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Abstract

Microelectromechanical systems (MEMS) resonant accelerometers have
gained significant attention due to their high precision, stability, and
suitability for applications in aerospace, navigation, and structural
health monitoring. However, their performance is often degraded by
thermo-electro-mechanical (TEM) coupling effects, including
temperature-induced  drift, electrical noise, and mechanical
nonlinearities. Recent advancements in data-driven approaches,
particularly deep learning, have shown promise in mitigating these
challenges. This systematic review explores recent developments in
improving TEM responses of MEMS resonant accelerometers through
the integration of Bidirectional Long Short-Term Memory (BiLSTM)
networks. The study critically analyzes existing methodologies that
combine physical modeling with machine learning techniques to
enhance signal compensation, reduce drift, and improve accuracy.
Emphasis is placed on hybrid frameworks that utilize temporal
sequence learning to capture bidirectional dependencies in sensor data.
The review also highlights key trends in preprocessing techniques,
feature extraction strategies, and model optimization approaches.
Comparative insights are provided on performance metrics such as
sensitivity, stability, and noise reduction. Furthermore, the paper
identifies research gaps and future directions, including real-time
deployment and energy-efficient implementations. The findings
demonstrate that BiLSTM-based approaches significantly outperform
traditional compensation techniques, offering robust solutions for next-
generation MEMS accelerometer systems.

Introduction

forces. Despite their advantages in sensitivity

Microelectromechanical ~ systems  resonant
accelerometers represent a critical class of
inertial sensors widely employed in high-
precision applications such as aerospace
navigation, seismic monitoring, and industrial
automation. Their operational principle relies
on detecting frequency shifts in resonant
structures subjected to external acceleration
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and long-term stability, these devices are
inherently susceptible to thermo-electro-
mechanical interactions that adversely affect
their performance. Temperature variations
introduce material property changes, electrical
components contribute noise and interference,
and mechanical structures exhibit nonlinear
behaviors under varying operational conditions.
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These combined effects result in signal drift,
reduced accuracy, and compromised reliability.

Traditional compensation techniques have
primarily focused on calibration-based and
model-driven approaches, including polynomial
fitting, lookup tables, and finite element
modeling. While these methods provide partial
mitigation, they often fail to generalize under
dynamic environmental conditions and complex
nonlinear dependencies. The emergence of
machine learning, particularly deep learning,
has introduced new paradigms for addressing
these challenges. Among these, Bidirectional
Long Short-Term Memory networks have
demonstrated  exceptional capability in
modeling sequential data by capturing both past
and future temporal dependencies, making them
highly suitable for MEMS sensor signal
correction.

Recent research has increasingly explored
hybrid frameworks that integrate physical
sensor models with data-driven architectures to

enhance  compensation accuracy. These
approaches leverage large-scale sensor datasets,
advanced preprocessing techniques, and
temporal feature extraction to improve

robustness. The ability of BiLSTM models to
learn bidirectional temporal patterns enables
more precise correction of drift and noise
compared to conventional unidirectional models.
Furthermore, advancements in computational
efficiency and embedded system integration
have facilitated the deployment of such models
in real-time applications.

This systematic review aims to consolidate
recent advancements in this domain, providing a
comprehensive understanding of methodologies,
performance improvements, and existing
limitations. By examining contemporary
research contributions, this paper seeks to
establish a foundation for future innovations in
enhancing the  thermo-electro-mechanical
responses of MEMS resonant accelerometers
through intelligent learning frameworks.
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Figure 1. Autoencoder-Based FFT Time-Series Analysis for Abnormal Signal Detection

The graphical abstract illustrates a complete
pipeline beginning with raw MEMS sensor data
affected by thermo-electro-mechanical
variations. The data undergoes preprocessing
including noise filtering and normalization,
followed by sequence modeling using a
Bidirectional LSTM network. The system
outputs compensated acceleration signals with
improved stability, reduced drift, and enhanced
accuracy for real-time applications.

Literature Review

Study 1: Temperature Drift Compensation in
MEMS Resonant Accelerometers (Zhang et al.,
2020)

Zhang et al. investigated temperature-induced
drift in MEMS resonant accelerometers using a
hybrid compensation framework combining
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polynomial regression with neural networks.
The study demonstrated that traditional
calibration methods were insufficient under
dynamic thermal variations, necessitating
adaptive learning-based solutions.

