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ARTICLE INFO ABSTRACT

Handling editor: X Ou Effective thermal management is crucial for ensuring the safety and performance of lithium ion batteries in
electric vehicles. While nano-enhanced phase change materials (nano-PCMs) offer excellent thermal regulation,
Keywords: their effectiveness is often limited by localized heat accumulation from natural convection. Existing ML-based
Nano-PCM studies mostly focus on temperature metrics alone, neglecting thermal uniformity and relying on black-box
Il?ﬂaatz;zeﬂ;:;:z:lmanagemem models with limited interpretability. This study proposed a zonal nanoparticle distribution strategy and uti-
TabPEN 8 lized high-fidelity Lattice Boltzmann Method (LBM) simulations to investigate underlying heat transfer mecha-
Lattice Boltzmann method (LBM) nisms in nano-enhanced PCM systems. The state-of-the-art Tabular Prior-data Fitted Network (TabPFN) was then
employed to accurately predict key thermal indicators and was benchmarked against widely used models such as
BPNNs, XGBoost, and CatBoost. Furthermore, SHapley Additive exPlanations (SHAP) analysis was applied to
interpret TabPFN outputs, revealing key regional features and providing physical insights into system perfor-
mance. The results demonstrated that with optimal non-uniform nanoparticle distribution pattern, the Nusselt
number increased by 12.04 % and melting time was reduced by 13.05 %. TabPFN exhibited superior prediction
accuracy compared to other popular machine learning models, with error bins generally lower in magnitude and
reductions in MAE and RMSE by 8-92 % and 7-90 %. SHAP analysis further visualized quantitative correlation
between training inputs and target variables and their influence on convective behavior and heat retention. The
proposed explainable in-context learning framework based on TabPFN and SHAP is expected to provide valuable
insights for guiding the design and optimization of advanced nano-PCM battery thermal management systems.
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1. Introduction

Rising global transport demand has driven greenhouse-gas emissions
to record levels and strained fossil-fuel reserves [1], which spurs the
shift toward battery electric vehicles (BEVs) as a scalable low-carbon
alternative [2]. Lithium-ion powered EVs benefit from high energy
density, fast charge-discharge capability, and long cycle life, yet face
critical challenges as intense cycling generates substantial heat and
uneven temperature profiles, which accelerate capacity loss and
heighten the risk of thermal runaway [3,4]. Effective thermal manage-
ment is therefore critical to preserve battery performance and safety,
which spurs the development of accurate tools to assist in the design and
optimization of Battery Thermal Management Systems (BTMS).

Existing BTMS are generally categorized as active, passive, or hybrid
[5]. Active cooling (air, liquid) offers continuous heat removal but re-
quires complex equipment, extra energy, and is mostly applied at
module/pack scale [6-8]. PCM-assisted passive or hybrid cooling le-
verages latent heat for effective regulation and is applicable from cell to
module level [9,10]. Significant progress has been achieved in
PCM-based BTMS, including improvements in PCM properties [11],
system configurations [12] and battery operational conditions [13].
However, several limitations remain, including the intrinsically low
thermal conductivity of PCMs, safety concerns such as possible defor-
mation and material flammability [14], and the tendency of melted PCM
to migrate upward during operation, which can cause heat accumulation
and non-uniform cooling [15].

To tackle the above challenges, strategies such as fins [16], thermal
bridges [17], optimized layouts [18-20], refined enclosure geometries
[18,19], and the incorporation of nanoparticle additives [21] have been
proposed. Among these, dispersing conductive nanoparticles into PCM
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not only enhances thermal conductivity, but also mitigates
migration-induced non-uniform cooling and contributes to improved
structural and thermal stability. Research has tested a wide range of
conductive fillers, including metals (Cu [22], Al [23,24]), metal oxides
(AI203 [25,26], TiO2 [27], CuO [28]), and carbon-based materials
(graphite [29], graphene [30], CNTs [31]). These fillers vary in shape
(spherical, flake, tubular) [32,33], size (tens to hundreds of nanometers)
[34], and volume fraction (typically 1-10 %) [35,36]. Nevertheless,
while most studies emphasize homogeneous filler dispersion to improve
bulk performance, whereas the issue of melted PCM migration and the
consequent heat accumulation [15] still appears insufficiently
addressed.

Beyond advances and limitations in system design, it is equally
important to consider the research methodologies employed in BTMS
studies. Current thermal management research mainly relies on exper-
imental testing and numerical simulation [37,38]. While experiments
provide precise real-world insights, they are costly, time-consuming,
and limited in design coverage. CFD simulations offer high-fidelity re-
sults but require substantial computational resources and become
impractical for large parameter spaces. Moreover, challenges such as
PCM’s limited thermal response under fast charging and trade-offs in
cost, energy density, and integration highlight the need for a systems
engineering perspective [39]. The high dimensionality of design vari-
ables, multi-material interactions, and diverse operating scenarios thus
render traditional methods inadequate for rapid assessment and opti-
mization. Hence, efficient and scalable data-driven approaches are ur-
gently needed to accelerate BTMS development.

Machine learning (ML) has been increasingly applied to PCM ther-
mal performance, showing promise in improving heat storage and
transfer [40]. Common methods include Ar tificial Neural Networks
(ANN) [41], Convolutional Neural Networks (CNN) [42], ensemble trees
[43], Extreme Gradient Boosting (XGBoost) [44], Random Forests [45],
and support vector machines (SVM) [46], which have been used to
predict heat transfer parameters (e.g., Nusselt number) [47], tempera-
ture responses (surface and peak temperatures) [42,48], and energy
metrics (liquid fraction [49], melt duration [50,51], heat storage ca-
pacity [52]) across different PCM compositions and conditions. How-
ever, most studies focus on thermal storage tanks and energy systems,
with relatively few on PCM-BTMS. Notable efforts include Gu et al. [42],
who developed a BKA-CNN-Self Attention model for a hybrid air-PCM
BTMS (max. error 0.45 °C); Hasan et al. [49], who combined fins,
metal foam, and PCM with ANN prediction (R2 = 0.98-0.99); Zhang
et al. [53], who linked thermophysical properties of 50 PCMs to per-
formance via CFD and BPNN-TOPSIS; and Xie et al. [54], who studied
PCM-liquid hybrid cooling (up to 27.5 °C reduction) with Random
Forest predictions (<5 % error). Despite progress, ML studies on
PCM-BTMS face three limitations: (1) overemphasis on macroscopic
averages with little attention to local heat accumulation from PCM
convection; (2) limited focus on nano-PCM cooling scenarios; and (3)
reliance on black-box models with poor interpretability. A unified,
explainable = ML  framework is  therefore = needed for
nanoparticle-enhanced PCM-BTMS.

