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ASSESSING THE POTENTIAL 

OF ARTIFICIAL INTELLIGENCE 

AND MACHINE LEARNING 

FOR THERMAL MANAGEMENT 

IN  ELECTRONIC DEVICES

The object of this study is the potential of artificial intelligence (AI) and machine learning (ML) techniques for thermal management 
in electronic devices. One of the most problematic aspects identified is the challenge of ensuring performance, reliability, and energy effi-
ciency across diverse systems, including semiconductors, data centers, and consumer electronics. In the course of the research, the Preferred 
Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) methodology was used to systematically analyze 150  studies. 
These studies employed various approaches, such as predictive modeling, optimization algorithms, and real-time control systems.

Our findings indicate that AI-driven thermal management can reduce energy consumption by up to 81.81  %, depending on the 
cooling method and optimization. Reinforcement learning-based HVAC control achieves 17.4 % energy savings, while ML-driven power 
management in manycore systems reduces energy use by 30  % and lowers peak chip temperatures by 17 °C. Neural network-based 
thermal forecasting achieves <1  % error, improving prediction accuracy. Additionally, LSTM models for thermal prognosis achieve 
a  3.45 % relative prediction error, outperforming traditional regression methods.

These results highlight the potential of AI in optimizing thermal behavior across data centers, smart buildings, and manycore 
chip architectures. Key limitations were also identified, including limited data availability, challenges in model interpretability, and 
integration with legacy systems. The study provides a roadmap for scalable AI-driven thermal management. Emerging trends such as 
physics-informed ML models and the integration of cooling technologies promise innovation. Compared to conventional methods, these 
advancements deliver clear benefits in sustainability and adaptability.

Keywords: artificial intelligence (AI), machine learning (ML), thermal management, semiconductor thermal dissipation, predictive 
modelling, energy-efficient computing.
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1. Introduction

The rapid advancements in technology and the growing demand 
for high-performance electronic devices have significantly increased 
energy consumption  [1] and heat generation  [2] in modern systems. 
From compact smartphones to powerful data centers, electronic devices 
produce substantial heat due to intensive computational tasks, which 
must be efficiently managed to maintain reliability and performance. 
Thermal management is a critical aspect of electronic system design [3], 
ensuring optimal operating conditions, preventing component failures, 
and extending device lifespans. Without proper heat dissipation me
chanisms, overheating can lead to reduced efficiency, increased energy 
usage, and even catastrophic hardware failures [4]. This emphasizes the 
necessity for innovative solutions that address both performance and 
energy efficiency challenges in thermal management [5].

Effective thermal management is not only a technical requirement 
but also a driver of sustainability in the electronics industry  [6]. The 
energy consumed in cooling systems accounts for a significant share 
of total energy usage in sectors such as data centers and consumer 
electronics [7]. For instance, cooling alone can account for over 40 % 
of energy consumption [8] in data centers, making it a key contributor  

to carbon emissions. This aligns with the global emphasis on sustain-
able development goals (SDGs), particularly Goal 7 (Affordable and 
Clean Energy) and Goal 13 (Climate Action). Reducing energy con-
sumption through intelligent thermal management strategies directly 
supports these goals by enhancing energy efficiency and minimizing 
the carbon footprint of electronic devices [9].

As electronics continue to shrink in size while increasing in func-
tionality, the challenges of heat dissipation intensify. Conventional cool-
ing methods [6], such as fans, heat sinks, and liquid cooling systems, 
are often inadequate for managing the dynamic thermal demands of 
modern devices. Additionally, these traditional techniques are reac-
tive in nature, addressing heat [10] after it has already built up, rather 
than proactively optimizing thermal conditions. Emerging technolo-
gies such as thermoelectric coolers (TECs) [11], phase-change mate
rials [12], and liquid-metal cooling [13] have shown promise but re-
quire advanced control systems to unlock their full potential. This 
necessitates a paradigm shift from traditional methods to more sophis-
ticated, data-driven approaches.

Artificial intelligence (AI)  [7] and machine learning (ML)  [14] 
have emerged as transformative tools for addressing complex problems 
across various domains, including thermal management. By leveraging  
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predictive analytics, optimization algorithms  [15], and real-time  de-
cision-making , AI-driven solutions can dynamically manage heat 
dissipation, anticipate thermal hotspots, and optimize energy use in 
electronic systems. These methods not only improve device reliabi
lity but also reduce energy costs and environmental impact, making 
them highly relevant for sustainable development. Integrating AI into 
thermal management systems holds the potential to revolutionize 
how electronic devices operate, aligning technological advancement 
with the pressing need for environmental sustainability  [16]. How-
ever, despite promising advances, the application of AI and ML in this 
domain remains scattered across different studies and lacks a consoli-
dated understanding. A systematic literature review (SLR) is essential 
to unify existing knowledge, identify gaps, and justify the adoption of 
advanced AI-driven approaches to tackle thermal challenges effectively. 
Using the Preferred Reporting Items for Systematic Reviews and Meta- 
Analyses (PRISMA) methodology ensures a rigorous and transparent 
approach to study selection and synthesis, further strengthening the 
relevance of this work.

While AI and ML offer significant potential for thermal manage-
ment [17] in electronic devices, their adoption faces several challenges, 
including inconsistent benchmarking, scalability issues, and a lack of 
integration with advanced cooling technologies such as TECs and 
phase-change materials  [18]. Additionally, existing studies often fail 
to provide a holistic perspective, focusing on individual methods or 
components without addressing the broader context of dynamic and 
real-time thermal optimization [19].

Current research efforts have introduced AI-based solutions such 
as predictive  [20] cooling systems, neural networks  [21] for hotspot 
detection  [22], and ML algorithms for optimizing heat transfer  [23] 
processes. Despite their promise, these approaches often lack adapt-
ability to real-time scenarios, are computationally intensive, and fail 
to incorporate physics informed models, limiting their effectiveness. 
Moreover, many studies neglect the synergistic use of AI with emerging 
cooling technologies [24], leaving a significant gap in practical imple-
mentation and system-level optimization.

The aim of this research is to systematically review and synthesize 
existing research on AI and ML-based thermal management techniques 
in electronic devices, identify research gaps, and propose innovative 
pathways for scalable, efficient, and adaptive solutions.

2. Materials and Methods

This SLR systematically examines advancements in AI and ML 
for thermal management [25] in electronic devices, with a particular 
focus on identifying gaps and proposing pathways for fu-
ture innovation. By employing the PRISMA methodology, 
this review ensures a transparent and comprehensive selec-
tion process for relevant studies. The proposed approach 
emphasizes the integration of AI-driven techniques  [26] 
with advanced cooling technologies [27] to enable scalable, 
real-time, and adaptive thermal management systems. This 
framework addresses the shortcomings of existing methods 
by combining predictive analytics, dynamic optimization, 
and holistic system design.

This SLR contributes to the field by providing a com-
prehensive synthesis of existing research, uncovering critical 
gaps, and highlighting opportunities for innovation. By em-
ploying the PRISMA methodology, the study ensures a  ro-
bust and systematic approach to evidence synthesis. The 
findings will benefit researchers and industry professionals  
by offering actionable insights into designing AI-driven 
thermal management systems  [28] that are both scalable 
and adaptive, advancing the state of the art in electronic de-
vice cooling.

2.1. Systematic literature review methodology
This study employs the PRISMA framework to ensure a rigorous, 

transparent, and structured methodology for identifying, screening, 
and synthesizing relevant literature. PRISMA is a widely recognized 
approach for conducting systematic reviews and meta-analyses, provid-
ing a standardized protocol to ensure comprehensive, unbiased, and 
reproducible results.

The PRISMA methodology consists of four key phases: Identifi-
cation, Screening, Eligibility, and Inclusion, as detailed below. Fig.  1 
illustrates the PRISMA workflow for this study:

1.	 Identification: the identification phase involved a comprehen-
sive search for relevant studies across five academic databases, in-
cluding IEEE Xplore, MDPI, SpringerLink, ScienceDirect, and Wiley 
Online Library. A total of 750 records were retrieved using predefined 
keywords and Boolean search operators (see Section 2.4 for details 
on keyword combinations). These keywords were tailored to focus  
on AI, ML, and thermal management in electronic devices. During this 
phase, 84 duplicate records were removed, leaving 666 unique records 
for further analysis.

2.	 Screening: in the screening phase, the titles and abstracts of 
the 666 unique records were reviewed to determine their relevance to 
the research topic. Studies that were not published in peer-reviewed 
journals or conference proceedings were excluded, reducing the dataset  
by 52 records. This phase resulted in 614 records that were considered 
for eligibility.

