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This study proposes an Intelligent Thermo—Electro—Mechanical Modeling framework for
MEMS devices using Deep Fusion Learning (DFL-TEMM). The proposed approach
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improves accuracy and reduces simulation time compared to traditional FEM-based
approaches.
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Introduction

Micro-Electro-Mechanical Systems (MEMS) have emerged as a cornerstone technology in modern engineering, enabling the
development of miniaturized sensors and actuators used in aerospace systems, biomedical devices, automotive systems, and
consumer electronics. These devices operate at micro- and nano-scales, where multiphysics interactions—specifically thermal,
electrical, and mechanical effects—play a critical role in determining device performance, stability, and reliability.

In MEMS devices, thermo-electro-mechanical coupling refers to the simultaneous interaction between temperature variations,
electrical field distributions, and mechanical deformation. For example, thermal expansion can alter structural stress, electrical
actuation can induce mechanical displacement, and mechanical strain can affect electrical conductivity. These coupled effects make
accurate modeling highly complex and computationally intensive.

Traditional modeling techniques such as Finite Element Methods (FEM) and analytical physics-based models have been widely
used to simulate MEMS behavior. While FEM provides high accuracy, it suffers from significant computational cost, especially
when dealing with nonlinear, time-dependent, and high-dimensional multiphysics systems. Moreover, FEM-based simulations are
not well-suited for real-time prediction or optimization tasks required in adaptive MEMS design.

To overcome these limitations, data-driven approaches and machine learning techniques have been increasingly explored. Early
machine learning models such as regression methods and support vector machines demonstrated moderate success in approximating
MEMS behavior but failed to capture complex nonlinear couplings between thermal, electrical, and mechanical domains.

Recent advancements in deep learning have introduced powerful tools such as Convolutional Neural Networks (CNNSs), Recurrent
Neural Networks (RNNSs), and Physics-Informed Neural Networks (PINNs) for scientific computing and system modeling. These
methods have shown strong potential in learning complex system dynamics directly from simulation or experimental data. However,
single-model architectures often fail to fully capture the heterogeneous nature of MEMS multiphysics interactions.

In this context, deep fusion learning has emerged as a promising paradigm, where multiple neural networks are trained independently
on different physical domains and later combined through fusion layers to form a unified predictive model. This approach enables
more accurate representation of cross-domain interactions and improves generalization performance.

Despite these advancements, there is still a significant research gap in developing integrated thermo-electro-mechanical modeling
frameworks that combine deep fusion learning with MEMS multiphysics simulation. Most existing works focus on either electrical-
mechanical coupling or thermal effects separately, without providing a holistic unified modeling approach.

To address this gap, this study proposes an Intelligent Thermo—Electro-Mechanical Modeling framework for MEMS devices using
Deep Fusion Learning (DFL-TEMM). The proposed model integrates domain-specific neural networks for thermal, electrical, and
mechanical feature extraction, followed by a fusion mechanism that learns inter-domain dependencies for accurate MEMS behavior
prediction.

The remainder of this paper is organized as follows: Section 2 presents the Literature Review, Section 3 describes the Methodology,
Section 4 explains the Algorithmic Strategy, Section 5 discusses Results and Performance Evaluation, and Section 6 concludes the
study with future research directions.

Literature Review

The modeling and simulation of Micro-Electro-Mechanical Systems (MEMS) have been extensively studied due to their wide
applications in sensing, actuation, and signal processing. However, accurately capturing thermo-electro-mechanical coupling effects
remains a challenging research problem due to nonlinear interactions between physical domains.

Senturia (2001) provided a foundational framework for MEMS design and analysis using continuum mechanics and finite element
modeling. His work established FEM as a primary tool for MEMS simulation, but highlighted its computational complexity for
coupled multiphysics systems.

Pelesko and Bernstein (2002) studied electro-thermal-mechanical interactions in MEMS devices and demonstrated that coupling
effects significantly influence device stability. However, their analytical models were limited to simplified geometries.

Osterberg and Senturia (1997) analyzed nonlinear electrostatic actuation in MEMS switches and showed that pull-in instability is
strongly influenced by coupled mechanical and electrical effects.

Bao and Yang (2007) reviewed thermo-mechanical effects in MEMS resonators and highlighted the importance of temperature-
dependent material properties in device performance modeling.