Driven by the need to enhance battery safety and efficiency, PCM-
BTMS have made progress. Yet, limited attention has been given to
nanoparticle spatial distribution and temperature uniformity in nano-
PCM systems, while data-driven methods with physical interpret-
ability remain scarce. To address these aforementioned gaps, this study
introduces a novel predictive framework utilizing recent advances in
machine learning for PCM-BTMS applications. This study first proposes
a zonal nanoparticle distribution strategy and employs the Lattice
Boltzmann Method (LBM) to investigate the underlying heat transfer
mechanisms in nano-enhanced PCM systems. One of the latest algo-
rithms for tabular data, namely TabPFN (Tabular Prior-data Fitted
Network), is employed to predict the thermal performance of nano-
enhanced PCM systems and is benchmarked against several popular
and widely used models, including Backpropagation Neural Networks



B. Shang et al.

(e

Electrical vehicle

Energy 338 (2025) 138693

Battery pack

(b) .

ositive Current Collector ~

®
®
Reaction
Heat

Positive Electrode
® ®© o
®

6— Joule Heat

Electrolyte Separator

Polarization
Heat

Reaction
Heat

|
=
i

Joule Heat

Negative Current Collector

Thermal behavior of batteries

Single battery model

Adiabatic _» Nano particles
(d) . o o ‘A A
region 1
. glo . d‘
3l
« o . A
region 2 \
e o o | d
T’l
Battery : : : Y h
region 3
. glo o | d
. . .
. o o A
region 4
. gl. . d‘
- - . " -

- »
Two-dimension model

Fig. 1. The schematic of the battery thermal management system: (a) Electric vehicle; (b) Thermal behavior of batteries; (c) Single battery model; (e) Two

dimensional model.

(BPNNs), Extreme Gradient Boosting (XGBoost), and CatBoost. SHAP
(SHapley Additive exPlanations) analysis was further applied to inter-
pret the model outputs and identify the key factors governing BTMS
performance. This study is expected to offer a powerful and explainable
predictive tool to guide the design and optimization of advanced PCM-
BTMS.

2. Methodology
2.1. LBM simulation for nano-PCM based BTMS

2.1.1. Model description

In EV power systems, battery modules are composed of closely
packed cylindrical cells, and multiple modules are assembled into a
pack. The BTMS typically enables active thermal management at the
module or pack level. However, heat dissipation between individual
cells remains challenging due to the compact arrangement. In this work,
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PCM is applied to encapsulate each cylindrical cell to achieve passive,
cell-level thermal regulation, as illustrated in Fig. 1. The height of the
battery is denoted as h, and the thickness of the surrounding annular
PCM layer is d.

To prevent thermal accumulation in the upper region caused by PCM
flow after melting, three partitions are introduced to divide the PCM into
four equal sections. In addition, an average volume fraction of 5% Al1203
nanoparticles is added into the PCM to enhance its thermal conductivity.
The left boundary of the PCM is in contact with a heating wall main-
tained at a constant temperature Tp, while the other three boundaries are
adiabatic.

This study focuses on the latent heat dissipation characteristics of the
PCM during phase change and the effect of nanoparticle distribution.
Therefore, the computational domain encompasses the annular PCM
layer around the battery, while the internal electrochemical reactions
are neglected.

2.1.2. Lattice Boltzmann method

In this investigation, PCM is modeled as a Newtonian, incompress-
ible fluid exhibiting laminar flow behavior. The conservation laws
governing mass, linear momentum, and thermal energy are formulated
as follows [55]:

op _
I
0(9;;9) +V:(pey0v) = V-(xV0) + ¢ @

where p, y, k, Cp are the density, the dynamic viscosity, thermal con-
ductivity and specific heat of PCM at constant pressure, respectively. p is
the pressure, u is the velocity, T is tempreature.

The volumetric force term S and the heat source q due to latent heat
exchange are expressed as:

S = pgor(0 — 6p) @
4= _a% (pAh) — V-(pvAh) (5)

The local temperature 0 is related to the enthalpy h by the piecewise
definition:

esfhs_hyhghs
Cp
h — h
0= . h 6
0S+h1—hs' hy <h<h 6)
91+h_h17h2h1
Cp

To simulate the coupled fluid-thermal transport with phase transi-
tion, an enthalpy-based Lattice Boltzmann Method (LBM) is employed.
The discrete evolution of distribution functions for mass and enthalpy,
under the single-relaxation-time Bhatnagar-Gross-Krook (BGK)
approximation, is formulated as [56,57]:

1
fi(x+ci5t,t+5t):fi(x,t)—T—(fi—ffq) + td; @
v
Table 1
Thermal properties of nanoparticle and base PCM.
Material p(kg /m3) Cp(J /kgK) A(W /mK) u(kg /ms) hq(J /kg)
Al,O3 3880 765 25.0 - -
Paraffin 930 1600 0.21 9.2 x 1074 195000
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hi(x + cidt, t + 6t) = hy(x, ) — Tl (hi - h;q) (8)

The equilibrium distribution functions are given by:

2 2
q_ civ  (civ) v 9
b 7wlp{1+ & + 26 22 )]
. v (civ)® 12
hiq = W; |:h + CP9< Csz + 2C? - 2—652 + fi(Cpg — h) (10)

For the D2Q9 velocity model, the weights w; and auxiliary co-
efficients &; are:

4.
§,l—0
1.
w; = 67171’\‘4 an
1.
%,l =5~8
— . C()J,lZO
§i= - a2
w;,1# 0
(0,0),i=0
ci = c(cos[(i—1)x/2]),sin[(i—1)x/2],i=1~4 13)

V2c(cos[(2i — 1)n/4)), (sin[(2i — 1)z/4]),i=5~ 8

The forcing term @; incorporating buoyancy is:

