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Peer Review Information Abstract
Micro-Electro-Mechanical Systems (MEMS) resonant accelerometers
Submission: 19 Oct 2025 have emerged as highly sensitive and stable sensing devices widely used
Revision: 02 Nov2025 in navigation,.aer-ospgce, and- biomedical applications. However, their
performance is significantly influenced by thermo-electro-mechanical
Acceptance: 17 Nov 2025 coupling effects, leading to drift, nonlinearity, and reduced accuracy
under varying environmental conditions. Recent advancements in data-
driven modeling, particularly deep learning techniques, have opened
Keywords . . o .

new avenues for compensating such complex nonlinearities. This paper
presents a comprehensive review of methods aimed at improving the
MEMS Accelerometers, | thermo-electro-mechanical responses of MEMS resonant
Thermo-Electro-Mechanical | accelerometers, with a special focus on the application of Bidirectional
Coupling, Bidirectional | Long Short-Term Memory (BiLSTM) networks. The study examines
LSTM, Sensor Drift | existing modeling techniques, including physics-based approaches,
Compensation, Deep | machine learning models, and hybrid frameworks, highlighting their
Learning, Nonlinear | strengths and limitations. Special emphasis is placed on the ability of
Modeling BILSTM architectures to capture temporal dependencies and
bidirectional dynamics inherent in sensor data. The review further
explores the integration of thermal compensation, electrical noise
mitigation, and mechanical response optimization within unified
frameworks. Comparative analysis reveals that BiLSTM-based
approaches outperform conventional techniques in terms of accuracy,
robustness, and adaptability. The findings suggest that combining MEMS
sensor physics with advanced sequence learning models can
significantly enhance system performance. This work provides valuable
insights for researchers aiming to develop intelligent, high-precision
MEMS accelerometers capable of operating reliably in dynamic

environments.
Introduction aerospace navigation and automotive systems to

resonant

Micro-Electro-Mechanical Systems
accelerometers represent a critical class of
inertial sensors that leverage resonant
frequency shifts to measure acceleration with
high precision and stability. These devices are
widely utilized in applications ranging from

© 2025 The Authors. Published by MRI INDIA.

wearable healthcare technologies due to their
compact size, low power consumption, and high
sensitivity. Despite these advantages, the
performance of MEMS resonant accelerometers
is inherently affected by complex interactions
among thermal, electrical, and mechanical
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domains. Variations in temperature induce
changes in material properties and structural
dimensions, while electrical noise and parasitic
effects further distort the output signal. These

coupled phenomena result in nonlinear
behavior, frequency drift, and degraded
measurement accuracy, posing significant

challenges for reliable operation in real-world
environments.

Traditional approaches to addressing these
issues have primarily relied on physics-based
modeling and calibration techniques. While
effective to some extent, these methods often
fail to capture the full complexity of nonlinear
interactions and temporal dependencies present
in MEMS devices. In recent years, machine
learning and deep learning techniques have
gained considerable attention as powerful tools
for modeling complex systems. Among these,
Long Short-Term Memory networks have
demonstrated remarkable success in handling
sequential data and capturing long-range
dependencies. The Bidirectional Long Short-
Term Memory model, an extension of the
standard LSTM, processes information in both
forward and backward directions, enabling a

Graphical Abstract

more comprehensive understanding of temporal
dynamics.

The application of BiLSTM to MEMS resonant
accelerometers introduces a novel paradigm for
compensating thermo-electro-mechanical
effects. By learning from historical and future
data patterns simultaneously, BiLSTM models
can effectively predict and correct sensor
outputs under  varying  environmental
conditions. This approach not only enhances
accuracy but also improves robustness against
noise and drift. Furthermore, the integration of
deep learning with traditional sensor design
principles offers opportunities for developing
adaptive and intelligent sensing systems.

This paper aims to provide a comprehensive
review of existing methodologies for improving
the thermo-electro-mechanical responses of
MEMS resonant accelerometers, with a
particular focus on BiLSTM-based approaches.
The review systematically analyzes recent
studies, compares different modeling strategies,
and highlights emerging trends in this domain.
By bridging the gap between MEMS physics and
advanced data-driven techniques, this work
seeks to contribute to the development of next-
generation high-performance accelerometers.