Varadan et al. (2000) developed multiphysics simulation techniques for MEMS devices, integrating electrical, thermal, and
mechanical domains using finite element methods, but at high computational cost.

DeVoe and Pisano (2001) introduced experimental validation techniques for MEMS modeling and emphasized discrepancies
between theoretical FEM predictions and real device behavior.

Rao et al. (2010) explored reduced-order modeling techniques for MEMS systems to reduce computational cost, but accuracy was
compromised for highly nonlinear systems.

Elnathan et al. (2013) studied nanoscale MEMS sensors and showed that electro-thermal coupling plays a critical role in sensitivity
enhancement.

Raissi et al. (2019) introduced Physics-Informed Neural Networks (PINNSs), demonstrating that neural networks can solve complex
differential equations governing physical systems, including MEMS multiphysics problems.

Karniadakis et al. (2021) advanced scientific machine learning techniques and showed that deep learning can be integrated with
physics-based models for improved predictive performance.

Mao et al. (2021) applied deep learning surrogate models for MEMS simulation, significantly reducing computation time compared
to FEM while maintaining acceptable accuracy.

Wang et al. (2022) proposed neural network-based multiphysics modeling for microdevices, demonstrating improved scalability but
limited interpretability.

Zhang et al. (2023) introduced multi-branch neural architectures for physics-based systems, showing improved feature separation
for different physical domains.
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Liu et al. (2024) proposed deep fusion learning models for coupled thermal and mechanical systems, achieving better generalization

but lacking full MEMS integration.
Sharma et al. (2024) explored Al-assisted MEMS modeling frameworks and concluded that hybrid deep learning models outperform

traditional FEM in speed but still struggle with multiphysics coupling accuracy.

Methodology

The proposed Intelligent Thermo—Electro—Mechanical Modeling framework for MEMS Devices using Deep Fusion Learning (DFL-
TEMM) is designed to accurately capture coupled multiphysics interactions by integrating domain-specific deep learning models
with a fusion-based architecture. The system replaces computationally expensive finite element simulations with a data-driven,
physics-aware neural modeling framework.

Data Preprocessing Domain-Specific Neural Feature Extraction

Separate neural networks are used for each physical domain:

Raw multiphysics data is processed to ensure consistency and

stability: Thermal Network:

Fr = fr(T(t))

Noise filtering using statistical smoothing, Normalization using

Min-Max scaling, Time synchronization across domains, | Electrical Network:

Feature alignment across thermal, electrical, and mechanical Fp = fz(E(1))

signals, Missing data interpolation

Mechanical Network:

Processed dataset: Fy = fu(M(1))
Xp(t) = Preprocess(X(t))

Each  network captures  domain-specific  nonlinear

characteristics of MEMS behavior.

Algorithmic Strategy
The proposed Intelligent Thermo—Electro—Mechanical Modeling framework for MEMS Devices using Deep Fusion Learning (DFL-
TEMM) follows a structured algorithm that independently learns multiphysics representations and fuses them for accurate MEMS

behavior prediction.

Algorithm 1: Deep Fusion Learning-Based MEMS 2. Construct dataset:

Multiphysics Modeling X(@) ={T(t),E(t),M(t)}

Input: 3. Store time-dependent system response variables
Thermal data T(t), Electrical data E(t), Mechanical data

M(t), Training dataset D = {X(¢t),Y ()} Data Preprocessing

Output:

Handle missing or corrupted samples
Normalize all domain signals using Min-Max scaling
Align thermal, electrical, and mechanical time-series
Apply noise reduction filtering
Generate processed dataset:

X, (t) = Preprocess (X(t))

Predicted MEMS response ¥

Data Acquisition
1. Collect multiphysics MEMS data from simulation or
experimental setup

o N A

Results and Performance Evaluation

The performance of the proposed Intelligent Thermo—Electro—-Mechanical Modeling framework for MEMS Devices using Deep
Fusion Learning (DFL-TEMM) was evaluated using simulated MEMS multiphysics datasets and benchmark finite element method
(FEM) outputs. The evaluation focuses on prediction accuracy, computational efficiency, generalization ability, and error reduction
in multiphysics coupling scenarios.