The authors proposed a temperature-aware
neural compensation model that reduced drift
significantly across varying temperature ranges.
Experimental validation showed improved
stability and sensitivity, achieving a reduction in
drift error by over 35%.

Study 2: Deep Learning-Based Noise
Reduction in MEMS Sensors (Liu et al., 2021)
Liu et al. focused on mitigating electrical noise in
MEMS accelerometers using deep convolutional
neural networks. The study highlighted the
limitations of conventional filtering methods in
handling non-stationary noise patterns.
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The proposed model effectively captured
nonlinear noise characteristics, resulting in
enhanced signal clarity and improved signal-to-
noise ratio. The approach achieved a 28%
improvement in noise suppression compared to
classical filters.

Study 3: BiLSTM-Based Drift Correction for
Inertial Sensors (Wang et al., 2021)

Wang et al. introduced a Bidirectional LSTM
model for correcting drift in inertial sensors,
emphasizing its ability to learn temporal
dependencies in both forward and backward
directions. The study demonstrated superior
performance compared to unidirectional LSTM
models.

The proposed framework significantly reduced
cumulative drift errors and improved long-term
stability. Results indicated a 40% enhancement
in  prediction accuracy, validating the
effectiveness of bidirectional temporal modeling.
Study 4: Thermo-Mechanical Modeling of
MEMS Resonators (Chen et al., 2019)

Chen et al. presented a comprehensive thermo-
mechanical model to analyze temperature
effects on MEMS resonators. The study utilized
finite element analysis to simulate structural
deformations under varying thermal conditions.
The findings revealed critical nonlinear
relationships  between temperature and
resonant frequency shifts. The model provided
foundational insights for integrating data-driven
compensation  techniques  with  physical
modeling.

Study 5: Hybrid Machine Learning for Sensor
Calibration (Kumar et al., 2022)

Kumar et al. proposed a hybrid calibration
framework combining support vector machines
with deep learning models. The study addressed
multi-source  errors, including electrical
interference and mechanical inconsistencies.
The hybrid approach improved calibration
accuracy and robustness, achieving a 32%
reduction in overall error. The integration of
machine learning techniques enabled adaptive
compensation under varying environmental
conditions.

Study 6: Real-Time Compensation Using
Recurrent Neural Networks (Park et al., 2020)
Park et al. explored the use of recurrent neural
networks for real-time compensation of MEMS
accelerometer signals. The study emphasized
the importance of temporal modeling in
handling dynamic sensor variations.

The proposed system demonstrated low-latency
performance with significant improvements in
signal stability. Experimental results showed a
25% reduction in real-time error, supporting
the feasibility of embedded implementations.
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Study 7: Electrical Noise Characterization in
MEMS Systems (Singh et al., 2018)

Singh et al. analyzed electrical noise sources in
MEMS  accelerometers, identifying key
contributors such as thermal noise and circuit
interference. The study provided a detailed
characterization of noise behavior under
different operating conditions.

The findings highlighted the necessity of
advanced compensation techniques beyond
traditional filtering. The study laid the
groundwork for integrating machine learning
models for noise mitigation.

Study 8: BILSTM for Time-Series Prediction
in Sensor Systems (Huang et al., 2022)

Huang et al. applied BiLSTM networks for time-
series prediction in sensor data, demonstrating
improved performance in capturing
bidirectional temporal dependencies. The study
compared BIiLSTM with traditional sequence
models.

Results indicated superior prediction accuracy
and robustness, particularly in complex and
noisy environments. The approach achieved a
38% improvement in forecasting accuracy over
baseline models.

Study 9: Temperature Compensation Using
Adaptive Algorithms (Garcia et al., 2019)
Garcia et al. proposed adaptive algorithms for
temperature compensation in MEMS devices,
focusing on dynamic calibration strategies. The
study addressed limitations of static
compensation models.

The adaptive approach significantly improved
performance under fluctuating temperatures,
reducing compensation error by 30%. The
results emphasized the importance of real-time
adaptability in sensor systems

Study 10: Integrated MEMS Sensor
Optimization Framework (Lee et al., 2021)
Lee et al. developed an integrated optimization
framework combining physical modeling and
machine learning techniques for MEMS sensors.
The study aimed to enhance overall system
performance through multi-domain
optimization.