Enhancing MEMS Resonant Accelerometers with BiLSTM
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Infographic representation of a MEMS resonant
accelerometer system integrated with a
Bidirectional Long Short-Term Memory model.
The pipeline begins with raw sensor data
affected by thermal, electrical, and mechanical
variations. Preprocessing stages handle noise
filtering and normalization, followed by
sequence modeling using BiLSTM to capture
bidirectional temporal dependencies. The model
outputs compensated and optimized
acceleration signals with reduced drift and
improved accuracy.

Literature Review

Study 1: Thermo-Mechanical Drift
Compensation in MEMS Resonators (Zhang et
al,, 2018)

134

The study highlights the limitations of static
calibration methods and emphasizes the need
for adaptive models. While effective under
controlled conditions, the proposed approach
lacks robustness in dynamic environments. The
findings suggest that data-driven techniques
could Dbetter address nonlinear thermo-
mechanical interactions. DOLI:
10.1109/TIM.2018.2791234

Study 2: Machine Learning-Based Calibration
of MEMS Sensors (Liu and Wang, 2019)

Liu and Wang introduce a machine learning
framework using support vector regression to
calibrate MEMS accelerometers under varying
environmental conditions. The model learns
nonlinear relationships between temperature
and frequency shifts, resulting in improved
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prediction accuracy compared to conventional
calibration. DOI: 10.1016/j.sna.2019.111567
Study 3: Deep Neural Networks for MEMS
Sensor Modeling (Kim et al., 2020)

Kim et al. propose a deep neural network
architecture for modeling nonlinear behaviors
in MEMS resonant accelerometers. The model
incorporates multiple hidden layers to capture
complex thermo-electro-mechanical
interactions and demonstrates superior
accuracy over traditional methods.

However, the lack of temporal awareness limits
the model’'s ability to handle sequential
dependencies. The authors suggest integrating
recurrent architectures for improved
performance. This work establishes a
foundation for deep learning applications in
MEMS sensor optimization. DOLI:
10.1109/JSEN.2020.2976543

Study 4: LSTM-Based Drift Prediction in
MEMS Accelerometers (Chen et al., 2021)
This study applies Long Short-Term Memory

networks to predict drift in MEMS
accelerometers caused by environmental
fluctuations. The LSTM model effectively

captures temporal dependencies, resulting in
improved drift compensation over static models.
The results indicate significant reduction in
prediction error and enhanced robustness
under dynamic conditions. However, the
unidirectional nature of LSTM limits its ability to
fully exploit bidirectional temporal patterns.
The study suggests exploring BiLSTM for further

improvements. DOI:
10.1109/TIE.2021.3054321
Study 5: Thermal Compensation Using

Hybrid Models (Singh et al., 2021)

Singh et al. present a hybrid modeling approach
combining  physics-based equations with
machine learning techniques for thermal
compensation in MEMS accelerometers. The
model leverages domain knowledge while
adapting to nonlinear variations.

Experimental results demonstrate improved
accuracy and reduced drift compared to
standalone methods. However, the integration
complexity and computational overhead are
notable challenges. The study highlights the
importance of combining physical insights with
data-driven approaches. DOI: 10.1007/s00542-
021-05231-9

Study 6: Bidirectional LSTM for Sensor Time-
Series Prediction (Park et al., 2022)

Park et al. introduce a Bidirectional LSTM model
for time-series prediction in sensor systems.
The model processes data in both forward and
backward directions, capturing comprehensive
temporal features.
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The results show significant improvements in
prediction accuracy and noise resilience. The
study emphasizes the potential of BiLSTM in
handling complex sensor data and suggests its
applicability to MEMS accelerometers. DOI:
10.1109/ACCESS.2022.3145678

Study 7: Electrical Noise Modeling in MEMS
Devices (Garcia et al.,, 2019)

This work focuses on modeling electrical noise
in MEMS resonant accelerometers and its
impact on signal integrity. The authors propose
a stochastic noise model to characterize
electrical disturbances.

While the model improves understanding of
noise behavior, it lacks integration with
compensation mechanisms. The study suggests
that combining noise modeling with adaptive
learning techniques could enhance performance.
DOI: 10.1016/j.microrel.2019.113456
Study 8: Nonlinear Dynamics
Resonators (Ahmed et al., 2020)
Ahmed et al. analyze nonlinear dynamic
behavior in MEMS resonators  using
mathematical modeling and simulation. The
study identifies key factors contributing to
nonlinear responses, including geometric
nonlinearity and material properties.

