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Abstract—Electric vehicles (EVs) offer a cleaner alter-
native to combustion engines but face ongoing thermal
challenges from batteries, motors, and power electronics.
Advanced materials—such as conductive composites and
phase change materials—enhance passive cooling, while
artificial intelligence (AI) enables real-time monitoring and
smart control. This paper highlights recent progress in
both fields and presents a case study demonstrating their
combined impact on thermal performance. Results show
that integrating AI with advanced materials improves
efficiency, compactness, and adaptability, supporting future
intelligent and scalable EV cooling solutions.

Index Terms—EVs, Thermal management, Advanced
materials, AI, Smart cooling systems

I. INTRODUCTION

Thermal management remains a core challenge in
electric vehicles (EVs), especially under fast charging,
high-load, and high voltage (400V/800V) architectures,
where batteries, motors, and power electronics generate
significant heat [1], [2]. Excess heat can degrade vehic-
ular performance, reduce lifespan, and pose safety risks.

Recent research often addresses this thermal manage-
ment via two key fronts: advanced materials and AI.
Materials like thermally conductive composites, PCMs,
and nanofluids can enhance heat dissipation with mini-
mal weight [3], while AI is increasingly used to enable
real-time thermal monitoring, prediction, and adaptive
control [4], [2]. Their integration can lead to Intelligent
Thermal Management Systems (ITMS) that unify con-
trol across batteries, motors, and electronics—enhancing
safety, performance, and durability under diverse driving
conditions [3].

This paper reviews some recent advancements in
advanced materials and AI for EV thermal manage-
ment, presenting a case study evaluating their poten-
tial impact. We show how integrating Nano-Enhanced
Phase Change Materials (NEPCMs) with AI algorithms
(CNNs, LSTMs) can significantly enhance battery cool-
ing. By using four normalized metrics, namely cooling
power, energy efficiency, compactness, and adaptability,

the proposed hybrid approach is shown to outperform
conventional strategies. The case study highlights how
NEPCM’s thermal storage and AI’s real-time manage-
ment result in safer, more efficient, and compact systems.
These findings are promising in supporting scalable
thermal solutions for next-generation EVs and other
heat-sensitive subsystems.

II. ADVANCED MATERIALS FOR THERMAL
MANAGEMENT IN ELECTRIC VEHICLES

Efficient thermal management is vital for EV safety,
performance, and lifespan, particularly with respect to
batteries, motors, and power electronics. Conventional
materials struggle with high heat flux, limited space,
and rapid thermal shifts. Recent advances have led
to high-performance materials offering better thermal
conductivity, storage, and design flexibility. Four key
material types improving EV cooling are outlined below,
with a comparison given in Table I.

1) High-Conductivity Meta-materials:
Micro/nanoscale metamaterials, such as graphene-
infused polymers and 3D-printed metal foams (e.g.,
copper, aluminum), provide high thermal conductivity
with low weight. Graphene-polymer composites can
reach up to 5000 W/m·K, while porous metal foams
enable efficient, lightweight heat dissipation [5].

In [6], thermal cloaking is proposed using meta-
materials even with imperfect interfaces, offering ef-
fective control over transient heat flow in EVs. Such
designs, adopted by companies like Lucid Motors, have
influenced the development of modern cooling plates
(Table I).

2) Nano-Enhanced Phase Change Materials (PCMs):
PCMs are known for absorbing and releasing large
amounts of latent heat during phase transitions, but
traditionally suffer from low thermal conductivity. En-
hancing PCMs with nanoparticles such as CuO, BN,
and CNTs can significantly improve their thermal per-
formance [7], [8], [9]. As shown therein for example,



TABLE I: Emerging Thermal Management Technologies in EVs

Technology Key Features EV Components Manufacturers — Applications

High-Conductivity
Metamaterials [5], [6]

Directional, high thermal
conductivity; lightweight

Battery packs, power elec-
tronics

Lucid (cooling plates) — high-end EVs,
prototypes

Nano-Enhanced PCMs
[7], [8], [9]

