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Abstract: In this study, the particle swarm optimization (PSO) and back propagation neural
network (BPNN) surrogate model in combination with a multi-objective genetic algorithm
are developed for the design optimization of a bionic liquid cooling plate with a spider-
web channel structure. The single-factor sensitivity analysis is first conducted based on
the numerical simulation approach, identifying three key factors as design variables for
optimizing design objectives such as maximum temperature (Tmax), maximum temperature
difference (∆Tmax), and pressure drop (∆P). Subsequently, the PSO algorithm is used to
optimize the parameters of the BPNN structure, thereby constructing the PSO-BPNN
surrogate model. Next, the non-dominated sorting genetic algorithm II (NSGA-II) is
employed to obtain the Pareto optimal set, and the TOPSIS with the entropy weight method
is used to determine the optimal solution, eliminating subjective preferences in decision-
making. The results show that the PSO-BPNN model outperforms the traditional BPNN in
prediction accuracy for all three objectives. Compared to the initial structure, the Tmax and
∆Tmax are reduced by 1.09 ◦C and 0.41 ◦C in the optimized structure, respectively, with an
increase in ∆P by 21.24 Pa.

Keywords: liquid cooling plate; particle swarm optimization; back propagation neural
network; multi-objective optimization; entropy weight–TOPSIS method

1. Introduction
Due to increasingly severe energy shortages and environmental degradation, coun-

tries around the world have begun to develop more energy-efficient and environmentally
friendly electric vehicles, which are gradually replacing traditional fuel vehicles and be-
coming the main trend of future automotive development [1,2]. Lithium-ion batteries are
the core power source for electric vehicles and have become widely used in the electric
vehicle sector because of their high energy density, low self-discharge rate and long cycle
life [3,4]. However, the operating temperature of lithium-ion batteries significantly affects
their performance and lifespan. The ideal operating temperature range is 25 ◦C to 40 ◦C,
and the ∆Tmax should be controlled within 5 ◦C [5]. If the temperature exceeds the maxi-
mum safety threshold of lithium-ion batteries, it may result in thermal runaway, potentially
triggering serious safety accidents such as fires and explosions [6,7]. Therefore, establish-
ing an efficient battery thermal management system (BTMS) is extremely important for
ensuring the safe and stable operation of the batteries.
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Battery thermal management approaches primarily consist of air cooling [8,9], liquid
cooling [10,11], phase change material (PCM) cooling [12,13], and heat pipe cooling [14,15].
In the past, air cooling was widely applied due to its advantages, such as simple structure
and low maintenance cost [16]. However, as the energy density of batteries rises, air cooling
is unable to satisfy the heat dissipation requirements [17]. Although PCM can effectively
absorb the heat generated by batteries, it has not been applied due to its poor thermal
conductivity [18]. Heat pipes possess good thermal conductivity but generally need to be
combined with other cooling approaches, which increases system complexity [19], thus
limiting their application in BTMS. In comparison, liquid cooling remains the mainstream
form of thermal management for batteries because of its outstanding heat dissipation
capability [20].

Liquid cooling can be categorized into two types: direct contact cooling and indirect
contact cooling [21]. In direct contact cooling, the coolant makes contact with the battery
for heat exchange, providing better temperature uniformity for the battery, which, however,
requires high-stability dielectric coolant and a well-sealed cooling system [22]. In compar-
ison to direct contact cooling, indirect contact cooling employs the liquid cooling plates
to establish a connection with the batteries, with thermal interface materials in between
them to dissipate heat. The key design principle for the liquid cooling plate is to create a
reasonable flow channel to ensure that the coolant is evenly distributed in the channels.
Li et al. [23] studied the impact of two layouts of liquid cooling plates with a single channel,
multiple small channels, and an S-shaped channel on the thermal management of the
battery module. The results indicated that placing liquid cooling plates with multiple
small channels on both sides of the battery module achieved optimal cooling performance.
Sheng et al. [24] devised a liquid cooling plate with double serpentine channels, finding
that the arrangement of the inlet and outlet significantly affected the temperature difference.
Huang et al. [25] designed a liquid cooling plate with streamlined channels, and the results
showed that it can significantly reduce ∆Tmax and ∆P.

Besides the conventional liquid cooling plates mentioned above, researchers have
shown interest in the design of liquid cooling plates inspired by bionic structures. Wang
et al. [26] designed a liquid cooling plate with a butterfly-shaped flow channel and com-
pared its cooling performance with straight, serpentine, and leaf-shaped liquid cooling
plates. The results showed that the butterfly-shaped liquid cooling plate demonstrated
superior overall performance. Subsequently, further optimization of its structural parame-
ters resulted in an optimal configuration, reducing the Tmax to 32.72 ◦C and ∆P to 25.7 Pa.
Liu et al. [27] proposed a bionic leaf-vein channel liquid cooling plate and studied the
impact of various structural factors. It was found that the channel width and inlet velocity
significantly affected the cooling performance. Fan et al. [28] designed four types of liquid
cooling plates with bionic fishbone channels. Compared to the Z-shaped liquid cooling
plate, the bionic fishbone channel liquid cooling plate with a single inlet and dual outlets
demonstrated better cooling performance.