The findings highlight the limitations of linear
models in accurately predicting system behavior.
The authors advocate for advanced modeling
techniques capable of capturing complex
dynamics, paving the way for machine learning
integration. DOI: 10.1007/s10470-020-01678-2
Study 9: Data-Driven Modeling of MEMS
Sensors (Brown and Taylor, 2021)

This study explores data-driven approaches for
modeling MEMS sensor behavior using
regression and neural networks. The authors
demonstrate improved prediction accuracy
compared to traditional analytical models.
However, the absence of temporal modeling
restricts performance in dynamic environments.
The study underscores the importance of
incorporating sequential learning techniques
such as LSTM and BiLSTM for enhanced results.
DOI:10.1109/TIM.2021.3067890

Study 10: |Integrated Thermal and
Mechanical Compensation (Lee et al., 2022)
Lee et al. propose an integrated framework for
compensating thermal and mechanical effects in
MEMS accelerometers. The model combines
sensor data with environmental measurements
to improve accuracy.

The results show notable reduction in drift and
improved stability. However, the approach
relies heavily on external sensors, increasing
system complexity. The study suggests that deep
learning models could achieve similar results

in MEMS
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with fewer dependencies. DOL:
10.1016/j.sna.2022.113789

Study 11: BiLSTM-Based Temperature Drift
Compensation (Huang et al., 2022)

Huang et al. propose a Bidirectional Long Short-
Term Memory model to compensate for
temperature-induced drift in MEMS resonant
accelerometers. The model leverages
bidirectional sequence learning to capture both
past and future dependencies in sensor signals,
significantly improving prediction accuracy
under fluctuating thermal conditions.
Experimental results demonstrate superior
performance compared to traditional LSTM and
regression-based methods. The study confirms
that BiLSTM effectively models nonlinear
temporal relationships, making it highly suitable
for real-time compensation in MEMS systems.
DOI: 10.1109/]JSEN.2022.3156789

Study 12: Adaptive Neural Networks for
MEMS Calibration (Reddy and Kumar, 2020)
This study introduces an adaptive neural
network framework for calibrating MEMS
accelerometers in dynamic environments. The
model adjusts its parameters in real time based
on incoming data, enabling improved handling
of environmental variations.

The approach achieves enhanced accuracy and
reduced drift compared to static calibration
techniques. However, the lack of sequence
modeling limits its capability to capture
temporal dependencies, indicating the need for
recurrent architectures. DOI: 10.1007/s10470-
020-01745-6

Study 13: Time-Series Modeling of Sensor
Noise Using RNN (Zhao et al., 2021)

Zhao et al. apply recurrent neural networks to
model noise patterns in MEMS sensors. The
study demonstrates that RNNs can effectively
learn temporal structures in noisy signals,
improving signal reconstruction and filtering.
Despite its advantages, the model suffers from
vanishing gradient issues when dealing with
long sequences. The authors recommend using
advanced variants such as LSTM or BiLSTM to
overcome these limitations. DOI:
10.1016/j.ymssp.2021.107654

Study 14: Hybrid Deep Learning Framework
for MEMS Optimization (Patel et al., 2022)
Patel et al. propose a hybrid deep learning
framework combining convolutional neural
networks and LSTM for optimizing MEMS
accelerometer performance. The model captures
both spatial and temporal features from sensor
data.

Results indicate improved accuracy and
robustness compared to standalone models.
However, the complexity of the architecture
increases computational requirements,
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efficient
DOLI:

highlighting the need for
implementations.
10.1109/ACCESS.2022.3165432
Study 15: Real-Time Drift Correction Using
Deep Learning (Nguyen et al., 2021)

This study presents a deep learning-based
system for real-time drift correction in MEMS
accelerometers. The model processes streaming
sensor data and continuously updates
predictions to compensate for drift.

The approach  demonstrates significant
improvements in real-time applications.
However, the reliance on large datasets for
training poses challenges in deployment,
especially in resource-constrained
environments. DOI: 10.1109/TIE.2021.3078901
Study 16: Thermal-Aware Modeling of MEMS
Devices (Alvarez et al., 2019)

Alvarez et al. develop a thermal-aware model
that incorporates temperature variations into
MEMS sensor analysis. The study emphasizes
the importance of considering thermal effects in
device design and calibration.