-~ 1 -V (v
CDi = W; (1 — 2—n> ( Csz + o >pb (14)

s

b =gar(0-6,) (15)
The macroscopic physical fields are recovered as:

p=> fupw= Zch+%tpb,h: Zhi (16)

The kinematic viscosity v and thermal diffusivity o are related to
relaxation times via:

1 1
V= (rv - E) dtc? o = (Tu — 5) dtc? 17)
T] K
= 0.5 =——=
K pc2dt R CpC20t as)

The dimensionless time are given as:

_(Xt

Fo = Iz 19

2.1.3. Numerical setup

This study investigates latent heat dissipation during the phase
change of PCM under various nanoparticle distribution strategies.
Accordingly, the computational domain is confined to the annular PCM
layer, with internal electrochemical processes omitted. Dirichlet
boundary conditions are applied: initially (Fo = 0), the system is
isothermal at Ty; as the simulation proceeds (Fo > 0), the heated wall is
maintained at a constant temperature Tp,.

The computation continues until thermal equilibrium is reached and
the PCM has fully transitioned to the liquid phase. The governing
equations are reformulated in a dimensionless framework using char-
acteristic nondimensional variables. In this study, the Rayleigh number
(Ra), Prandtl number (Pr), and Stefan number (Ste) are set to 5 x 104, 1,
and 7, respectively. An in-house C++ solver based on the enthalpy-
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Table 2
Representative distributions of Al,O3 nanoparticle volume fraction.
@1+ @2 + @3 + @, = 0.200
0.035 < ¢, 05, 03 < 0.065 (26)
0.050 < ¢, <0.095

Type Region 1 Region 2 Region 3 Region 4
Type 0 5.0 % 5.0 % 5.0 % 5.0 %
Type 1 5.5 % 4.5 % 5.5 % 4.5 %
Type 2 4.5% 5.5% 5.5 % 4.5 %
Type 3 6.0 % 4.0 % 4.0 % 6.0 %
Type 4 4.0 % 6.0 % 6.0 % 4.0 %
Type 5 6.5 % 3.5% 3.5% 6.5 %
Type 6 3.5% 6.5 % 6.5 % 3.5%

based lattice Boltzmann method is employed for the simulations.

Paraffin serves as the primary PCM, with aluminum oxide (AlyO3)
introduced as a nanoparticle additive owing to its superior thermal
conductivity and chemical stability [58]. The key thermophysical pa-
rameters of both substances are provided in Table 1.

The effective thermophysical properties of the nano-PCM are calcu-
lated as functions of the nanoparticle volume fraction ¢, using the
following empirical correlations:

ppcm = (l - (p)pparaﬁﬁn + PPa1,04 (20)
(pCP)pcm = (1 - (ﬂ) (pcp)parafﬁn + (p(pCP)A1203 (21)
1.0r (a)
0.8
0.6
< . z
0.4 T O |

i Adiabatic
O Mencinger

Prensent LB model

O Yutao Huo
Present model

O‘O L 1 1 1 1 1 ]
00 01 02 03 04 05 06 0.7

t
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lpcm _ /'LAIZO:; + 2/1parafﬁn + 2(2A1203 - lparafﬁn)(pﬂparafﬁn (22)
j~A1203 + 2/1parafﬁn - (2A1203 - /‘Lparafﬁn)(p

”pcm = O'gssﬂparaffin exp (12959(,0) (23)
(pﬁ)pcm = (1 - (P) (pﬁ)parafﬁn 29
(phSl)pcm = (1 - ¢) (phSl)parafﬁn (25)

To assess the impact of nanoparticle distribution, a baseline case
with uniformly dispersed nanoparticles at a volume fraction of 5.0% was
first simulated. Building upon this, several representative non-uniform
configurations summarized in Table 2were constructed. Finally, 343
distribution patterns were comprehensively evaluated. As defined in
Equation (26), the nanoparticle volume fractions are constrained to
maintain an average of 5.0%. The local values ¢; (i = 1 to 4) vary be-
tween 3.5% and 6.5% with a step size of 0.5%. This dataset forms a solid
foundation for subsequent machine learning applications [59-61].

2.1.4. PCM-BTMS model validation

The modeling approach was verified through a two-stage validation
process. In the first step, the accuracy of the LBM method for heat
conduction was assessed using a benchmark case of a two-dimensional
square cavity filled with PCM initially at its melting temperature Tp,.
The left boundary was maintained at a constant temperature Tp, where
Tp, > T, to initiate melting. Fig. 2(a) and 2(b) presents a comparison of
the predicted average Nusselt number (Nuay.) and liquid fraction (fT)
from the present model against the analytical solu-tion reported by

40 -
Adiabatic
35¢F "
. 3
. h :’.;
<30} ¢
25+
O Mencinger
Prensent LB model
20 M 1 M 1 M 1 M 1 " 1 M 1

0 5 10 15 20 25 30
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Fig. 2. (a) Validation on liquid fraction (fl); (b) Validation on Nusselt number (Nug,); (c) Validation of PCM-BTMS model compared to Huo et al.’s study; (d) Mesh

independence test.
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Fig. 3. Schematic diagram of BPNN architecture (training feature ¢ is the concentration of nanoparticles in region 1, 2, 3 and 4), please see Fig. 1(d).

Mencinger [62]. The results show that discrepancies remained within
2%, demonstrating the reliability of the proposed numerical approach.
The second stage of validation involved assessing the PCM-based
BTMS performance by comparison with a published numerical bench-
mark. Specifically, the reference case considered a cylindrical battery
embedded at the center of a square PCM block, as described in Huo’s
study [63]. The battery has a radius r, and the surrounding PCM module
is a square with side length L, with a radius-to-length ratio of r/ L = 0.22.
Fig. 2(c) shows the comparison of the predicted liquid fraction between
the present LBM results and those reported in the reference. The overall
RMSE was found smaller than 0.0285, confirming the robustness and
fidelity of the developed model in capturing phase-change behavior in
PCM-battery systems. Moreover, the LBM approach adopted in this
study for PCM anal ysis has also been widely applied in previous works
[51,64], which collectively attest to the reliability of this method.

