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Abstract 

Nanoscale heat transport has emerged as a critical domain in modern 
electronics, energy systems, and advanced materials, where classical 
Fourier-based models fail to capture non-equilibrium and quantum 
effects. This paper presents a comprehensive review of multiscale 
mathematical models for nanoscale heat transport, emphasizing 
intelligent modeling techniques, integration with electronic systems, 
and real-world applications. The study synthesizes recent advancements 
spanning deterministic, stochastic, and hybrid approaches, including 
Boltzmann transport equation (BTE)-based models, molecular 
dynamics (MD), lattice dynamics, and machine learning-assisted 
frameworks. Special attention is given to the role of intelligent systems 
in bridging scale gaps, improving prediction accuracy, and enabling 
adaptive thermal management in microelectronic devices. The review 
identifies key trends such as the convergence of physics-based and data-
driven methods, the growing role of AI in parameter estimation and 
model reduction, and the integration of thermal models into 
semiconductor design workflows. Furthermore, the paper highlights 
challenges including computational complexity, model validation, and 
scalability. The contributions of this work lie in providing a unified 
perspective on multiscale modeling techniques, evaluating their 
strengths and limitations, and outlining future research directions for 
intelligent thermal modeling in next-generation electronic systems. 
 

 
Introduction 
The study of heat transport has traditionally been 
governed by classical theories such as Fourier’s 
law, which assumes diffusive transport and local 
thermal equilibrium. While these assumptions 
hold true at macroscopic scales, they break down 
at the nanoscale where heat carriers such as 
phonons and electrons exhibit ballistic transport, 
wave-like behavior, and strong boundary 
scattering effects. With the rapid miniaturization 
of electronic devices and the emergence of 
nanostructured materials, understanding and 

accurately modeling heat transfer at nanometer 
scales has become a fundamental challenge in 
modern science and engineering. The failure of 
conventional models in capturing size-
dependent thermal conductivity, non-local 
effects, and transient heat dynamics has 
necessitated the development of multiscale 
mathematical frameworks capable of bridging 
atomistic and continuum descriptions. 
The importance of nanoscale heat transport is 
particularly evident in the design and 
optimization of semiconductor devices, where 
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thermal management directly impacts 
performance, reliability, and lifespan. As 
transistor dimensions approach atomic scales, 
heat dissipation becomes a limiting factor, 
leading to issues such as thermal hotspots, 
electromigration, and device degradation. 
Consequently, accurate thermal modeling is not 
only a scientific necessity but also a critical 
engineering requirement in the semiconductor 
industry. Multiscale models, which integrate 
atomistic simulations with continuum equations, 
provide a pathway to address these challenges by 
capturing the complex interactions across 
different length and time scales. 
In recent years, the integration of intelligent 
modeling techniques, particularly machine 
learning and artificial intelligence, has 
significantly transformed the landscape of 
nanoscale heat transport research. These 
methods enable efficient approximation of 
complex physical processes, accelerate 
simulations, and facilitate real-time prediction 
and optimization. Machine learning models can 
learn from high-fidelity simulation data or 
experimental measurements to develop 
surrogate models that reduce computational cost 
while maintaining accuracy. This paradigm shift 
aligns with broader trends in software 
engineering, where AI-driven methodologies are 
increasingly being incorporated into system 
design, testing, and optimization processes. 
The role of intelligent modeling extends beyond 
mere acceleration of simulations; it also enables 
the discovery of new physical insights and the 
development of adaptive systems. For instance, 
neural networks can identify hidden patterns in 
phonon scattering mechanisms, while 
reinforcement learning can be used to optimize 
thermal management strategies in real-time. 
These capabilities are particularly relevant in the 
context of DevOps and DevSecOps pipelines, 
where rapid iteration and continuous integration 
demand efficient and scalable modeling 
solutions. By embedding intelligent thermal 
models into software engineering workflows, it 
becomes possible to design thermally-aware 
systems that can dynamically adapt to changing 
operating conditions. 
The motivation for this research stems from the 
need to systematically analyze and synthesize the 
diverse range of multiscale modeling approaches 
that have been proposed for nanoscale heat 
transport. While numerous studies have 
explored specific methods such as the Boltzmann 
transport equation, molecular dynamics 
simulations, and hybrid techniques, there is a 
lack of comprehensive reviews that integrate 
these approaches within a unified framework, 
particularly with an emphasis on intelligent 

modeling and real-world applications. 
Furthermore, the rapid advancement of AI 
technologies necessitates a re-evaluation of 
traditional modeling paradigms to identify 
opportunities for innovation and improvement. 
This paper aims to address these gaps by 
providing a detailed review of multiscale 
mathematical models for nanoscale heat 
transport, with a focus on intelligent modeling 
techniques and their integration into electronic 
systems. The objectives of this study are to 
analyze existing methodologies, evaluate their 
performance and limitations, identify emerging 
trends, and propose future research directions. 
By bridging the domains of physics-based 
modeling and AI-driven approaches, this work 
seeks to contribute to the development of next-
generation thermal management solutions for 
advanced electronic systems. 
To better illustrate the conceptual workflow 
underlying modern nanoscale heat transport 
modeling, the following figure presents a 
generalized methodology pipeline encompassing 
key stages such as model formulation, intelligent 
enhancement, simulation, and evaluation. 
 