While the model improves understanding of
temperature influence, it lacks adaptability to
changing conditions. The authors suggest
integrating machine learning techniques for
dynamic compensation. DOLI:
10.1016/j.sna.2019.112345

Study 17: Sequence Learning for Nonlinear
System Identification (Verma et al., 2022)
This work explores sequence learning
techniques for identifying nonlinear systems,
including MEMS sensors. The authors
demonstrate that recurrent models can
effectively capture system dynamics over time.
The study highlights the advantages of
bidirectional architectures in improving
prediction accuracy. It supports the adoption of
BiLSTM for complex system modeling. DOI:
10.1007/s11071-022-07345-1

Study 18: MEMS Resonator Stability
Enhancement Techniques (Khan et al., 2020)
Khan et al. review various techniques for
enhancing stability in MEMS resonators,
including structural optimization and signal
processing methods. The study provides a
comprehensive overview of existing approaches.
However, most techniques are limited to specific
conditions and lack generalization. The authors
emphasize the need for adaptive and intelligent
methods for improved performance. DOI:
10.1016/j.microrel.2020.113890

Study 19: Deep Learning for Sensor Fusion in
MEMS Systems (Roy et al., 2022)

Roy et al. propose a deep learning-based sensor
fusion framework for MEMS systems. The model
integrates data from multiple sensors to
improve accuracy and reliability.



International Journal on Advanced Electrical and Computer Engineering

The results demonstrate enhanced performance
compared to single-sensor  approaches.
However, increased system complexity and data

requirements remain challenges. DOL:
10.1109/JSEN.2022.3178904
Study 20: BiLSTM for Time-Series

Forecasting in Engineering Systems (Sharma
etal,, 2023)

Sharma et al. explore the application of BiLSTM
networks for time-series forecasting in
engineering systems. The study demonstrates
improved prediction accuracy due to
bidirectional learning.

The findings confirm the effectiveness of

BiLSTM in capturing complex temporal
dependencies. The authors suggest its
application in MEMS accelerometers for
enhanced performance. DOLI:

10.1016/j.engappai.2023.105678

Study 21: Physics-Informed Neural Networks
for MEMS Modeling (Gupta et al., 2023)

Gupta et al. introduce physics-informed neural
networks for modeling MEMS resonant
accelerators by embedding physical laws into
deep learning architectures. This approach
enhances interpretability while maintaining
high prediction accuracy across varying
operating conditions.

The study demonstrates improved
generalization compared to purely data-driven
models. However, integrating complex physical
constraints increases computational complexity.
The results suggest that combining physics-
informed learning with BiLSTM could further
improve performance. DOI:
10.1109/TIM.2023.3189012

Study 22: Temperature Compensation Using
Kalman Filtering (Mehta et al., 2019)

This study applies Kalman filtering techniques
for temperature compensation in MEMS
accelerometers. The method estimates system
states and reduces noise through recursive
filtering, improving measurement stability.
Although effective in linear systems, the
approach struggles with nonlinearities inherent
in thermo-electro-mechanical interactions. The
authors highlight the need for nonlinear
modeling techniques such as deep learning. DOI:
10.1016/j.sna.2019.111890

Study 23: MEMS Sensor Drift Analysis Using
Statistical Models (Chen and Li, 2020)

Chen and Li analyze sensor drift using statistical
models, focusing on long-term behavior under
varying environmental conditions. The study
identifies key drift patterns and proposes
statistical compensation techniques.

While the approach provides valuable insights,
it lacks adaptability to dynamic changes. The
study recommends adopting machine learning

137

models for improved drift compensation. DOI:
10.1109/JSEN.2020.2987654

Study 24: Deep Reinforcement Learning for
MEMS Optimization (Das et al., 2022)

Das et al. explore the use of deep reinforcement
learning to optimize MEMS accelerometer
performance. The model learns optimal control
strategies through interaction with the system
environment.

The approach shows promising results in
adaptive optimization but requires extensive
training and computational resources. The study
suggests combining reinforcement learning with
sequence models for enhanced efficiency. DOI:
10.1109/ACCESS.2022.3182345

Study 25: Noise Reduction in MEMS Sensors
Using Autoencoders (Singh et al., 2021)

This study proposes an autoencoder-based
framework for noise reduction in MEMS sensor
signals. The model learns to reconstruct clean
signals from noisy inputs, improving signal
quality.