To enhance computational efficiency while maintaining accuracy, a
grid independence study was conducted. Fig. 2(d) illustrates the tem-
poral evolution of the Nusselt number Nucalculated using grid resolu-
tions of 25 x 100, 50 x 200, 100 x 400, and 200 x 800. The results
indicate that the solution obtained with the 100 x 400 grid deviates by
less than 3% from that of the finest grid (200 x 800), whereas the
coarser grids (25 x 100 and 50 x 200) exhibit larger discrepancies.
Therefore, the 100 x 400 grid was adopted for all subsequent simula-
tions to ensure a balance between computational accuracy and
efficiency.

2.2. Prediction via machine learning algorithms

To address the limitations of traditional modeling techniques and
explore the potential of advanced predictive tools, this study proposes a
comprehensive machine learning framework for predicting the thermal
performance of nano-enhanced PCM-based BTMS. A high-fidelity
simulation dataset comprising 343 cases with varied nanoparticle dis-
tribution patterns was constructed using LBM simulation. One of the
latest ML algorithms for small tabular datasets, namely TabPFN, is
implemented to establish accurate surrogate models capable of
capturing the nonlinear interactions between design variables and
thermal behavior. It serves as the benchmark model and is compared to
several popular ML models, including XGBoost, CatBoost, and BPNN. To
further improve model transparency and physical interpretability, SHAP
(SHapley Additive exPlanations) analysis was conducted to quantita-
tively identify and rank the influence of key input features.

2.2.1. Tabular data prior-data Fitted Network (TabPFN)

TabPFN is a transformer-based foundation model tailored specif-
ically for small-scale tabular data tasks, including both regression and
classification [65]. Unlike traditional su-pervised learning methods such
as XGBoost, CatBoost, and conventional neural networks, which require
extensive task-specific training and hyperparameter tuning, TabPFN
exploits in-context learning (ICL) to perform inference in a single for-

ward pass, eliminating the need for additional training.
n

During inference, given a training set (x;,y;);_, and a test example

Xeest, TaDPFN produces predictions as:

Y = qog Y1Xeests { (X0, 1) Yoy ) 27)
where, gy is the transformer-parameterized approximation of the pos-
terior predictive distribution, and 6 is the pretrain weight learned in pre-
train step.

A key factor behind TabPFN’s performance lies in its use of synthetic
pre-train datasets that simulate the causal structure and feature corre-
lation of real-world tabular data. To generate such datasets, researchers
employ structural causal models (SCMs), which offer a principled
framework for capturing the generative and causal relationships within
data. At pre-train step, learning to approximate the posterior predictive
distribution over synthetic datasets D ~ p(D)
pheD) = [ plyix. Dp(eiD)d 28)

TabPFN’s pre-training then minimizes the PFN loss—the expected
negative log-likelihood over held-out synthetic targets—so that g, ~ p.
Formally:

ly = Epuxy~pw)[ — l0g qo(y|x, D)]. 29

TabPFN leverages ICL, the same paradigm that has driven the success
of large language models, to learn robust tabular prediction algorithms
entirely through 2D-aware transformer architectures that alternates
attention across rows and columns. Although ICL was initially discov-
ered in language models, recent studies [66-69] have shown that
transformers can also learn simple algorithms such as logistic regression.
Furthermore, Prior-data Fitted Networks (PFNs) have demonstrated that
even complex algorithms, i.e., Gaussian Processes and Bayesian Neural
Networks, can be approximated via ICL. This extends the model’s
applicability to a wide range of learning tasks, including those without
closed-form solutions.
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2.2.2. Other ML models for the purpose of comparison

In addition to TabPFN, several widely used and well-established
machine learning models are adopted for comparison in this study.
These models, including XGBoost, CatBoost, and Backpropagation
Neural Networks (BPNNs), have demonstrated excellent performance in
various engineering and scientific prediction tasks, particularly for
modeling complex nonlinear relationships and high-dimensional feature
spaces [44,70]. Their proven predictive capabilities and extensive
adoption in the literature make them suitable benchmarks for evaluating
the effectiveness and advantages of the proposed TabPFN-based
framework.

Neural networks, inspired by biological neural networks, were first
proposed in 1943 by Warren McCulloch and Walter Pitts [8]. The in-
formation would be labelled before being fed into the input layer (X) and
the predicted data would be ultimately exported from the output layer
(Y) via a number of in-between layers, namely the hidden layer, which
allows for more complex features to be interpreted or extracted from the
initial input. This “black box” architecture facilitates the extraction of
intricate details. In this study, to provide a more comprehensive picture
of the PCM performance prediction, a multi-output BPNN was adopted.
A schematic diagram of inputs and outputs based on BPNNs algorithms
are shown in Fig. 3.

Extreme gradient boosting (XGB), introduced by Chen and Guestrin
[711, is a sophisticated supervised machine learning technique groun-
ded in the decision tree methodology. In contrast to the gradient
boosting framework, the loss function in XGB is regularised within the
objective function, facilitating the smoothness of the final learning
weights and diminish ing the likelihood of overfitting. Details of this
method can be found in our previous study [70].

CatBoost is a gradient boosting algorithm developed to handle cat-
egorical features more efficiently without extensive preprocessing. It
uses ordered boosting and innovative tech niques like target statistics to
reduce overfitting, making it well-suited for datasets with high-
cardinality categorical variables [72]. Details of this method can be
found in our previ ous study [73].

2.2.3. Model interpretability

Although ML-based surrogate modeling generally offers great pre-
dictive accuracy, they are regarded as black boxes, which lack
comprehensiveness in their internal working mecha-nisms, i.e., how
particular features affect the output and whether these effects are pos-
itive or negative. To address this concern, this study adopted an inter-
pretability analysis method, namely SHapley Additive exPlanations
(SHAP) analysis.

SHAP method is based on Shapley value theory, which ensures the
consistency and fairness of each feature’s contribution [74]. This
method estimates the contribution of each input feature to a specific
sample by comparing two models: one that includes the feature and one
that excludes it. The difference in their outputs quantifies the feature’s
contribution to that sample. The overall importance of each feature
across the entire dataset is then determined by calculating the weighted
average of its contributions over all samples. The calculation of SHAP
values is as follows:

FOX) =Jo+ >0 I (30)

where f is an interpretation model; X indicates whether input parameter
i is present in the set of input parameters, and i is in the set of input
parameters (X; = 1), iis not in the set of input parameters (X; = 0); J is
the attribution of input parameters; K is the number of input parameters.