In most cases, the above methods for optimizing battery thermal management param-
eters primarily rely on numerical simulations and tedious case experiments. The diverse
and complex combinations of different parameters result in the significant consumption
of time and computational resources during the analysis and optimization processes. As
diverse surrogate models and artificial intelligence algorithms evolve, large amounts of
data can be processed quickly, improving work efficiency without human intervention. As
such, many researchers have optimized BTMS using surrogate models and optimization
algorithms. Due to the nonlinear characteristics of complex BTMS, the BPNN is used as
a surrogate model for multi-objective optimization because of its advantages in handling
complex nonlinear mapping relationships and strong self-learning ability. Li et al. [29] used
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an artificial neural network to establish the relationship between battery spacing, ambient
pressure, and both the Tmax and ∆Tmax and then improved the temperature uniformity
of the battery module through optimized design. Chen et al. [30] showed that a deep
learning neural network model provided more precise output predictions for the cooling
performance of carbon/epoxy resin with a microchannel compared to the response surface
model. Although progress has been made in performance prediction, the traditional BPNN
has certain limitations as a surrogate model. The learning rate and the number of hidden
nodes, which are critical hyperparameters affecting model training, are generally set based
on personal experience and often require multiple human trials to optimize. Additionally,
the initial weights and thresholds of the BPNN are generally initialized randomly, which
would lead to the network getting stuck in local optima during training, thereby affecting
the prediction performance of the model.

In response to the above issues, this paper introduces the PSO-BPNN surrogate model
in combination with multi-objective genetic algorithm for the design optimization of a
bionic liquid cooling plate constructed with a spider-web channel structure. The PSO
algorithm can automatically optimize the number of hidden nodes, learning rate, initial
weights, and thresholds without human intervention. This approach significantly enhances
the prediction accuracy of the BPNN. Based on this, a novel spider-web liquid cooling plate
is proposed, with the Tmax, ∆Tmax, and ∆P selected as optimization objectives. The optimal
Latin hypercube sampling (OLHS) method is employed for sampling, and a corresponding
dataset of samples is constructed through computational fluid dynamics (CFD) simulations.
Based on these data, the PSO-BPNN surrogate model is established. Subsequently, the
NSGA-II algorithm is adopted to perform multi-objective optimization on the spider-web
cooling plate. The entropy weight method is used to determine the weight of each objective,
and the TOPSIS method is applied to rank the optimal solutions, thereby obtaining the
optimal structural parameters for the cooling plate.

2. Model and Validation
2.1. Model Description

A bionic liquid cooling plate with a spider-web channel is designed for battery ther-
mal management. The prismatic lithium-ion battery used in this paper is of the model
CATL2795148-51Ah. Its cathode material is LiNi0.8Co0.1Mn0.1O2, the anode material is
graphite, and the electrolyte is LiPF6. The detailed characteristic parameters are listed in
Table 1. The geometric model of the battery liquid cooling system is shown in Figure 1,
which consists of five batteries and six liquid cooling plates arranged alternately. It is noted
that the liquid cooling plates are positioned on the large sides of the batteries. When pris-
matic lithium-ion batteries are grouped, the large sides with the highest temperature come
into contact, making it difficult for the heat generated by the batteries to dissipate in time,
leading to heat accumulation. As such, a side-contact cooling method is adopted to enhance
the heat dissipation of the batteries. To save computational resources, a representative
cooling unit will be used as the subject of subsequent simulations, namely a liquid cooling
plate in direct contact with two batteries. Considering that aluminum has good thermal
conductivity and lightweight properties, it is selected as the material for the liquid cooling
plate. Water flows through the channels in the liquid cooling plate, absorbing heat from the
batteries. The physical parameters of the liquid cooling plate and coolant are presented in
Table 2.
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Table 1. Parameters of prismatic lithium-ion battery.

Battery Parameters Value

Size/mm 148 × 92 × 27
Nominal voltage/V 3.7

Nominal capacity/Ah 51
Discharge cut-off voltage/V 2.8

Charge cut-off voltage/V 4.2
Maximum continuous discharge rate/C 3

Maximum continuous charge rate/C 1
Internal resistance/mΩ 0.7

Mass/g 824.5
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Table 2. Physical parameters of liquid cooling plate and coolant.

Material Density/kg·m−3 Specific Heat
Capacity/J·kg−1·K−1

Thermal
Conductivity/W·m−1·K−1 Viscosity/Pa·s

Liquid cooling plate
(Aluminum) 2719 871 202 -

Coolant (Water) 998.2 4182 0.6 0.001003

2.2. Governing Equations and Boundary Conditions

To improve the efficiency of numerical calculations, the following assumptions are
made for the model.

(1) Radiative heat transfer between the battery and the surroundings is ignored.
(2) The coolant is incompressible with steady-state flow field.
(3) The physical properties of the coolant, liquid cooling plate, and battery are unaf-

fected by temperature.
(4) The contact thermal resistance between the battery and the liquid cooling plate

is ignored.
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2.2.1. Battery Governing Equation

Assuming that the battery is composed of anisotropic and uniformly distributed
materials, the three-dimensional energy equation for the battery in a Cartesian coordinate
system is as follows [31]:

ρbatcbat
∂Tbat

∂t
= λx

∂2Tbat
∂x2 + λy

∂2Tbat
∂y2 + λz

∂2Tbat
∂z2 + q (1)

where ρbat, cbat, and Tbat are the density, specific heat capacity and temperature of the
battery, respectively. λx, λy, and λz are the thermal conductivity of the battery along the x,
y and z directions, respectively. q is the volumetric heat generation rate of the battery.

2.2.2. Convective Boundary Between Air and Battery

The convective boundary condition between the battery and the air is as follows [32]:

λbat
∂T
∂n

|sur,bat = −hsur,bat(Tbat − Ta) (2)

T(x, y, z, 0) = Ta (3)

where hsur,bat is the convective heat transfer coefficient on the battery surface, and Ta is the
ambient temperature.

2.2.3. Heat Transfer Boundary Between Battery and Liquid Cooling Plate

The heat transfer boundary condition and initial condition between the battery and
the cooling plate are as follows [32]:

λbat
∂T
∂n

|sur,bat−lcp = λlcp
∂T
∂n

|sur,bat−lcp (4)

Tbat = Tlcp (5)

T(x, y, z, 0) = Ta (6)

where λlcp is the thermal conductivity of the liquid cooling plate, and n is the normal
direction.

