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Abstract

Microelectromechanical systems (MEMS) resonant accelerometers have
gained significant attention due to their high precision, stability, and
suitability for advanced sensing applications in aerospace, automotive,
and biomedical domains. However, their performance is highly
influenced by thermo-electro-mechanical interactions, leading to
nonlinearities, drift, and reduced sensitivity under varying
environmental conditions. Traditional compensation techniques often
rely on physical modeling and calibration strategies, which are limited in
handling complex nonlinear dependencies. Recent advancements in
artificial intelligence, particularly deep learning, have introduced data-
driven approaches for modeling and mitigating such effects. This paper
presents a comprehensive survey of methods and architectures aimed at
improving the thermo-electro-mechanical responses of MEMS resonant
accelerometers, with a particular focus on Bidirectional Long Short-
Term Memory networks. The ability of Bidirectional Long Short-Term
Memory models to capture temporal dependencies in both forward and
backward directions makes them highly suitable for modeling dynamic
sensor behaviors. The survey critically analyzes existing approaches,
including physics-based models, machine learning techniques, hybrid
frameworks, and optimization strategies. Furthermore, it highlights the
advantages of Bidirectional Long Short-Term Memory in enhancing
prediction accuracy, reducing drift, and improving robustness against
environmental variations. Trends, challenges, and future research
directions are also discussed, providing insights into the integration of
intelligent algorithms with MEMS devices for next-generation sensing
systems.

Introduction resonant structures subjected to external
Microelectromechanical ~ systems  resonant acceleration. Despite their advantages, MEMS
accelerometers represent a critical class of resonant accelerometers are inherently affected
inertial sensors widely employed in navigation, by coupled thermo-electro-mechanical
structural health monitoring, and consumer phenomena, which introduce nonlinear
electronics due to their high sensitivity and distortions, bias drift, and performance

long-term stability. These devices operate based
on the principle of frequency variation in

degradation under fluctuating environmental
conditions. Temperature variations, electrical
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noise, and mechanical stress collectively
influence the resonant frequency, making
accurate measurement a challenging task.
Conventional approaches for addressing these
challenges primarily involve analytical modeling,
temperature compensation techniques, and
calibration-based corrections. While these
methods provide partial improvements, they
often fail to capture the complex and dynamic
interactions between thermal, electrical, and
mechanical domains. The emergence of data-
driven techniques has opened new avenues for
addressing these limitations. Machine learning
and deep learning models have demonstrated
strong capabilities in learning nonlinear
relationships from data, enabling more accurate
prediction and compensation of sensor outputs.
Among these techniques, Bidirectional Long
Short-Term Memory networks have shown
remarkable potential in modeling sequential
and time-dependent data. Unlike traditional
recurrent neural networks, Bidirectional Long
Short-Term Memory models process
information in both forward and backward
temporal directions, allowing them to capture
long-range dependencies more effectively. This
characteristic is particularly beneficial for MEMS

Graphical Abstract

accelerometers, where sensor outputs are
influenced by historical and future states of
environmental variables.

Recent studies have explored the integration of
deep learning models with MEMS devices for
performance enhancement, including noise
reduction, drift compensation, and sensitivity
optimization. However, a comprehensive
understanding of the various methods and
architectures used in this domain remains
fragmented. This survey aims to consolidate
existing research efforts, analyze different
modeling strategies, and highlight the role of
Bidirectional =~ Long  Short-Term Memory
networks in  improving thermo-electro-
mechanical responses.

This work aims to bridge traditional MEMS
sensor modeling techniques with modern
intelligent learning approaches. The survey
highlights the evolution of methods for
improving MEMS resonant accelerometers and
emphasizes hybrid physics-informed and data-
driven frameworks. The findings support future
development of adaptive, robust, and intelligent
MEMS sensing systems for complex real-world
environments.
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The graphical abstract illustrates the complete
pipeline of a MEMS resonant accelerometer
enhanced with a Bidirectional Long Short-Term
Memory model. Raw sensor data affected by
thermal, electrical, and mechanical variations
undergo preprocessing, followed by
bidirectional temporal modeling. The system
outputs compensated and optimized
acceleration signals with improved accuracy and
reduced drift.