3.	 Eligibility: the eligibility phase involved a detailed full text re-
view of the 614 remaining studies. During this stage, 149 records were 
excluded because full-text access was not available. The remaining 
465  studies were then evaluated against predefined inclusion and ex-
clusion criteria (see Section 2.3). The following studies were excluded 
during this evaluation: 

–	 53 studies were excluded as they lacked empirical work or ex-
perimental validation;
–	 128 studies were deemed irrelevant to the topic of AI/ML for 
thermal management;
–	 123 studies were excluded due to poor quality, including insuf-
ficient technical contributions or lack of clarity.
After this rigorous review, 161 studies met the eligibility criteria.
4.	 Inclusion: the final inclusion phase synthesized the 161 eli-

gible studies to ensure alignment with the research objectives. Dur-
ing this step, studies that were most focused and directly relevant to 
the research topic were prioritized. This resulted in a final dataset 
of 152  high-quality studies, which form the basis for this systematic 
literature review.

 

Fig. 1. PRISMA workflow diagram for systematic literature review
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The PRISMA workflow ensured transparency and traceability  
at every stage of the review, providing a robust foundation for synthe-
sizing existing literature and identifying gaps in the application of AI 
and ML for thermal management. 

This structured methodology facilitated the identification of high-
quality, relevant studies, offering a comprehensive basis for subsequent 
analysis.

2.2. Search strategy
A systematic search strategy was designed to maximize the rele

vance and coverage of studies. 
The process involved a combination of predefined keywords and 

Boolean operators to retrieve relevant literature across multiple aca-
demic databases.

Keyword Combinations: the following keywords were used to en-
sure comprehensive coverage of the research domain. Both success-
ful and unsuccessful keyword combinations were recorded (Table 1).

Databases Searched: the search was conducted across 11 major 
academic databases to ensure a comprehensive coverage of relevant 
studies. The databases and corresponding results are summarized  
in Table 2.

2.3. Study selection criteria
Inclusion Criteria:
–	 Peer-reviewed journal articles and conference proceedings.
–	 Research focusing on AI/ML techniques for thermal management.
–	 Studies addressing energy efficiency, cooling optimization, or real- 
time applications.
Exclusion Criteria:
–	 Studies unrelated to electronics or computational cooling.
–	 Articles lacking empirical results or technical details.
–	 Non-English language publications.

2.4. Data extraction and analysis
The relevant data extracted from the included studies will focus on:
–	 Research objectives, including AI/ML applications for specific 
cooling challenges.
–	 Techniques employed, such as neural networks, reinforcement 
learning, or hybrid approaches.
–	 Evaluation metrics, including energy savings, accuracy, and  
scalability.
–	 Application areas, including microprocessors, thermoelectric 
cooling, and phase-change materials.

Table 1

Keyword combinations used in the literature search

Keyword combinations (Part 1) Keyword combinations (Part 2)

"AI thermal management electronic devices" "ML for thermoelectric cooling in chips"

"AI cooling optimization semiconductors" "Neural networks thermal analysis for electronics"

"Deep learning in thermal regulation electronics" "AI-based thermal control systems for processors"

"AI thermal energy storage electronics" "Machine learning cooling prediction in semiconductors"

"AI phase change material heat transfer optimization" "Machine learning-assisted thermoelectric cooling"

"AI neural networks for heat dissipation in ICs" "AI techniques for cooling electronic circuits"

"AI-based dynamic cooling optimization for devices" "AI for hotspot thermal management in electronic chips"

"ML for multi-hotspot thermal control electronics" "AI-driven predictive thermal management in microchips"

"AI heat management using TECs for electronics" "ML-based cooling algorithms for electronics"

"Physics-informed neural networks heat transfer" "AI-based real-time thermal process management"

"AI predictive cooling systems for compact electronics" "AI in thermal management for semiconductor devices"

"AI temperature prediction models for processors" "AI algorithms for electronic chip cooling systems"

"AI-based thermal sensors optimization in electronics" "AI dynamic temperature control systems for devices"

"Neural networks for optimizing fan control algorithms" "AI-based predictive modeling for thermal sensors"

"AI-based temperature regulation with fan control" "AI cooling algorithms for sensor-based temperature data"

"AI real-time heat transfer optimization models" "AI-enhanced TEC systems for chip cooling"

"AI algorithms for liquid cooling optimization" "Machine learning cooling optimization for heat sinks"

Table 2

Databases searched and the keywords used

Database Search keywords

IEEE Xplore "AI thermal management electronic devices"

MDPI "Machine learning thermal management in semiconductors"

SpringerLink "AI optimization cooling systems electronic devices"

ScienceDirect "Neural networks for heat management in mi croc hips"

AIP Publishing "Machine learning-assisted thermoelectric cooling"

ASME Digital Col lection "AI phase change material heat transfer optimization"

PubMed "AI-enhanced thermal processes in medical devices"

Wiley Online Library "AI predictive cooling systems for electronic circuits"

Elsevier "Deep learning heat dissipation control electronics"

Taylor & Francis "AI temperature control in semiconductor chips"

Google Scholar "AI neural networks heat dissipation electronics"
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Using PRISMA ensures that the review process is transparent, sys-
tematic, and reproducible. The dataset characteristics and distribution 
are detailed in Table 3, highlighting the inclusion criteria and metho
dological diversity.

Table 3

Summary of key findings and limitations in AI and ML  

for thermal management

References Key findings Limitations

[2, 28, 29]

AI and ML provide dynamic, 

real-time control for thermal 

management, addressing inef-

ficiencies in traditional methods 

like heat sinks, fans, and liquid 

cooling. These techniques surpass 

static systems by enabling predic-

tive and adaptive strategies

Limited availability of 

high-quality datasets for 

training AI models; reli-

ance on simulation data 

may not fully replicate 

real-world complexities

[1, 30, 31]

AI models, including neural net-

works and reinforcement learn-

ing, accurately predict thermal 

hotspots and temperature trends 

based on workload patterns, 

enabling proactive management

AI models often lack 

interpretability, making 

it difficult for engineers 

to trust or audit system 

decisions

[32–34]

ML algorithms optimize the 

placement and operation of cool-

ing resources, such as fans and 

thermoelectric coolers (TECs),  

reducing energy consumption 

while enhancing cooling efficiency

Integration with existing 

systems is challenging due 

to hardware compati

bility and real-time 

constraints

[35–37]

Deep learning methods like 

CNNs and RNNs are effectively 

applied to spatial and temporal 

data, enabling sophisticated analy-

sis for detecting thermal hotspots 

and predicting future behavior

High computational cost 

and training time limit 

their applicability in low-

resource environments, 

such as portable devices

[18, 19]

AI optimizes novel cooling 

technologies like phase-change 

materials and liquid cooling by 

simulating thermal properties 

under diverse conditions, paving 

the way for sustainable solutions

Real-time applications of 

these advanced cooling 

methods remain under-

explored due to their 

dependency on extensive 

computational and sensor 

infrastructures

[3, 38–40]

Effective thermal management 

is critical for performance and 

energy efficiency, especially in 

high-density environments like 

data centers and compact devices 

like smartphones

Scaling AI-driven thermal 

management solutions 

for di verse applications is 

a complex challenge due to 

the variability in thermal 

behavior across systems

This structured approach minimizes biases, enabling the synthesis 
of high-quality, relevant literature to identify trends, challenges, and 
opportunities for AI and ML in thermal management.

3. Results and Discussion

3.1. Qualitative analysis of literature
3.1.1. Introduction to AI and ML in thermal management
AI and ML techniques offer the ability to dynamically predict, 

optimize, and control temperature behavior in real-time by leveraging 
sensor-driven data, predictive modeling, and optimization algorithms. 
This capability is validated through multiple studies where ML mo
dels, such as LSTM networks, reinforcement learning agents, and deep 
neural networks, have demonstrated superior performance in thermal 
prediction and adaptive control.

For instance, LSTM models used in semiconductor cooling applica-
tions have achieved a 3.45 % relative error in temperature forecasting, 
significantly outperforming traditional regression-based models [24, 41].  
Reinforcement learning-based HVAC control systems have been shown 

to achieve 17.4 % energy savings by dynamically adjusting cooling me
chanisms based on workload patterns [36, 42]. Additionally, ML-driven 
power management in manycore architectures has reduced energy 
consumption by 30 % and lowered peak chip temperatures by 17 °C, 
showcasing real-time adaptability [43, 44]. These claims are supported 
by empirical studies that employ simulation environments, laboratory 
experiments, and real-world implementations in data centers and con-
sumer electronics [45–47].

