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Microelectromechanical Systems (MEMS) resonant accelerometers are
widely employed in aerospace, automotive, structural health
monitoring, biomedical devices, and inertial navigation due to their
high sensitivity and stability. However, their performance is
significantly affected by thermo-electro-mechanical coupling, including
temperature-induced stress, electrostatic nonlinearity, thermoelastic
damping, and structural vibrations, which reduce measurement
accuracy and long-term reliability. Conventional analytical and finite
element models often struggle to capture these complex nonlinear
interactions under varying operating conditions. This review examines
recent advances in deep learning and optimization techniques for
improving MEMS resonant accelerometer performance, with particular
emphasis on the Attention-Guided Siamese Fusion Neural Network
(AGSFNN). The AGSFNN framework integrates dual-stream feature
learning with attention mechanisms to effectively fuse thermal and
mechanical information, enabling accurate prediction and
compensation of resonant frequency variations. The review also
analyzes complementary approaches, including Convolutional Neural
Networks, Long Short-Term Memory networks, Graph Neural
Networks, Physics-Informed Neural Networks, transformer-based
architectures, and optimization algorithms for thermal compensation,
fault diagnosis, and nonlinear response modeling. Overall, the study
highlights intelligent neural network-based compensation as a
promising direction for developing robust, self-adaptive, and high-
precision MEMS resonant accelerometer systems for next-generation
sensing applications.
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Introduction

Microelectromechanical ~ Systems (MEMS)
resonant accelerometers have become essential
sensing devices in aerospace, automotive,
biomedical engineering, structural health
monitoring, and inertial navigation due to their
high sensitivity, low power consumption,
compact size, and excellent frequency stability.

© 2024 The Authors. Published by MRI INDIA.

Unlike conventional accelerometers that rely on
amplitude variation, MEMS resonant
accelerometers measure acceleration through
resonant frequency shifts, providing superior
noise immunity, long-term stability, and
compatibility with digital signal processing.
However, their performance is significantly
influenced by complex thermo-electro-
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mechanical interactions, including temperature-
induced stress, electrostatic nonlinearity,
thermoelastic damping, and substrate vibrations.
These coupled effects introduce frequency drift,
nonlinear responses, and reduced measurement
accuracy, posing major challenges for high-
precision sensing applications. Conventional
analytical models and finite element simulations
provide valuable insights but often require
extensive computational resources and fail to
support real-time compensation under varying
operating conditions.

Accurate modeling and compensation of
thermo-electro-mechanical effects are critical
for ensuring reliable MEMS accelerometer

performance in  practical  applications.
Temperature fluctuations alter material
properties and resonator stiffness, while

electrostatic excitation introduces nonlinear
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forces that interact with thermal effects,
resulting in complex dynamic behavior. Such
inaccuracies can accumulate over time in
inertial navigation systems, leading to
significant positioning errors, and may also
reduce the reliability of vibration monitoring
systems used in structural health assessment
and industrial = diagnostics. = Traditional
compensation techniques, including polynomial
calibration, lookup tables, and finite element
analysis using platforms such as COMSOL
Multiphysics and ANSYS, remain
computationally expensive and often lack the
adaptability required for dynamic environments.
Consequently, intelligent data-driven
approaches have gained increasing attention for
modeling these nonlinear interactions more
effectively.
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Figure 1. Proposed AGSFNN-Based Framework for MEMS Resonant Accelerometer Enhancement

Recent advances in artificial intelligence have
enabled powerful deep learning models capable
of learning highly nonlinear relationships
directly from sensor data without requiring
explicit physical equations. Convolutional
Neural Networks (CNNs), Long Short-Term
Memory (LSTM) networks, Graph Neural
Networks (GNNs), transformer architectures,
and Physics-Informed Neural Networks (PINNs)
have demonstrated remarkable success in
thermal compensation, fault diagnosis,
frequency drift prediction, and nonlinear
response estimation for MEMS devices.
Transformer-based models further enhance
performance by capturing long-range temporal
dependencies through self-attention
mechanisms, while hybrid learning strategies
combine data-driven intelligence with physical
constraints to improve prediction accuracy and
generalization.  Despite  these  advances,
effectively integrating multimodal thermal,
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electrical, and mechanical information remains a
significant research challenge.