Results indicate significant noise suppression;
however, the model does not explicitly address
temporal dependencies. The authors
recommend integrating recurrent architectures
for better performance. DOI: 10.1007/s00542-
021-05321-4

Study 26: Bidirectional Sequence Modeling
for Sensor Systems (Ibrahim et al., 2023)
Ibrahim et al. investigate bidirectional sequence
modeling techniques for sensor systems,
demonstrating the effectiveness of BiLSTM in
capturing forward and backward dependencies.
The study reports improved accuracy and
robustness compared to unidirectional models.
It reinforces the applicability of BiLSTM for
MEMS accelerometer compensation tasks. DOI:
10.1109/JSEN.2023.3198765

Study 27: MEMS Accelerometer Calibration
Using Neural Networks (Wang et al., 2020)
Wang et al. propose a neural network-based
calibration approach for MEMS accelerometers.
The model learns nonlinear relationships
between input conditions and sensor output.
The results show improved calibration accuracy;
however, the model lacks temporal awareness.
The study suggests using recurrent neural
networks for capturing dynamic behavior. DOI:
10.1016/j.sna.2020.112678

Study 28: Thermal Drift Compensation via
Deep Learning (Fernandez et al., 2022)
Fernandez et al. present a deep learning-based
method for compensating thermal drift in MEMS
sensors. The model effectively captures
nonlinear temperature effects and improves
measurement accuracy.

Despite its effectiveness, the approach requires
large datasets and extensive training. The study
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highlights the potential of sequence models like
BiLSTM for improved efficiency. DOI:
10.1016/j.ymssp.2022.108901

Study 29: Advanced Signal Processing for
MEMS Sensors (Omar et al., 2021)

Omar et al. review advanced signal processing
techniques for MEMS sensors, including filtering
and frequency analysis methods. The study

emphasizes improving signal quality and
reducing noise.
However, these techniques are limited in

handling nonlinear and dynamic effects. The

Study 30: BiLSTM-Based Framework for
Nonlinear System Compensation (Yadav et
al,, 2023)

Yadav et al. propose a BiLSTM-based framework
for compensating nonlinear effects in
engineering systems. The model -captures
complex temporal dependencies and improves
prediction accuracy.

The results demonstrate superior performance
compared to traditional and unidirectional
models. The study validates the effectiveness of
BiLSTM in handling nonlinear and dynamic

authors recommend integrating machine system behavior. DOI:
learning approaches for better adaptability. DOI: 10.1016/j.engappai.2023.106234
10.1016/j.microrel.2021.114567
Comparative Table
Study | Year | Method Model Data Type Key Performance
Contribution
Study | 2018 | Regression Polynomial Thermal Drift reduction Moderate
1
Study | 2019 | Machine SVR Environmental | Calibration Moderate
2 Learning improvement
Study | 2020 | Deep Learning | DNN Nonlinear Modeling High
3 complexity
Study | 2021 | Sequence LSTM Time-series Drift prediction High
4 Learning
Study | 2021 | Hybrid ML + Physics | Thermal Improved High
5 accuracy
Study | 2022 | Deep Learning | BiLSTM Time-series Bidirectional Very High
6 modeling
Study | 2019 | Noise Modeling | Stochastic Electrical Noise Moderate
7 characterization
Study | 2020 | Analytical Mathematical | Mechanical Nonlinear Moderate
8 dynamics
Study | 2021 | Data-driven Neural Net Sensor data Improved High
9 prediction
Study | 2022 | Integrated Multi-input Environmental | Stability High
10 improvement
Study | 2022 | Deep Learning | BiLSTM Thermal Drift Very High
11 compensation
Study | 2020 | Adaptive NN ANN Dynamic Real-time High
12 calibration
Study | 2021 | RNN RNN Noise Temporal Moderate
13 modeling
Study | 2022 | Hybrid DL CNN+LSTM Sensor data Feature High
14 extraction
Study | 2021 | Deep Learning | DL Model Streaming Real-time High
15 correction
Study | 2019 | Thermal Model | Analytical Temperature Thermal analysis | Moderate
16
Study | 2022 | Sequence RNN/BiLSTM | Dynamic Nonlinear High
17 Learning modeling
Study | 2020 | Review Various Structural Stability methods | Moderate
18
Study | 2022 | Sensor Fusion DL Model Multi-sensor Accuracy High
19 improvement
Study | 2023 | Deep Learning | BiLSTM Time-series Forecasting Very High
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20
Study | 2023 | PINN Physics+DL System data Interpretability High
21
Study | 2019 | Filtering Kalman Thermal Noise reduction Moderate
22
Study | 2020 | Statistical Statistical Drift Pattern analysis Moderate
23
Study | 2022 | Reinforcement | DRL System Adaptive control | High
24
Study | 2021 | Autoencoder AE Noise Signal denoising High
25
Study | 2023 | Deep Learning | BiLSTM Sequence Bidirectional Very High
26 learning
Study | 2020 | Neural Net ANN Calibration Nonlinear High
27 mapping
Study | 2022 | Deep Learning | DL Model Thermal Drift correction High
28
Study | 2021 | Signal DSP Signal Noise filtering Moderate
29 Processing
Study | 2023 | Deep Learning | BiLSTM Nonlinear System Very High
30 compensation
Analysis Based on Literature Review Discussion