To further support this assertion, specific metrics such as response 
time in adaptive cooling systems, prediction accuracy in thermal fore-
casting models, and energy efficiency improvements are detailed in the 
results section. These findings confirm that AI-driven thermal manage-
ment systems can proactively adjust cooling mechanisms rather than 
relying on static, predefined thresholds.

The integration of AI and ML into the field of thermal manage-
ment for electronic devices has opened new possibilities for addressing 
the growing challenges of heat dissipation in modern systems  [28]. 
Traditional thermal management approaches, such as the use of heat 
sinks, fans, and liquid cooling, operate based on static and often reactive 
methods [2]. These techniques are typically designed to manage worst-
case scenarios, often resulting in over-provisioning, inefficiencies, and 
higher energy consumption [29]. By contrast, AI and ML techniques 
offer the ability to dynamically predict, optimize, and control thermal 
behavior in real-time, making them highly suitable for modern, com-
plex, and compact electronic systems [30].

AI and ML methods enable real-time thermal management through 
predictive modeling , adaptive control strategies, and sensor-driven 
feedback loops. Neural network-based temperature forecasting has 
demonstrated <1  % error, significantly improving prediction accu-
racy and allowing for dynamic preemptive cooling adjustments  [23].  
In manycore chip architectures, ML-based dynamic power manage-
ment reduces energy consumption by 30 % and lowers peak chip tem-
perature by 17 °C, enabling real-time workload-aware cooling  [35]. 
Similarly, reinforcement learning-based HVAC control optimizes cool-
ing processes, achieving 17.4 % energy savings while ensuring thermal 
stability [48]. These AI-driven techniques allow for continuous adapta-
tion to varying thermal conditions, outperforming static cooling me
thods and improving energy efficiency in data centers, smart buildings, 
and high-performance computing environments.

AI techniques, such as neural networks, reinforcement learning, 
and optimization algorithms, are increasingly being deployed to cre-
ate adaptive thermal management systems [1]. These systems leverage 
historical and real-time sensor data to model the thermal behavior of 
electronic components under different operating conditions [31]. For  
example, predictive models can forecast potential thermal hotspots 
based on workload patterns, allowing cooling mechanisms to preemp-
tively respond before the temperature exceeds safe limits [32]. ML al-
gorithms are also being used to optimize the placement of cooling re-
sources, such as fans or TECs, to achieve maximum efficiency with 
minimal energy usage [32, 33].

ML methods, particularly supervised and reinforcement learn-
ing, enable the development of control systems that dynamically adjust 
cooling parameters based on real-time feedback  [34]. For instance, 
supervised learning models can be trained on data from previous ther-
mal events to accurately predict temperature trends, while reinforce-
ment learning agents can learn optimal cooling policies by interacting 
with the system over time [48]. These AI-driven techniques not only 
enhance the precision of thermal management systems but also reduce 
operational costs by minimizing energy consumption and maximiz-
ing hardware efficiency [49]. Key findings and limitations of AI-based 
thermal management techniques are summarized in Table  4, which 
provides a comprehensive overview of the field.

The ability of AI and ML to dynamically forecast, optimize, and 
control thermal behavior is established through a combination of  
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experimental validation, simulation-based learning, and real-world 
implementation.

Experimental validation: reinforcement learning-based approa
ches, such as Q-learning for fan speed control, have demonstrated 19 % 
performance improvement over conventional cooling techniques, prov-
ing that AI-driven control can enhance both efficiency and reliability in 
dynamic environments [23].

Simulation-based learning: many AI-driven thermal management 
models are trained using computational fluid dynamics (CFD) simula-
tions to identify optimal cooling patterns. This allows ML-based systems 
to adjust power and cooling configurations in real-time without requir-
ing pre-defined rules [23].

Real-world implementation: AI-driven dynamic voltage and fre-
quency scaling (DVFS) has been tested in manycore SoCs, where re-
inforcement learning algorithms autonomously select power states to 
balance temperature, energy efficiency, and performance demands [45].

These findings confirm that AI-based approaches not only enable 
real-time decision-making but also significantly outperform traditional 
static cooling policies.

Table 4

Summary of key findings and limitations in AI techniques  

for thermal management

References Key findings Limitations

[50–52]

AI-powered predictive model-

ing enables proactive thermal 

management by forecasting 

thermal behavior using historical 

and real-time data. Techniques 

like regression, neural networks, 

and LSTMs are highly effective in 

identifying potential hotspots and 

minimizing thermal stress

Availability and quality 

of thermal datasets are 

limited, and predic-

tive models may lack 

accuracy in dynamic, 

real-world conditions

[1, 45, 53]

Deep learning models, especially 

LSTMs, capture temporal depen-

dencies in thermal data, enabling 

precise predictions. Hybrid phy

sics informed models combine AI 

with thermodynamics for accurate 

and adaptable thermal analysis

High computational 

costs of training deep 

learning models hinder 

their applicability in 

low-resource environ-

ments like portable 

devices

[30, 42, 54]

Optimization algorithms such as 

genetic algorithms, particle swarm 

optimization, and reinforcement 

learning enhance cooling efficiency 

and minimize energy consumption 

by dynamically adjusting param-

eters like fan speeds and coolant 

flow rates

Integrating AI opti-

mization into legacy 

systems poses challenges, 

including hardware 

compatibility and 

real-time performance 

requirements

[55–57]

Reinforcement learning is highly 

effective in dynamic scenarios, 

learning optimal cooling strate-

gies for multi-core processors 

and data centers. These methods 

significantly reduce energy use and 

contribute to sustainability efforts

Reinforcement learning 

requires extensive com-

putational re-sources 

and training time, 

making it less practical 

for small-scale or time-

sensitive applications

[58–60]

AI-based control systems, includ-

ing neural networks and model 

predictive control (MPC), enable 

real-time adjustments to cooling 

mechanisms, ensuring consistent 

thermal performance

AI control systems face 

difficulties in multi-

variable environments 

with limited sensor data, 

and scalability remains 

a challenge for diverse 

applications

[22, 51, 61]

Control systems are scalable across 

a range of devices, from consumer 

electronics to data centers, dynam-

ically redistributing workloads and 

optimizing cooling efficiency

Scalability to indus-

trial systems requires 

significant infrastructure 

upgrades and large-scale 

sensor deployments

Deep learning methods, including convolutional neural net-
works (CNNs) and recurrent neural networks (RNNs), are being ap-

plied to more complex thermal challenges  [35]. CNNs, for instance, 
can process spatial thermal data to identify localized hotspots in multi-
core processors, while RNNs can analyze temporal patterns in thermal 
behavior to predict future temperature trends  [36]. Such advanced  
AI techniques enable the development of highly sophisticated and scal-
able thermal management solutions for diverse applications, from com-
pact consumer electronics to large-scale data centers [37].

In addition to predictive capabilities, AI and ML also facilitate the 
integration of novel cooling technologies  [18]. For example, AI can 
optimize the use of phase-change materials (PCMs) or liquid cooling 
systems by simulating and learning their thermal properties under 
varying conditions. By doing so, AI-enhanced systems can achieve 
unparalleled levels of cooling efficiency and adaptability, paving the 
way for sustainable thermal management solutions [19].

Significance in Electronic Devices: Effective thermal manage-
ment is fundamental to the performance, reliability, and longevity of 
electronic devices  [3]. The growing demand for high-performance 
electronics, such as smartphones, laptops, servers, and data centers, 
has resulted in significant increases in heat generation due to higher 
computational power and greater device miniaturization [38]. Exces-
sive heat can lead to thermal throttling, where the device automatically 
reduces its performance to prevent overheating [43]. In extreme cases, 
persistent overheating can cause permanent hardware damage, reduced 
lifespan, and even complete system failure [4].

Moreover, thermal management plays a critical role in energy ef-
ficiency [5]. In data centers, for instance, cooling systems can account 
for up to 40 % of total energy consumption [39]. Inefficient cooling not 
only increases operational costs but also contributes significantly to the 
carbon footprint of these facilities  [6,  39]. As sustainability becomes  
a key focus for the electronics industry, efficient thermal management 
is critical for reducing energy consumption and meeting global sustain-
ability goals, such as the United Nations’ Sustainable Development 
Goals (SDGs), particularly Goal 7 (Affordable and Clean Energy) and 
Goal 13 (Climate Action) [39, 40].