2.2.4. Coolant Governing Equations and Boundary Condition

The coolant mass, energy and momentum conservation equations are as follows [33]:
Mass conservation:

∇ · (ρ f
→
v ) = 0 (7)

Energy conservation:

ρ f c f
∂Tf

∂t
+∇ · (ρ f c f

→
v Tf ) = ∇ · (λ f∇Tf ) (8)

Momentum conservation:

∂

∂t
(ρ f

→
v ) +∇ · (ρ f

→
v )

→
v = −∇Pf + µ∇2→v (9)

where ρf is the density of the coolant,
→
v is the velocity vector, cf is the specific heat capacity

of the coolant, λf is the thermal conductivity of the coolant, Tf is the temperature of the
coolant, µ is the dynamic viscosity of the coolant, ∇2 is the Laplacian operator, and Pf is
the static pressure of the coolant.
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The boundary condition between the liquid cooling plate and the coolant can be
expressed as follows [32]:

λlcp
∂T
∂n

|sur,lcp− f = −hsur,lcp− f (Tlcp − Tf ) (10)

For fluid flow, the Reynolds number can be calculated by Equation (11).

Re =
ρ f vD

µ
(11)

where D is the hydraulic diameter of inlet channel. After calculation, the Reynolds number
at the maximum inlet velocity and maximum hydraulic diameter is 2181, which is less than
2300. As such, for the other cases where the Reynolds number is always below 2300, the
standard laminar flow model is adopted for numerical calculations.

2.3. Verification of Grid Independence

The accuracy and speed of computations are affected by the number of grids in the
model. To enhance the reliability of the simulation results, the grid independence test is
performed. The polyhedral grid configuration is adopted for the grid division. The Tmax

of the battery and ∆P are used as criteria for the grid independence test. The simulation
results for various grid numbers are shown in Figure 2. It is indicated that with the number
of grids increasing, the Tmax and ∆P tend to stabilize, and when the number of grids is
more than 448,838, the Tmax and ∆P increase by 0.01% and 0.36%, respectively. Considering
both computational accuracy and cost, the grid number at this point is ultimately selected
for subsequent simulations.
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2.4. Experiment of Heat Generation Rate

Based on the principle of the calibrated calorimetry method [34], the heat generation
rate of a 51 Ah prismatic lithium-ion battery was tested. The experimental setup for the
heat generation rate test was shown in Figure 3a. The testing system mainly included the
battery, charge/discharge equipment (NEWARE CT-4008-5V60A-NFA, manufactured in
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China), thermostat (WBE 3SDG100L, manufactured in China), computer, and temperature
data-acquisition instrument (HIOKI LR8410R, manufactured in Japan). Six thermocouples
were distributed along the diagonal lines of the front and rear surfaces of the battery.
The positive and negative terminals of the lithium-ion battery were connected to copper
wire terminals using bolts and washers. The surface of the battery was covered with a
10 mm thick aerogel layer, which was secured with high-temperature tape to reduce heat
dissipation during the experiment and establish an approximately adiabatic environment.
The wrapped battery was placed in the thermostat, and all thermocouples were connected
to a real-time data-acquisition instrument. The charge/discharge equipment was connected
to the battery through copper wire terminals, and the computer controlled the discharging
programs of the battery. Figure 3b showed the transient volumetric heat generation rate of
the battery calculated using the calibrated calorimetry method under the 1C discharge rate.

Batteries 2025, 11, x FOR PEER REVIEW  7  of  28 
 

heat generation rate test was shown in Figure 3a. The testing system mainly included the 

battery, charge/discharge equipment (NEWARE CT-4008-5V60A-NFA, manufactured in 

China), thermostat (WBE 3SDG100L, manufactured in China), computer, and temperature 

data-acquisition instrument (HIOKI LR8410R, manufactured in Japan). Six thermocouples 

were distributed along the diagonal lines of the front and rear surfaces of the battery. The 

positive and negative terminals of the lithium-ion battery were connected to copper wire 

terminals using bolts and washers. The surface of the battery was covered with a 10 mm 

thick aerogel layer, which was secured with high-temperature tape to reduce heat dissi-

pation during the experiment and establish an approximately adiabatic environment. The 

wrapped battery was placed in the thermostat, and all thermocouples were connected to 

a real-time data-acquisition instrument. The charge/discharge equipment was connected 

to the battery through copper wire terminals, and the computer controlled the discharging 

programs of the battery. Figure 3b showed the transient volumetric heat generation rate 

of the battery calculated using the calibrated calorimetry method under the 1C discharge 

rate. 

 

Figure 3. (a) Schematic of the heat generation rate testing experimental system, (b) volumetric heat 

generation rate over time. 

2.5. Verification of the Thermal Model 

To validate the accuracy of the battery thermal model, a numerical transient simula-

tion is conducted on the thermal behavior of the battery under 1C discharge condition. 

Considering that the heat generation rate of the battery during 1C discharge varies with 

Figure 3. (a) Schematic of the heat generation rate testing experimental system, (b) volumetric heat
generation rate over time.