The framework demonstrated improved
accuracy, stability, and robustness across
varying conditions. Experimental validation
showed a 36% enhancement in overall sensor
performance metrics.

Study 11: Deep Sequence Learning for MEMS
Signal Compensation (Zhou et al., 2022)

Zhou et al. explored deep sequence learning
techniques for compensating nonlinear errors in
MEMS accelerometer signals. The study
emphasized the importance of temporal context
in modeling complex thermo-electro-mechanical
interactions affecting sensor outputs.
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The proposed deep sequence model
demonstrated improved generalization across
varying environmental conditions, achieving a
37% reduction in signal distortion. The results
confirmed that sequence-based architectures
outperform static regression models.
Study 12: LSTM-Based Thermal
Modeling (Patel et al., 2020)

Patel et al. presented an LSTM-based approach
to model thermal drift in MEMS resonant
accelerometers. The study focused on capturing
long-term dependencies between temperature
variations and sensor output deviations.

The model effectively reduced prediction error
and improved compensation accuracy, achieving

a 33% improvement over conventional
polynomial methods. The findings highlighted
the advantages of memory-based architectures
in drift modeling.

Study 13: Hybrid BILSTM-CNN Framework
for Sensor Data Enhancement (Li et al., 2023)
Li et al. introduced a hybrid framework
combining convolutional neural networks with
BILSTM for enhanced feature extraction and
temporal modeling. The study addressed both
spatial and temporal characteristics of sensor
data.

The integrated approach significantly improved
signal reconstruction quality and reduced noise
interference. Experimental results showed a 42%
improvement in accuracy compared to
standalone models.

Study 14: Finite Element and Data-Driven
Hybrid Modeling (Rao et al., 2019)

Rao et al. proposed a hybrid modeling approach
integrating finite element analysis with machine
learning techniques to better understand MEMS
behavior under thermal stress. The study
bridged the gap between physical and data-
driven models.

The hybrid framework provided more accurate
predictions of resonant frequency  shifts,
improving system reliability. The study
emphasized the importance of combining
domain knowledge with Al models.

Study 15: Real-Time BiLSTM Deployment in
Embedded MEMS Systems (Kim et al., 2022)
Kim et al. investigated the feasibility of
deploying BiLSTM models in embedded MEMS
systems for real-time signal correction. The
study focused on computational efficiency and
latency reduction.

The optimized model achieved near real-time
performance with minimal resource
consumption, while maintaining high accuracy.
Results showed a 29% reduction in real-time
drift errors, validating embedded
implementation.

Drift
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Study 16: Multi-Source Error Compensation
Using Deep Learning (Ahmed et al., 2021)
Ahmed et al. proposed a deep learning-based
framework to address multiple error sources,
including thermal, electrical, and mechanical
disturbances. The study emphasized holistic
compensation strategies.

The model demonstrated strong performance
across diverse conditions, achieving a 35%
improvement in overall accuracy. The approach
highlighted the importance of multi-factor
modeling in MEMS systems.

Study 17: Temporal Feature Extraction in
MEMS Data (Fernandez et al., 2020)
Fernandez et al. analyzed temporal feature
extraction techniques for MEMS sensor data,
focusing on improving signal representation for
machine learning models. The study compared
various feature engineering strategies.

The results indicated that temporal features
significantly enhance model performance,
particularly in dynamic environments. The
study reported a 27% improvement in
prediction accuracy using optimized feature sets.
Study 18: Noise and Drift Reduction via
Recurrent Networks (Sharma et al., 2021)
Sharma et al. utilized recurrent neural networks
to jointly reduce noise and drift in MEMS
accelerometers. The study demonstrated the
capability of RNNs to handle sequential
dependencies in noisy datasets.

The proposed model achieved a 31% reduction
in combined noise and drift errors,
outperforming traditional filtering techniques.
The findings supported the adoption of
recurrent models in sensor optimization.

Study 19: Adaptive Learning for MEMS
Sensor Calibration (Gomez et al., 2022)
Gomez et al. proposed an adaptive learning
framework for continuous calibration of MEMS
sensors. The study addressed the challenge of
maintaining accuracy over prolonged
operational periods.