2.2.4. Evaluation metrics and hyperparameter determination

In this study, to evaluate the predictive model performance, three
widely adopted error metrics were used, namley Mean absolute Error
(MAE), Root Mean Squared Error (RMSE) and R-squared (R?).
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Table 3
Optimized hyperparameters for different ML models.

Model Hyperparameters

Regression NN Hidden layers: 3 (128-128-64), ReLU activation
Dropout: 0

Batch size: 32

Optimizer: Adam, Ir = 10"-3
Weight decay: 0

Scheduler: ReduceLROnPlateau (patience = 50)
Early stopping: 100 epochs

Loss: MSE

Iterations: 20,000

Loss and eval_metric: MultiRMSE
Learning rate: 0.05

Depth: 4

L2 leaf reg: 1

Colsample_bylevel: 0.7

Bayesian bootstrap: True
Bagging temperature: 1

Boost from average: False

Leaf estimation: Gradient

Alpha: 0

Gamma: 0

Learning rate: 0.05

Max depth: 4

Reg lambda: 10
Colsample_bytree: 0.7
Subsample: 0.6

Min child weight: 1

Max delta step: 0

N estimators: 500

CatBoost

XGBoost

n

> i - il (31)

i=1

RMSE = /% > -y (32)
i=1

=\2
-y

Hyperparameter tuning was performed using Grid search, which
exhaustively tries every combination of values of specified parameter
values. In this study, to ensure consistency across all baseline models,
the dataset was first partitioned by holding out 25% as the test set. The
remaining 75% was designated as the development set, within which
10% was used for validation and 90% for training, resulting in a split of
67.5%/7.5%/25% for training/validation/test, respectively. We use
TabPFN in its standard inference-only regime: the pretrained model
receives the training split as the in-context support set, and each test
instance is treated as a query. No fine-tuning is performed and test in-
stances are never used as context.

To prevent overfitting, a range of strategies was employed across the
evaluated mod els. For XGBoost, the training objective was set to reg:
squarederror (optimizing RMSE), with overfitting controlled by early
stopping on validation RMSE (patience = 50) under a large n estimators
upper bound. Additional regularization was introduced through shal
low trees (max depth = 4), column subsampling (colsample bytree =
0.7), row subsampling (subsample = 0.6), and L2 regularization (reg
lambda = 10). For CatBoost, RMSE was used as both the training loss
and evaluation metric, with overfitting mitigation achieved via early
stopping on validation RMSE, Bayesian bootstrap, bagging temperature
for stochastic regularization, tree depth fixed at 4, column subsampling
(colsample bylevel = 0.7), and L2 regularization (12 leaf reg = 1). For the
regression neural network baseline, we adopted a 128-128-64 multi-
layer perceptron (MLP) with ReLU activation and batch size of 32,
trained using MSE loss. Overfitting control involved early stopping on
validation loss (patience ~ 100), ReduceLROnPlateau to adjust the

MAE =

BN
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Fig. 4. The dynamic temperature contours of uniform distribution at a given time step.

learning rate (patience =~ 50), modest model capac ity, and standardi- Table 3.
zation applied on the training set for both inputs and per-target outputs.
Furthermore, weight decay and dropout were explored in ablation 3. Results and discussions

experiments but were not retained in the final configuration. Detailed

hyperparameters used for BPNN, XGBoost, and CatBoost are outlined in This section presents an analysis of the nano-PCM cooling

Type 1 Type 2 Type 3

(Fo=10](Fo=16])(Fo=2.1) [Fo=1.0](Fo=16](Fo=2.1] [Fo=10]){Fo=1.6]( Fo=2.1)

Type 4 Type 5 Type 6

(Fo=1.0])(Fo=16])[Fo=2.1]) (Fo=10](Fo=16](Fo=21] (Fo=1.0](Fo=16][Fo=21]

T 0.1 02 03 04 05 06 0.7 0.8 09 1.0

Fig. 5. The dynamic temperature contours of different type at: Fo = 1.0, 1.6 and 2.1.
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performance and the corre sponding machine learning predictions. The
initial part focuses on the thermal behavior of nano-PCM systems under
various nanoparticle distribution patterns. A comprehensive and robust
dataset was constructed based on these simulations to serve as the
foundation for predictive modeling. Several machine learning algo-
rithms were then employed to forecast the thermal response of nano-
PCM systems. The predictive accuracy of different models was system-
atically compared, and a SHAP analysis was conducted to interpret the
influence of nanoparticle arrangements on PCM performance, which
aims to provide physical insight into key factors governing nano-PCM
performance.

3.1. Nano-PCM cooling performance

This study first investigates the heat transfer dynamics of phase
change material (PCM) with a 5% volume fraction uniformly distributed
throughout the domain. Fig. 4 presents the temporal evolution of the
temperature contours and natural convection patterns. It is evident that
the liquid PCM experiences non-uniform heating between the left and
right sides, resulting in asymmetric buoyancy forces that drive clockwise
circulations within each region. These convective flows enhance heat
transfer, especially in the upper parts of each region where higher
temperatures are observed, consistent with the findings reported by Jilte
et al. [75]. This elevated temperature promotes deeper heat penetration.
Consequently, the liquid-solid interface within each region appears as a
right-tilted straight line, and the overall solid-liquid boundary across
the PCM exhibits a rightward-sloping wavy pattern. Additionally, in the
upper parts of the lower regions, the high-temperature PCM moving
rightward transfers heat upward, causing the upper regions to become
hotter than the lower ones. At a Fo = 1.2, the solid-liquid interface in the
upper part of Region 1 reaches the far-right boundary, indicating a
reduction in the PCM’s heat storage capacity. By Fo = 2.0, the PCM in
Region 1 has completely melted and experiences a rapid temperature
rise. At Fo = 2.4, the upper three regions near the heating surface exhibit

uniformly high temperatures, while low-temperature zones still persist
in Region 4.