The Attention-Guided Siamese Fusion Neural
Network (AGSFNN) has recently emerged as a
promising framework for addressing this
limitation. The Siamese architecture
simultaneously  processes  thermal and
mechanical signal streams through parallel
feature extraction networks, learning shared
representations that accurately characterize
coupled hermos-electro-mechanical behavior.
Attention  mechanisms  further improve
performance by emphasizing the most
informative temporal, spectral, and spatial
features responsible for resonant frequency
variations. This intelligent fusion strategy
enables accurate prediction and compensation
of frequency drift while enhancing robustness
under diverse operating conditions. Compared
with conventional single-stream architectures,
AGSFNN offers improved sensitivity,
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adaptability, and fault tolerance for precision
MEMS sensing systems.

This review comprehensively examines recent
developments in deep learning and optimization
techniques for enhancing the hermos-electro-
mechanical responses of MEMS resonant
accelerometers. It critically hermos CNNs,
LSTMs, GNNs, transformers, PINNs, optimization
algorithms, and attention-guided Siamese fusion
networks for thermal compensation, nonlinear
hermosg, and intelligent sensor calibration. The
review identifies current challenges related to
computational complexity, multimodal data
fusion, model generalization, and real-time
deployment while highlighting future
opportunities involving lightweight neural
architectures, edge intelligence, digital twins,
and physics-guided learning. These advances
provide a strong foundation for developing next-
generation self-compensating, high-accuracy
MEMS resonant accelerometers capable of
supporting demanding precision sensing
applications.

Literature Review

The literature on deep learning and
optimization for MEMS sensors has grown
substantially over the past decade, driven by
advances in both nanofabrication technology
and neural network training methodologies.
Rhoads et al. (2010) provided an early and
foundational examination of nonlinear dynamics
in MEMS resonators, demonstrating through
combined analytical and experimental methods
that parametric excitation introduces complex
frequency-amplitude relationships that are
highly sensitive to thermal boundary conditions.
Their work established the physical framework
within ~ which  data-driven = compensation
methods must operate and identified the
primary nonlinear coupling mechanisms,
including Duffing-type geometric nonlinearity
and electrothermal feedback, that remain the
dominant sources of measurement error in
modern  resonant  accelerometers.  This
foundational study motivated subsequent
researchers to seek compensation strategies
that could handle these inherently nonlinear
hermos-electro-mechanical interactions without
resorting to overly simplified linearized models.
Hajjam et al. (2011) investigated the design and
characterization of thermally actuated MEMS
resonant sensors using both finite element
simulation and experimental validation on
silicon-on-insulator platforms. Their study
highlighted the strong dependence of resonant

frequency on substrate temperature
distribution and demonstrated that
conventional polynomial fitting approaches
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failed to achieve compensation accuracies better
than a few parts per million across temperature
ranges exceeding fifty degrees Celsius. The
authors proposed a piecewise linearization
strategy ~ that  improved compensation
performance but at the cost of requiring
extensive calibration measurements at multiple
temperature set points, a practical limitation
that motivated subsequent researchers to
explore more generalizable data-driven
approaches capable of interpolating between
calibration conditions.

Zou et al. (2014) presented a comprehensive
study on temperature compensation for MEMS
resonant sensors using a support vector
regression approach trained on frequency-
temperature measurement data collected from
capacitively coupled silicon resonators. The
proposed method achieved significantly lower
residual frequency error compared to
polynomial fitting by leveraging the kernel-
based nonlinear mapping capability of support
vector machines. Their work was among the
first to demonstrate the feasibility of machine
learning for MEMS compensation tasks and
established a performance benchmark that
subsequent neural network approaches sought
to surpass. The dataset used consisted of
measurements collected over a temperature
range from minus forty to plus eighty-five
degrees Celsius, representative of automotive
qualification requirements.