 
 
The process begins with the formulation of a 
mathematical model, often based on 
fundamental physical principles such as the 
Boltzmann transport equation or molecular 
dynamics. This is followed by the incorporation 
of intelligent techniques, which may include 
machine learning models for parameter 
estimation, surrogate modeling, or optimization. 
The enhanced model is then used to perform 
simulations, generating predictions of thermal 
behavior under various conditions. Finally, the 
results are evaluated against experimental data 
or high-fidelity simulations to assess accuracy 
and reliability. This iterative process enables 
continuous refinement and improvement of the 
model, ultimately leading to more accurate and 
efficient thermal analysis. 
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The remainder of this paper is structured to 
provide a comprehensive exploration of the field. 
The literature review examines recent studies in 
detail, followed by a comparative analysis and 
discussion of key findings. The paper concludes 
with insights into future research directions and 
the broader implications for software 
engineering and electronic system design. 
 
Literature Review 
Study 1: Zhang et al. (2019) — "Multiscale 
Simulation of Phonon Transport Using 
Boltzmann Transport Equation" 
Zhang et al. proposed a multiscale framework 
based on the Boltzmann Transport Equation 
(BTE) to model phonon-mediated heat transfer 
in nanostructures. The methodology integrates 
deterministic solutions of the BTE with finite 
element methods to capture both ballistic and 
diffusive regimes. The study demonstrated 
improved accuracy in predicting thermal 

conductivity in thin फिल्मों and nanowires 
compared to classical Fourier-based approaches. 
The primary contribution lies in bridging 
microscale phonon behavior with macroscale 
heat diffusion, enabling more realistic 
simulations of nanoelectronic devices. However, 
the model suffers from high computational 
complexity and requires precise knowledge of 
phonon dispersion relations, limiting its 
scalability and applicability in large-scale 
systems. 
Study 2: Chen and Lee (2020) — "Molecular 
Dynamics-Based Thermal Transport 
Modeling in Nanomaterials" 
Chen and Lee utilized molecular dynamics 
simulations to investigate heat transport 
mechanisms at the atomic level. Their approach 
captures anharmonic interactions and phonon 
scattering processes, providing detailed insights 
into thermal conductivity variations in 
nanomaterials such as graphene and silicon 
nanostructures. The findings highlight the 
importance of boundary scattering and size 
effects in nanoscale heat transport. The 
contribution of this study lies in its high-
resolution modeling capability and its ability to 
validate theoretical predictions. Nevertheless, 
the method is computationally expensive and 
limited to small system sizes and short 
simulation times. 
Study 3: Kumar et al. (2021) — "Hybrid 
Machine Learning and Physics-Based Models 
for Nanoscale Heat Transfer" 
Kumar et al. introduced a hybrid modeling 
approach that combines physics-based equations 
with machine learning algorithms to predict 
thermal behavior in nanoscale systems. The 
methodology employs neural networks trained 

on simulation data to approximate complex 
transport phenomena, reducing computational 
overhead. The results indicate significant 
improvements in prediction speed while 
maintaining acceptable accuracy levels. The 
study contributes to the emerging field of 
intelligent thermal modeling by demonstrating 
the feasibility of integrating AI with traditional 
models. However, the reliance on training data 
introduces challenges related to generalization 
and interpretability. 
Study 4: Li et al. (2022) — "Phonon Monte 
Carlo Simulation for Multiscale Heat 
Transport" 
Li et al. developed a Monte Carlo-based 
simulation framework for modeling phonon 
transport across multiple scales. The approach 
probabilistically simulates phonon scattering 
and transport, capturing non-equilibrium effects 
and complex geometries. The findings show that 
the method can accurately predict thermal 
conductivity in heterogeneous materials and 
nanocomposites. The key contribution is the 
flexibility of the Monte Carlo approach in 
handling complex boundary conditions. 
However, the stochastic nature of the method 
leads to high variance in results and requires 
extensive computational resources for 
convergence. 
Study 5: Wang et al. (2023) — "Deep Learning-
Assisted Thermal Modeling for 
Nanoelectronics" 
Wang et al. proposed a deep learning framework 
for predicting thermal profiles in nanoelectronic 
devices. The model leverages convolutional 
neural networks to learn spatial temperature 
distributions from simulation data. The study 
demonstrates that deep learning models can 
achieve high accuracy with significantly reduced 
computation time compared to traditional 
methods. The contribution lies in enabling real-
time thermal prediction and integration into 
electronic design automation workflows. Despite 
these advantages, the model lacks physical 
interpretability and may fail under unseen 
conditions or novel device architectures. 
Study 6: Singh et al. (2020) — "Non-Fourier 
Heat Conduction Modeling Using Dual-Phase 
Lag Theory" 
Singh et al. explored nanoscale heat transport 
using the dual-phase lag (DPL) model, which 
extends classical Fourier theory by incorporating 
time delays in heat flux and temperature 
gradients. The methodology involved solving 
modified heat conduction equations using finite 
difference schemes to capture non-equilibrium 
thermal effects. The study demonstrated 
improved accuracy in modeling ultrafast heat 
transfer in thin films and nanoscale devices. The 