2.5. Verification of the Thermal Model

To validate the accuracy of the battery thermal model, a numerical transient simu-
lation is conducted on the thermal behavior of the battery under 1C discharge condition.
Considering that the heat generation rate of the battery during 1C discharge varies with
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time, the user-defined function (UDF) compiler in Fluent 2021R1 is employed to define the
battery heat source. A simulation calculation is performed for the battery discharging at
1C in an ambient temperature of 25 ◦C, and the calculated average surface temperature of
the battery is compared with the experimental temperature data from the 1C discharge of
the battery, as shown in Figure 4. The maximum relative error between the simulated tem-
perature and the experimental temperature does not exceed 3%. The results demonstrate
good consistency, indicating that the battery thermal model possesses high reliability and
is suitable for simulation analysis of battery cooling.
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3. Optimization Procedure
3.1. Establishment of the PSO-BP Surrogate Model
3.1.1. Design of Experiment

Before establishing the surrogate model, sample points must be obtained through
experimental design. Based on the sensitivity analysis of the factors, as will be discussed in
the later part of this paper, the channel width (X1), channel depth (X2) and inlet velocity
(X3) are selected as the input variables for the experimental design, with the Tmax, ∆Tmax,
and ∆P as the output variables. The optimal Latin hypercube sampling (OLHS) method
is employed for case sampling since it allows the sample points to be more uniformly
distributed across the entire sampling space, unlike the Latin hypercube sampling (LHS)
method [35]. A total of 95 sample points are selected using the OLHS method, and their
distribution is plotted in Figure 5, which displays relatively uniform distribution within the
design range. Subsequently, numerical simulations are conducted to calculate the output
response values for each sample point.
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3.1.2. BP Neural Network Model

BPNN is a feedforward neural network trained using the back propagation algorithm,
suitable for solving complex nonlinear problems. As illustrated in Figure 6, the BPNN
model comprises an input layer, a hidden layer, and an output layer. The input layer
includes three nodes, which are the channel width (X1), the channel depth (X2), and the
inlet velocity (X3). Similarly, the output layer includes three nodes, corresponding to the
Tmax, ∆Tmax, and ∆P. The number of hidden nodes is crucial for the prediction accuracy of
the network. Therefore, the effect of the number of hidden nodes on prediction performance
is taken into account. The number of hidden nodes, h, can be calculated by Equation (12).
The output response values of the sample points obtained from numerical simulations are
utilized to construct the dataset for the BPNN model, with 80% of the data allocated for
training the surrogate model and 20% for testing the accuracy of the model.

h =
√

m + n + a (12)

where h, m, and n are the number of nodes in the hidden layer, input layer and output
layer, respectively. a is an adjusting constant ranging from 1 and 10. In order to achieve
higher prediction accuracy and avoid overfitting, the optimal number of hidden nodes is
determined through the PSO algorithm.
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3.1.3. Particle Swarm Optimization Algorithm

The PSO algorithm is a heuristic intelligent optimization algorithm that simulates the
foraging behavior of birds through iterative updating of particles to solve problems [36].
Each particle has its own unique position and velocity. The position of a particle stands for
a potential solution, and its velocity determines the direction and magnitude of movement
during the iteration process. The fitness function is used to evaluate the quality of each
potential solution, and the entire population moves toward the optimal solution. Through
continuous iteration of the velocity and position of particles, the optimal solution is ob-
tained. The schematic diagram of the velocity and position updates during the iteration
process is shown in Figure 7, and the corresponding update formulas are as follows:

X j
i (t + 1) = X j

i (t) + V j
i (t + 1) (13)

V j
i (t + 1) = wV j

i (t) + c1r1[p
j
besti − X j

i (t)] + c2r2[g
j
best − X j

i (t)] (14)

where V j
i (t) and V j

i (t + 1) are the velocity of the i-th particle in the j-th dimension at the

t-th and (t + 1)-th iteration, respectively. X j
i (t) and X j

i (t + 1) are the position of the i-th
particle in the j-th dimension at the t-th and (t + 1)-th iteration, respectively. w is inertia
weight, c1 and c2 are learning factors, and r1 and r2 are random values within the interval
(0, 1). pj

besti is the individual optimal solution of the i-th particle in the t-th iteration and

gj
best is the global optimal solution in the t-th iteration.
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3.1.4. BPNN Model Optimized with Particle Swarm Optimization

Based on the limitations of the traditional BPNN, this paper introduces the PSO
algorithm to optimize the two critical hyperparameters of the BPNN, as well as the initial
weights and thresholds of the nodes. Specifically, the PSO algorithm exerts its global
search capability within the search domain by utilizing the prediction error of the BPNN
as the fitness function of the PSO algorithm. This process continues until the algorithm
identifies the optimal combination of the number of hidden nodes, learning rate, initial
weights, and thresholds that satisfy the error precision requirements. These globally optimal
solutions obtained after the algorithm terminates are assigned to the BPNN to achieve
higher prediction accuracy. The specific algorithm flow is illustrated in Figure 8.
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3.2. Mathematical Model of Multi-Objective Optimization

In the design of the spider-web liquid cooling plate, numerous variables interact with
each other, and thus, a comprehensive assessment of the cooling performance is necessary.
However, the combinations of different variables are complex and diverse, resulting in
difficulty in the analysis and optimization processes, requiring substantial computational
resources and time. In such circumstances, multi-objective optimization algorithms can be
resorted to identify the optimal design scheme.

Based on the previously established PSO-BPNN surrogate model, the NSGA-II algo-
rithm is employed to optimize the parameters of the spider-web liquid cooling plate. The
channel width (X1), channel depth (X2) and inlet velocity (X3) are selected as the optimiza-
tion variables, while the Tmax, ∆Tmax, and ∆P are set as the optimization objectives. The
general mathematical expressions are as follows:

find min F(X1, X2, X3) =


Tmax(X1, X2, X3)

∆Tmax(X1, X2, X3)

∆P(X1, X2, X3)

(15)
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subject to


2.0 ≤ X1 ≤ 6.0
1.5 ≤ X2 ≤ 3.5
0.05 ≤ X3 ≤ 0.45

(16)

3.3. TOPSIS with the Entropy Weight Method

In order to fully consider the differences in contribution among different objectives, it
is particularly important to evaluate the three optimization objectives and allocate corre-
sponding weights to them. The TOPSIS with the entropy weight method is employed to
comprehensively evaluate and rank the Pareto optimal solutions.