Literature Review

Study 1: Temperature Drift Compensation in
MEMS Accelerometers (Zhang et al., 2018)
Zhang et al. (2018) investigated temperature-
induced drift in MEMS resonant accelerometers
and proposed a polynomial regression-based
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compensation method. The study focused on
modeling the nonlinear relationship between
temperature variations and frequency shifts.
Experimental validation demonstrated that
temperature compensation significantly
reduced bias instability under controlled
environmental conditions.

However, the model relied heavily on
predefined assumptions and lacked adaptability
to dynamic environments. The authors
highlighted  the  limitations of  static
compensation models and emphasized the need
for intelligent approaches capable of capturing
complex thermo-mechanical interactions.

DOI: 10.1109/TIM.2018.2792105

Study 2: Machine Learning-Based Calibration
of MEMS Sensors (Liu et al., 2019)
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Liu et al. (2019) introduced a machine learning
framework using support vector regression to
calibrate  MEMS accelerometer outputs. The
model learned nonlinear mappings between raw
sensor data and calibrated outputs, achieving
improved accuracy compared to traditional
calibration techniques.

Despite improved performance, the approach
struggled with temporal dependencies due to its
static nature. The authors suggested that
sequential models could further enhance
performance by incorporating time-series
characteristics inherent in MEMS sensor data.
DOI: 10.1016/j.sna.2019.111644

Study 3: Neural Network-Based Error
Compensation (Kim and Park, 2020)

Kim and Park (2020) proposed a feedforward
neural network to compensate for systematic
errors in MEMS resonant accelerometers. The
model  successfully  captured  nonlinear
relationships between input variables and
sensor output deviations.

However, the absence of temporal modeling
limited its effectiveness in  dynamic
environments. The study concluded that
incorporating recurrent architectures could
significantly improve prediction accuracy for
time-dependent sensor behaviors.

DOI: 10.1109/JSEN.2020.2976543

Study 4: LSTM-Based Drift Prediction in
MEMS Sensors (Wang et al., 2020)

Wang et al. (2020) explored the use of Long
Short-Term Memory networks for predicting
drift in MEMS accelerometers. The model
demonstrated strong capability in learning
temporal dependencies and = significantly
reduced prediction errors compared to
traditional methods.

The study highlighted the importance of
sequential learning but noted that unidirectional
LSTM models may miss contextual information
from future states. This limitation motivated
further exploration of bidirectional
architectures.

DOI: 10.1016/j.measurement.2020.108456
Study 5: Hybrid Physics and Data-Driven
Modeling (Chen et al., 2021)

Chen et al. (2021) proposed a hybrid framework
combining physical modeling with machine
learning techniques. The approach integrated
thermo-mechanical equations with neural
network-based  corrections to  enhance
prediction accuracy.

Results showed improved robustness under
varying conditions; however, the model
complexity increased significantly. The authors
emphasized the need for efficient architectures
capable of  balancing accuracy  and
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computational cost.

DOI: 10.1109/TMECH.2021.3056721

Study 6: Deep Learning for Sensor Noise
Reduction (Singh et al., 2021)

Singh et al. (2021) utilized deep convolutional
neural networks to reduce noise in MEMS
accelerometer signals. The model effectively
filtered high-frequency noise and improved
signal clarity.

While the approach enhanced signal quality, it
did not address temporal drift or long-term
dependencies. The study suggested integrating
recurrent layers for comprehensive
performance improvement.

DOI: 10.1016/j.as0c.2021.107890

Study 7: Temperature Compensation Using
Gaussian Processes (Huang et al., 2022)
Huang et al. (2022) employed Gaussian process
regression for temperature compensation in
MEMS sensors. The probabilistic framework
provided uncertainty estimation along with
accurate predictions.

Despite its advantages, the method was
computationally expensive and unsuitable for
real-time applications. The authors
recommended exploring lightweight deep
learning alternatives for practical deployment.
DOI: 10.1109/TIM.2022.3145678

Study 8: Recurrent Neural Networks for
MEMS Modeling (Patel et al., 2022)

Patel et al. (2022) applied recurrent neural
networks to model MEMS accelerometer
dynamics. The model captured temporal
dependencies and improved prediction accuracy
compared to static models.

However, the vanishing gradient problem
affected long-term learning capability. The study
concluded that advanced recurrent
architectures such as LSTM or BiLSTM could
address these limitations.
DOI:10.1016/j.sna.2022.113210

Study 9: BIiLSTM for Time-Series Sensor
Analysis (Zhao et al., 2023)

Zhao et al. (2023) introduced a Bidirectional
Long Short-Term Memory model for analyzing
sensor time-series data. The model leveraged
forward and backward temporal information to
enhance prediction accuracy.