For semiconductor devices, such as microprocessors, the thermal 
challenges are even more pronounced [9]. As these devices operate at 
increasingly high clock speeds with densely packed transistors, the heat 
generated becomes a bottleneck for performance  [62]. Maintaining 
optimal thermal conditions is essential for ensuring that these devices 
operate within safe temperature limits [1]. Effective thermal manage-
ment directly influences the speed, efficiency, and reliability of these 
components, making it a critical consideration in electronic design [10].

In consumer electronics, such as smartphones and laptops, thermal 
management impacts user experience [63]. Overheating can lead to un-
comfortable device temperatures, degraded performance, and shorter 
battery life  [64]. For industrial and automotive applications, thermal 
reliability is paramount, as failure in these environments can result in 
significant financial losses or safety hazards [65].

By addressing these challenges, AI and ML techniques offer a trans-
formative approach to thermal management, moving beyond static and 
reactive strategies to dynamic, predictive, and intelligent solutions [66]. 
These advancements not only enhance device performance and reli-
ability but also reduce energy costs and environmental impact, aligning 
with the broader goals of technological progress and sustainability [41].

3.1.2. AI Techniques in thermal management
Predictive Modeling: AI-powered predictive modeling has revolu-

tionized thermal management by enabling proactive strategies to ad-
dress heat dissipation challenges in electronic devices [50]. Predictive 
models leverage historical and real-time data collected from temperature 
sensors, power usage logs, and system workloads to forecast thermal 
behavior under varying operating conditions  [51]. These models are 
typically based on ML techniques, such as regression analysis, neural 
networks, and time-series forecasting algorithms [52]. Neural networks 
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can predict temperature fluctuations with <1 % error, allowing proactive 
thermal adjustments before critical thresholds are reached [23].

For example, deep learning models like Long Short-Term Me
mory (LSTM) networks are particularly effective in capturing tempo-
ral dependencies within thermal data, enabling precise predictions of 
temperature fluctuations [53]. Predictive models can identify potential 
thermal hotspots in advance, allowing thermal management systems to 
take preemptive actions, such as redistributing workloads, adjusting fan 
speeds, or activating auxiliary cooling mechanisms [45]. This proactive 
approach not only prevents overheating but also minimizes thermal 
stress on components, extending their operational lifespan [1, 67].

Additionally, physics-informed ML models, which incorporate 
principles of heat transfer and thermodynamics into the learning pro-
cess, are gaining traction [68]. These hybrid models combine the preci-
sion of traditional thermal analysis with the adaptability of AI, making 
them suitable for complex systems where precise thermal predictions 
are crucial. By utilizing predictive modeling, electronic devices can 
maintain optimal operating conditions while reducing the risk of per-
formance throttling or hardware failures [69].

Optimization Algorithms: optimization algorithms driven by AI 
are at the forefront of enhancing cooling efficiency and minimizing 
energy consumption in thermal management systems [30, 54]. These 
algorithms utilize ML techniques, such as genetic algorithms, particle 
swarm optimization, and reinforcement learning, to find the optimal 
configuration for cooling mechanisms under varying workloads and 
environmental conditions [42].

For instance, AI can optimize the placement and operation of 
cooling components, such as fans, TECs, or liquid cooling systems, 
to achieve maximum thermal efficiency  [70]. By learning from system 
performance data, optimization algorithms can adjust parameters like 
fan speeds, coolant flow rates, or TEC power levels to balance cooling 
performance with energy usage [61]. Such dynamic adjustments ensure 
that cooling resources are utilized efficiently, reducing unnecessary ener
gy consumption while maintaining safe operating temperatures  [71].

Reinforcement learning, in particular, has proven effective in dyna
mic optimization tasks [55]. Through trial-and-error interactions with the 
system, reinforcement learning agents learn to identify optimal cooling 
strategies that adapt to changing conditions in real time [72]. These algo-
rithms are especially valuable in scenarios where static cooling solutions 
are insufficient, such as in multi-core processors with uneven heat distri-
bution or data centers with fluctuating workloads [36]. Reinforcement 
learning-based HVAC control has demonstrated 17.4 % energy savings 
through continuous, adaptive optimization of cooling strategies  [48].

Optimization algorithms not only improve the energy efficiency 
of cooling systems but also contribute to sustainability by reducing 
the overall carbon footprint of electronic devices [57]. By implement-
ing AI-driven optimization, manufacturers and operators can achieve 
significant cost savings while meeting environmental and regulatory 
requirements [73].

Control Systems: AI-based control systems represent a significant 
advancement in the field of thermal management by enabling real-time 
adjustments to cooling mechanisms [58]. These systems integrate ML 
models with sensor networks to continuously monitor temperature, 
power usage, and system performance [68]. Based on this data, control 
systems dynamically adjust cooling parameters to maintain optimal 
thermal conditions [60].

For example, control systems utilizing neural networks can learn 
complex relationships between system workloads and temperature 
variations, allowing them to make precise adjustments to cooling 
mechanisms in real time [51, 74]. Adaptive control strategies, such as 
model predictive control (MPC), use AI algorithms to predict future 
thermal states and optimize cooling actions accordingly [20]. This ap-
proach ensures that cooling resources are applied efficiently, preventing 
unnecessary energy usage while maintaining safe operating tempera-

tures [75]. In manycore chip architectures, AI-driven Dynamic Power 
Management (DPM) has reduced energy consumption by 30  % and 
peak chip temperature by 17 °C, dynamically adjusting system para
meters in real-time [23].

One key advantage of AI-based control systems is their ability to 
handle complex, multi-variable scenarios [46]. For instance, in multi-
core processors, where different cores generate varying levels of heat, 
AI systems can selectively target cooling efforts to address specific 
hotspots [76]. Similarly, in data centers, control systems can redistribute 
workloads across servers to minimize localized overheating and reduce 
cooling demands [22].

AI-based control systems are also highly scalable, making them 
suitable for a wide range of applications, from compact consumer 
devices to large-scale industrial systems  [61]. By dynamically adapt-
ing to changing conditions, these systems ensure consistent thermal 
performance, enhance device reliability, and improve overall energy 
efficiency [77].

3.1.3. ML approaches
Supervised Learning: supervised learning algorithms have become 

essential tools in modeling and predicting thermal patterns in electronic 
devices [78]. These algorithms are trained on labeled datasets, which 
typically include historical thermal data, workload characteristics, and 
corresponding temperature measurements  [28]. By learning the rela-
tionships between input features (e. g., power consumption, ambient 
temperature) and target outputs (e. g., thermal behavior), supervised 
models can predict future thermal states with high accuracy [51, 79].

Commonly used supervised learning techniques in thermal mana
gement include linear regression, decision trees, support vector ma-
chines (SVM), and neural networks [80]. For instance, regression mo
dels are often used to predict temperature as a function of power usage 
and workload intensity [81]. Meanwhile, more complex models, such 
as artificial neural networks (ANNs), can capture non-linear relation-
ships in thermal data, making them suitable for predicting temperature 
variations in dynamic environments, such as multi-core processors or 
data centers [51, 82].

A notable application of supervised learning is in real-time hotspot 
prediction, where models are trained to identify potential overheating 
scenarios based on workload distribution and system activity [83]. This 
allows for proactive adjustments, such as redistributing workloads or 
increasing cooling intensity, to prevent thermal issues [84]. By leverag-
ing supervised learning, thermal management systems can enhance  
the reliability and efficiency of electronic devices [85].

Unsupervised Learning: unsupervised learning techniques are used 
to analyze thermal data without requiring labeled datasets, making 
them particularly valuable for identifying patterns and anomalies in 
complex systems [83]. These algorithms, such as clustering and dimen-
sionality reduction methods, can uncover hidden structures in thermal 
data, which might not be evident through traditional analysis  [86].

Clustering algorithms, such as k-means and hierarchical clustering, 
are often employed to group similar thermal behaviors across compo-
nents or regions in a device [87]. For example, unsupervised learning 
can be used to detect clusters of cores in a processor that exhibit similar 
thermal characteristics, enabling targeted cooling strategies [51]. Simi-
larly, anomaly detection algorithms based on unsupervised learning 
can identify unexpected thermal behaviors, such as localized hotspots 
or unusual temperature spikes, which may indicate hardware faults or 
inefficient cooling [88].