3.3.1. Entropy Weight Method for Determining Weights

The entropy weight method is an objective weighting method which is used to assess
the importance and dispersion of the objectives [37]. A higher entropy value indicates more
concentrated information and a smaller weight, while a lower entropy value indicates more
dispersed information and a larger weight. By calculating the entropy values, the weights
of each objective can be determined, thereby influencing the comprehensive evaluation
results. The calculation procedures of the method are as follows:

(1) The initial decision matrix A = (aij)n×m is as follows:

A =


a11 a12 · · · a1m

a21 a22 · · · a2m
...

...
. . .

...
an1 an2 · · · anm

 (17)

where aij is the value of the j-th objective in the i-th Pareto solution, n is the number of
Pareto solutions, and m is the number of optimization objectives.

(2) Data normalization is calculated by Equation (18).

bij =
max(aj)− aij

max(aj)− min(aj)
(1 ≤ i ≤ n, 1 ≤ j ≤ m) (18)

(3) The entropy value Sj is calculated by Equations (19) and (20).

pij =
bij

n
∑

i=1
bij

(1 ≤ i ≤ n, 1 ≤ j ≤ m) (19)

Sj = − 1
ln n

·
n

∑
i=1

pij lnpij (1 ≤ i ≤ n, 1 ≤ j ≤ m) (20)

where pij is the proportion of the j-th objective value for the i-th Pareto solution.

(4) The weight wj is calculated by Equations (21) and (22).

Gj = 1 − Sj (21)

wj =
Gj

m
∑

j=1
Gj

(1 ≤ j ≤ m) (22)

where Gj is the coefficient of variation for the j-th objective.
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3.3.2. Decision-Making Using the TOPSIS Method

The TOPSIS method determines the relative priority of each Pareto solution by con-
structing a positive ideal solution and a negative ideal solution, which can objectively
reflect the gaps between Pareto solutions and reduce the uncertainty caused by decision-
makers’ preferences or differences in subjective judgments, thereby effectively addressing
decision-making problems within the Pareto optimal solution set [38]. The calculation
procedures of the method are as follows:

(1) The weighted normalized matrix Z is as follows:

Z =


w1b11 w2b12 · · · wmb1m

w1b21 w2b22 · · · wmb2m
...

...
. . .

...
w1bn1 w2bn2 · · · wmbnm

 =


Z11 Z12 · · · Z1m

Z21 Z22 · · · Z2m
...

...
. . .

...
Zn1 Zn2 · · · Znm

 (23)

(2) The positive ideal solution Z+ and the negative ideal solution Z− are determined by
Equations (24) and (25).

Z+ = {max(Zi1), max(Zi2), · · ·, max(Zim)} (1 ≤ i ≤ n) (24)

Z− = {min(Zi1), min(Zi2), · · ·, min(Zim)} (1 ≤ i ≤ n) (25)

(3) The distances of each Pareto solution to the positive ideal solution d+i and the negative
ideal solution d−i are calculated by Equations (26) and (27).

d+i =

√√√√ m

∑
j=1

(Zij − Z+
j )

2
(1 ≤ i ≤ n) (26)

d−i =

√√√√ m

∑
j=1

(Zij − Z−
j )

2
(1 ≤ i ≤ n) (27)

(4) The relative closeness of each Pareto solution fi is calculated by Equation (28).

fi =
d−i

d+i + d−i
(28)

where a higher fi value means a better Pareto solution.

4. Results and Analysis
4.1. Comparison of Cooling Performance of Different Cooling Plates

To verify the performance advantages of the spider-web liquid cooling plate, a compar-
ison is made with straight and serpentine liquid cooling plates. The geometric shapes of the
three flow channels are shown in Figure 9. The cooling performance of liquid cooling plates
can be influenced by various parameters of the internal flow channel structure, including
inlet size, channel depth, channel width, and the cross-sectional area of the flow channels.
As such, to better compare the cooling performance of different liquid cooling plates, it is
necessary to ensure that the dimensional parameters among different liquid cooling plates
are as consistent as possible. The basic dimensions for the three flow channels are listed in
Table 3. The three liquid cooling plates have a uniform thickness of 4 mm. Additionally,
the cross-sectional areas and volumes of the flow channels are almost the same, with the
weight of the liquid cooling plates differing by less than 0.5%.
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Table 3. Parameter settings of three channel structures.

Type of
Channel

Geometric
Parameter Value/mm

The Cross-Sectional
Area of the

Channel/mm2
Mass/g

Straight d1, d2, d3, d4 8, 25, 4, 3.45 3496.8 129.07
Serpentine d5, d6, d7, d8 8, 15, 5, 5.3 3490.7 129.11
Spider-web d9, d10, d11, α 8, 10, 3.2, 60◦ 3493.6 129.09

The temperature contour plots of the batteries and pressure contour plots of three
types of liquid cooling plates are shown in Figure 10. The corresponding data for the
Tmax and ∆P are listed in Table 4. It is evident that the Tmax of the batteries is the highest
in the straight flow channel, followed by the serpentine flow channel, and the lowest
in the spider-web flow channel. As such, the cooling performance of the liquid cooling
plate with the spider-web flow channel is better than the other two cases. In terms of ∆P,
the advantage of the spider-web flow channel is more pronounced, with a significantly
smaller ∆P compared to the other two flow channels. In contrast, the ∆P is highest for
the serpentine flow channel structure, and the increased ∆P will result in higher power
consumption of the pump. On the whole, the spider-web flow channel is superior to the
other two flow channels in both cooling performance and power consumption. Hence,
further optimization and research on the spider-web flow channel will be conducted in the
following sections.

Table 4. The data for the Tmax of the batteries and the ∆P.