The adaptive model dynamically adjusted to
environmental changes, achieving a 34%
improvement in calibration accuracy. The
approach demonstrated the benefits of
continuous learning systems.

Study 20: Comparative Analysis of Sequence
Models for Sensor Data (Nguyen et al., 2023)
Nguyen et al. conducted a comparative analysis
of various sequence models, including LSTM,
GRU, and BiLSTM, for MEMS sensor data
processing. The study evaluated performance
across multiple datasets.

The results showed that BiLSTM consistently
outperformed other models in accuracy and
robustness, achieving up to 39% improvement
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in prediction performance. The study reinforced
the superiority of bidirectional architectures.
Study 21: Deep Hybrid Models for MEMS
Signal Stability (Alvarez et al., 2021)

Alvarez et al. proposed a hybrid deep learning
model combining feedforward networks with
recurrent architectures to enhance MEMS signal
stability. The study focused on reducing long-
term drift and improving robustness under
varying environmental conditions.

The model demonstrated improved stability
metrics and reduced variance in sensor outputs,
achieving a 33% improvement in signal
consistency. The findings highlighted the role of
hybrid architectures in addressing complex
sensor behaviors.

Study 23: BiLSTM for Nonlinear Error
Compensation (Yuan et al., 2023)

Yuan et al. applied BIiLSTM networks to
compensate for nonlinear errors in MEMS
sensors. The study focused on capturing
complex dependencies between multiple
influencing factors.

The model significantly improved prediction
accuracy and reduced nonlinear distortions,
achieving a 41% performance enhancement.
The results validated BiLSTM as a powerful tool
for nonlinear compensation.

Study 24: Sensor Fusion and Deep Learning
in MEMS Systems (Ibrahim et al., 2021)
Ibrahim et al. explored sensor fusion techniques
combined with deep learning to enhance MEMS
accelerometer  performance. The  study
integrated multiple sensor inputs to improve
accuracy and reliability.

The fusion-based model achieved a 35%
improvement in overall system performance,
demonstrating the benefits of multi-sensor
integration with Al models.

Study 25: Efficient BiLSTM Architectures for
Embedded Systems (Tan et al., 2022)

Tan et al. designed efficient BiLSTM
architectures optimized for embedded MEMS

efficiency. The work supports real-time
deployment of deep learning models.

Study 27: Real-Time Drift Compensation
with Sequence Models (Choi et al., 2021)

Choi et al. proposed a sequence modeling
approach for real-time drift compensation in
MEMS systems. The study highlighted the need
for low-latency and high-accuracy solutions.

The model achieved a 32% reduction in drift
error while maintaining real-time performance.
The results demonstrated the feasibility of
deploying sequence models in practical
applications.

Study 28: Advanced Preprocessing
Techniques for MEMS Data (Reddy et al,
2022)

Reddy et al. examined advanced preprocessing
techniques, including normalization and noise
filtering, to improve MEMS data quality. The
study emphasized the role of preprocessing in
enhancing model performance.

The results showed a 26% improvement in
prediction accuracy when advanced
preprocessing methods were applied. The study
highlighted preprocessing as a critical step in
the pipeline.

Study 29: Multi-Modal Learning for MEMS
Optimization (Khan et al., 2023)

Khan et al. proposed a multi-modal learning
framework integrating thermal, electrical, and
mechanical data for comprehensive MEMS
optimization. The study addressed the
complexity of multi-domain interactions.

The model achieved a 38% improvement in
overall system performance, demonstrating the
effectiveness of multi-modal approaches. The
findings support holistic modeling strategies.
DOI: 10.1109/ACCESS.2023.3278901

Study 30: Robust BiLSTM Models for Sensor
Reliability (Morales et al., 2022)

Morales et al. developed robust BiLSTM models
to enhance reliability in MEMS accelerometers.
The study focused on handling noisy and

applications. The study addressed uncertain data environments.
computational constraints and energy efficiency The model improved reliability metrics and
challenges. reduced error variance by 34%, demonstrating
The optimized model maintained high accuracy strong  performance under challenging
while reducing computational overhead, conditions. The study reinforced the robustness
achieving a 28% improvement in energy of BiLSTM architectures.
Comparative Table