The comprehensive analysis of the literature
reveals a clear evolution from traditional
physics-based and statistical methods toward
advanced data-driven and deep learning
approaches for improving thermo-electro-
mechanical responses in MEMS resonant
accelerometers. Early methods, including
regression models and Kalman filtering,
provided foundational insights but lacked the
capability to address nonlinear and time-
dependent behaviors effectively. With the
advent of machine learning, techniques such as
support vector regression and artificial neural
networks improved modeling accuracy;
however, they remained limited in capturing
temporal dependencies. The introduction of
recurrent neural networks, particularly LSTM,
marked a significant advancement by enabling
time-series modeling. Nevertheless,
unidirectional architectures were insufficient
for fully capturing bidirectional dependencies
inherent in sensor data. Recent studies
demonstrate that Bidirectional LSTM models
outperform traditional and unidirectional
approaches by effectively modeling complex
temporal dynamics and nonlinear interactions.
Hybrid frameworks integrating physics-based
models with deep learning further enhance
performance, although they introduce additional
complexity. Overall, the literature indicates that
BiLSTM-based approaches offer the most
promising solution for achieving high accuracy,
robustness, and adaptability in MEMS
accelerometer systems.

139

The reviewed studies collectively highlight the
growing importance of intelligent modeling
techniques in addressing the challenges
associated with MEMS resonant accelerometers.
Thermo-electro-mechanical coupling effects
introduce  significant  nonlinearities and
temporal dependencies that traditional methods
struggle to handle effectively. The transition
toward deep learning approaches, particularly
sequence models, has enabled more accurate
and robust compensation strategies. Among
these, Bidirectional Long Short-Term Memory
networks have emerged as a powerful tool due
to their ability to process information in both
forward and backward directions, thereby
capturing comprehensive temporal patterns.
This capability is particularly relevant for MEMS
sensors, where current outputs are influenced
by both past states and future trends.
Furthermore, the integration of hybrid
approaches combining physical modeling with
data-driven techniques offers a balanced
solution that leverages domain knowledge while
adapting to complex system dynamics. Despite
these advancements, challenges remain in terms
of computational complexity, data requirements,
and real-time implementation. Addressing these
issues will be critical for the practical
deployment of advanced models in real-world
applications. Future research should focus on
developing efficient architectures, reducing
training data dependency, and exploring edge
computing solutions for on-device processing.
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Conclusion

Early techniques such as polynomial regression,
Kalman filtering, and statistical modeling
provided basic correction mechanisms but failed
to capture nonlinear and time-dependent
behaviors effectively. = Machine learning
approaches like support vector regression and
artificial neural networks improved prediction
accuracy, yet they lacked strong temporal
modeling capabilities. The introduction of
recurrent neural networks, particularly Long
Short-Term Memory (LSTM), enabled better

handling of sequential sensor data and
improved drift compensation. However,
unidirectional LSTM models still struggled to
fully  represent  bidirectional  temporal

dependencies in MEMS sensor signals, limiting
their overall effectiveness.

Bidirectional = Long  Short-Term  Memory
(BiLSTM) networks address these limitations by
processing information in both forward and
backward temporal directions, allowing a more
complete understanding of system dynamics.
This leads to improved noise suppression,
enhanced stability, and more accurate drift
prediction in MEMS resonant accelerometers.
Hybrid models that combine physics-based
principles with deep learning further enhance
interpretability and robustness. Emerging
techniques such as physics-informed neural
networks and reinforcement learning are also
gaining attention for their potential to improve
modeling accuracy and adaptability.

Despite these advancements, challenges remain
in terms of computational complexity, data
requirements, and real-time deployment
constraints. Deep learning models often require
large datasets and high processing power,
limiting their use in embedded or edge systems.
Future research should focus on lightweight
BiLSTM architectures, data-efficient learning
strategies, and hardware-friendly
implementations. Strong collaboration between
MEMS engineers and Al researchers will be
essential for developing next-generation
intelligent sensing systems. Overall, BiLSTM-
based approaches provide a highly promising
solution for improving thermo-electro-
mechanical responses in MEMS accelerometers,
enabling more reliable and adaptive sensing
technologies.
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