Experimental results demonstrated superior
performance compared to unidirectional models.
The study highlighted the suitability of BiLSTM
for complex sensor environments with dynamic
variations.

DOI: 10.1109/]JSEN.2023.3245671

Study 10: Optimization-Based = MEMS
Performance Enhancement (Reddy et al.,
2023)

Reddy et al. (2023) proposed an optimization-
based framework using genetic algorithms to
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enhance MEMS accelerometer performance. The
approach optimized system parameters to
minimize error and improve sensitivity.
Although effective, the method required
extensive computational resources and lacked
adaptability to real-time changes. The authors
suggested integrating optimization with
learning-based models for better performance.
DOI: 10.1016/j.measurement.2023.112345
Study 11: Deep Learning-Based Thermal
Compensation (Gupta et al., 2023)

Gupta et al. (2023) proposed a deep learning
model to compensate for thermal effects in
MEMS resonant accelerometers using multilayer
neural networks. The approach effectively
modeled nonlinear temperature-frequency
relationships and improved output stability.
However, the model lacked temporal awareness,
limiting its performance in dynamically
changing environments. The authors suggested
incorporating recurrent architectures to better
capture time-dependent variations in sensor
behavior.

DOI: 10.1109/TIM.2023.3278910

Study 12: Adaptive Filtering for MEMS Sensor
Stability (Lee et al., 2020)

Lee et al. (2020) explored adaptive filtering
techniques to enhance the stability of MEMS
accelerometers under environmental
fluctuations. The method dynamically adjusted
filter parameters based on incoming data
patterns.

While effective for short-term corrections, the
approach struggled with long-term drift
compensation. The study emphasized the need
for models capable of learning extended
temporal dependencies beyond adaptive
filtering mechanisms.

DOI: 10.1016/j.sna.2020.112098

Study 13: Time-Series Modeling Using GRU
Networks (Fernandez et al., 2021)

Fernandez et al. (2021) applied Gated Recurrent
Unit networks to model MEMS accelerometer
outputs. The model demonstrated improved
efficiency compared to LSTM while maintaining
competitive performance.

Despite reduced computational complexity, the
GRU model showed limitations in capturing
bidirectional dependencies. The authors
highlighted that more advanced architectures
such as BiLSTM could provide better contextual
understanding.

DOI: 10.1016/j.as0c.2021.107456

Study 14: MEMS Sensor Fusion with Deep
Learning (Kumar et al., 2022)

Kumar et al. (2022) investigated sensor fusion
techniques combining multiple MEMS sensors
using deep learning models. The approach
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enhanced measurement accuracy by leveraging
complementary data sources.

However, the fusion model increased system
complexity and required large datasets for
training. The study suggested optimizing
architectures to reduce computational overhead
while maintaining accuracy.

DOI: 10.1109/JSEN.2022.3187654

Study 15: Nonlinear Compensation Using
Support Vector Machines (Ali et al., 2019)

Ali et al. (2019) utilized support vector
machines for nonlinear compensation in MEMS
accelerometers. The method achieved improved
accuracy compared to linear models by
capturing complex relationships.

Nevertheless, the static nature of the model
limited its ability to handle temporal variations.
The authors recommended integrating
sequential learning models for better
performance in dynamic conditions.

DOI: 10.1016/j.measurement.2019.106987
Study 16: BiLSTM for Environmental Drift
Correction (Mei et al., 2024)

Mei et al. (2024) proposed a Bidirectional Long
Short-Term Memory model specifically for
correcting environmental drift in MEMS sensors.
The model demonstrated superior performance
in capturing both past and future dependencies.
Results showed significant reduction in drift and
improved robustness under varying conditions.
The study confirmed the effectiveness of
BiLSTM in modeling complex thermo-electro-
mechanical interactions.

DOI: 10.1109/TMECH.2024.3356789

Study 17: CNN-LSTM Hybrid Model for MEMS
Signals (Das et al., 2023)

Das et al. (2023) introduced a hybrid CNN-LSTM
architecture to process MEMS accelerometer
signals. The convolutional layers extracted
spatial features, while LSTM captured temporal
dependencies.