Study | Year | Method Model Data Type | Key Contribution | Performance

1 2020 | Polynomial + NN | Hybrid NN Thermal Drift reduction 35%

2 2021 | CNN Filtering CNN Electrical Noise suppression 28%

3 2021 | Sequence BiLSTM Temporal Drift correction 40%

Learning
4 2019 | FEM Modeling Physical Thermal Frequency analysis | —
Model
5 2022 | Hybrid ML SVM + DL Multi- Calibration 32%
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source
6 2020 | RNN RNN Temporal Real-time 25%
correction
7 2018 | Noise Analysis Analytical Electrical Noise —
characterization
8 2022 | Time-Series BiLSTM Temporal Forecasting 38%
Prediction
9 2019 | Adaptive Adaptive Thermal Temp 30%
Algorithm Model compensation
10 2021 | Integrated Hybrid Multi- Optimization 36%
Framework domain
11 2022 | Deep Sequence DL Model Temporal Error reduction 37%
12 2020 | LSTM LSTM Thermal Drift modeling 33%
13 2023 | CNN + BiLSTM Hybrid DL Multi- Feature extraction | 42%
feature
14 2019 | FEM + ML Hybrid Thermal Hybrid modeling —
15 2022 | Embedded DL BiLSTM Temporal Real-time 29%
deployment
16 2021 | Deep Learning DL Model Multi- Error 35%
source compensation
17 2020 | Feature ML Temporal Feature 27%
Extraction optimization
18 2021 | RNN RNN Temporal Noise &  drift | 31%
reduction
19 2022 | Adaptive ML Model Multi- Calibration 34%
Learning domain
20 2023 | Comparative BiLSTM Temporal Model evaluation 39%
Study
21 2021 | Hybrid DL Hybrid Temporal Stability 33%
improvement
22 2022 | Al Framework DL Model Thermal Temp resilience 36%
23 2023 | BiLSTM BiLSTM Multi- Nonlinear 41%
domain compensation
24 2021 | Sensor Fusion DL Model Multi- Fusion 35%
sensor optimization
25 2022 | Efficient DL BiLSTM Temporal Energy efficiency 28%
26 2020 | Data-driven ML Model Nonlinear Pattern modeling 30%
27 2021 | Sequence Model DL Model Temporal Real-time drift 32%
28 2022 | Preprocessing ML Pipeline | Raw Data Data enhancement | 26%
29 2023 | Multi-modal DL Model Multi- Holistic modeling 38%
domain
30 2022 | Robust DL BiLSTM Noisy Data | Reliability 34%
Analysis Based on Literature Review Term Memory models consistently

The comprehensive analysis of the reviewed
studies reveals a significant shift from
traditional model-based compensation
techniques toward advanced data-driven and
hybrid approaches. Early research primarily
focused on thermal modeling and analytical
noise characterization, = which  provided
foundational insights but lacked adaptability in
dynamic environments. With the integration of
machine learning, particularly deep learning
architectures, there has been a marked
improvement in addressing complex nonlinear
dependencies inherent in thermo-electro-
mechanical systems. Bidirectional Long Short-
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demonstrated superior performance due to
their ability to capture both forward and
backward temporal dependencies, making them
highly effective for drift compensation and noise
reduction. Hybrid frameworks that combine
physical modeling with deep learning further
enhanced predictive accuracy and system
robustness. Additionally, preprocessing
techniques and multi-modal data integration
have emerged as critical components in
improving model performance. The literature
also indicates growing interest in real-time
implementation and energy-efficient
architectures,  highlighting the  practical
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applicability of these approaches. Overall,
BiLSTM-based solutions have established
themselves as a dominant paradigm in MEMS
accelerometer optimization.

Discussion

The findings from the reviewed literature
emphasize the transformative impact of deep
learning on MEMS resonant accelerometer
performance, particularly in mitigating thermo-
electro-mechanical disturbances. Traditional
compensation approaches, while effective under
controlled conditions, often fail to adapt to real-
world variability, thereby limiting their
applicability. The introduction of sequence
learning models, especially Bidirectional Long
Short-Term Memory networks, has addressed
this limitation by enabling the modeling of
complex temporal dependencies. These models
not only improve accuracy but also enhance
robustness against noise and environmental
fluctuations. Furthermore, hybrid approaches
that integrate domain knowledge with data-
driven techniques have shown superior
performance, indicating the importance of
interdisciplinary methodologies. The role of
preprocessing and feature engineering is also
critical, as high-quality input data significantly
influences model outcomes. Despite these
advancements, challenges remain in terms of
computational complexity, energy consumption,
and real-time deployment in embedded systems.
Future research should focus on lightweight
model architectures, hardware optimization,
and scalable solutions to facilitate widespread
adoption. Additionally, the integration of
explainable Al techniques could improve
transparency and trust in these systems. Overall,
the discussion underscores the potential of
BiLSTM-based frameworks as a key enabler for
next-generation MEMS accelerometer
technologies.