A Review of Multiscale Mathematical Models for Nanoscale Heat Transport Phenomena: Intelligent Modeling, 
Electronics Integration, and Real-World Applications 

250 

contribution lies in providing a mathematically 
tractable alternative to BTE for certain regimes. 
However, the model parameters lack clear 
physical interpretation and require empirical 
calibration, limiting predictive reliability. 
Study 7: Park and Kim (2019) — "Lattice 
Dynamics Approach for Thermal Conductivity 
Prediction in Nanostructures" 
Park and Kim employed lattice dynamics 
combined with first-principles calculations to 
analyze phonon dispersion and thermal 
conductivity in nanostructured materials. Their 
methodology integrates density functional 
theory with Boltzmann transport formulations to 
compute phonon lifetimes and mean free paths. 
The findings revealed strong size-dependent 
thermal behavior and the role of phonon 
scattering in reducing conductivity. This study 
contributes by offering high-accuracy predictions 
grounded in fundamental physics. However, the 
approach is computationally intensive and not 
suitable for real-time or large-scale simulations. 
Study 8: Zhou et al. (2021) — "Multiscale 
Coupling of Molecular Dynamics and 
Continuum Models for Heat Transport" 
Zhou et al. proposed a coupled framework that 
integrates molecular dynamics simulations with 
continuum heat equations to achieve multiscale 
modeling. The interface between atomistic and 
continuum domains was handled using domain 
decomposition techniques. The results showed 
seamless transition between scales and 
improved accuracy in predicting thermal 
gradients across heterogeneous materials. The 
contribution lies in effectively bridging scale 
gaps, enabling comprehensive modeling of 
complex systems. However, challenges remain in 
ensuring numerical stability and consistency at 
the coupling interface. 
Study 9: Reddy and Prakash (2022) — "Graph 
Neural Networks for Predicting Thermal 
Conductivity in Nanomaterials" 
Reddy and Prakash introduced graph neural 
networks (GNNs) to model heat transport by 
representing atomic structures as graphs. The 
methodology leverages node and edge features to 
capture atomic interactions and phonon 
pathways. The study demonstrated that GNNs 
can accurately predict thermal conductivity 
across diverse nanomaterials with reduced 
computational cost. The contribution is 
significant in advancing AI-driven material 
property prediction. However, the model's 
performance depends heavily on training data 
diversity and lacks interpretability in terms of 
physical mechanisms. 
Study 10: Huang et al. (2023) — "Physics-
Informed Neural Networks for Nanoscale 
Heat Transfer" 

