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Abstract 

Micro-Electro-Mechanical Systems (MEMS) resonant accelerometers 
have emerged as highly sensitive devices for precision sensing 
applications, including aerospace navigation, structural health 
monitoring, and consumer electronics. However, their performance is 
significantly affected by thermo-electro-mechanical (TEM) coupling 
effects, which introduce nonlinearities, drift, and instability under 
varying environmental conditions. Traditional compensation techniques 
based on analytical modeling and calibration often fail to capture 
complex temporal dependencies and nonlinear interactions inherent in 
such systems. Recent advancements in deep learning, particularly 
Bidirectional Long Short-Term Memory (BiLSTM) networks, offer 
promising solutions for modeling time-dependent behaviors in MEMS 
sensors. This review paper explores the integration of deep learning and 
optimization techniques to enhance the performance of MEMS resonant 
accelerometers by mitigating TEM-induced distortions. It provides a 
comprehensive analysis of existing literature focusing on machine 
learning-based compensation methods, optimization frameworks, and 
hybrid modeling approaches. Furthermore, the paper discusses the 
advantages of BiLSTM in capturing bidirectional temporal dependencies, 
improving prediction accuracy, and enabling real-time compensation. 
Challenges such as data scarcity, model generalization, and 
computational complexity are also examined. The study concludes by 
highlighting future research directions in combining physics-based 
models with data-driven approaches for robust and adaptive MEMS 
sensor systems. 
 

 
Introduction 
Micro-Electro-Mechanical Systems (MEMS) 
resonant accelerometers represent a critical 
class of inertial sensors known for their high 
resolution, stability, and sensitivity. These 
devices operate based on frequency shifts 
induced by external acceleration, making them 
highly suitable for applications requiring 

precision measurement. Despite their 
advantages, MEMS resonant accelerometers are 
inherently susceptible to thermo-electro-
mechanical (TEM) coupling effects, which arise 
due to the interaction between thermal 
variations, electrical actuation, and mechanical 
deformation. These coupled effects introduce 
nonlinearities, frequency drift, bias instability, 
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and reduced accuracy, especially in dynamic or 
harsh environments. 
Traditional approaches to mitigating TEM 
effects largely rely on calibration techniques, 
temperature compensation models, and 
analytical formulations derived from physical 
principles. While effective to a certain extent, 
these methods often fail to fully capture the 
complex and time-dependent interactions 
within MEMS structures. The increasing 
availability of sensor data and advancements in 
computational capabilities have paved the way 
for data-driven approaches, particularly those 
based on deep learning. These approaches offer 
the ability to model nonlinear relationships and 
temporal dependencies that are otherwise 
difficult to characterize analytically. 
Among various deep learning architectures, 
Bidirectional Long Short-Term Memory 
(BiLSTM) networks have shown significant 
potential in time-series modeling. Unlike 
conventional LSTM networks, BiLSTM processes 
input data in both forward and backward 
directions, enabling a more comprehensive 
understanding of temporal dependencies. This 
characteristic is particularly beneficial for MEMS 
accelerometer signals, which often exhibit 
delayed and context-dependent variations due 
to TEM coupling. 
In addition to deep learning, optimization 
techniques play a vital role in enhancing model 
performance and system efficiency. Techniques 
such as genetic algorithms, particle swarm 
optimization, and gradient-based methods have 
been employed to fine-tune model parameters, 
improve convergence, and reduce 
computational overhead. The integration of 
optimization strategies with deep learning 
models further enhances their capability to 
deliver accurate and robust compensation for 
TEM effects. 
This review aims to systematically analyze 
recent developments in deep learning and 
optimization approaches applied to MEMS 
resonant accelerometers. It emphasizes the role 
of BiLSTM in improving sensor performance, 
explores various hybrid modeling strategies, 
and identifies key challenges and research gaps. 
By bridging the gap between traditional MEMS 
modeling and modern artificial intelligence 
techniques, this study contributes to the 
advancement of intelligent and adaptive sensing 
systems. 
 
Graphical Abstract 
The graphical abstract illustrates the end-to-end 
pipeline of MEMS accelerometer signal 
processing, beginning with raw TEM-affected 
sensor data. It highlights preprocessing steps 

such as noise filtering and normalization, 
followed by sequence modeling using a 
Bidirectional LSTM network. The final output 
represents compensated and optimized 
acceleration signals with improved stability and 
accuracy. 
 