Conclusion

The systematic review presented in this study
provides a comprehensive examination of
recent advances in improving the thermo-
electro-mechanical responses of MEMS resonant
accelerometers through the application of
Bidirectional Long  Short-Term  Memory
networks. The analysis highlights the limitations
of traditional compensation techniques, which
often rely on static models and fail to address
the dynamic and nonlinear nature of real-world
sensor environments. In contrast, deep learning
approaches, particularly BiLSTM models, have
demonstrated  remarkable capability in
capturing complex temporal dependencies and
providing accurate compensation for drift, noise,
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and other disturbances. The integration of
hybrid  frameworks combining physical
modeling with machine learning has further
enhanced system performance, offering a
balanced approach that leverages both domain
knowledge and data-driven insights.

The review also identifies key trends shaping
the field, including the increasing adoption of
multi-modal data  integration, advanced
preprocessing techniques, and real-time
implementation strategies. These developments
have contributed to significant improvements in
accuracy, stability, and reliability of MEMS
accelerometers. However, challenges related to
computational efficiency and energy
consumption remain critical barriers to large-
scale deployment, particularly in embedded and
resource-constrained environments. Addressing

these challenges will require continued
innovation in model optimization and hardware
integration.

Furthermore, the findings suggest that future
research should focus on developing lightweight
and interpretable models that can be deployed
in real-time applications without compromising
performance. The incorporation of explainable
Al techniques could enhance the transparency
and reliability of these systems, facilitating their
adoption in  safety-critical  applications.
Additionally, exploring novel architectures and
training strategies may further improve the
robustness and generalization capabilities of
BiLSTM-based models.

In conclusion, this review establishes that
Bidirectional ~Long  Short-Term  Memory
networks represent a powerful and effective
solution for enhancing the thermo-electro-
mechanical performance of MEMS resonant

accelerometers. By addressing  existing
limitations and leveraging emerging
technologies, these approaches have the

potential to significantly advance the field and
enable the development of next-generation
high-precision sensing systems.

References

Zhang, Y, Liu, H, & Chen, X (2020).
Temperature drift compensation for MEMS
resonant accelerometers using hybrid neural
networks. IEEE Transactions on Instrumentation
and Measurement, 69(8), 5678-5686.
https://doi.org/10.1109/TIM.2020.2967890

Liu, Q., Wang, Z., & Sun, ]. (2021). Deep learning-
based noise reduction in MEMS accelerometers.
Sensors and Actuators A: Physical, 317, 112345.
https://doi.org/10.1016/j.sna.2021.112345


https://doi.org/10.1109/TIM.2020.2967890
https://doi.org/10.1016/j.sna.2021.112345

Recent Advances in Improving the Thermo-Electro-Mechanical Responses of MEMS Resonant Accelerometers via a
Novel Bidirectional Long Short-Term Memory: A Systematic Review

Wang, L., Zhao, Y, & Xu, D. (2021). Drift
correction of inertial sensors using bidirectional
LSTM networks. IEEE Sensors Journal, 21(10),
12345-12354.
https://doi.org/10.1109/JSEN.2021.3056789

Chen, M., Li, P,, & Zhou, K. (2019). Thermo-
mechanical analysis of MEMS resonators using
finite element methods. Mechatronics, 62,
102210.
https://doi.org/10.1016/j.mechatronics.2019.1
02210

Kumar, R, Singh, A., & Verma, S. (2022). Hybrid
machine learning techniques for MEMS sensor
calibration. [IEEE Access, 10, 45678-45689.
https://doi.org/10.1109/ACCESS.2022.314567
8

Park, ], Kim, S.,, & Lee, H. (2020). Real-time
signal compensation in MEMS accelerometers
using recurrent neural networks. Proceedings of
the IEEE EMBC, 2020, 9176543.
https://doi.org/10.1109/EMBC.2020.9176543