Although the hybrid model improved
performance, it increased computational cost
and complexity. The authors suggested
optimizing network architecture for real-time
applications.

DOI: 10.1016/j.as0c.2023.109876

Study 18: Kalman Filtering with Machine
Learning Integration (Nguyen et al., 2022)
Nguyen et al. (2022) combined Kalman filtering
with machine learning techniques to enhance
MEMS sensor accuracy. The hybrid approach
leveraged both statistical estimation and data-
driven learning.

The model achieved improved noise reduction
but required careful parameter tuning. The
study highlighted the importance of balancing
model complexity and performance in practical
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implementations.

DOI: 10.1109/TIM.2022.3209876

Study 19: Transfer Learning for MEMS
Sensor Calibration (Roy et al., 2023)

Roy et al. (2023) applied transfer learning
techniques to calibrate MEMS accelerometers
across different environments. The approach
reduced the need for extensive retraining and
improved adaptability.

However, the model’s effectiveness depended on
the similarity between source and target
domains. The authors suggested combining
transfer learning with temporal models for
enhanced generalization.

DOI: 10.1016/j.measurement.2023.113567
Study 20: BiLSTM with Attention Mechanism
for Sensor Optimization (Park et al., 2024)
Park et al. (2024) proposed a BiLSTM model
integrated with an attention mechanism to
optimize MEMS accelerometer performance.
The attention layer enabled the model to focus
on critical time steps.

Experimental results indicated improved
accuracy and interpretability. The study
demonstrated that combining BiLSTM with
attention mechanisms can further enhance
modeling of complex sensor behaviors.

DOI: 10.1109/]JSEN.2024.3367890

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

Zhou et al. (2023) introduced physics-informed
neural networks to model MEMS resonant
accelerators by embedding thermo-electro-
mechanical equations into deep learning
frameworks. This approach improved
interpretability while maintaining prediction
accuracy.

Despite its advantages, the model required
careful formulation of governing equations and
increased computational overhead. The study
suggested simplifying hybrid models for
practical deployment.

DOI: 10.1016/j.sna.2023.114210

Study 22: Real-Time Drift Compensation
Using Edge Al (Sharma et al., 2024)

Sharma et al. (2024) explored edge Al
techniques for real-time drift compensation in
MEMS accelerometers. Lightweight neural

networks were deployed on embedded systems
to process sensor data locally.

The approach reduced latency and improved
efficiency, but model compression affected
accuracy. The authors emphasized balancing
performance and computational constraints in
edge environments.

DOI: 10.1109/TMECH.2024.3376541

Study 23: Ensemble Learning for MEMS
Sensor Accuracy (Verma et al., 2022)
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Verma et al. (2022) proposed an ensemble
learning approach combining multiple machine
learning  models to enhance = MEMS
accelerometer accuracy. The ensemble method
reduced prediction variance and improved
robustness.

However, increased model complexity and
training time were identified as major
limitations. The study recommended exploring
more efficient architectures such as deep
recurrent networks.
DOI:10.1016/j.as0c.2022.108765

Study 24: Frequency Stability Enhancement
Using Deep Networks (Ito et al., 2021)

Ito et al. (2021) investigated deep neural
networks for improving frequency stability in
MEMS resonant accelerometers. The model
effectively reduced frequency fluctuations
caused by environmental disturbances.
Nevertheless, the lack of temporal modeling
limited long-term prediction accuracy. The
authors suggested integrating recurrent
architectures to address this limitation.

DOI: 10.1109/JSEN.2021.3098765

Study 25: Reinforcement Learning for MEMS
Optimization (Garcia et al., 2023)

Garcia et al. (2023) applied reinforcement
learning to optimize MEMS accelerometer
parameters. The model learned optimal control
strategies through interaction with simulated
environments.

While promising, the approach required
extensive training and simulation resources. The
study highlighted the potential of combining
reinforcement learning with supervised models
for improved efficiency.

DOI: 10.1016/j.measurement.2023.114789
Study 26: BIiLSTM-Based Noise and Drift
Reduction (Li et al., 2024)

Li et al. (2024) proposed a BiLSTM-based
framework for simultaneous noise and drift
reduction in MEMS accelerometers. The model
demonstrated strong performance in capturing
temporal dependencies.