Type of Channel Tmax/◦C ∆P/Pa

Straight 31.26 61.75
Serpentine 31.21 210.24
Spider-web 31.18 45.93
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4.2. Analysis of Different Influencing Factors
4.2.1. Influence of the Number of Branch Channels

The variation in performance is explored as the number of branch channels increases
from 2 to 8, with an inlet velocity of 0.1 m·s−1, a channel width of 3 mm, a channel depth
of 2 mm, and a channel angle of 60◦. The variation curves of the Tmax, ∆Tmax, and ∆P with
the number of branch channels are shown in Figure 11. With the increase in the number
of branch channels, the Tmax, ∆Tmax, and ∆P all decrease. When the number of branch
channels is 2, the Tmax is 31.49 ◦C, the ∆Tmax is 4.74 ◦C, and the ∆P is 67.39 Pa. When
the number of branch channels increases to 8, the Tmax decreases to 31.08 ◦C, the ∆Tmax

decreases to 4.67 ◦C, and the ∆P decreases to 42.38 Pa. The main reason is that with the
increase in the number of branch channels, the contact area between the fluid domain
and the solid domain within the liquid cooling plate increases, resulting in enhanced
thermal convection at the interface. At the same time, the increased cooling channel length
effectively extends the heat exchange time between the coolant and the wall, thereby
reducing the Tmax. Furthermore, the increase in the number of branch channels reduces the
coolant flow velocity in each channel, which leads to a reduction in ∆P. Based on the above
analysis, the liquid cooling plate with eight branch channels demonstrates better cooling
performance and lower ∆P. As such, a liquid cooling plate with an eight-branch channel
structure is selected for further research.
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4.2.2. Influence of Different Inlet Velocity

The variation in performance is explored as inlet velocity increases from 0.05 m·s−1

to 0.45 m·s−1, with eight branch channels, a channel width of 3 mm, a channel depth
of 2 mm, and a channel angle of 60◦. The variation curves of the Tmax, ∆Tmax, and ∆P
with inlet velocity are shown in Figure 12. With the increase in inlet velocity, both the
Tmax and ∆Tmax decrease significantly. As the inlet velocity increases from 0.05 m·s−1 to
0.45 m·s−1, the Tmax decreases from 32.31 ◦C to 30.02 ◦C, and the ∆Tmax decreases from
4.94 ◦C to 4.48 ◦C. Moreover, the decreasing trend gradually slows down. The main reason
is that as the inlet velocity continues to increase, the heat exchange between the coolant
and battery gradually reaches a balance, so further increasing the inlet velocity no longer
significantly improves the cooling performance of the liquid cooling plate. However, the ∆P
increases continuously with the inlet velocity, rising from 18.14 Pa to 347.56 Pa. Although
increasing the inlet velocity can lower the Tmax and ∆Tmax, it also increases the demands
on pump power.

Batteries 2025, 11, x FOR PEER REVIEW  17  of  28 
 

                           

Figure 12. Influence of different inlet velocity on Tmax, ΔTmax, and ΔP. 

4.2.3. Influence of Different Channel Depths 

The variation in performance is explored as the channel depth increases from 5 mm 

to 3.5 mm, with eight branch channels, an inlet velocity of 0.1 m·s−1, a channel width of 3 

mm, and a channel angle of 60°. The variation curves of the Tmax, Tmax, and P with the 

channel depth are shown in Figure 13. With the increase in channel depth, the Tmax, Tmax, 

and P all decrease, and the slopes of the corresponding curves decrease gradually. It is 
indicated that the cooling performance of the liquid cooling plate improves with increas-

ing channel depth, but the improvement gradually flattens. The reason is that as the chan-

nel depth increases, the heat exchange area at the interface between the coolant fluid do-

main and  the cooling plate solid domain  increases, allowing  the heat generated by  the 

battery to be transferred to the coolant more promptly and effectively, thereby improving 

the overall heat dissipation performance. 

 

Figure 13. Influence of different channel depths on Tmax, ΔTmax, and ΔP. 

Figure 12. Influence of different inlet velocity on Tmax, ∆Tmax, and ∆P.



Batteries 2025, 11, 141 17 of 27

4.2.3. Influence of Different Channel Depths

The variation in performance is explored as the channel depth increases from 5 mm
to 3.5 mm, with eight branch channels, an inlet velocity of 0.1 m·s−1, a channel width of
3 mm, and a channel angle of 60◦. The variation curves of the Tmax, ∆Tmax, and ∆P with the
channel depth are shown in Figure 13. With the increase in channel depth, the Tmax, ∆Tmax,
and ∆P all decrease, and the slopes of the corresponding curves decrease gradually. It is
indicated that the cooling performance of the liquid cooling plate improves with increasing
channel depth, but the improvement gradually flattens. The reason is that as the channel
depth increases, the heat exchange area at the interface between the coolant fluid domain
and the cooling plate solid domain increases, allowing the heat generated by the battery to
be transferred to the coolant more promptly and effectively, thereby improving the overall
heat dissipation performance.
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4.2.4. Influence of Different Channel Widths

The variation in performance is explored as the channel width increases from 2 mm
to 6 mm, with eight branch channels, an inlet velocity of 0.1 m·s−1, a channel depth of
2 mm, and a channel angle of 60◦. The variation curves of the Tmax, ∆Tmax, and ∆P with
the channel width are shown in Figure 14. As the channel width increases, both the Tmax

and ∆Tmax decrease accordingly. When the channel width is 2 mm, the Tmax is 31.18 ◦C
and the ∆Tmax is 4.7 ◦C. When the channel width is 6 mm, the Tmax is 30.92 ◦C and the
∆Tmax is 4.57 ◦C. The increased channel width enhances the heat exchange area between
the coolant and the liquid cooling plate, thereby improving the cooling performance of the
liquid cooling plate. The ∆P decreases from 54.7 Pa to 31.04 Pa, indicating that increasing
the channel width helps reduce the ∆P and achieve lower power consumption.
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4.2.5. Influence of Different Channel Angles

The variation in performance is explored as the channel angle increases from 60◦ to
80◦, with eight branch channels, an inlet velocity of 0.1 m·s−1, a channel depth of 2 mm,
and a channel width of 3 mm. The variation curves of the Tmax, ∆Tmax, and ∆P with the
channel angle are shown in Figure 15. As the channel angle increases from 60◦ to 80◦, there
is a slight decrease in the Tmax from 31.08 ◦C to 31.03 ◦C and a small reduction in the ∆Tmax

from 4.67 ◦C to 4.62 ◦C. This is attributed to the more uniform distribution of channels
within the cooling plate, resulting in a slightly enhanced heat transfer efficiency for the
cooling plate. Additionally, as the channel angle increases, the ∆P increases slightly from
42.38 Pa to 43.22 Pa.
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4.3. Sensitivity Analysis of Different Factors

The sensitivity analysis of diverse variables is conducted to identify those with signifi-
cant influence. The formula for calculating the sensitivity factor SAi is as follows [39].