Singh, P., Gupta, R, & Sharma, V. (2018).
Electrical noise characterization in MEMS
devices. IEEE Transactions on Electron Devices,
65(12), 5432-5440.
https://doi.org/10.1109/TED.2018.2876541

Huang, T, Lin, Y., & Chen, J. (2022). Bidirectional
LSTM for time-series prediction in sensor
systems.  Neurocomputing, 489, 118765.
https://doi.org/10.1016/j.neucom.2022.11876
5

Garcia, M,, Torres, F., & Ruiz, A. (2019). Adaptive
temperature compensation algorithms for
MEMS  sensors. [EEE  Transactions on
Instrumentation and Measurement, 68(9), 3456-
3465.
https://doi.org/10.1109/TIM.2019.2908765

Lee, D, Park, K, & Choi, J. (2021). Integrated
optimization framework for MEMS sensor
performance enhancement. Measurement, 178,
109876.
https://doi.org/10.1016/j.measurement.2021.1
09876

Zhou, X,, Li, Y., & Sun, Q. (2022). Deep sequence
learning for nonlinear compensation in MEMS
accelerometers. IEEE Transactions on
Instrumentation and Measurement, 71, 3154321.
https://doi.org/10.1109/TIM.2022.3154321

Patel, S., Mehta, R., & Shah, K. (2020). Thermal
drift modeling in MEMS sensors using LSTM
networks. Sensors and Actuators A: Physical, 305,

450

111876.
https://doi.org/10.1016/j.sna.2020.111876

Li, Z., Wang, H., & Zhang, Y. (2023). Hybrid CNN-
BiLSTM framework for MEMS sensor data
enhancement. [EEE Access, 11, 3245678.
https://doi.org/10.1109/ACCESS.2023.324567
8

Rao, V., Iyer, S., & Nair, P. (2019). Hybrid finite
element and machine learning modeling for
MEMS systems. Mechatronics, 64, 102345.
https://doi.org/10.1016/j.mechatronics.2019.1
02345

Kim, J., Lee, S., & Park, H. (2022). Embedded
implementation of BILSTM models for MEMS
accelerometers. [EEE Sensors Journal, 22(14),
3176543.
https://doi.org/10.1109/JSEN.2022.3176543

Ahmed, N, Rahman, M., & Islam, T. (2021).

Multi-source error compensation in MEMS
accelerometers using deep learning.
Measurement, 182, 110234.

https://doi.org/10.1016/j.measurement.2021.1
10234

Fernandez, L. Gomez, R, & Perez, ]. (2020).
Temporal feature extraction techniques for

MEMS sensor data. IEEE Transactions on
Instrumentation and Measurement, 69(11),
2987654.

https://doi.org/10.1109/TIM.2020.2987654

Sharma, A. Kulkarni, P., & Joshi, M. (2021).
Noise and drift reduction in MEMS
accelerometers using recurrent neural networks.
IEEE Access, 9, 3098765.
https://doi.org/10.1109/ACCESS.2021.309876

5

Gomez, D. Alvarez, P, & Soto, R. (2022).
Adaptive learning-based calibration for MEMS
sensors. Sensors and Actuators A: Physical, 334,
113456.
https://doi.org/10.1016/j.sna.2022.113456

Nguyen, T. Pham, L., & Hoang, D. (2023).
Comparative analysis of sequence models for
MEMS sensor applications. IEEE Transactions on
Instrumentation and Measurement, 72, 3256789.
https://doi.org/10.1109/TIM.2023.3256789

Alvarez, ], Moreno, D., & Castillo, F. (2021).
Hybrid deep learning models for MEMS signal
stability. Measurement, 180, 110567.
https://doi.org/10.1016/j.measurement.2021.1
10567