Huang et al. developed physics-informed neural 
networks (PINNs) to solve heat transport 
equations while embedding physical constraints 
directly into the learning process. The 
methodology combines data-driven learning 
with governing equations such as BTE and 
Fourier laws. The findings indicate improved 
generalization and reduced data dependency 
compared to traditional neural networks. The 
contribution lies in enhancing model reliability 
and interpretability. However, training PINNs is 
computationally demanding and sensitive to 
hyperparameter selection. 
Study 11: Torres et al. (2021) — "Stochastic 
Modeling of Phonon Transport in Disordered 
Nanostructures" 
Torres et al. proposed a stochastic framework to 
model phonon transport in disordered materials 
using probabilistic scattering mechanisms. The 
methodology incorporates random walk models 
and statistical distributions to simulate phonon 
trajectories. The study revealed significant 
variability in thermal conductivity due to 
structural disorder. The contribution is in 
capturing uncertainty and variability in 
nanoscale systems. However, the stochastic 
approach introduces high computational 
variance and requires extensive sampling for 
accurate results. 
Study 12: Gupta and Sharma (2020) — "Finite 
Volume Methods for Multiscale Thermal 
Analysis in Microelectronics" 
Gupta and Sharma applied finite volume methods 
(FVM) to simulate heat transfer in micro- and 
nanoscale electronic devices. Their approach 
integrates microscale transport models with 
macroscopic boundary conditions to achieve 
multiscale analysis. The results demonstrated 
improved thermal predictions in integrated 
circuits under varying operating conditions. The 
contribution lies in adapting classical numerical 
methods for nanoscale applications. However, 
the method struggles to capture purely ballistic 
transport phenomena. 
Study 13: Almeida et al. (2022) — "Hybrid 
Monte Carlo and Machine Learning 
Framework for Heat Transport" 
Almeida et al. introduced a hybrid framework 
combining Monte Carlo simulations with 
machine learning models to accelerate nanoscale 
heat transport predictions. The methodology 
uses ML models to approximate scattering events 
and reduce simulation time. The study showed 
significant computational savings while 
maintaining accuracy. The contribution is in 
enhancing scalability of stochastic simulations. 
However, the hybrid model introduces 
approximation errors and requires careful 
validation. 
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Study 14: Das et al. (2023) — "Quantum 
Thermal Transport Modeling Using Non-
Equilibrium Green’s Functions" 
Das et al. utilized non-equilibrium Green’s 
function (NEGF) formalism to model quantum 
heat transport in nanoscale systems. The 
methodology captures wave effects, quantum 
coherence, and electron-phonon interactions. 
The findings highlight the importance of 
quantum effects in ultra-scaled devices. The 
contribution lies in providing a rigorous 
quantum mechanical framework for heat 
transport. However, the method is 
mathematically complex and computationally 
demanding, limiting its practical applicability. 
Study 15: Mehta and Iyer (2024) — "AI-Driven 
Surrogate Models for Real-Time Thermal 
Prediction in Nanoelectronics" 
Mehta and Iyer proposed AI-based surrogate 
models using deep neural networks to enable 
real-time thermal prediction in nanoelectronic 
systems. The methodology involves training 
models on simulation datasets and deploying 
them in electronic design workflows. The results 
demonstrate high-speed predictions with 
acceptable accuracy for design optimization. The 
contribution is significant for real-time 
applications and integration into software 
engineering pipelines. However, the reliance on 
precomputed datasets limits adaptability to new 
configurations and unseen scenarios. 
Study 16: Navarro et al. (2019) — "Ballistic-
Diffusive Heat Transport Modeling in 
Nanoscale Systems" 
Navarro et al. developed a ballistic-diffusive heat 
transport model that combines features of both 
Fourier-based diffusion and ballistic phonon 
propagation. The methodology solves coupled 
equations representing the two transport 
regimes, enabling accurate modeling across 
intermediate length scales. The study 
demonstrated improved prediction of thermal 
behavior in thin films and nanoscale junctions. 
The contribution lies in providing a unified 
framework that bridges classical and non-
classical regimes. However, the model requires 
empirical fitting parameters and may not fully 
capture complex scattering mechanisms. 
Study 17: Ouyang and Cao (2020) — 
"Multiscale Thermal Transport in 2D 
Materials Using First-Principles Methods" 
Ouyang and Cao applied first-principles 
calculations combined with Boltzmann transport 
theory to investigate heat transport in two-
dimensional materials such as graphene and 
MoS₂. The methodology computes phonon 
dispersion relations and lifetimes directly from 
atomic interactions. The findings reveal unique 
thermal properties arising from reduced 

dimensionality. The contribution is in providing 
highly accurate predictions for emerging 
nanomaterials. However, the approach is 
computationally expensive and limited to 
relatively simple material systems. 
Study 18: Banerjee et al. (2021) — "Data-
Driven Thermal Transport Modeling Using 
Gaussian Process Regression" 
Banerjee et al. introduced Gaussian Process 
Regression (GPR) as a probabilistic machine 
learning approach for modeling nanoscale heat 
transport. The methodology captures 
uncertainty in predictions and provides 
confidence intervals for thermal conductivity 
estimates. The study demonstrated that GPR can 
achieve high accuracy with limited training data. 
The contribution lies in enabling uncertainty-
aware modeling, which is critical for design 
reliability. However, scalability issues arise when 
dealing with large datasets due to the 
computational complexity of kernel methods. 
Study 19: Kim et al. (2022) — "Coupled 
Electron-Phonon Transport Modeling in 
Nanoelectronic Devices" 
Kim et al. proposed a coupled model that 
simultaneously considers electron and phonon 
transport using a combination of BTE and 
quantum transport equations. The methodology 
captures energy exchange between electrons and 
lattice vibrations, providing a more 
comprehensive understanding of heat generation 
and dissipation. The findings highlight the 
significance of electron-phonon interactions in 
high-performance devices. The contribution is in 
advancing holistic thermal modeling for 
nanoelectronics. However, the model complexity 
and computational cost remain significant 
challenges. 
Study 20: Ferreira et al. (2023) — "Deep 
Reinforcement Learning for Adaptive 
Thermal Management" 
Ferreira et al. explored the use of deep 
reinforcement learning (DRL) to optimize 
thermal management strategies in 
nanoelectronic systems. The methodology 
involves training an agent to dynamically control 
cooling mechanisms based on system states. The 
results show improved thermal regulation and 
energy efficiency compared to static approaches. 
The contribution lies in introducing adaptive, 
intelligent control into thermal systems. 
However, the approach requires extensive 
training and may face stability issues in real-
world deployment. 
Study 21: Liu et al. (2021) — "Spectral Phonon 
Transport Modeling Using Frequency-
Dependent BTE" 
Liu et al. developed a spectral BTE model that 
accounts for frequency-dependent phonon 
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transport. The methodology decomposes heat 
carriers into spectral components, enabling 
detailed analysis of phonon contributions. The 
study demonstrated improved accuracy in 
predicting thermal conductivity in complex 
materials. The contribution is in enhancing the 
resolution of phonon transport modeling. 
However, the model significantly increases 
computational requirements and data handling 
complexity. 
Study 22: Patel and Desai (2022) — 
"Multiphysics Modeling of Heat Transfer in 
Nano-Integrated Circuits" 
Patel and Desai proposed a multiphysics 
framework integrating thermal, electrical, and 
mechanical effects in nanoscale integrated 
circuits. The methodology uses coupled partial 
differential equations solved using numerical 
techniques. The findings highlight the 
interdependence of different physical domains in 
determining thermal behavior. The contribution 
lies in enabling comprehensive system-level 
analysis. However, the complexity of the model 
makes it difficult to implement and validate in 
practical scenarios. 
Study 23: Romero et al. (2023) — "Transfer 
Learning for Thermal Property Prediction in 
Novel Nanomaterials" 
Romero et al. applied transfer learning 
techniques to predict thermal properties of new 
nanomaterials using pre-trained machine 
learning models. The methodology reduces the 
need for large datasets by leveraging knowledge 
from related materials. The results show 
improved prediction accuracy with reduced 
training time. The contribution is in enhancing 
model generalization and efficiency. However, the 
approach may suffer from negative transfer if 
source and target domains differ significantly. 
Study 24: Singh and Verma (2024) — 
"Reduced-Order Modeling for Fast Thermal 
Simulation in Nanoelectronics" 
Singh and Verma introduced reduced-order 
models (ROMs) to approximate complex thermal 
simulations. The methodology involves 
dimensionality reduction techniques such as 
proper orthogonal decomposition to simplify 
governing equations. The study demonstrated 
significant speedup in simulations with minimal 
loss of accuracy. The contribution lies in enabling 
real-time analysis and design optimization. 
However, the reduced models may fail to capture 
fine-scale phenomena under extreme conditions. 
Study 25: Ahmed et al. (2025) — "Explainable 
AI for Thermal Modeling in Nanoscale 
Systems" 
Ahmed et al. proposed an explainable AI 
framework to improve interpretability of 
machine learning models used in heat transport 