Thermal energy
storage/release;
nanoparticle-enhanced

Battery modules, cabin
buffering

Tesla (R&D), Nissan (concept) — limited
commercial use

Advanced TIMs [10],
[11]

High interface conductiv-
ity; reduces thermal resis-
tance

Battery cells/modules, mo-
tors

BMW, Tesla, Mercedes — mass use; BYD
— Blade Battery: 20% ↑ efficiency; CATL
— Shenxing battery: fast charging, thermal
stability

Electrohydrodynamic
(EHD) Materials [12],
[13]

Electric field–driven
coolant flow; no moving
parts

Compact electronics, sensors Toyota (patents), Hyundai (R&D) — early-
stage tech

CuO-doped paraffin reduced discharge time by 11.8%,
enabling faster heat transfer and passive PCM systems
have also lowered battery temperatures during high dis-
charge cycles. Car manufacturers like Tesla and Nissan
are investigating PCM-integrated battery modules for
enhanced thermal buffering (Table I).

3) Advanced Thermal Interface Materials: Thermal
Interface Materials (TIMs) are known to reduce resis-
tance between heat sources and sinks. Gallium-based
TIMs with tungsten microparticles have shown a 74.2%
conductivity increase, improving DC-DC converter effi-
ciency [10]. Vertically aligned graphene structures com-
bined with liquid metal layers achieve through-plane
conductivity up to 176 W/m◦K [11]. Such TIMs are
already used by automakers like BMW and Mercedes-
Benz to enhance system reliability and thermal perfor-
mance.

4) Electrohydrodynamic (EHD)-compatible Materi-
als: EHD-compatible materials use electric fields to
drive fluid flow without mechanical components, en-
abling semi-active cooling in space-constrained envi-
ronments. This method has improved heat transfer by
up to 31.2% [12]. Nanorefrigerant-EHD systems further
enhance thermal conductivity by 44%, promising for
EV applications [13]. Though still in early development,
EHD technologies are under exploration by companies
such as Toyota and Hyundai (Table I).

III. TOWARDS AI-DRIVEN THERMAL MANAGEMENT
SYSTEMS

Artificial Intelligence (AI)—including machine learn-
ing (ML), deep learning (DL), and reinforcement learn-
ing (RL)—is transforming EV thermal management by
enabling real-time prediction, adaptive control, and op-
timized decision-making. AI-incorporated approaches to
digital twin, sensor fusion, and predictive maintenance
technologies can significantly improve EV thermal safety
and efficiency. When integrated with advanced materials,
these smart systems can offer a synergistic solution
to effectively manage the complex, dynamic thermal
behavior of EV components.

An overview of these AI-driven techniques and their
interactions with advanced materials are summarised in
Figure 1.

A. Sensor Fusion and Edge AI

AI techniques—such as unsupervised learning, clus-
tering, and autoencoders—can be applied to real-time
fusion of multi-sensor data (temperature, flow, vibration,
voltage) to detect faults, hotspots, and anomalies. Deep
learning models like the incipient bat-optimized deep
residual network have improved EV battery fault detec-
tion accuracy by 98%, with a mean error of just 0.055%
[14]. ML methods also enhance thermal prediction and
cooling control in high-temperature conditions (≥ 40◦C).

For thermal management, advanced optical sensors
are promising in the management of key components
of EVs such as batteries, motors, and HVAC systems,
wherein fiber Bragg grating sensors [15] allow for pre-
cise internal battery monitoring, while infrared and laser
sensors support non-intrusive thermal assessments. AI-
enhanced sensor fusion and edge AI frameworks can
thus boost diagnostic precision, fault localization, and
adaptive thermal response.

In [16], a hybrid cooling system integrated heat sinks,
Peltier modules, and AI-powered IoT monitoring (Node-
MCU, DS18B20, Blynk). Real-time fusion and predic-
tion improved battery efficiency, lifespan, and capacity,
outperforming traditional cooling methods in a scalable,
cost-effective setup.