A key challenge of uniformly distributed nano-PCM is the tendency
for heat to accumulate in the upper regions, leading to rapid full melting
of the PCM, latent heat saturation, and consequently a loss of phase-
change heat storage capability. Meanwhile, the lower regions absorb
heat too slowly, leading to uneven melting and reduced overall effi-
ciency. To enhance downward heat transfer, various nanoparticle dis-
tribution strategies listed in Table 2 are explored, and the corresponding
results are presented in Fig. 5. It shows that for the same average
nanoparticle content in the PCM, strategies that introduce additional
nanoparticles in Region 4 (Type 1, Type 3, and Type 5) enable the PCM
to absorb heat more uniformly. This indicates that increasing the
nanoparticle concentration in the lower region can alleviate the insuf-
ficient heat absorption there, thus reducing the thermal burden on the
upper regions and accelerating the overall melting process.

From the above contour analysis, it is evident that, in addition to the
excellent latent heat absorption capacity of the PCM, convective heat
transfer plays a significant role. It not only affects the overall heat ab-
sorption process but also governs the temperature distribution within
the system. To quantitatively evaluate the strength of convective heat
transfer, the time-averaged Nusselt number is introduced as an indica-
tor, calculated using the following equation:

1

(34
Fi Omelting

FOmelting
Nugyg = / Nu(Fo)dFo
0
The temperature standard deviation of the PCM, denoted as &, is
calculated to using the following equation to evaluate the degree of

temperature uniformity within the PCM:

(35)

Fig. 6 quantitively investigates the cooling performance of the PCM
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under different nanoparticle distribution strategies. Figure 6(a) shows
that the total melting times for Types O to 6 are 2.64, 2.61, 2.70, 2.58,
2.70, 2.55, and 2.74, respectively. By carefully designing the nano-
particle distribution, the PCM melting process can be accelerated by up
to 3.37% when the negative gradient arrangement (Type 5) is adopted.
Figure 6(b) illustrates the average Nusselt number (Nu,). It shows that
dispersed nanoparticle arrangements (Type 1 and Type 5) enhance
overall convective heat transfer. Compared to the uniform distribution,
Type 5 increases the average Nusselt number by 9.17%. Fig. 6(c) shows
the temperature variation with the Fourier number (Fo). Two inflection
points are observed in the temperature rise rate. The first inflection
occurs at Fo = 1.27, when the uppermost solid-liquid interface in
Region 1 reaches the right boundary, causing the temperature rise rate
to increase from 0.24 to 0.35. The second inflection occurs at Fo = 1.77,
when the PCM in Region 1 is nearly fully melted and its temperature
approaches that of the heating surface, indicating a complete loss of heat
dissipation capacity. As a result, the temperature rise rate further in-
creases to 0.54. Toward the end of melting, the temperature increase
slows down due to the reduced temperature difference between the PCM
and the heating surface. Figure 6(d) displays the temporal evolution of
temperature uniformity. The temperature standard deviation, ¢, is
initially low due to the uniform initial temperature. It then increases as a
result of interregional heat transfer. After Fo = 1.19, ¢ gradually de-
creases as the temperature in all regions of the PCM approaches that of
the heating surface. After Fo = 2.36, Type5 achieves the best

10

temperature uniformity, which reaches 0.10 by the time it completely
melts.

The above results demonstrate that the strategic arrangement of
nanoparticle distribution can effectively enhance the cooling perfor-
mance and promote heat dissipation uniformity. To provide a more
thorough and comprehensive evaluation of PCM configurations, this
study analyzes 343 arrangement cases as described in the methodology
section.

Fig. 7 shows the complete melting time for various nanoparticle
distributions within the PCM. When the average volume fraction of the
nanoparticle is 5% throughout the PCM, increasing the concentration in
Region 1, Region 2, or Region 3 slows the melting process. This indicates
that enhancing the concentration in Region 4 significantly accelerates
the melting process and assumes a dominant role in the overall thermal
response. This effect stems from the significantly enhanced thermal
conductivity in Region 4, which enables greater local heat absorption at
the bottom. Consequently, Region 4 governs the overall heat transfer
pathway, offsets heat losses toward the upper regions, and ensures a
more efficient and balanced melting process across the entire PCM
domain. Among all tested cases, the configuration with a nanoparticle
distribution of 3.5%, 3.5%, 3.5% and 9.5% from top to bottom (Regions
1 to 4) achieves the fastest heat dissipation, with an acceleration rate of
13.08%.

Fig. 8 presents the average Nusselt number across all nano-PCM
configurations. It is observed that increasing the nanoparticle
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concentration in the middle regions (Regions 2 and 3) leads to a decrease
in the overall Nusselt number. This occurs because reducing the con-
centration in Regions 1 and 4—where heat transfer plays a more
dominant role—has a greater adverse effect on global thermal perfor-
mance. Specifically, during the early melting stage, the lower regions
enhance upward convective transport, while in the later stage, after the
upper PCM has fully melted and lost its latent heat absorption capacity,
it begins to transfer heat downward. In contrast, the middle regions
primarily function as flow channels, and their enhanced thermal con-
ductivity contributes less to the overall convective heat trans fer.
Therefore, to enhance heat transfer under a fixed total nanoparticle
concentration, it is preferable to allocate more nanoparticles to the end
regions. Additionally, it is noted that when the nanoparticle concen-
tration in Region1 (¢;) becomes excessively high (e.g., 6.5%), the
corresponding decrease in ¢, leads to a reduction in Nu. This indicates
that, between the two end regions, the bottom (Region 4) plays a more
critical role in sustaining upward convective heat transport and thus
exerts a dominant influence on the global heat transfer performance.
Among all tested cases, the configuration with a nanoparticle distribu-
tion of 3.5%, 3.5%, 3.5%, and 9.5% from top to bottom (Regions 1 to 4)
yields the highest Nusselt number of 3.57.

3.2. Machine learning results

The LBM simulations above provide valuable insight into heat
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dissipation behavior and also yield a robust dataset. To further compare
the heat transfer performance of nano-PCMs with different spatial ar-
rangements, we calculated their cooling power, defined as follows:

C,-m-AT + LAl
Fo

P cool = (36)

where C, denotes the specific heat capacity, L represents the latent heat,
and fl indicates the liquid fraction. To better highlight and demonstrate
the impact of nanoparticle arrangement, the cooling power ratio and
sigma ratio are defined as the ratios of the cooling power and temper-
ature standard deviation under a given distribution to those under the
uniform distribution.