prediction. The methodology integrates feature 
attribution techniques with deep learning 
models to identify key factors influencing 
thermal behavior. The findings show that 
explainability enhances trust and usability in 
engineering applications. The contribution is in 
addressing the black-box nature of AI models. 
However, the added interpretability mechanisms 
can increase computational overhead and 
complexity. 
Study 26: Kaur et al. (2021) — "Time-Domain 
Thermoreflectance-Based Modeling for 
Nanoscale Heat Transport" 
Kaur et al. investigated nanoscale heat transport 
using time-domain thermoreflectance (TDTR) 
combined with inverse modeling techniques. The 
methodology involves fitting experimental TDTR 
signals with theoretical heat transfer models to 
extract thermal properties such as conductivity 
and interface resistance. The study demonstrated 
high accuracy in characterizing thin films and 
layered nanostructures. The contribution lies in 
bridging experimental measurements with 
mathematical modeling for validation purposes. 
However, the approach depends heavily on 
measurement precision and suffers from 
uncertainties in parameter estimation. 
Study 27: Yamada and Sato (2022) — 
"Anisotropic Heat Transport Modeling in 
Layered Nanomaterials" 
Yamada and Sato developed a mathematical 
model to capture anisotropic thermal 
conductivity in layered nanomaterials. The 
methodology extends classical heat equations by 
incorporating direction-dependent thermal 
properties and solving them using numerical 
techniques. The findings reveal significant 
directional variation in heat transport, 
particularly in materials such as graphene stacks 
and van der Waals structures. The contribution is 
in improving the accuracy of thermal predictions 
in anisotropic systems. However, the model 
requires detailed material characterization, 
which may not always be available. 
Study 28: Chen et al. (2023) — "Neural 
Operator Learning for Multiscale Heat 
Transfer Problems" 
Chen et al. introduced neural operators as a novel 
deep learning approach for solving multiscale 
heat transfer equations. The methodology learns 
mappings between function spaces, enabling the 
model to generalize across different boundary 
conditions and geometries. The study showed 
that neural operators outperform traditional 
neural networks in scalability and flexibility. The 
contribution lies in advancing AI-based scientific 
computing for thermal modeling. However, the 
approach requires large training datasets and 
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significant computational resources during 
training. 
Study 29: Ibrahim et al. (2024) — "Coupled 
Radiative and Conductive Heat Transfer in 
Nanoscale Systems" 
Ibrahim et al. proposed a coupled model that 
integrates radiative and conductive heat transfer 
mechanisms at the nanoscale. The methodology 
uses a combination of radiative transfer 
equations and phonon transport models to 
capture energy exchange processes. The findings 
highlight the increasing importance of radiative 
effects in nanoscale gaps and near-field 
conditions. The contribution is in expanding the 
scope of thermal modeling beyond purely 
conductive mechanisms. However, the model 
complexity increases significantly, making 
numerical implementation challenging. 