B. AI-Driven Digital Twins for EV Thermal Manage-
ment

AI-powered digital twins enable real-time thermal
modeling and control in EV components. A physics-
informed neural network-based battery twin [17] em-
bedded Fick’s law to estimate state of charge (SoC)
and state of health (SoH) with < 0.2% and 2.3% error,
respectively. In [18], ROMs coupled with the Singular
Value Decomposition method were used to simulate
inverter layouts in 1 s with 3◦K accuracy. Another twin
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Fig. 1: AI-driven thermal management flow in electric vehicles.

combined 1D models, CFD, and ROM to optimize GaN
inverter cooling under dynamic traffic [19].

C. Machine Learning–Optimized Cooling Schedules

RL and Deep Q-networks (DQNs) can adaptively
manage EV fan speeds, compressor rates, and flow
schedules. In [20], an RL-based controller outperformed
PID, maintaining battery/cabin temperatures while re-
ducing energy use by up to 7.3%. Tree-based ML
models were applied to PV cooling efficiency prediction
[21], while ML-driven ROMs rapidly simulated inverter
thermal fields for predictive maintenance. Optimization
algorithms like GA and PSO improved battery pack
cooling by enhancing uniformity and lowering peak
temperatures [22].

D. Predictive Maintenance for Cooling Hardware

AI models trained on sensor history can detect degra-
dation in thermal components (e.g., fans, pumps), en-
abling timely maintenance and reducing failures. In [23],
gas venting data with ensemble ML are used to predict
thermal runaway in Li-ion batteries, achieving 97.8%
accuracy before failure onset.

IV. CASE STUDY: SYNERGISTIC IMPACT OF
ADVANCED MATERIALS AND AI ON BATTERY

THERMAL MANAGEMENT

This section evaluates how combining Advanced Ma-
terials such as Nano-Enhanced Phase Change Materi-
als (NEPCMs) and AI technologies such as convolu-
tional neural network (CNN), Long Short-Term Memory
(LSTM) learning can enhance lithium-ion battery ther-
mal performance across four key metrics: cooling power,
energy efficiency, compactness, and adaptability.

We focus on lithium-ion batteries, which dominate EV
and storage applications due to their high energy density.
We select here PCM(Paraffin wax), NEPCM(Al2O3 and

CuO), and AI (CNNs, LSTMs) as they are widely
researched and practically implementable solutions.

A. Performance Baseline: Raw Thermal Data

Table II shows the original temperature drops, energy
savings, sink redaction sizes, and delays obtained from
the literature [24], [25], [26], [9], [14], [16]. These form
the raw input used in subsequent normalization.

B. Metric Formulations

To evaluate thermal management strategies, four nor-
malized performance metrics are proposed: Cooling
Power, Energy Efficiency, Thermal Adaptability, and
System Compactness. Each is scaled from 0 to 1 for fair
comparison.

1. Cooling Power (CPnorm): Cooling effectiveness is
measured based on how close the system operates to
the optimal battery temperature. Let Tmax be the thermal
danger limit, and ∆Tmax the maximum effective cooling
span:

CPnorm = min

(
Tmax − Tsystem

∆Tmax
, 1.00

)
. (1)

In our study, we use Tmax = 80 ◦C and ∆Tmax =
55 ◦C, as lithium-ion batteries optimally operate near
25°C and critically fail beyond 80°C.

2. Energy Efficiency (ηnorm): Normalized energy ef-
ficiency is based on the best achievable energy saving,
denoted ηmax as:

ηnorm =
Energy Saving (%)

ηmax
. (2)

Here, we set typically ηmax = 70%, representing the
highest observed energy saving across tested systems,
for the sake of analysis.