Principal Component Analysis (PCA) and other dimensionality 
reduction techniques are also applied to simplify complex thermal 
datasets, enabling the extraction of key features that drive temperature 
variations. By identifying and focusing on these critical features, ther-
mal management systems can prioritize cooling efforts and optimize 
resource allocation [89].
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Unsupervised learning is particularly beneficial in scenarios where 
labeled data is scarce or unavailable, as it allows for the exploration 
and understanding of thermal behaviors in a data-driven manner [90].

Reinforcement Learning: reinforcement learning (RL) represents  
a cutting-edge approach to adaptive thermal management, where agents 
learn to make optimal decisions through interaction with the environ-
ment [91]. Unlike supervised or unsupervised learning, RL does not 
rely on predefined datasets but instead uses a trial-and-error process  
to discover the best policies for managing thermal conditions  [92].

In the context of thermal management, RL agents are designed to 
control cooling mechanisms, such as fans, TECs, or liquid cooling sys-
tems, to maintain safe operating temperatures while minimizing energy 
consumption [93]. By receiving feedback in the form of rewards (e. g., 
lower temperatures, reduced energy usage), RL agents refine their poli-
cies over time to achieve optimal performance [94].

Deep reinforcement learning (DRL), which combines neural net-
works with traditional RL techniques, has been particularly successful 
in managing complex thermal environments [95]. For instance, DRL 
agents can dynamically adjust cooling parameters in multi-core proces-
sors by analyzing real-time workload distributions and predicting future 
temperature trends. Additionally, RL has been used to optimize cooling 
in data centers, where agents learn to balance server workloads and 
cooling efforts to achieve maximum energy efficiency [96].

A reinforcement learning-based fan speed control system has re-
duced cooling power by up to 40  % while maintaining performance 
within 1  % degradation  [45]. These results collectively confirm that 
AI-based methods outperform static, rule-based approaches by dynami-
cally adapting thermal parameters based on real-time sensor data and 
workload conditions.

One of the key strengths of RL is its ability to adapt to changing 
conditions, such as varying workloads or ambient temperatures  [11]. 
This makes RL-based thermal management systems highly flexible and 
capable of handling the dynamic demands of modern electronic devices. 
By leveraging reinforcement learning, thermal management systems can 
achieve a high degree of automation, scalability, and efficiency, paving 
the way for more intelligent and sustainable cooling solutions [47].

3.1.4. Deep learning applications
Neural Networks: neural networks are powerful tools in deep learn-

ing that have shown significant potential in handling complex thermal 
modeling and prediction tasks  [97]. These networks excel at captur-
ing non-linear relationships within high-dimensional datasets, making 
them ideal for modeling the intricate dynamics of heat dissipation in 
electronic devices. By learning from historical and real-time data, neu-
ral networks can predict thermal behavior under varying conditions, 
enabling proactive and efficient thermal management [98].

In electronic systems, neural networks are employed to model the 
thermal properties of components such as microprocessors, GPUs, 
and power systems  [21]. Multi-layer perceptrons (MLPs) and other 
feedforward neural architectures are commonly used for tasks like pre-
dicting temperature changes based on power usage, workload intensity, 
and environmental factors [23]. These models provide highly accurate 
predictions, allowing system designers to anticipate thermal hotspots 
and develop preemptive cooling strategies [99].

Moreover, hybrid neural networks, which combine traditional ther-
mal physics principles with deep learning, are emerging as effective 
solutions for thermal modeling  [100]. These networks integrate do-
main knowledge into the training process, enhancing the accuracy and 
interpretability of the models. By leveraging neural networks, thermal 
management systems can achieve higher levels of precision and adapt-
ability, significantly improving device performance and reliability [12].

Convolutional Neural Networks (CNNs): Convolutional Neural Net-
works (CNNs) have gained prominence in spatial thermal analysis and 
hotspot detection due to their ability to process and analyze image-like 

data [101]. In the context of thermal management, temperature distri-
butions across surfaces or regions can be represented as thermal maps, 
which CNNs can efficiently analyze to identify patterns and anomalies.

For instance, CNNs are widely used to detect localized hotspots in 
multi-core processors, where certain cores may experience higher heat 
generation due to uneven workloads [102]. By analyzing thermal maps 
generated by infrared imaging or sensor arrays, CNNs can pinpoint 
these hotspots with high precision [103]. This information can then be 
used to guide dynamic cooling mechanisms, such as localized cooling 
or workload redistribution.

Beyond hotspot detection, CNNs are also applied in optimiz-
ing the spatial arrangement of components in electronic systems to 
minimize thermal interference [104]. By learning from existing thermal 
datasets, CNN-based models can provide recommendations for com-
ponent placement that improve overall cooling efficiency [105, 106].

Advanced architectures like 3D CNNs are being explored for volu-
metric thermal analysis, enabling a deeper understanding of heat flow 
within three-dimensional structures  [107]. These capabilities make 
CNNs a critical component in modern thermal management systems, 
particularly for highperformance applications like data centers and 
high-density chip designs [108].

Recurrent Neural Networks (RNNs): Recurrent Neural Networks 
(RNNs) are well-suited for temporal thermal behavior prediction and 
management due to their ability to process sequential data  [109]. In 
thermal management, RNNs are employed to analyze time-series data 
collected from sensors, capturing the evolution of temperature over 
time and predicting future thermal trends.

RNNs, particularly advanced variants like Long Short-Term Me
mory (LSTM) networks and Gated Recurrent Units (GRUs), are highly 
effective in modeling complex temporal dependencies in thermal sys-
tems [110]. For example, LSTMs can predict how temperature will evolve 
in response to varying workloads or environmental conditions, enabling 
thermal management systems to take preemptive actions. These predic-
tions are crucial in avoiding thermal runaway scenarios and ensuring 
consistent performance.

One notable application of RNNs is in managing thermal behavior 
in dynamic environments, such as data centers or automotive systems, 
where workloads and operating conditions can change rapidly [111].  
By continuously learning from new data, RNN-based models can adapt 
to these changes, ensuring reliable and efficient thermal control.

Moreover, RNNs are increasingly being integrated with reinforce-
ment learning frameworks to create adaptive thermal management 
systems [98]. In such setups, the RNN serves as the predictive model, 
providing input to the reinforcement learning agent for decision- 
making. This combination enhances the system’s ability to manage 
thermal conditions dynamically and in real-time [112].

3.1.5. AI-enhanced thermal management techniques
Thermoelectric Cooling (TEC): Thermoelectric Cooling (TEC) 

systems are increasingly being optimized with the assistance of AI 
techniques to enhance their cooling efficiency and operational adapt-
ability  [113]. TEC devices rely on the Peltier effect to transfer heat 
from one side of a thermoelectric module to another, making them 
compact and reliable solutions for thermal management in electronic 
devices. However, TEC systems often require precise control to maxi-
mize their efficiency, minimize power consumption, and adapt to dy-
namic thermal conditions [38].

AI models, particularly ML algorithms and optimization tech-
niques, play a crucial role in addressing these challenges. For instance, 
supervised learning models can predict the optimal power input for 
TEC modules based on current thermal loads, enabling adaptive cool-
ing strategies [114]. Reinforcement learning algorithms have also been 
applied to dynamically adjust TEC settings in real-time, ensuring ef-
ficient heat transfer while avoiding unnecessary energy usage  [115].
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In addition, hybrid AI models that integrate physics-based simula-
tions with ML are being used to optimize the placement and operation 
of TEC systems [116]. These models can simulate the thermal perfor-
mance of TECs under various scenarios, allowing designers to identify 
the most effective configurations. By leveraging AI-assisted optimiza-
tion, TEC systems can achieve significant improvements in cooling 
performance, energy efficiency, and adaptability, making them ideal 
for use in high-performance electronics and compact devices  [117].

Phase Change Materials (PCMs): Phase Change Materials (PCMs) 
are innovative solutions for thermal energy storage and dissipation, 
leveraging their ability to absorb and release latent heat during phase 
transitions [118]. PCMs are particularly effective in applications where 
passive thermal management is required, such as in portable electronics 
or systems with intermittent power availability. However, the effective 
deployment of PCMs requires precise optimization to maximize their 
thermal storage capacity and minimize inefficiencies [119].

AI techniques have been increasingly applied to optimize the selec-
tion, placement, and utilization of PCMs in thermal management sys-
tems [120]. For example, ML algorithms can analyze the thermal proper-
ties of different PCM formulations to identify the most suitable materials 
for specific applications. AI-driven optimization models are also used to 
design the spatial distribution of PCMs in electronic systems, ensuring 
uniform heat dissipation and preventing localized overheating  [121].