 

 
Literature Review  
Study 1: Temperature Compensation in 
MEMS Accelerometers Using Neural 
Networks (Zhang et al., 2018) 
This study presents a neural network-based 
framework for compensating temperature-
induced drift in MEMS resonant accelerometers. 
The authors employ a feedforward neural 
network trained on temperature and frequency 
datasets collected under controlled conditions. 
The model effectively captures nonlinear 
relationships between temperature variations 
and frequency deviations. 
The results demonstrate a significant reduction 
in bias instability and improved measurement 
accuracy compared to traditional polynomial 
compensation methods. However, the model 
lacks temporal modeling capability, which limits 
its performance in dynamic environments.  
Study 2: LSTM-Based Drift Correction for 
MEMS Sensors (Wang et al., 2019) 
This research introduces a Long Short-Term 
Memory (LSTM) network for correcting drift in 
MEMS accelerometer outputs. The authors 
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emphasize the importance of temporal 
dependencies in sensor data and demonstrate 
how LSTM effectively models time-series 
behavior. 
Experimental results show improved drift 
compensation over conventional machine 
learning methods such as support vector 
machines. The study highlights the potential of 
recurrent neural networks but does not explore 
bidirectional architectures.  
Study 3: Thermo-Mechanical Modeling of 
MEMS Resonators (Lee and Park, 2017) 
The authors develop a physics-based thermo-
mechanical model to analyze frequency 
variations in MEMS resonators. The model 
incorporates thermal expansion, stress variation, 
and material properties to simulate sensor 
behavior under temperature fluctuations. 
While the model provides strong theoretical 
insights, it requires precise parameter 
estimation and struggles with real-time 
implementation. The study underscores the 
need for data-driven approaches to complement 
analytical models.  
Study 4: Hybrid Machine Learning for MEMS 
Sensor Calibration (Chen et al., 2020) 
This study proposes a hybrid approach 
combining physical modeling with machine 
learning techniques for MEMS sensor calibration. 
The authors integrate regression models with 
domain knowledge to improve prediction 
accuracy. 
The hybrid framework demonstrates enhanced 
robustness compared to standalone models, 
particularly under varying environmental 
conditions. However, the approach still relies on 
handcrafted features and lacks deep temporal 
learning capabilities.  
Study 5: Deep Learning-Based Signal 
Enhancement in MEMS Devices (Kumar et al., 
2021) 
This research explores the use of deep neural 
networks for enhancing signal quality in MEMS 
accelerometers. The proposed model focuses on 
denoising and feature extraction using 
convolutional neural networks. 
Results indicate improved signal-to-noise ratio 
and reduced measurement error. Despite its 
effectiveness, the model does not explicitly 
address thermo-electro-mechanical coupling 
effects or temporal dependencies.  
Study 6: Bidirectional LSTM for Time-Series 
Prediction in Sensor Systems (Li et al., 2020) 
The authors investigate the application of 
Bidirectional LSTM networks in time-series 
prediction tasks for sensor systems. The model 
processes input sequences in both forward and 
backward directions, capturing comprehensive 
temporal features. 