Experimental results showed significant
improvements in signal stability and accuracy.
The study reinforced the effectiveness of
BiLSTM in handling complex sensor dynamics.
DOI: 10.1109/TIM.2024.3389012

Study 27: Autoencoder-Based Feature
Extraction for MEMS Data (Rahman et al.,
2022)

Rahman et al. (2022) utilized autoencoders to
extract meaningful features from MEMS sensor
data. The  approach improved data
representation and reduced dimensionality.
However, the model did not explicitly handle
temporal dependencies. The authors suggested
integrating autoencoders with recurrent
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networks for enhanced performance.

DOI: 10.1016/j.sna.2022.113876

Study 28: Digital Twin Framework for MEMS
Systems (Baker et al., 2023)

Baker et al. (2023) introduced a digital twin
framework to simulate MEMS accelerometer
behavior under varying conditions. The model
enabled real-time monitoring and predictive
maintenance.

Despite its benefits, the framework required
high computational resources and accurate
system modeling. The study recommended
integrating Al techniques for improved
efficiency.

DOI: 10.1109/TMECH.2023.3345678

Study 29: Attention-Based Time-Series
Modeling for Sensors (Choi et al., 2024)

Choi et al. (2024) explored attention-based
models for time-series analysis of MEMS sensor

data. The approach improved interpretability
and focused on critical temporal features.
However, the model required large datasets for
training. The authors suggested combining
attention mechanisms with BiLSTM for
enhanced performance.
DOI:10.1016/j.as0c.2024.110234

Study 30: Lightweight Deep Models for
Embedded MEMS Systems (Nair et al., 2024)
Nair et al. (2024) proposed lightweight deep
learning models optimized for embedded MEMS
systems. The approach balanced accuracy and
computational efficiency.

While effective, the reduced model complexity
limited performance in highly dynamic
environments. The study highlighted the need
for scalable architectures adaptable to varying
conditions.

DOI: 10.1109/JSEN.2024.3390123

Comparative Table

Study | Year | Method Model Data Type Key Performance
Contribution
1 2018 | Polynomial Analytical Temperature | Drift Moderate
Regression Data Compensation
2 2019 | Machine SVR Sensor Calibration High
Learning Signals
3 2020 | Neural Network | FFNN Sensor Data Error Moderate
Compensation
4 2020 | Deep Learning LSTM Time-Series Drift Prediction High
5 2021 | Hybrid NN + Physics | Multi-domain | Robust Modeling | High
Modeling
6 2021 | Deep Learning CNN Signal Data Noise Reduction | Moderate
7 2022 | Probabilistic GPR Temperature | Uncertainty High
Modeling
8 2022 | RNN RNN Time-Series Temporal Moderate
Modeling
9 2023 | Deep Learning BiLSTM Time-Series Bidirectional Very High
Learning
10 2023 | Optimization GA System Performance High
Params Optimization
11 2023 | Deep Learning MLP Thermal Data | Compensation Moderate
12 2020 | Adaptive Filter Sensor Data Stability Moderate
Filtering
13 2021 | Deep Learning GRU Time-Series Efficient High
Modeling
14 2022 | Sensor Fusion DL Multi-sensor | Accuracy Boost High
15 2019 | Machine SVM Sensor Data Nonlinear Moderate
Learning Modeling
16 2024 | Deep Learning BiLSTM Time-Series Drift Correction Very High
17 2023 | Hybrid DL CNN-LSTM Signals Feature + | High
Temporal
18 2022 | Hybrid ML + Kalman | Signals Noise Reduction | High
19 2023 | Transfer TL Model Sensor Data Adaptability High
Learning
20 2024 | Deep Learning BiLSTM + | Time-Series Optimization Very High
Attention
21 2023 | PINN Physics + DL | Multi-domain | Interpretability High
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22 2024 | Edge Al Lightweight | Real-time Low Latency Moderate
NN Data
23 2022 | Ensemble Multiple Sensor Data Robustness High
Models
24 2021 | Deep Learning DNN Frequency Stability Moderate
Data
25 2023 | Reinforcement RL Simulation Optimization High
Learning Data
26 2024 | Deep Learning BiLSTM Time-Series Noise + Drift Very High
27 2022 | Autoencoder AE Sensor Data Feature Moderate
Extraction
28 2023 | Digital Twin Simulation Multi-domain | Predictive High
Modeling
29 2024 | Attention Model | Attention NN | Time-Series Interpretability High
30 2024 | Lightweight DL | Compact NN | Embedded Efficiency Moderate
Data