Additionally, AI-based simulations can predict the long-term 
performance of PCMs under varying operating conditions, helping 
designers understand how these materials will behave over time  [8]. 
This is particularly valuable in applications such as renewable energy 
systems and electric vehicles, where consistent thermal performance is 
critical. By incorporating AI into PCM optimization, thermal manage-
ment systems can achieve greater efficiency and reliability, reducing 
the risk of overheating and enhancing overall device performance [18].

Liquid Cooling Systems: liquid cooling systems offer a highly effi-
cient method for managing heat in electronic devices by using a liquid 
medium, such as water or coolant, to absorb and dissipate heat  [24]. 
These systems are commonly used in high-performance applications, 
such as data centers, gaming computers, and industrial machinery, 
where traditional air-cooling methods are insufficient. However, the 
complexity of liquid cooling systems requires advanced control and 
optimization to ensure optimal performance [13].

AI has emerged as a powerful tool for enhancing liquid cooling 
methodologies, enabling dynamic control and intelligent decision-
making  [25]. For example, AI algorithms can monitor real-time data 
from temperature sensors, flow rate monitors, and pump systems to 
adjust the cooling system’s operation dynamically [122]. Reinforcement 
learning models are particularly effective in managing liquid cooling 
systems, as they can learn optimal flow rates, pump speeds, and coolant 
temperatures through trial-and-error interactions with the system [123].

Moreover, AI-based predictive analytics can forecast thermal be-
havior in liquid-cooled systems, allowing for preemptive adjustments 
to prevent overheating or coolant inefficiencies  [124]. Deep learning 
models, such as convolutional neural networks (CNNs), have also been 
applied to analyze thermal images of liquid-cooled systems, identifying 
potential issues such as blockages or uneven heat distribution  [125].

In addition to improving system efficiency, AI-driven liquid cooling 
systems contribute to energy savings by reducing the power consump-
tion of pumps and other components [126]. This is especially critical 
in data centers, where cooling systems account for a significant portion 
of operational energy use. By integrating AI into liquid cooling me
thodologies, thermal management systems can achieve higher levels  
of efficiency, reliability, and sustainability [127].

3.1.6. Case studies and applications
Semiconductor Devices: semiconductors are main component of 

modern electronics, powering everything from microprocessors to 

memory modules  [128]. The demand for increased computational 
power and miniaturization has intensified thermal challenges in these 
components. AI and ML have been successfully applied to address 
these challenges, as demonstrated by several case studies.

One notable example is the application of ML in thermal hotspot 
prediction for multi-core processors  [99, 129]. Researchers have deve
loped predictive models using supervised learning techniques, such as 
regression and neural networks, to forecast temperature variations across 
different cores under dynamic workloads. These models have been in-
tegrated with workload scheduling systems to redistribute tasks in real-
time, reducing thermal hotspots and enhancing processor efficiency.

Another case study involves reinforcement learning-based cooling 
control for semiconductor fabrication processes  [130]. The extreme 
precision required in lithography and etching stages necessitates tight 
thermal regulation to maintain device quality  [131]. AI agents have 
been employed to dynamically adjust cooling systems, ensuring con-
sistent temperatures throughout the production process [54].

Physics-informed AI models have also been applied in semicon-
ductor packaging design to optimize heat dissipation  [114, 132]. By 
simulating thermal behavior with AI, engineers can identify optimal 
material combinations and configurations, reducing development time 
and costs while ensuring reliable thermal performance [133].

Data Centers: data centers are among the most energy intensive 
facilities, with cooling systems accounting for a significant portion of 
their operational costs [134]. AI and ML have proven instrumental in 
optimizing thermal management in large-scale data centers, offering 
solutions that improve energy efficiency and reduce environmental 
impact [135].

One prominent example is the use of reinforcement learning by 
Google to optimize cooling in its data centers [136]. AI agents analyze 
real-time data from thousands of sensors to predict temperature trends 
and adjust cooling parameters dynamically [26, 126]. This approach has 
resulted in a 40 % reduction in energy consumption for cooling systems, 
highlighting the potential of AI-driven optimization [137].

AI-driven workload scheduling is another application in data cen-
ters [138]. ML models are used to predict thermal loads based on server 
usage patterns and redistribute workloads to minimize localized over-
heating [139]. By balancing computational tasks across servers, these 
systems reduce the need for intensive cooling in specific areas, improv-
ing overall efficiency [140].

Predictive maintenance powered by AI has also become a standard 
practice in data centers. ML algorithms analyze sensor data to identify 
signs of cooling system wear or failure, enabling preemptive repairs 
and minimizing downtime  [141]. This proactive approach not only 
enhances system reliability but also reduces operational costs.

Consumer Electronics: consumer electronics, such as smartphones, 
laptops, and gaming devices, face unique thermal challenges due to 
their compact designs and high-performance requirements. AI and ML 
have been widely adopted in this domain to improve thermal manage-
ment and user experience [7].

In smartphones, AI-based thermal management systems monitor 
real-time sensor data to dynamically adjust processor clock speeds and 
optimize power usage [16]. For instance, AI algorithms predict tempera-
ture increases during resource intensive tasks, such as gaming or video 
recording, and preemptively reduce performance in non-critical areas 
to maintain device temperature within safe limits [142]. This ensures 
user comfort while preventing thermal throttling.

Laptops and gaming devices have also benefited from AI driven 
fan control systems. ML models analyze temperature data, workload 
intensity, and user preferences to determine optimal fan speeds  [14]. 
These systems reduce noise and energy consumption while maintain-
ing effective cooling.

Another application of AI in consumer electronics is the optimi-
zation of battery thermal management  [17]. ML algorithms predict 
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battery temperature changes during charging and discharging cycles, 
enabling the device to adjust charging rates or activate cooling mecha-
nisms to prevent overheating [27, 98]. This not only enhances battery 
life but also improves safety. 

AI and ML have further been integrated into wearable devices, 
such as smartwatches and fitness trackers, where maintaining comfort-
able skin temperatures is crucial  [63]. By analyzing thermal data and 
user activity, AI models dynamically regulate heat dissipation to ensure 
comfort and reliability [15].

3.1.7. Challenges and limitations
Data Availability: one of the primary challenges in leveraging AI 

for thermal management is the availability and quality of data required 
to train robust models  [143]. AI and ML models rely heavily on large 
volumes of high-quality data to achieve accurate predictions and reli-
able performance [144]. However, obtaining such data in the context of 
thermal management is often challenging due to several reasons. Limited 
sensor coverage in many electronic devices results in sparse datasets that 
fail to capture the full scope of thermal behavior under varying condi-
tions [143]. Additionally, the non-standardized nature of thermal data, 
including variations in resolution, format, and measurement techniques 
across different systems, complicates the consolidation and usability of 
datasets [145]. Collecting detailed thermal data often requires sophisti-
cated equipment, such as thermal imaging cameras or advanced sensor 
arrays, which can be prohibitively expensive. Furthermore, the lack of 
extensive public datasets in this domain restricts the ability of resear
chers and developers to build and validate AI models effectively [146].  
Table 5 highlights the challenges and limitations encountered in ML and 
DL approaches for thermal management. Addressing these challenges 
requires efforts to standardize thermal data collection practices and pro-
mote data sharing within the research community.

Model Interpretability: the interpretability of AI models is a signifi-
cant limitation, particularly in applications where decisions need to be 
explainable and auditable [147]. Many advanced AI techniques used in 
thermal management, such as deep learning models, operate as "black 
boxes", making it difficult to understand the logic behind specific pre-
dictions or decisions [148]. In thermal management systems, this lack 
of interpretability often leads to reduced trust among engineers and 
operators, who may hesitate to rely fully on AI-driven systems [149]. 
When AI models underperform or make incorrect predictions, the 
opaque nature of their decision-making processes makes it challenging 
to identify and address the root causes. Additionally, in critical applica-
tions such as automotive or industrial systems, explainable models are 
often required to meet safety and regulatory standards. Researchers 
are actively exploring interpretable AI techniques, such as attention 
mechanisms and explainable neural networks, to provide insights into 
how models arrive at their predictions. Hybrid approaches that com-
bine physics-based models with AI are also gaining traction, offering 
a balance between accuracy and interpretability [150].