Experimental findings show superior 
performance compared to unidirectional LSTM 
models in terms of prediction accuracy and 
stability. The study suggests the applicability of 
BiLSTM in MEMS sensor compensation but does 
not provide domain-specific validation.  
Study 7: Optimization of MEMS Sensor 
Models Using Genetic Algorithms (Singh et al., 
2019) 
This study introduces a genetic algorithm-based 
optimization framework for tuning MEMS 
sensor model parameters. The approach aims to 
minimize error between predicted and actual 
sensor outputs. 
Results demonstrate improved convergence and 
reduced modeling error. However, the method is 
computationally intensive and does not 
incorporate deep learning techniques for 
enhanced modeling capability.  
Study 8: Temperature Drift Modeling Using 
Support Vector Regression (Huang et al., 
2018) 
The authors apply support vector regression 
(SVR) to model temperature-induced drift in 
MEMS accelerometers. The method effectively 
captures nonlinear relationships between 
temperature and sensor output. 
Although SVR achieves reasonable accuracy, it 
lacks scalability and struggles with large 
datasets. The study highlights the limitations of 
traditional machine learning methods compared 
to deep learning approaches.  
Study 9: Real-Time Compensation of MEMS 
Accelerometer Errors (Garcia et al., 2021) 
This research focuses on real-time error 
compensation in MEMS accelerometers using 
adaptive filtering techniques. The authors 
propose a dynamic model that adjusts 
parameters based on incoming data. 
The system shows improved real-time 
performance but is limited in handling complex 
nonlinear and temporal interactions. The study 
indicates the need for more advanced models 
such as deep recurrent networks.  
Study 10: Deep Recurrent Networks for 
Sensor Data Fusion (Rahman et al., 2022) 
The study explores deep recurrent neural 
networks for fusing data from multiple sensors 
to improve accuracy and reliability. The model 
integrates temporal features from different 
sources to enhance prediction. 
Results demonstrate improved robustness and 
reduced noise sensitivity. However, the 
approach increases computational complexity 
and requires extensive training data.  
Study 11: Deep Learning-Based Temperature 
Compensation Using CNN-LSTM Hybrid 
(Zhao et al., 2021) 
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This study proposes a hybrid CNN-LSTM 
architecture for temperature compensation in 
MEMS accelerometers. Convolutional layers are 
used for spatial feature extraction, while LSTM 
layers capture temporal dependencies in sensor 
data. The integration enables effective modeling 
of both static and dynamic variations. 
Experimental results indicate substantial 
improvement in compensation accuracy and 
reduction in temperature-induced drift. 
However, the model complexity increases 
computational requirements, limiting real-time 
deployment in resource-constrained systems.  
Study 12: Physics-Informed Neural Networks 
for MEMS Modeling (Gupta et al., 2022) 
The authors introduce physics-informed neural 
networks (PINNs) to incorporate governing 
equations of MEMS devices into deep learning 
models. This approach blends physical laws 
with data-driven learning for improved 
interpretability. 
The results show enhanced generalization and 
reduced dependency on large datasets. 
Nevertheless, the model requires careful 
formulation of physical constraints, which can 
be challenging for complex thermo-electro-
mechanical interactions.  
Study 13: BiLSTM-Based Sensor Drift 
Prediction (Chen and Liu, 2021) 
This research applies Bidirectional LSTM 
networks to predict long-term drift in MEMS 
sensors. By leveraging forward and backward 
temporal contexts, the model captures intricate 
sequence patterns effectively. 
The findings demonstrate superior performance 
over traditional LSTM and regression models in 
terms of prediction accuracy and stability. 
However, the study lacks integration with 
optimization techniques for further 
enhancement.  
Study 14: Particle Swarm Optimization for 
MEMS Calibration (Reddy et al., 2019) 
The study explores the use of particle swarm 
optimization (PSO) to calibrate MEMS 
accelerometers. The algorithm optimizes model 
parameters by simulating swarm intelligence 
behavior. 
Results reveal improved calibration accuracy 
and faster convergence compared to 
conventional optimization techniques. Despite 
its advantages, PSO does not address temporal 
dependencies in sensor data.  
Study 15: Deep Autoencoders for Noise 
Reduction in MEMS Signals (Patel et al., 2020) 
This research utilizes deep autoencoders to 
remove noise from MEMS accelerometer signals. 
The model learns compressed representations 
of input data and reconstructs clean signals. 

The approach significantly enhances signal 
quality and reduces noise-induced errors. 
However, it focuses solely on denoising and 
does not consider thermo-electro-mechanical 
coupling effects.  
Study 16: Time-Series Forecasting with 
BiLSTM in Engineering Systems (Kaur et al., 
2022) 
The authors investigate the application of 
BiLSTM networks for time-series forecasting in 
engineering systems. The model demonstrates 
strong capability in capturing bidirectional 
temporal dependencies. 
Results show improved forecasting accuracy 
and robustness compared to traditional 
recurrent models. The study supports the 
adoption of BiLSTM for MEMS accelerometer 
modeling but lacks direct experimental 
validation.  
Study 17: Temperature Compensation Using 
Gaussian Process Regression (Sun et al., 
2018) 
This study employs Gaussian Process 
Regression (GPR) to model temperature-
induced variations in MEMS accelerometers. The 
probabilistic nature of GPR allows uncertainty 
estimation in predictions. 
Although the method achieves high accuracy, it 
suffers from scalability issues with large 
datasets. The study highlights the need for more 
efficient deep learning approaches.  
Study 18: Reinforcement Learning for 
Adaptive Sensor Calibration (Mehta et al., 
2021) 
The authors propose a reinforcement learning 
framework for adaptive calibration of MEMS 
sensors. The system learns optimal calibration 
strategies through interaction with the 
environment. 
Results indicate improved adaptability and real-
time performance. However, the approach 
requires extensive training and may face 
stability challenges in highly dynamic conditions.  
Study 19: Multi-Physics Simulation of MEMS 
Resonant Accelerometers (Park et al., 2020) 
This research presents a multi-physics 
simulation model incorporating thermal, 
electrical, and mechanical effects in MEMS 
resonant accelerometers. The model provides 
detailed insights into system behavior under 
varying conditions. 
Despite its accuracy, the simulation is 
computationally expensive and unsuitable for 
real-time applications. The study reinforces the 
need for efficient surrogate models using deep 
learning.  
Study 20: Attention-Based LSTM for Sensor 
Data Modeling (Ahmed et al., 2022) 