In this study, four ML models were employed, i.e., BPNN, XGBoost,
CatBoost, and TabPFN, to predict the heat transfer performance of the
nano-PCMs. The input features are the nanoparticle volume fractions in
four spatial regions. The outputs include: the complete melting time,
cooling power ratio, sigma ratio, and average Nusselt number. Fig. 9
displays the correlations of the predictions based on the training dataset
for each evaluated model, as represented by the R? values. It can be
found that for the training dataset, all four models exhibited very good
predictive accuracy, with R? values significantly exceeding 99%. How-
ever, it is worth mentioning that among the four models, BPNN yielded
the worst outcomes, especially when predicting the sigma ratio, as the
R? value was only 0.894. TabPFN, XGBoost, and CatBoost all capture the
nonlinear relationships between the input features and the predicted
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Fig. 9. The correlations between the LBM results and prediction by different ML models.
physical quantities, with TabPFN performing significantly better, with demonstrates the most concentrated error distribution, with errors
its R? ranging from a minimum of 0.9592 to nearly 1. Most impressively, limited to £1.0 x 107 ~, highlighting its superior prediction capability
TabPFN demonstrated outstanding predictive capability for melting and stability. Similar trends can also be observed for the sigma ratio
time, cooling Power Ratio, and Nu,y, achieving R? values consistently (Fig. 10(b)), cooling power ratio (Fig. 10(c)), and melting time (Fig. 10
above 0.998. These results are significantly higher than those reported (d), further confirming that TabPFN consistently yields the lowest
in other PCM-BTMS studies. For instance, compared with the work of =~ prediction errors across different physical quantities.
Khaboshan et al. [76], who investigated BTMS configurations with fins, To compare the predictive performance of different models across

metal foam, and PCM and achieved R? values of 0.98 — 0.99 using an various indicators, the MAE values were calculated, as shown in Fig. 11.
ANN model, TabPFN attains even higher goodness of fit. This highlights All four models achieved the highest ac-curacy in predicting the cooling

the distinct advantage of TabPFN in the PCM — BTMS domain. power ratio, with MAE and RMSE ranging from 4.7 x 10~* to 3.36 x

Fig. 10 presents the histograms of prediction errors for the four ML 1073 and 5.47 x 10™* to 5.38 x 1073, respectively. In contrast, the
algorithms during training. It is evident that the magnitude and distri- prediction of Nuavg was relatively less accurate. TabPFN consistently
bution of errors differ significantly among the models. For instance, outperformed the other models across all targets. For instance, it
Fig. 10(a) highlighted that while predicting Nusselt number, BPNN ex- reduced the MAE for Melting Time by approximately 48%,84%,
hibits a relatively wide error range within +0.2(10~%). In comparison, and 91% compared to XGBoost, CatBoost, and BPNN, respectively. For
for tree based ML models (i.e., XGBoost and Catboost), they show much Cooling Power Ratio, the improvements reached about 56%, 86%, and
narrow error distributions, confined within £0.5 x 1072 TabPFN 91%, while for Nuavg the reductions were even more pronounced, at

12



B. Shang et al.

XGBoost|

Energy 338 (2025) 138693

( TabPFN

200 — 200 — 200 —— 00 =
Training Training Training Training
2 150 Testing 2 150 Testing 2 150 Testing 2 150 Testing
(a) §100 §100 5100 $100
Q50 Q50 S 50 S50
-(2)44 -0.2 00 02 04 -q.o -0.5 0.0 0.5 1.0 —ci.O -0.5 00 05 1.0 —q.O -0.5 DjO 05 1.0
Error (107) Error (107) Error (107) Error (107)
200 — 200 — 200 — 200 =
Training Training Training Training
‘ ‘:.:\ 150 Testing :S.:\ 150 Testing g\ 150 Testing é‘\ 150 Testing
(b) §100 §100 § 100 100
S 50 S 50 S50 S50
—%.6 -0.3 0.0 0.3 0.6 -%.4 -02 0.0 02 04 -%.4 -0.2 0.0 0.2 04 -%.2 -0.1 0.0 0.1 0.2
Error (107) Error (107) Error (107) Error (107)
200 Training 200 Training 200 Training 200 Training
2150 Testing 2150 Testing 2150 Testing & 150 Testing
(c) 5100 §100 5100 5100
S50 S 50 S50 S50
-q.O -0.5 0.0 0.5 1.0 —%.6 -0.3 00 03 0.6 -%.6 -0.3 0.0 0.3 0.6 -01.0 -0.5 0.0 0.5 1.0
Error (107) Error (107) Error (107) Error (107)
200 Training 200 Training 200 Training 200 Training
;3 150 Testing ‘F:?‘ 150 Testing &= 150 Testing ;—3 150 Testing
(d) §100 §100 § 100 §100
S S X
Q50 <50 Q50 S50
Yo050005 10 D201000102 Da062000204 00500 05 1.0

Error (107) Error (107)

Error (107) Error (10°)

Fig. 10. Histogram Analysis of Prediction Errors by four ML algorithms: (a) Nug,; (b) Sigma ratio; (c) Cooling power ratio; (d) Melting time.

67%, 80%, and 92%. Even for Sigma Ratio, where overall errors were
lower, TabPFN still yielded a reduction of 8 — 21%. Most impressively,
for Nugy,, TabPFN reduced the MAE by approximately 67%, 80%, and
92% relative to XGBoost, CatBoost, and BPNN, respectively. When
benchmarked against prior studies in the PCM — BTMS domain, TabPFN
further highlights its superiority. For example, Gu et al. [42] introduced
a BKA—Convolutional Neural Network (CNN)-Self Attention (SA) model
for battery temperature prediction and reported an RMSE of 0.131. By
comparison, our TabPFN achieves markedly better predictive perfor-
mance across multiple physical tar gets, with RMSE values ranging from
approximately 0.001 to 0.033. These results indicate that TabPFN not
only achieves lower error metrics in terms of magnitude within this
work, but also substantially outperforms existing studies, thereby con-
firming its superior generalization ability and robustness in predicting
complex multiphysics outputs for PCM — BTMS applications.