Integration with Existing Systems: integrating AI-driven thermal ma
nagement solutions into existing systems presents a significant challenge 
due to the complexity and diversity of legacy infrastructures [151]. Many 
thermal management systems are built on static frameworks that were 
not designed to accommodate the dynamic and predictive capabilities  
of AI [54]. Hardware compatibility issues frequently arise, as AI solutions 
often require advanced sensors and computational hardware that may 
not be available in older systems. Software interoperability is another 
challenge, as integrating AI algorithms with existing control software can 
be difficult due to differences in architecture, protocols, and program-
ming languages. Real-time constraints further complicate integration, as 
thermal management applications often require rapid decision-making 
and response times that can strain the computational resources of exist-

ing systems  [30]. Overcoming these challenges 
involves upgrading hardware and software infra-
structures to support AI-driven solutions while 
ensuring seamless compatibility with legacy sys-
tems. Investments in edge computing and real-
time data processing are also essential to enable 
efficient integration of AI into current thermal 
management frameworks [152].

3.2. Quantitative analysis of data
3.2.1. Year-wise distribution of publications
The temporal analysis of the selected stu

dies highlights a growing interest in AI and ML 
applications for thermal management in recent 
years. As shown in Fig. 2, the number of publica-
tions has significantly increased since 2018, with 
a notable peak in 2024. This trend reflects the 
rapid advancements in AI technologies, such as 
deep learning and reinforcement learning, and 
their increasing application in addressing ther-
mal challenges in electronic devices.

The year 2024 marks the highest number of 
publications, with 46 studies, followed by 2023 
with 24 studies and 2022 with 22 studies. Re-
search output in 2021 reached 20 publications, 
while 2020 contributed 14 studies. Earlier years, 
such as 2019 and 2018, saw a relatively lower 
number of publications, with 11 and 10 studies 
respectively, while 2017 recorded only 4 studies.

This distribution demonstrates a consistent 
upward trajectory, with the recent spike in pub-
lications driven by increased computational ca-
pabilities, the growing need for energy-efficient 

Table 5

Summary of key findings and limitations in ML and deep learning for thermal management

References Key findings Limitations

[28, 51, 78]

Supervised learning models, including regression 

and neural networks, predict thermal states with 

high accuracy by leveraging labeled datasets, 

enabling real-time hotspot prediction and proac-

tive cooling adjustments

Dependence on labeled 

datasets can limit applicabi

lity in scenarios where labeled 

thermal data is unavailable

[83, 86]

Unsupervised learning methods, such as cluster-

ing and anomaly detection, identify thermal 

patterns and irregularities, facilitating targeted 

cooling strategies and fault detection in hardware

Unsupervised methods may 

lack precision compared to 

supervised models and require 

significant domain expertise 

for result interpretation

[91, 92, 96]

Reinforcement learning (RL) dynamically 

manages thermal conditions by learning optimal 

cooling strategies through trial-and error, excel-

ling in multi-core processors and data center 

cooling

RL training is resource-

intensive and time-consuming, 

making it less practical for im-

mediate deployment in rapidly 

changing environments

[21, 23, 97]

Neural networks capture non-linear relationships 

in thermal data, offering highly accurate predic-

tions for temperature trends and hotspot iden-

tification. Hybrid models incorporating thermal 

physics enhance accuracy and interpretability

High computational require-

ments and lack of explainabi

lity remain barriers to broader 

adoption in cost-sensitive and 

critical applications

[101, 103, 104]

Convolutional Neural Networks (CNNs) excel 

in analyzing spatial thermal data for hotspot 

detection and optimizing component placement 

to improve cooling efficiency. 3D CNNs are 

emerging for volumetric thermal analysis

Limited by high resource 

requirements, making CNNs 

impractical for low-power or 

embedded systems

[109–111]

Recurrent Neural Networks (RNNs), includ-

ing LSTMs and GRUs, are highly effective in 

analyzing time-series thermal data for predicting 

temperature evolution and avoiding thermal 

runaway scenarios

Susceptible to overfitting and 

computational in efficiency 

in large-scale or long-term 

thermal prediction tasks
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cooling solutions, and a heightened focus on sustainability. The surge 
in interest underscores the relevance and transformative potential of 
AI and ML in addressing modern thermal management challenges.

3.2.2. Topic-wise categorization
The selected studies were categorized into five primary topics 

based on their research focus. Predictive modeling accounted for 35 % 
of the studies, emphasizing the use of AI and ML techniques to forecast 
thermal behavior and optimize cooling mechanisms. The topic-wise 
distribution of selected studies is illustrated in Fig. 3, reflecting a focus 
on predictive and optimization methodologies.

Optimization techniques comprised 25 % of the studies, focusing on 
improving cooling efficiency and energy consumption. Control systems 
represented 20 %, highlighting the application of AI in real-time thermal 
management. Research on novel cooling technologies, such as phase 
change materials and liquid cooling, accounted for 15 %, while sustain-
ability and efficiency studies contributed 5 %. This distribution reflects 
a strong focus on predictive and optimization methods, with emerging 
interest in advanced cooling technologies and sustainable approaches.  
A detailed synthesis of key findings and challenges is provided in  
Table 6, offering a cross-domain perspective.

The percentages presented in subsection 3.2.2 are derived through 
a combination of empirical data analysis and literature synthesis. The 
percentage of obtained results is computed based on the proportion 

of studies in the systematic review that report 
specific performance improvements in AI-based 
thermal management.

For instance, the 81.81 % reduction in ener
gy consumption is calculated from multiple 
sources where AI-driven cooling strategies were 
benchmarked against traditional cooling me
thods, averaging their reported improvements. 
Similarly, the 3.45 % relative prediction error in 
LSTM models is obtained by aggregating the 
accuracy levels reported across selected studies 
in the dataset. 

The 40 % energy savings in AI-optimized 
data centers is derived from reinforcement 
learning experiments where AI dynamically 
adjusted cooling loads based on thermal pre-
dictions.

Each percentage reflects the mean improve-
ment observed in a subset of studies from the 
total analyzed dataset (n = 152). 

The PRISMA methodology ensures that only studies with experi-
mentally validated results were included in this calculation. A weighted 
average approach was used when multiple studies reported similar 
metrics, ensuring that the final percentages represent a robust synthesis 
rather than isolated findings.

For full transparency, a breakdown of the formula used for percent-
age computation is provided:

Percentage Improvement
AI-based improvement Baseline

Basel

=

=

−
iine

⋅



=

∑ 100
1i

n

N
,

where Baseline refers to conventional thermal management tech-
niques such as static cooling or predefined control policies, and AI-
based improvement represents the reported efficiency gains from 
AI-driven systems.

 
Fig. 2. Year-wise distribution of selected publications in the SLR

 

Fig. 3. Topic-wise distribution of selected studies

Topic-wise Distribution of Selected Studies
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3.2.3. Methodology-wise analysis
The selected studies were analyzed based on the methodologies 

employed, highlighting the diverse approaches used in AI and ML 
for thermal management. ML was the most prevalent methodology, 
contributing to 40  % of the studies, with techniques like regression, 
decision trees, and support vector machines commonly applied. Deep 
learning (DL) accounted for 30 %, emphasizing the use of convolutional 
neural networks (CNNs) and recurrent neural networks  (RNNs) for 
complex thermal analysis. Reinforcement learning (RL) constituted 20 %, 
showcasing its effectiveness in dynamic and adaptive thermal manage-
ment. Hybrid approaches, combining AI techniques with physics-based 
models, represented 10 %, reflecting their potential for achieving both 
accuracy and interpretability.

The distribution indicates a significant focus on ML and DL 
methodologies, with reinforcement learning and hybrid approaches 
emerging as promising areas for future research. Fig.  4 depicts the 

distribution of methodologies employed across the analyzed studies, 
emphasizing the predominance of ML and DL techniques.

3.2.4. Application domain analysis
The selected studies were categorized based on their application 

domains, highlighting the primary areas where AI and ML techniques 
are utilized in thermal management. Semiconductor devices accounted 
for 45 % of the studies, focusing on thermal challenges in microproces-
sors, GPUs, and memory modules. 

Fig. 5 illustrates the distribution of application domains, highlight-
ing the dominance of semiconductor devices and data centers. Data 
centers represented 35  %, emphasizing largescale cooling optimiza-
tion and energy efficiency. Consumer electronics contributed 15  %, 
addressing compact devices like smartphones and laptops. Other ap-
plications, including automotive and industrial systems, made up the 
remaining 5 %.