International Journal on Advanced Computer Theory and Engineering 

352 

The study introduces an attention-based LSTM 
model to enhance sensor data modeling. The 
attention mechanism allows the model to focus 
on relevant temporal features. 
Experimental results show improved 
performance over standard LSTM models, 
particularly in handling long sequences. 
However, the model complexity increases 
computational overhead, limiting practical 
deployment.  
Study 21: Hybrid BiLSTM and Attention 
Mechanism for MEMS Drift Compensation 
(Zhou et al., 2022) 
This study proposes a hybrid BiLSTM-attention 
model to compensate drift in MEMS resonant 
accelerometers. The model integrates 
bidirectional temporal learning with attention 
layers to prioritize critical signal patterns. 
Results demonstrate superior drift correction 
and robustness under varying thermal 
conditions. However, increased computational 
complexity poses challenges for embedded 
system deployment.  
Study 22: Transfer Learning for MEMS 
Sensor Calibration (Verma et al., 2021) 
The authors explore transfer learning 
techniques to adapt pretrained deep learning 
models for MEMS calibration tasks. This 
approach reduces the need for large labeled 
datasets. 
The study shows improved generalization and 
faster convergence. However, domain mismatch 
between source and target datasets can affect 
performance.  
Study 23: Nonlinear Modeling of MEMS Using 
Deep Neural Networks (Ali et al., 2020) 
This research focuses on modeling nonlinear 
MEMS behavior using deep neural networks. 
The model effectively captures complex 
relationships between input parameters and 
sensor output. 
Experimental validation indicates improved 
accuracy over traditional analytical models. 
However, the lack of temporal modeling limits 
its applicability in dynamic scenarios.  
Study 24: Kalman Filter-Based Compensation 
in MEMS Sensors (Rodriguez et al., 2019) 
The study presents a Kalman filter-based 
approach for compensating noise and drift in 
MEMS accelerometers. The method provides 
real-time estimation and correction. 
While effective for linear systems, the approach 
struggles with nonlinear and coupled effects. 
This limitation highlights the need for advanced 
deep learning models.  
Study 25: Ensemble Learning for MEMS 
Sensor Accuracy Improvement (Sharma et al., 
2022) 

This research introduces an ensemble learning 
framework combining multiple machine 
learning models for MEMS sensor calibration. 
The approach enhances prediction robustness. 
Results show improved accuracy and reduced 
variance compared to individual models. 
However, ensemble methods increase 
computational cost and complexity.  
Study 26: Edge Computing for Real-Time 
MEMS Data Processing (Das et al., 2021) 
The authors investigate edge computing 
architectures for processing MEMS sensor data 
in real time. The framework reduces latency and 
enhances system responsiveness. 
Despite its advantages, deploying complex deep 
learning models at the edge remains challenging 
due to hardware limitations.  
Study 27: Deep Reinforcement Learning for 
Sensor Optimization (Khan et al., 2022) 
This study applies deep reinforcement learning 
to optimize MEMS sensor performance. The 
model learns optimal control strategies through 
interaction with the environment. 
The approach demonstrates improved 
adaptability and efficiency. However, it requires 
extensive training data and computational 
resources.  
Study 28: Temperature-Invariant MEMS 
Design Using AI Techniques (Iyer et al., 2020) 
The research explores AI-driven design 
optimization to develop temperature-invariant 
MEMS structures. The approach combines 
simulation data with machine learning models. 
Results indicate improved thermal stability and 
reduced sensitivity to environmental variations. 
However, the design process remains 
computationally intensive.  
Study 29: Sparse Modeling Techniques for 
MEMS Data Compression (Nguyen et al., 2021) 
This study introduces sparse modeling 
techniques to compress MEMS sensor data 
without significant loss of information. The 
approach reduces storage and transmission 
requirements. 
While effective in data reduction, the method 
does not directly address sensor accuracy or 
compensation of TEM effects.  
Study 30: BiLSTM-Based Real-Time 
Compensation Framework (Singh and Kaur, 
2023) 
The authors propose a real-time compensation 
framework using BiLSTM networks for MEMS 
accelerometers. The model processes streaming 
data to correct drift and nonlinearities. 
Experimental results demonstrate high accuracy, 
reduced latency, and improved robustness 
compared to traditional approaches. The study 
validates the effectiveness of BiLSTM in 
practical applications.  
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Comparative Table 
Study Year Method Model Data Type Key 

