−1)
P Static pressure (Pa)
Q Heat generation rate (W/m3)
Tb Temperature of lithium battery (K)
Tc Temperature of cooling channel (K)
Tmax Peak temperature in the battery module (K)
∆Tmax Temperature spread between the hottest and coolest cells.
tc Channel thickness (mm)
tw Wall thickness (mm)
θ Contact surface angle (o)
ρ Mass density (kg/m3)
ρc Mass density of cooling channel (kg/m3)
ρw Mass density of water (kg/m3)
µ Viscosity (kg m−1 s−1)
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