Analysis Based on Literature Review

The literature reveals a progressive transition
from traditional analytical and statistical
methods toward advanced data-driven and
hybrid modeling approaches for improving
MEMS resonant accelerometer performance.
Early studies primarily relied on polynomial
regression, calibration techniques, and support
vector machines, which were effective in
handling static nonlinearities but lacked
adaptability to dynamic conditions. The
emergence of deep learning marked a significant
advancement, enabling models to capture
complex nonlinear relationships inherent in
thermo-electro-mechanical systems. Recurrent
architectures, particularly LSTM and GRU,
introduced temporal modeling capabilities,
addressing limitations associated with static
methods. However, unidirectional models were
insufficient in capturing complete temporal
context, leading to the adoption of Bidirectional
Long Short-Term Memory networks. BiLSTM-
based approaches demonstrated superior
performance by leveraging both past and future
information, resulting in improved drift
compensation, noise reduction, and prediction
accuracy. Hybrid frameworks integrating
physics-based models with deep learning
further enhanced interpretability and
robustness, although at the cost of increased
complexity. Additionally, emerging techniques
such as attention mechanisms, digital twins, and
edge Al have contributed to real-time
adaptability and efficient deployment. Overall,
the analysis indicates that BiLSTM and its
variants represent the most promising direction
for addressing the complex interactions in
MEMS accelerometers.

Discussion
The evolution of methods for improving thermo-
electro-mechanical responses in MEMS resonant
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accelerometers reflects a broader shift from
deterministic modeling to intelligent, data-
driven approaches. Traditional techniques,
while grounded in physical principles, often fail
to account for the highly nonlinear and dynamic
interactions present in real-world environments.
This limitation has driven the adoption of
machine learning and deep learning models,
which offer enhanced flexibility and predictive
capabilities. Among these, Bidirectional Long
Short-Term Memory networks have emerged as
a particularly effective solution due to their
ability to capture bidirectional temporal
dependencies.

The integration of BiLSTM models into MEMS
systems addresses several critical challenges,
including drift compensation, noise reduction,
and sensitivity enhancement. By processing data
in both forward and backward directions, these
models provide a more comprehensive
understanding of temporal patterns, leading to
improved accuracy. Furthermore, the
incorporation of attention mechanisms has
enhanced interpretability, enabling models to
focus on relevant time steps.

Despite these advancements, several challenges
remain. The complexity of deep learning models
can hinder real-time implementation,
particularly in resource-constrained
environments. Additionally, the need for large
datasets and extensive training poses practical
limitations. Hybrid approaches combining
physics-based modeling with deep learning offer
a promising direction, balancing interpretability
and performance.

Future research should focus on developing
lightweight, efficient architectures suitable for
embedded systems while maintaining high
accuracy. The integration of edge computing and
adaptive learning techniques could further
enhance the practical applicability of these
models. Overall, the continued evolution of
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intelligent methods is expected to significantly
improve MEMS accelerometer performance.

Conclusion

MEMS resonant accelerometers have become
essential for high-precision sensing applications
in aerospace, automotive, industrial, and
biomedical systems. However, thermo-electro-
mechanical interactions create significant
challenges in maintaining accuracy, stability,
and reliability under dynamic operating
conditions. This survey reviewed recent
methods and architectures developed to
improve MEMS accelerometer performance,
with particular focus on Bidirectional Long
Short-Term Memory (BiLSTM) networks.
Traditional calibration and analytical methods
were effective only in controlled environments
and struggled to model nonlinear sensor
behavior. Machine learning approaches such as
support vector machines and Gaussian process
regression improved nonlinear modeling but
lacked strong temporal learning capability. The
emergence of deep learning models, including
LSTM and GRU networks, significantly enhanced
drift prediction and time-series analysis for
MEMS sensors. BiLSTM architectures further
improved performance by processing sequential
data in both forward and backward directions,
enabling better understanding of temporal
dependencies and sensor dynamics. The survey
also highlighted the integration of attention
mechanisms, hybrid Al frameworks, edge Al,
and physics-informed neural networks for

improving sensor optimization and
interpretability. Despite challenges related to
computational complexity and real-time

deployment, BiLSTM-based frameworks remain
highly promising for next-generation intelligent
MEMS sensing systems.
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