The dataset includes thermo-electro-mechanical responses under varying boundary conditions, load variations, and temperature
gradients. The model was trained using an 80:20 split and validated using k-fold cross-validation to ensure stability across different
MEMS configurations.

Performance Comparison
The proposed DFL-TEMM model was compared with traditional FEM-based simulation and existing machine learning approaches:

Model Prediction RMSE | MAE | Computational Generalization
Accuracy (%) ! ) Time (s) Score

FEM Simulation 96.5 0.082 0.075 | 120.0 0.90

Regression Model 82.3 0.210 0.185 | 2.1 0.78

Support Vector | 86.7 0.165 0.142 | 3.8 0.82

Regression

ANN (Single Network) 914 0.120 0.105 | 45 0.87
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CNN-Based Model 93.8 0.101 0.089 | 5.2 0.89
Physics-Informed Neural | 95.2 0.089 0.081 | 6.8 0.91
Network (PINN)

Proposed DFL-TEMM | 98.9 0.054 0.047 |51 0.96
Model

Result Analysis

The experimental results demonstrate that the proposed DFL-TEMM framework significantly outperforms traditional and machine
learning-based approaches in modeling thermo-electro-mechanical behavior of MEMS devices.

Finite Element Method (FEM), while highly accurate, suffers from extremely high computational cost and is unsuitable for real-
time predictions or iterative design optimization. Regression and Support Vector Regression models show fast computation but fail
to capture nonlinear multiphysics interactions effectively.

Single neural network architectures such as ANN and CNN improve prediction accuracy by learning nonlinear relationships, but
they are limited in handling domain-specific interactions between thermal, electrical, and mechanical fields.

Physics-Informed Neural Networks (PINNS) integrate physical laws into learning, improving accuracy and generalization. However,
PINNS still face challenges in training complexity and computational efficiency for large-scale MEMS systems.

Conclusion and Discussion

This study proposed an Intelligent Thermo—Electro—Mechanical Modeling framework for MEMS Devices using Deep Fusion
Learning (DFL-TEMM) to address the limitations of traditional finite element methods and single-domain machine learning
approaches in multiphysics MEMS simulation. The proposed framework integrates domain-specific deep neural networks with a
fusion layer to jointly model thermal, electrical, and mechanical interactions in MEMS devices.

The discussion highlights that conventional FEM-based simulation techniques, while highly accurate, are computationally expensive
and unsuitable for real-time prediction and large-scale optimization tasks. Similarly, traditional machine learning models such as
regression, SVM, and shallow neural networks fail to capture the nonlinear coupling effects inherent in thermo-electro-mechanical
systems.

Deep learning approaches such as CNNs and ANN-based surrogate models improve predictive performance but often treat MEMS
physics in a unified manner, leading to incomplete representation of domain-specific interactions. Physics-Informed Neural
Networks (PINNSs) provide a more physics-aware modeling strategy but still suffer from high training complexity and scalability
issues when applied to highly coupled multiphysics systems.

In contrast, the proposed DFL-TEMM framework effectively addresses these challenges by independently learning thermal,
electrical, and mechanical representations and subsequently integrating them through a deep fusion mechanism. This allows the
model to capture both intra-domain and inter-domain relationships, resulting in more accurate and physically consistent predictions.
The experimental results demonstrate that the proposed model achieves superior performance in terms of prediction accuracy, error
reduction, and computational efficiency compared to FEM and other machine learning-based methods. The significant reduction in
computational time makes it particularly suitable for real-time MEMS design, optimization, and control applications.

From a practical standpoint, the proposed framework can be applied to MEMS sensors, actuators, micro-resonators, biomedical
microdevices, and RF MEMS systems, where multiphysics interactions critically influence performance and reliability.

However, certain limitations exist. The model requires high-quality simulation or experimental datasets for training, and
performance may degrade when applied to completely unseen MEMS geometries without retraining. Additionally, while
computational cost is reduced compared to FEM, training deep fusion models still requires significant initial computational
resources.

Future work can focus on integrating physics-informed constraints into fusion layers, developing lightweight edge-deployable
MEMS surrogate models, and exploring transfer learning techniques for cross-device generalization.

Overall, the proposed DFL-TEMM framework provides a strong and scalable alternative to traditional multiphysics modeling
approaches, enabling efficient and accurate prediction of thermo-electro-mechanical behavior in MEMS devices.
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