This study further employed SHAP analysis to perform multi-
parameter sensitivity analysis and enhance the interpretability of the
black-box model. Specifically, SHAP was used to quantify the contri-
butions of the four regional concentration features to the four predicted
physical quantities, as shown in Fig. 12. Feature importance is ranked by
the mean absolute SHAP values. It reveals that ¢4 has the highest
sensitivity across all four predicted physical quantities—cooling per-
formance, melting time, Nugy,, and sigma ratio—with SHAP values
consistently ranging from 0.105 to 0.410. This indicates that the model
predictions are most responsive to variations in @4, underscoring its
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dominant role in shaping the ma chine learning model’s thermal pre-
dictions. Such sensitivity is consistent with the underlying physics
captured by the LBM simulations, where Region 4 consistently un-
dergoes the latest melting and exhibits the largest thermal gradients due
to buoyancy-driven convection. In addition, SHAP analysis demon-
strates that each input feature not only exhibits varying levels of
importance across the four predicted targets but also exerts clear
directional influences on the model outputs. The asymmetric distribu-
tion of red (high feature values) and blue (low feature values) points
along the SHAP axis highlights the presence of pronounced nonlinear
relationships between the inputs and the predictions, reflecting the
model’s ability to capture complex, non-monotonic dependencies. Spe-
cifically, for ¢4, higher values (red points) are predominantly linked to
positive SHAP contributions, while lower values (blue points) are
associated with negative contributions. This indicates that increasing ¢,
generally enhances Nu, while decreasing ¢, suppresses it—fully
consistent with the numerical mechanism that strengthening thermal
conductivity at the bottom promotes buoyancy-driven upward convec-
tion and thereby improves overall heat transfer performance. By
contrast, ¢, and ¢4 show much lower importance (mean|SHAP| ~ 0.047
and 0.214, respectively), with most of their SHAP contributions lying on
the non-positive side. This suggests that increasing nanoparticle con-
centration in the middle regions is generally unfavorable for enhancing
Nu, consistent with the observation in Section 3.2 that these regions
primarily act as flow channels, where improved conductivity contributes
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Fig. 11. MAE and RMSE quantification of the prediction models.

little to the global convective heat transfer.
4. Conclusion

In this study, a zonal nanoparticle distribution strategy was proposed
to alleviate local heat accumulation induced by PCM convection for
battery thermal management. A total of 343 nano-PCM configurations
were systematically examined using the well-validated Lat-tice Boltz-
mann method. Based on this dataset, an explainable predictive frame-
work was developed that incorporated several machine learning models,
including BPNN, XGBoost, CatBoost, and the state-of-the-art TabPFN, to
estimate multiple evaluation metrics such as melting time, cooling
power ratio, and sigma ratio. TabPFN was further benchmarked against
these widely used methods, and SHAP analysis was employed to inter-
pret the model and provide physical insights into the influence of
different nanoparticle distributions. The main findings are summarized
as follows.

e LBM simulation results indicate that stratified nanoparticle distri-
bution effectively mitigates thermal accumulation. In particular,
higher nanoparticle concentrations in the lower region significantly
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enhance the overall thermal performance. With nanoparticle frac-
tions of 3.5%,3.5%,3.5%, and 9.5% from region 1 to 4, the average
Nusselt number increases by 12.04%, and the melting time decreases
by 13.08%.
TabPFN exhibited exceptional prediction accuracy in comparison to
those popular models such as BPNN, XGBoost, and CatBoost. The
error bins during training were generally lower in magnitude, which
undersores its enhanced accuracy and resilience. TabPFN attained
reductions in MAE between 8% and 92% and reductions in RMSE
between 7% and 90 % for various target variables. These significant
enhancements highlight TabPFN’s robust generalisation capability
and its promise as a dependable surrogate model for intricate mul-
tiphysics prediction applications.

e SHAP analysis revealed that ¢4 played a dominant role across all
predicted targets, which effectively visualizes and quantifies its
strong influence on convective behavior and heat retention in BTMS.
This enhanced interpretability is expected to deepen the under-
standing of the internal workings of models and further provide
potential insights into the nonlinear and non-monotonic relation-
ships between regional concentration distributions and key perfor-
mance metrics.

This study introduces a lightweight, data-efficient modeling frame-
work based on LBM datasets for battery thermal management and
highlights the physical insights gained from interpretable machine
learning. The proposed approach is expected to serve as a valuable tool
for guiding optimal nano-PCM design in practical energy systems, which
could support industrial implementation in future electric vehicle ap-
plications. Nonetheless, several limitations should be acknowledged,
and corresponding future work remains necessary: (1) extending the
LBM model to 3D simulations and batch calculations at the battery
module level to better capture system-level complexities; (2) incorpo-
rating experimental studies to strengthen the reliability and practical
feasibility of the proposed strategy; and (3) address production feasi-
bility (manufacturability, cost, energy density, PCM stability) and vali-
date performance under extreme operating scenarios (fast charging/
high-rate pulsing) to enhance robustness, generalizability, and indus-
trial applicability. Efforts to resolve these challenges will not only
strengthen the framework itself but also help advance the development
of re liable, scalable, and industry-ready solutions for battery thermal
management in electric vehicles, thereby supporting large-scale adop-
tion and practical implementation.
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Appendix

Sensitivity analysis was conducted to further assess the reliability of the proposed model under elevated nanoparticle concentrations. For this
purpose, a sedimentation factor was introduced, defined as

_ ¢ eff
¢nom

n 37)

where ¢ is the effective nanoparticle volume fraction contributing to heat transfer and ¢, is the nominal concentration. In the baseline condition
(¢1_3 = 3.5%, @4 = 9.5%vol.), n was perturbed to 0.95,0.90, and 0.85, representing scenarios in which 5%,10%, and 15% of the nominal nano-
particles were assumed to settle or aggregate and thus became inactive for heat transfer. As shown in the following figure, both the global liquid
fraction (Fig. 13(a)) and the local liquid fraction in region 4 (Fig. 13(b)) deviated by less than 5 % under these perturbed conditions, confirming that
the predicted enhancement of thermal performance remains robust even when potential sedimentation effects are considered.
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