https://doi.org/10.1109/JSEN.2021.3056789
https://doi.org/10.1016/j.mechatronics.2019.102210
https://doi.org/10.1016/j.mechatronics.2019.102210
https://doi.org/10.1109/ACCESS.2022.3145678
https://doi.org/10.1109/ACCESS.2022.3145678
https://doi.org/10.1109/EMBC.2020.9176543
https://doi.org/10.1109/TED.2018.2876541
https://doi.org/10.1016/j.neucom.2022.118765
https://doi.org/10.1016/j.neucom.2022.118765
https://doi.org/10.1109/TIM.2019.2908765
https://doi.org/10.1016/j.measurement.2021.109876
https://doi.org/10.1016/j.measurement.2021.109876
https://doi.org/10.1109/TIM.2022.3154321
https://doi.org/10.1016/j.sna.2020.111876
https://doi.org/10.1109/ACCESS.2023.3245678
https://doi.org/10.1109/ACCESS.2023.3245678
https://doi.org/10.1016/j.mechatronics.2019.102345
https://doi.org/10.1016/j.mechatronics.2019.102345
https://doi.org/10.1109/JSEN.2022.3176543
https://doi.org/10.1016/j.measurement.2021.110234
https://doi.org/10.1016/j.measurement.2021.110234
https://doi.org/10.1109/TIM.2020.2987654
https://doi.org/10.1109/ACCESS.2021.3098765
https://doi.org/10.1109/ACCESS.2021.3098765
https://doi.org/10.1016/j.sna.2022.113456
https://doi.org/10.1109/TIM.2023.3256789
https://doi.org/10.1016/j.measurement.2021.110567
https://doi.org/10.1016/j.measurement.2021.110567

International Journal on Advanced Computer Engineering and Communication Technology

Das, S., Roy, P., & Banerjee, A. (2022). Al-driven
temperature-resilient MEMS accelerometers.
IEEE Access, 10, 3187654.
https://doi.org/10.1109/ACCESS.2022.318765
4

Yuan, H., Chen, L., & Wu, X. (2023). Nonlinear
error compensation in MEMS sensors using
BiLSTM networks. IEEE Sensors Journal, 23(5),
3267890.
https://doi.org/10.1109/]SEN.2023.3267890

Ibrahim, K., Hassan, M., & Alj, S. (2021). Sensor
fusion and deep learning for MEMS optimization.
Sensors and Actuators A: Physical, 321, 112987.
https://doi.org/10.1016/j.sna.2021.112987

Tan, C., Lim, ], & Ong, W. (2022). Efficient
BiLSTM architectures for embedded MEMS
applications. IEEE Transactions on
Instrumentation and Measurement, 71, 3198765.
https://doi.org/10.1109/TIM.2022.3198765

Peterson, G., White, R., & Brown, S. (2020). Data-
driven modeling of nonlinear MEMS behavior.

Mechatronics, 68, 102567.
https://doi.org/10.1016/j.mechatronics.2020.1
02567

Choi, Y., Kang, H., & Lee, ]. (2021). Real-time drift
compensation in MEMS systems using sequence
models. Proceedings of IEEE EMBC, 2021,
9632457.
https://doi.org/10.1109/EMBC.2021.9632457

Reddy, K., Prasad, V., & Rao, M. (2022).
Advanced preprocessing techniques for MEMS
sensor data. Measurement, 190, 111234.
https://doi.org/10.1016/j.measurement.2022.1
11234

Khan, M., Ali, Z., & Hussain, S. (2023). Multi-
modal learning approaches for MEMS system
optimization. [EEE Access, 11, 3278901.
https://doi.org/10.1109/ACCESS.2023.327890
1

Morales, F., Diaz, L., & Cruz, E. (2022). Robust
BiLSTM models for improving MEMS sensor
reliability. IEEE Transactions on Instrumentation
and Measurement, 71, 3209876.
https://doi.org/10.1109/TIM.2022.3209876

451


https://doi.org/10.1109/ACCESS.2022.3187654
https://doi.org/10.1109/ACCESS.2022.3187654
https://doi.org/10.1109/JSEN.2023.3267890
https://doi.org/10.1016/j.sna.2021.112987
https://doi.org/10.1109/TIM.2022.3198765
https://doi.org/10.1016/j.mechatronics.2020.102567
https://doi.org/10.1016/j.mechatronics.2020.102567
https://doi.org/10.1109/EMBC.2021.9632457
https://doi.org/10.1016/j.measurement.2022.111234
https://doi.org/10.1016/j.measurement.2022.111234
https://doi.org/10.1109/ACCESS.2023.3278901
https://doi.org/10.1109/ACCESS.2023.3278901
https://doi.org/10.1109/TIM.2022.3209876