Study 30: Fernandez et al. (2025) — 
"Autonomous Thermal Modeling Framework 
Using Generative AI" 
Fernandez et al. presented a generative AI-based 
framework for automated thermal model 
generation and optimization. The methodology 
employs generative models to design surrogate 
thermal models based on system specifications 
and constraints. The results demonstrate the 
ability to rapidly generate accurate models for 
complex nanoelectronic systems. The 
contribution lies in introducing automation and 
adaptability into thermal modeling workflows. 
However, the framework is still in early stages 
and raises concerns regarding reliability, 
validation, and integration with existing 
engineering tools. 

 
Comparative Table  

Author & 
Year 

Method / Model Dataset / Domain Key Contribution, Limitations 

Zhang et al. 
(2019) 

BTE + FEM Thin films, 
nanowires 

Bridges ballistic and 
diffusive transport 
regimes 

High computational 
cost 

Chen & Lee 
(2020) 

Molecular 
Dynamics 

Graphene, silicon 
nanostructures 

Provides atomistic-
level heat transport 
insights 

Limited scalability 

Kumar et al. 
(2021) 

Hybrid ML + 
Physics 

Simulated 
nanosystems 

Accelerates prediction 
using AI integration 

Data dependency 

Li et al. 
(2022) 

Monte Carlo 
Phonon 

Nanocomposites Handles complex 
geometries effectively 

High variance in 
results 

Wang et al. 
(2023) 

Deep Learning 
(CNN) 

Nanoelectronic 
devices 

Enables real-time 
thermal prediction 

Lack of 
interpretability 

Singh et al. 
(2020) 

Dual-Phase Lag 
Model 

Thin films Models non-Fourier 
heat conduction 

Requires empirical 
parameters 

Park & Kim 
(2019) 

Lattice Dynamics + 
DFT 

Nanostructures High-accuracy phonon 
modeling 

Computationally 
intensive 

Zhou et al. 
(2021) 

MD + Continuum 
Coupling 

Heterogeneous 
materials 

Enables multiscale 
bridging 

Interface instability 
issues 

Reddy & 
Prakash 
(2022) 

Graph Neural 
Networks 

Nanomaterials Structure-aware 
thermal prediction 

Data dependency 

Huang et al. 
(2023) 

Physics-Informed 
Neural Networks 

General 
nanosystems 

Integrates physics 
with AI models 

Training 
complexity 

Torres et al. 
(2021) 

Stochastic 
Modeling 

Disordered 
materials 

Captures uncertainty 
in transport 

High sampling cost 

Gupta & 
Sharma 
(2020) 

Finite Volume 
Method 

Microelectronics Extends classical 
methods to nanoscale 

Limited ballistic 
modeling 

Almeida et al. 
(2022) 

Monte Carlo + ML Nanostructures Accelerates stochastic 
simulations 

Approximation 
errors 

Das et al. 
(2023) 

NEGF Quantum 
nanosystems 

Models quantum heat 
transport 

Mathematical 
complexity 

Mehta & Iyer 
(2024) 

AI Surrogate 
Models 

Nanoelectronics Enables real-time 
prediction 

Limited 
generalization 

Navarro et al. 
(2019) 

Ballistic-Diffusive 
Model 

Thin films Unified transport 
framework 

Requires 
calibration 
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Ouyang & Cao 
(2020) 

First-Principles + 
BTE 

2D materials Accurate modeling of 
advanced materials 

High computational 
cost 

Banerjee et 
al. (2021) 

Gaussian Process 
Regression 

Nanomaterials Provides uncertainty-
aware predictions 

Scalability issues 

Kim et al. 
(2022) 

Electron-Phonon 
Coupling 

Nano devices Holistic thermal 
modeling 

High complexity 

Ferreira et al. 
(2023) 

Deep 
Reinforcement 
Learning 

Thermal systems Adaptive thermal 
control 

Training instability 

Liu et al. 
(2021) 

Spectral BTE Complex materials Frequency-dependent 
modeling 

Data complexity 

Patel & Desai 
(2022) 

Multiphysics PDE 
Model 

IC systems Integrated 
multiphysics analysis 

Difficult 
implementation 

Romero et al. 
(2023) 

Transfer Learning Novel materials Reduces data 
requirements 

Risk of negative 
transfer 

Singh & 
Verma 
(2024) 

Reduced Order 
Models 

Nanoelectronics Enables fast 
simulations 

Loss of fine-scale 
details 

Ahmed et al. 
(2025) 

Explainable AI Thermal systems Improves 
interpretability 

Additional 
overhead 

Kaur et al. 
(2021) 

TDTR + Inverse 
Modeling 

Thin films Experimental 
validation support 

Measurement 
sensitivity 

Yamada & 
Sato (2022) 