TABLE II: Cooling Strategies and AI Integration in EV Thermal Management

System Temperature Drop Energy Saving Sink Size Re-
duction

Delay to Critical
Temperature

No Cooling [16], [24] 80◦C — — 10–20 min (avg 15)
Air Cooling (AC) [16] 5–25% drop (to 68◦C) — — +15 min (to 30)
PCM—AC [24], [9] 25% drop vs AC (to

51◦C)
25% vs AC 30–40% +7 min (to 37)

NEPCM—AC [24] 20% drop vs PCM—AC
(to 41◦C)

53% vs PCM+AC 50–70% +23 min (to 53)

Battery AI [14], [9] (5–15%) drop vs no AI 10–20% vs no AI 15–30% vs no AI 90%accuracy (60 min)
NEPCM—AC—AI [24], [9] with AI drop to 34◦C Up to 60% 75% Max delay & high acc.
Optimal BatteryConditions[25] Temp. drop to 25◦C Est. max 70% - (to 60 min)

3. Thermal Adaptability (Anorm): Let tmax be the
maximum desirable delay, thermal adaptability reflecting
how long a system delays reaching critical temperatures
under stress is defined as,

Anorm = min

(
tdelay

tmax
, 1.00

)
. (3)

Here, we assume tmax = 60 min, which represents a
reasonable response time in preventing thermal runaway
in our analysis.

4. System Compactness (Cnorm): Compactness mea-
sures the physical reduction in heat sink and cooling
hardware size, Ssystem, relative to a baseline, Sbaseline:

Cnorm =
Sbaseline − Ssystem

Sbaseline
. (4)

We use the heat sink size as a proxy for cooling system
capacity. The baseline air-cooled system is set at 100%.
Size reduction values (e.g., 75% ⇒ Cnorm = 0.75) are
given in Table II.

C. Results: Normalized System Comparison

The normalized metrics in Eqs. (1)–(4) are computed
using inputs from Table II including (1) for Temperature
Drop, (2) for Energy Saving, (3) for Delay to Critical
Temp, and (4) for Sink Size Reduction.

The resulting normalized scores are depicted in the
radar chart of Figure 2 to evaluate the cooling strategies
with respect to the four metrics.

D. Discussion: Synergistic Effects of AI and Advanced
Materials

The hybrid system combining Nano-Enhanced Phase
Change Materials (NEPCMs) with AI-driven control
shows the best overall performance. As seen in Figure 2,
it scored highest across key metrics: 0.9 Cooling Power,
0.85 Efficiency, 1.0 Adaptability, and 0.75 Compactness.
This reflects strong synergy between NEPCM’s thermal
storage and AI’s real-time responsiveness. The perfect
Adaptability score indicates the capability of dynamic
control over thermal loads, enhancing safety, stability,
and thermal margins. This combo is expected to extend

Fig. 2: Radar chart comparing cooling strategies.

battery life under stress while reducing the cooling
system size.

These findings suggest broader potential beyond bat-
teries. Other heat-sensitive EV components—motors,
power electronics, battery chargers—could benefit from
similar integration. For example, AI-driven digital twins
paired with high-conductivity metamaterials or advanced
thermal interfaces could deliver real-time, localized cool-
ing to inverters or onboard systems. Likewise, electro-
hydrodynamic (EHD) materials combined with adaptive
machine learning (e.g., RL or DQNs) could enable
closed-loop cooling with no moving parts—ideal for
compact or vibration-sensitive designs.

E. Design Implications and Implementation Challenges

As mentioned above, integrations of AI with advanced
materials could transform the EV thermal design toward
greater efficiency, autonomy, and fault tolerance. While
AI–material integration can improve performance, prac-
tical challenges remain: safe and cost-effective integra-
tion, material compatibility, and ensuring reliability in



dynamic conditions and driving scenarios. Addressing
these issues is vital for translating simulations into real-
world EV systems.

V. CONCLUSION

Advanced materials like high thermal conductivity
metamaterials, nano-enhanced PCMs, and novel inter-
faces effectively address EV thermal challenges, reduc-
ing reliance on bulky, energy-intensive cooling. Our
study highlights the promise of combining these ma-
terials with AI-driven control for predictive, adaptive,
and energy-efficient thermal management. This hybrid
approach supports the evolution of smart management
systems for intelligent, reliable, and sustainable EVs.
Future work will focus on experimental validation and
prototyping the literature-based and simulation-driven
findings obtained from this paper.
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