Contribution 
Performance 

1 2018 Neural 
Network 

FFNN Temperature-
Time 

Drift 
compensation 

Moderate 

2 2019 Deep 
Learning 

LSTM Time-Series Temporal drift 
modeling 

High 

3 2017 Analytical Physics-Based Thermal Theoretical 
modeling 

Moderate 

4 2020 Hybrid ML Regression Sensor Data Combined 
modeling 

High 

5 2021 Deep 
Learning 

CNN Signal Data Noise reduction High 

6 2020 Deep 
Learning 

BiLSTM Time-Series Bidirectional 
learning 

Very High 

7 2019 Optimization Genetic 
Algorithm 

Sensor Data Parameter 
tuning 

Moderate 

8 2018 ML SVR Temperature Nonlinear 
modeling 

Moderate 

9 2021 Adaptive Filtering Real-Time Online 
compensation 

High 

10 2022 Deep 
Learning 

RNN Multi-Sensor Data fusion High 

11 2021 Hybrid DL CNN-LSTM Time-Series Combined 
features 

Very High 

12 2022 PINN Neural 
Network 

Physics Data Physics 
integration 

High 

13 2021 Deep 
Learning 

BiLSTM Time-Series Drift prediction Very High 

14 2019 Optimization PSO Sensor Data Fast calibration High 
15 2020 Deep 

Learning 
Autoencoder Signal Data Noise removal High 

16 2022 Deep 
Learning 

BiLSTM Time-Series Forecasting Very High 

17 2018 ML GPR Temperature Probabilistic 
modeling 

High 

18 2021 RL Reinforcement Dynamic Adaptive 
calibration 

High 

19 2020 Simulation Multi-Physics TEM Data Detailed 
modeling 

Very High 

20 2022 Deep 
Learning 

Attention 
LSTM 

Time-Series Feature focus Very High 

21 2022 Hybrid DL BiLSTM-
Attention 

Time-Series Drift correction Very High 

22 2021 Transfer 
Learning 

DNN Sensor Data Data efficiency High 

23 2020 Deep 
Learning 

DNN Nonlinear Data Complex 
modeling 

High 

24 2019 Filtering Kalman Time-Series Real-time 
estimation 

Moderate 

25 2022 Ensemble ML Models Sensor Data Robust 
predictions 

High 

26 2021 Edge AI DL Models Streaming Low latency High 
27 2022 RL Deep RL Dynamic Optimization High 
28 2020 AI Design ML Models Simulation Thermal 

stability 
High 

29 2021 Sparse ML Sparse Models Sensor Data Compression Moderate 
30 2023 Deep BiLSTM Real-Time Live Very High 
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Learning compensation 
 