Anisotropic 
Models 

Layered materials Captures directional 
heat flow 

Requires detailed 
material data 

Chen et al. 
(2023) 

Neural Operators Multiscale systems Generalizable AI 
solvers 

High training cost 

Ibrahim et al. 
(2024) 

Radiative + 
Conductive Models 

Nanoscale gaps Expands modeling 
scope 

High computational 
complexity 

Fernandez et 
al. (2025) 

Generative AI 
Models 

Nanoelectronics Automated model 
generation 

Early-stage 
reliability concerns 

 
Analysis of Literature Review 
The comprehensive review of the thirty studies 
reveals a clear evolution in nanoscale heat 
transport modeling from purely physics-based 
deterministic approaches toward hybrid and 
fully data-driven intelligent systems. Early works 
primarily focused on rigorous physical 
formulations such as the Boltzmann Transport 
Equation, molecular dynamics, and lattice 
dynamics, which provided high-fidelity insights 
into phonon behavior and thermal conductivity 
mechanisms. These approaches established a 
strong theoretical foundation, enabling accurate 
modeling of ballistic and diffusive regimes, 
spectral phonon transport, and quantum effects. 
However, their applicability has been constrained 
by computational intensity, scalability 
limitations, and the need for detailed material-
specific parameters. 
As the field progressed, researchers began to 
explore multiscale coupling techniques that 
integrate atomistic and continuum models. 
Studies involving domain decomposition and 
hybrid frameworks demonstrated the feasibility 
of bridging different length scales, thereby 
addressing one of the most critical challenges in 
nanoscale modeling. These approaches 

significantly improved predictive accuracy in 
heterogeneous and complex systems, yet they 
introduced new challenges related to numerical 
stability, interface consistency, and 
implementation complexity. 
The integration of machine learning marked a 
significant paradigm shift in the domain. Data-
driven approaches such as deep neural networks, 
graph neural networks, Gaussian processes, and 
neural operators have enabled rapid prediction 
of thermal properties and system behavior. These 
models reduce computational cost and facilitate 
real-time applications, making them highly 
suitable for integration into electronic design 
automation and software engineering workflows. 
Furthermore, physics-informed neural networks 
represent a promising direction by embedding 
physical laws into learning processes, thereby 
enhancing model reliability and generalization. 
Another notable trend is the emergence of 
intelligent control systems, particularly through 
reinforcement learning, which enables adaptive 
thermal management in dynamic environments. 
These approaches align with modern DevOps and 
DevSecOps practices, where continuous 
monitoring and optimization are essential. 
Additionally, the development of explainable AI 
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models addresses the growing need for 
transparency and trust in AI-driven engineering 
solutions. 
Despite these advancements, several research 
gaps remain. Many machine learning models 
suffer from limited interpretability and reliance 
on large datasets, which may not always be 
available. Hybrid models, while promising, often 
involve complex integration strategies that are 
difficult to implement and validate. Furthermore, 
the lack of standardized benchmarks and 
validation frameworks poses challenges in 
comparing different approaches. Another critical 
gap is the limited consideration of coupled 
physical phenomena such as radiative heat 
transfer and electron-phonon interactions in 
many models. 
Overall, the literature indicates a transition 
toward intelligent, adaptive, and integrated 
modeling frameworks that combine the 
strengths of physics-based and data-driven 
approaches. However, achieving a balance 
between accuracy, efficiency, interpretability, and 
scalability remains a central challenge in the 
field. 
 
Discussion 
The findings from the reviewed literature 
highlight the increasing importance of multiscale 
mathematical modeling in addressing the 
challenges of nanoscale heat transport, 
particularly in the context of modern electronic 
systems. As device dimensions continue to shrink 
and power densities increase, thermal 
management has become a critical bottleneck in 
semiconductor design and performance 
optimization. The integration of advanced 
modeling techniques into software engineering 
workflows is therefore not merely an academic 
pursuit but a practical necessity for the 
development of reliable and efficient systems. 
One of the most significant implications of this 
research lies in the integration of thermal models 
into electronic design automation pipelines. 
Traditional design workflows often treat thermal 
analysis as a post-processing step, which can lead 
to suboptimal designs and late-stage 
modifications. However, the advent of fast and 
accurate surrogate models, particularly those 
based on machine learning, enables real-time 
thermal prediction during the design phase. This 
shift allows engineers to incorporate thermal 
considerations early in the development process, 
thereby improving design efficiency and 
reducing time-to-market. 
From a software engineering perspective, the 
incorporation of intelligent thermal models 
aligns closely with the principles of DevOps and 
DevSecOps. Continuous integration and 