SAi =
|( fmax(xi)− fmin(xi))|
n
∑

j=1

∣∣( fmax(xj)− fmin(xj)
∣∣ × 100% (29)

where f max(xi) and f min(xi) are the maximum and minimum objective values.
The results of the sensitivity analysis are shown in Figure 16. It can be observed that

the flow velocity has the greatest impact on the three objectives, particularly on the ∆P,
with a sensitivity factor as high as 86.53%. This is primarily attributed to the fact that
the pressure loss of coolant is directly proportional to the square of the flow velocity, so
an increase in flow velocity significantly raises the ∆P. In contrast, the channel angle has
the least impact on the three objectives, especially on the ∆P, with a sensitivity factor of
only 0.22%. As such, changing the channel angle has a very limited influence on the three
objectives. After comprehensive consideration, the channel depth, channel width, and flow
velocity are selected as the input variables for multi-objective optimization.
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4.4. Analysis of Prediction Results
4.4.1. Model Performance Evaluation

The prediction performance of the model is assessed using the correlation coefficient
(R2), mean absolute error (MAE), and root mean square error (RMSE). The corresponding
equations are shown below:

R2 = 1 −

n
∑

i=1
(yi − ŷi)

2

n
∑

i=1
(yi − y)2

(30)

MAE =
1
n

n

∑
i=1

|yi − ŷi| (31)



Batteries 2025, 11, 141 20 of 27

RMSE =

√
1
n

n

∑
i=1

(yi − ŷi)
2 (32)

where yi is the simulated value, ŷi is the predicted value, y is the average of the simulated
values, and n is the number of test samples.

4.4.2. Analysis of Prediction Results on the Training Set

The optimal fitness variation curve of the PSO algorithm is depicted in Figure 17a.
During the iterative process, the particle swarm gradually moves towards the optimal
fitness value as a whole. In the first six iterations, the fitness value decreases significantly.
After the sixth iterations, the fitness value changes little, with the optimization curve
gradually converging. Once the preset 50 iterations are completed, the optimization
process automatically terminates and outputs the optimal results. The optimal parameter
combination obtained from the search is then substituted into the BPNN model for training
to assess the prediction performance of the PSO-BPNN model on the previously designated
80% training set. Figure 17b–d shows the comparison between the predicted values and the
true values for three objectives in the training set. It is clearly demonstrated by these figures
that the prediction results for the training set are quite good, indicating that the PSO-BPNN
model can effectively fit the training data. This further proves that the model possesses
excellent multi-input and multi-output nonlinear fitting capabilities, thus qualifying it as a
surrogate model for subsequent prediction validation on the test set.
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4.4.3. Analysis of Prediction Results on the Test Set

To confirm the efficiency of using the PSO algorithm, the prediction results on the test
set are compared between the BPNN and the PSO-BPNN models. The comparison of the
prediction results for the two models is shown in Figure 18, and the comparison of relevant
evaluation metrics is presented in Table 5. Specifically, Figure 18a,c,e compares the true
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values with the predicted values for the PSO-BPNN model, while Figure 18b,d,f shows the
same comparisons for the traditional BPNN model. As evident from the figure and table,
the prediction results of the three objectives based on the PSO-BPNN model are closer to
the true values compared to those of the traditional BPNN model. The errors of various
evaluation metrics in the prediction results using the PSO-BPNN model are all smaller
than those of the traditional BPNN model, while the R2 values are higher. For the third
objective of ∆P, the RMSE and MAE are improved by 51.5% and 55.5%, respectively. This
demonstrates that optimizing the number of hidden nodes, learning rate, initial weights,
and initial thresholds of the BPNN using the PSO algorithm significantly enhances the
prediction accuracy of the model, thus offering higher application value.
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Table 5. Comparison of the evaluation metrics between the two models.

Tmax/◦C ∆Tmax/◦C ∆P/Pa

Model RMSE MAE R2 RMSE MAE R2 RMSE MAE R2

BP 0.041 0.029 0.990 0.016 0.017 0.978 6.073 4.710 0.993
PSO-BP 0.019 0.015 0.998 0.009 0.007 0.993 2.944 2.096 0.998

4.5. Multi-Objective Optimization

The NSGA-II algorithm is employed with the following parameter settings: an initial
population of 100 individuals, a total of 200 iterations, a crossover probability of 0.8, and a
mutation probability of 0.1. After 200 generations of iterative calculations, a smooth curve
composed of the Pareto solutions is finally obtained. As can be seen in Figure 19, the Pareto
solutions are mutually restrictive, such that a decrease in the Tmax and ∆Tmax leads to an
increase in ∆P. As such, these three objectives cannot be minimized simultaneously. The
Pareto front curve exhibits a convex trend towards the lower left corner, demonstrating
good uniformity and distribution.
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Each individual on the Pareto front is non-dominated, so it is necessary to comprehen-
sively consider the three objectives to select an optimal solution from the Pareto front. In
the actual selection process, decisions often rely on experience and personal preferences.
Typically, the optimal solution is selected based on the Pareto front curve, with a tendency
to choose points in the middle of the curve to balance the various optimization objectives.
However, this approach is subjective and makes it difficult to ensure that the optimal solu-
tion is obtained. To address this issue, the entropy weight method is utilized to determine
the weight of each objective, and then the TOPSIS method is used to objectively select the
optimal solution.
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4.6. Optimization Results of the Entropy Weight–TOPSIS Method