Table 6

Summary of key findings and challenges in AI applications for thermal management

References Key findings Challenges and limitations

[114, 128, 130]

AI and ML optimize semiconductor thermal management through 

predictive modeling, reinforcement learning-based cooling control, and 

physics-informed AI for packaging design. These approaches enhance 

precision and reduce development costs

Limited real-time integration capabilities in semi-conduc-

tor manufacturing processes due to hardware constraints 

and lack of standardization in cooling systems

[134, 136, 137]

In data centers, AI-driven reinforcement learning reduces cooling energy 

consumption by up to 40 %. Predictive maintenance and workload sche

duling minimize localized overheating and enhance operational reliability

High implementation costs and the need for extensive sen-

sor networks to collect real-time data. Scalability remains 

a challenge in older infrastructure

[16, 17]

In consumer electronics, AI dynamically adjusts clock speeds, optimizes 

fan control, and manages battery thermal performance. AI applications 

improve user comfort, device longevity, and safety in wearables and 

gaming devices

Compact designs of consumer electronics pose constraints 

on integrating advanced sensors and AI systems. High 

computational requirements may increase energy consump-

tion in smaller devices

[143–145]

Data availability is a critical limitation in AI-driven thermal management 

due to sparse datasets, non-standardized formats, and high costs of sen-

sor deployments

The lack of public datasets and difficulty in consolidating 

data from diverse sources restrict model development and 

validation

[147, 148, 150]

The interpretability of AI models remains a challenge, reducing trust in 

critical applications. Hybrid models combining physics-based approaches 

with AI offer potential solutions

Opaque decision-making processes make it challenging to 

debug AI systems and meet safety regulations in industrial 

and automotive applications

[54, 151, 152]

Integrating AI with existing systems requires addressing compatibility 

with legacy hardware and software. Edge computing and real-time 

processing capabilities are critical for overcoming these barriers

Legacy systems often lack the computational resources to 

support AI-driven solutions, necessitating costly infrastruc-

ture upgrades

Fig. 4. Methodology-wise distribution of selected studies
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3.2.5. Geographical distribution of research
The geographical distribution of the selected studies reveals 

that the majority of contributions originate from technologically 
advanced regions. Asia accounts for 40  % of the studies, driven by 
research-intensive countries like China, Japan, and South Korea. 
The geographical distribution of contributions is shown in Fig.  6, 
with a significant portion originating from Asia and North America. 
North America contributes 35 %, with significant contributions from 
the United States and Canada. Europe follows with 20 %, reflecting 
a strong focus on sustainability and advanced computing systems. 
Other regions, including Australia and South America, collectively 
account for 5 %.

3.3. Discussion
3.3.1. Practical significance
The findings of this study offer substantial practical value by ad-

vancing the application of artificial intelligence (AI) and machine learn-
ing  (ML) techniques in thermal management for electronic devices.  
These methods can be directly employed in industries requiring efficient 
thermal regulation, such as semiconductor manufacturing, data center 
operations, and consumer electronics design. For instance, predictive 
modeling frameworks identified in the study could optimize cooling 
strategies in real-time, reducing energy consumption in data centers by 
up to 40 %. Additionally, reinforcement learning algorithms can dynami-
cally adapt to changing workloads in multi-core processors, enhancing 

device longevity and user experience in portable elec-
tronics. Moreover, hybrid AI models integrating physics-
based principles can streamline the development of ad-
vanced cooling technologies like thermoelectric coolers  
and phase-change materials, bridging the gap between 
theoretical innovation and practical deployment.

3.3.2. Research limitations
While the study provides comprehensive insights, 

there are notable limitations. First, the reliance on high- 
quality datasets for training AI models poses a chal-
lenge, as such data is often scarce or costly to obtain. 
Additionally, the integration of AI-driven solutions 
with existing legacy systems remains complex, neces-
sitating significant infrastructure upgrades. Compu-
tational resource requirements, particularly for deep 
learning models, may limit the adoption of these ap-
proaches in low-power or cost-sensitive applications. 
Furthermore, real-world implementation may face 
barriers related to sensor deployment, standardiza-
tion of cooling technologies, and the interpretability of  
AI models, which could hinder broader acceptance in 
safety-critical applications.

3.3.3. Impact of martial law conditions
The conditions of martial law in Ukraine have in-

fluenced the execution and outcomes of this research  
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in several ways. Restricted access to laboratory facilities and advanced 
computational resources due to infrastructural disruptions posed sig-
nificant challenges. Additionally, the shift to remote and hybrid educa-
tional formats during wartime impacted collaborative efforts and the 
availability of hands-on experimentation. Legislative changes and fund-
ing reallocation further constrained opportunities for experimental 
validation of theoretical findings. Despite these challenges, the research 
underscores the resilience of the academic and scientific community in 
Ukraine, highlighting the adaptability and ingenuity required to advance 
under such circumstances.

3.3.4. Future research perspectives
Building on the current findings, several avenues for future research 

are identified. Emphasis should be placed on developing standardized and 
publicly accessible datasets to enhance model robustness and generaliz-
ability. Exploring lightweight and energy-efficient AI models will enable 
their integration into portable and resource-constrained systems. Fur-
ther studies could also focus on the co-design of AI algorithms and novel 
cooling technologies, fostering interdisciplinary collaboration with mate-
rial science and fluid dynamics. Finally, the development of explainable 
AI models will address trust and transparency concerns, enabling wider 
adoption in critical sectors such as automotive and aerospace thermal 
management. By addressing these directions, future research can continue 
to innovate in sustainable and adaptive thermal solutions, aligning with 
global efforts toward energy efficiency and environmental stewardship.

4. Conclusions

The future of AI-driven thermal management lies in the develop-
ment of more sophisticated and adaptable methodologies that address 
current limitations while unlocking new opportunities for innovation. 
The study employs a structured methodology based on the PRISMA 
framework for literature selection and analysis, along with experimental 
validation techniques for AI models. The methods utilized, including 
predictive modelling (LSTM), optimization algorithms, and reinforce-
ment learning, demonstrate their effectiveness in optimizing cooling 
efficiency. Emerging AI techniques such as federated learning and transfer 
learning are poised to overcome data scarcity by enabling models to learn  
collaboratively across distributed systems without requiring centrali
zed data collection. These techniques, combined with advances in ex-
plainable AI (XAI), offer the potential to bridge the gap between model 
interpretability and high predictive accuracy, fostering trust in AI-based 
thermal management solutions for safety-critical applications. Further-
more, edge AI is expected to play a transformative role in enabling real-
time thermal control for portable and embedded systems with limited 
computational resources. Reinforcement learning, already demonstrating 
promise, is likely to evolve into more adaptive systems capable of opti-
mizing complex, multi-variable thermal environments autonomously.

Interdisciplinary approaches are essential for driving the next wave 
of innovations in thermal management. AI’s integration with materials 
science can accelerate the discovery of novel cooling materials, such as 
advanced phase-change materials or thermally conductive composites, 
by simulating and predicting their performance under diverse condi-
tions. Collaborations with fluid dynamics experts can enhance the 
design of liquid cooling systems by optimizing coolant flow and heat 
exchanger configurations. These hybrid approaches, combining AI 
with principles of heat transfer, mechanical engineering, and materials 
science, can result in solutions that are not only highly efficient but 
also scalable across diverse applications, from consumer electronics to 
industrial machinery. Such cross-disciplinary efforts will expand the 
boundaries of thermal management, fostering advancements that meet 
both technical and sustainability requirements.

AI’s role in achieving sustainability in thermal management cannot 
be overstated. By enabling predictive cooling strategies and optimizing 

energy consumption, AI contributes to reducing the operational carbon 
footprint of data centers, industrial systems, and high-performance elec-
tronics. AI algorithms also facilitate the integration of renewable energy 
sources into cooling systems, aligning with global efforts to achieve 
energy efficiency and reduce greenhouse gas emissions. Furthermore, 
AI-driven design optimizations enhance device longevity, reduce ma-
terial waste, and promote circular economy principles, addressing the 
broader sustainability goals of modern technology development.

In conclusion, AI and ML have demonstrated significant potential 
to revolutionize thermal management in electronic devices by enabling 
predictive, dynamic, and energy-efficient solutions. This review high-
lights the advancements, challenges, and future directions for AI-driven 
thermal management, emphasizing the need for continued innovation 
and interdisciplinary collaboration. Future work should focus on ad-
dressing challenges such as data availability, model interpretability, and 
integration with legacy systems while exploring the untapped potential 
of emerging AI methodologies and their applications in novel cooling 
technologies. By prioritizing sustainability and fostering interdiscipli
nary efforts, researchers and industry stakeholders can unlock the full 
potential of AI to create thermal management solutions that are not only 
efficient but also environmentally responsible.
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