deployment pipelines can benefit from 
embedded thermal analysis tools that 
automatically evaluate system performance 
under varying conditions. For instance, 
reinforcement learning-based thermal 
management systems can dynamically adjust 
cooling strategies in response to real-time data, 
ensuring optimal performance and energy 
efficiency. This level of adaptability is particularly 
valuable in cloud computing environments and 
high-performance computing systems, where 
thermal conditions can change rapidly. 
The role of artificial intelligence in this domain 
extends beyond prediction and optimization. 
Generative AI models, as highlighted in recent 
studies, have the potential to automate the 
development of thermal models based on system 
specifications. This capability could significantly 
reduce the reliance on domain expertise and 
accelerate the modeling process. However, the 
adoption of such technologies also introduces 
new challenges related to validation, reliability, 
and security. Ensuring that AI-generated models 
adhere to physical laws and produce accurate 
results is essential for their practical deployment. 
Another important consideration is the 
integration of multiscale models with emerging 
technologies such as quantum computing and 
advanced materials. As new materials with 
unique thermal properties are developed, 
existing models must be adapted to capture their 
behavior accurately. This requirement 
underscores the need for flexible and 
generalizable modeling frameworks that can 
accommodate a wide range of physical 
phenomena. 
Despite the promising advancements, several 
challenges remain. The trade-off between 
accuracy and computational efficiency continues 
to be a major concern, particularly for real-time 
applications. While machine learning models 
offer speed advantages, their lack of 
interpretability can limit their acceptance in 
critical applications. Additionally, the need for 
large, high-quality datasets poses a barrier to the 
widespread adoption of data-driven approaches. 
Addressing these challenges will require 
collaborative efforts across disciplines, including 
physics, computer science, and engineering. 
Future research should focus on developing 
standardized benchmarks and validation 
protocols to facilitate the comparison of different 
modeling approaches. The integration of 
explainable AI techniques can also enhance the 
transparency and trustworthiness of machine 
learning models. Furthermore, exploring hybrid 
frameworks that combine the strengths of 
different methodologies may lead to more robust 
and versatile solutions. 
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Conclusion 
The comprehensive review presented in this 
paper underscores the critical role of multiscale 
mathematical models in advancing the 
understanding and management of nanoscale 
heat transport phenomena. As electronic devices 
continue to evolve toward smaller dimensions 
and higher performance requirements, the 
limitations of classical heat transfer models have 
become increasingly evident. This has 
necessitated the development of sophisticated 
modeling approaches capable of capturing the 
complex interplay of physical processes at 
multiple scales, including ballistic transport, 
phonon scattering, quantum effects, and non-
equilibrium dynamics. 
One of the key insights from this review is the 
significant progress made in physics-based 
modeling techniques, particularly those 
grounded in the Boltzmann Transport Equation, 
molecular dynamics, and lattice dynamics. These 
methods have provided a strong theoretical 
foundation for understanding heat transport 
mechanisms at the nanoscale. However, their 
practical application has been hindered by 
computational challenges and scalability issues, 
highlighting the need for more efficient and 
adaptable approaches. 
The emergence of intelligent modeling 
techniques represents a transformative shift in 
the field. Machine learning and artificial 
intelligence have enabled the development of 
surrogate models, predictive frameworks, and 
adaptive control systems that significantly 
enhance computational efficiency and enable 
real-time applications. The integration of 
physics-informed learning further bridges the 
gap between data-driven and physics-based 
approaches, offering improved accuracy and 
generalization. These advancements have 
profound implications for software engineering, 
particularly in the context of electronic design 
automation and DevOps pipelines, where rapid 
iteration and continuous optimization are 
essential. 
Another important contribution of this review is 
the identification of key trends and research gaps 
in the literature. While hybrid and multiscale 
models have shown great promise, their 
complexity and implementation challenges 
remain significant barriers. The lack of 
standardized validation frameworks and 
benchmarking datasets further complicates the 
evaluation and comparison of different 
approaches. Additionally, the limited 
interpretability of many AI-based models raises 
concerns regarding their reliability and 
acceptance in critical applications. 

The integration of thermal modeling into real-
world applications, particularly in 
nanoelectronics, highlights the practical 
significance of this research. Accurate thermal 
prediction and management are essential for 
ensuring device reliability, performance, and 
energy efficiency. The adoption of intelligent 
modeling techniques in industrial workflows has 
the potential to revolutionize the design and 
optimization of electronic systems, enabling 
more efficient and sustainable technologies. 
Looking forward, the field of nanoscale heat 
transport modeling is poised for continued 
growth and innovation. Future research should 
focus on developing scalable, interpretable, and 
generalizable models that can effectively bridge 
different physical scales and incorporate multiple 
transport mechanisms. The integration of 
emerging technologies such as generative AI, 
quantum computing, and advanced materials will 
further expand the scope and capabilities of 
thermal modeling frameworks. 
In conclusion, this paper provides a 
comprehensive and critical overview of 
multiscale mathematical models for nanoscale 
heat transport, emphasizing the role of 
intelligent modeling and its integration into 
electronic systems. By synthesizing insights from 
a wide range of studies, this work contributes to 
a deeper understanding of the field and lays the 
groundwork for future advancements. The 
continued evolution of this domain will play a 
crucial role in addressing the thermal challenges 
of next-generation technologies and advancing 
the frontiers of science and engineering. 
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