Analysis Based on Literature Review 
The reviewed literature demonstrates a clear 
evolution from traditional analytical and 
machine learning approaches toward advanced 
deep learning and hybrid frameworks for 
improving MEMS resonant accelerometer 
performance. Early studies primarily relied on 
physics-based modeling and regression 
techniques, which provided theoretical insights 
but lacked adaptability to complex and dynamic 
conditions. The introduction of machine 
learning methods such as support vector 
regression and Gaussian process regression 
improved nonlinear modeling but faced 
scalability and efficiency challenges. With the 
emergence of deep learning, particularly 
recurrent architectures like LSTM and BiLSTM, 
researchers have achieved significant 
advancements in capturing temporal 
dependencies and nonlinear interactions 
inherent in thermo-electro-mechanical systems. 
Hybrid models combining convolutional and 
recurrent layers further enhanced feature 
extraction and prediction accuracy. 
Optimization techniques, including genetic 
algorithms and particle swarm optimization, 
have been effectively used to fine-tune model 
parameters, although their integration with 
deep learning remains an area of ongoing 
research. Recent trends indicate a growing 
interest in physics-informed models, attention 
mechanisms, and real-time edge deployment, 
highlighting the shift toward intelligent and 
adaptive MEMS systems. Overall, BiLSTM-based 
approaches consistently demonstrate superior 
performance due to their ability to model 
bidirectional temporal dependencies, making 
them highly suitable for compensating complex 
sensor behaviors. 
 
Discussion 
The integration of deep learning and 
optimization techniques in MEMS resonant 
accelerometers has opened new avenues for 
addressing long-standing challenges associated 
with thermo-electro-mechanical coupling effects. 
Among the various approaches, Bidirectional 
Long Short-Term Memory networks have 
emerged as particularly effective due to their 
capability to process temporal data in both 
forward and backward directions, enabling a 
more comprehensive understanding of sensor 
behavior. This bidirectional processing 
significantly enhances the model's ability to 
capture delayed and context-dependent 
variations, which are common in MEMS systems. 
Furthermore, the incorporation of optimization 

techniques such as genetic algorithms, particle 
swarm optimization, and reinforcement learning 
has contributed to improved model 
performance, convergence speed, and 
adaptability. Despite these advancements, 
several challenges persist, including high 
computational complexity, the need for large 
labeled datasets, and difficulties in deploying 
deep learning models on resource-constrained 
devices. Additionally, while hybrid and physics-
informed models offer improved interpretability 
and generalization, they require careful design 
and domain expertise. Future research should 
focus on developing lightweight architectures, 
improving data efficiency through transfer 
learning, and integrating real-time processing 
capabilities. The convergence of deep learning, 
optimization, and edge computing is expected to 
play a crucial role in the development of next-
generation intelligent MEMS accelerometers. 
 
Conclusion 
This review has comprehensively examined the 
advancements in deep learning and 
optimization approaches aimed at improving 
the thermo-electro-mechanical responses of 
MEMS resonant accelerometers. The study 
highlights the limitations of traditional 
analytical and calibration-based methods, 
particularly in handling nonlinearities and 
temporal dependencies inherent in MEMS 
systems. The emergence of machine learning 
techniques marked a significant step forward, 
enabling better modeling of complex 
relationships between environmental factors 
and sensor outputs. However, it is the advent of 
deep learning, especially recurrent neural 
networks such as LSTM and Bidirectional LSTM, 
that has truly transformed the landscape of 
MEMS sensor modeling and compensation. 
BiLSTM networks, in particular, have 
demonstrated exceptional capability in 
capturing bidirectional temporal dependencies, 
leading to improved accuracy, stability, and 
robustness in sensor performance. The 
integration of optimization techniques has 
further enhanced these models by enabling 
efficient parameter tuning and adaptive learning. 
Hybrid approaches that combine physics-based 
models with data-driven techniques have shown 
promise in achieving both accuracy and 
interpretability, addressing one of the key 
challenges in applying deep learning to 
engineering systems. Moreover, recent 
developments in edge computing and real-time 
processing have paved the way for practical 
deployment of these advanced models in real-
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world applications. Despite these advancements, 
challenges such as computational complexity, 
data scarcity, and model generalization remain 
critical areas for future research. Addressing 
these issues will require interdisciplinary efforts, 
combining expertise in MEMS design, machine 
learning, and optimization. Future directions 
may include the development of lightweight 
deep learning architectures, the use of transfer 
learning to reduce data requirements, and the 
incorporation of explainable AI techniques to 
enhance model transparency. Additionally, the 
integration of digital twins and real-time 
monitoring systems could further improve the 
adaptability and reliability of MEMS 
accelerometers. In conclusion, the synergy 
between deep learning and optimization 
presents a powerful framework for advancing 
MEMS technology, with BiLSTM-based models 
playing a central role in enabling intelligent, 
adaptive, and high-performance sensing 
systems. 
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