With the entropy weight results for the three objectives presented in Table 6, the
weights for the Tmax, ∆Tmax, and ∆P are 0.498, 0.225, and 0.277, respectively. Among them,
the objective of Tmax holds the highest weight, while the objective of ∆Tmax has the lowest
weight. Based on the determined weights of the three objectives, the TOPSIS method
is utilized to evaluate the performance of various combinations of variable parameters.
When the channel width, channel depth, and inlet velocity are set to 6 mm, 3.4 mm, and
0.22 m·s−1, respectively, the overall performance of the liquid cooling plate reaches its
optimum. To verify the reliability of the multi-objective optimization results, simulations
are conducted on the optimized flow channel, and the results are compared with those
obtained from the optimization process. As shown in Table 7, the optimization values of
the three objectives differ minimally from the simulation values, demonstrating that the
multi-objective optimization results are reliable. Compared to the initial structure, although
the ∆P in the optimized structure increases by 21.24 Pa, the Tmax and ∆Tmax are reduced by
1.09 ◦C and 0.41 ◦C, respectively. The temperature contour plots of the batteries in the initial
and optimized structures are shown in Figure 20. It is evident that the Tmax of the batteries
decreases, along with a more uniform temperature distribution in the optimized structure.
The thermal simulation results of the battery module incorporating the optimized structure
are supplied in Appendix A, showcasing the superior cooling performance in comparison
with the straight and serpentine structures.

Table 6. Entropy weight results of the three objectives.

Objective S G w

Tmax/◦C 0.9446 0.0554 0.498
∆Tmax/◦C 0.9750 0.0250 0.225

∆P/Pa 0.9692 0.0308 0.277

Table 7. Comparison of calculation results.

Tmax/◦C ∆Tmax/◦C ∆P/Pa

NSGA-II 30.07 4.34 68.74
CFD 30.09 4.27 67.17

Relative error 0.07% 1.64% 2.34%
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5. Conclusions
In this paper, a PSO-BPNN surrogate model is proposed to predict the cooling per-

formance of the spider-web liquid cooling plate. The channel width, channel depth, and
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inlet velocity are selected as optimization variables, while the Tmax, ∆Tmax, and ∆P are the
optimization objectives. Based on the surrogate model, the NSGA-II algorithm is employed
to optimize the variables and obtain the Pareto solution set. The optimal solution is se-
lected by the TOPSIS with entropy weight method. The major conclusions are summarized
as follows:

(1) Compared to conventional straight and serpentine flow channels, the spider-web
flow channel demonstrates superior cooling performance and has a smaller ∆P than the
other two channel types. The channel depth and inlet velocity are the primary factors
influencing the cooling performance of the spider-web flow channel, while the channel
angle has a relatively minor impact.

(2) Based on the sample point data obtained through OLHS, a PSO-BPNN surrogate
model is established to predict the cooling performance of the spider-web liquid cooling
plate. The results indicate that the PSO-BPNN model exhibits superior performance in
prediction accuracy, as evidenced by lower MAE and RMSE values and a higher R2 value.

(3) By applying the entropy weight method, the weights for the Tmax, ∆Tmax, and ∆P
are 0.498, 0.225, and 0.277, respectively. Based on these weights and the TOPSIS decision-
making method, a good balance between cooling performance and energy consumption is
achieved when the channel width, channel depth, and inlet velocity are 6 mm, 3.4 mm, and
0.22 m·s−1, respectively. Compared to the initial structure, the Tmax and ∆Tmax are reduced
by 1.09 ◦C and 0.41 ◦C in the optimized structure, respectively, with an increase in ∆P by
21.24 Pa.
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Nomenclature/Abbreviations
Nomenclature
c specific heat capacity/J·kg−1·K−1

D hydraulic diameter/m
G coefficient of variation
h convective heat transfer coefficient/W·m−2·K−1

∆P pressure drop/Pa
q volumetric heat generation rate/W·m−3

S entropy value
T temperature/◦C
Tmax maximum temperature/◦C
∆Tmax maximum temperature difference/◦C
v velocity/m·s−1

Greek letters
ρ density/kg·m−3

λ thermal conductivity/W·m−1·K−1

µ dynamic viscosity/Pa·s
∇2 laplacian operator
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Subscripts
a ambient
bat battery
f fluid
lcp liquid cooling plate
sur surface
Abbreviations
BPNN back propagation neural network
BTMS battery thermal management system
EW entropy weight
MAE mean absolute error
NSGA-II non-dominated sorting genetic algorithm II
OLHS optimal Latin hypercube sampling
PCM phase change material
PSO particle swarm optimization
R2 correlation coefficient
RMSE root mean square error
TOPSIS technique for order preference by similarity to an ideal solution
UDF user defined function

Appendix A
To demonstrate the cooling performance difference between the normal liquid cooling

plates and the optimized spider-web liquid cooling plate. The temperature contour plots of
the battery module are shown in Figure A1. The optimized spider-web liquid cooling plate
has superior cooling performance, with the Tmax of the battery module reaching 28.17 ◦C
and the ∆Tmax of 2.53 ◦C. Compared to the serpentine and straight liquid cooling plates,
the Tmax decreased by 0.69 ◦C (17.9%) and 0.54 ◦C (14.6%), respectively, while the ∆Tmax

decreased by 0.4 ◦C (13.7%) and 0.35 ◦C (12.2%). As such, the optimized spider-web liquid
cooling plate is also applicable for module cooling.
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