Braghin et al. (2016) examined electrostatic
nonlinearity in MEMS resonant accelerometers
operating near pull-in instability and developed
a physics-based correction model that partially
accounted for the coupling between applied bias
voltage and effective spring constant. While
their physics-based approach provided valuable
insights into the mechanism of electrostatic
softening, the authors noted that the model
parameters were sensitive to fabrication
tolerances and that small variations in electrode
gap dimensions, which are ubiquitous in real
manufacturing processes, led to significant
prediction errors. This observation underscored
the need for adaptive or learning-based
compensation strategies that could account for
device-to-device variability without requiring
individual device characterization.

Zhang et al. (2017) proposed a long short-term
memory network architecture for the prediction
of frequency drift in MEMS resonators subjected
to time-varying thermal loads. By training the
LSTM on time series data generated through
coupled thermal-mechanical finite element
simulations in COMSOL Multiphysics, the
authors demonstrated that the network could
learn the thermal time constant dynamics of the
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resonator and accurately predict frequency drift
up to several seconds in advance. This
predictive capability was shown to be valuable
for feed-forward compensation in closed-loop
frequency control systems, and the approach
achieved root mean square prediction errors
below one part per million in simulation. The
work represented a significant advance over
reactive compensation approaches by
demonstrating that temporal neural
architectures could capture the memory effects
inherent in thermal dynamics.

Nguyen et al. (2018) developed a convolutional
neural network-based approach for classifying
fault conditions in MEMS inertial sensors by
processing spectral representations of the
sensor output signal. Their method transformed
raw time-domain accelerometer output into
short-time Fourier transform spectrograms,
which were then processed by a deep
convolutional network trained to distinguish
between normal operation, thermal overload,
mechanical shock damage, and electrostatic
discharge events. The approach achieved
classification accuracy exceeding ninety-six
percent on a dataset of experimentally collected
fault signatures from a batch of forty fabricated
MEMS devices, demonstrating the practical
utility of convolutional architectures for sensor
condition monitoring. The authors also
demonstrated that transfer learning from a
model pretrained on a larger simulation dataset
could significantly reduce the labeled
experimental data requirements.

Tabrizian et al. (2019) investigated the use of
physics-informed neural networks for modeling
thermoelastic damping in MEMS resonators,
incorporating the partial differential equations
governing heat conduction and elastic wave
propagation as soft constraints in the network
training loss function. This approach allowed
the network to generalize beyond the training
data distribution by enforcing physical
consistency in regions of the input space that
were not covered by available measurements.
The physics-informed framework achieved
modeling accuracy comparable to high-fidelity
finite element simulations at a fraction of the
computational cost, enabling real-time
evaluation of damping coefficients as a function
of temperature and geometry parameters. Their
methodology  established an  important
precedent for the integration of domain
knowledge into neural network architectures
for MEMS applications.

Liu et al. (2019) presented a Gaussian process

regression  framework  for  uncertainty
quantification in MEMS resonant accelerometer
calibration, demonstrating that Bayesian
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approaches could provide not only point
estimates of compensation corrections but also
statistically rigorous confidence bounds that are
essential for safety-critical navigation
applications. The Gaussian process model was
trained on a combination of finite element

simulation outputs and experimental
measurements, with the kernel function
designed to capture both the smooth

temperature dependence of frequency drift and
the measurement noise characteristics of the
experimental  apparatus. The  posterior
uncertainty estimates were shown to be well-
calibrated against held-out test data, validating
the reliability of the probabilistic compensation
approach.

Hajhashemi et al. (2021) developed a multi-task
learning  framework for  simultaneously
predicting resonant frequency, quality factor,
and effective spring constant of MEMS
resonators as functions of temperature and bias
voltage, arguing that the shared physical
dependencies among these output quantities
could be exploited to improve prediction
accuracy through joint training. The multi-task
network used a shared encoder backbone with
task-specific output heads, and training was
performed on a dataset of coupled thermal-
electrostatic-mechanical finite element
simulation results spanning a comprehensive
parameter space. The multi-task approach
consistently outperformed single-task networks
trained independently for each output quantity,
particularly in data-sparse regions of the
parameter space where shared learning
provided effective regularization.

Kanasugi et al. (2021) proposed an attention-
based sequence-to-sequence  model for
predicting the transient frequency response of
MEMS resonant sensors during thermal shock
events, motivated by the demanding thermal
cycling requirements of automotive and
aerospace qualification standards. The model
was trained on experimental frequency
response measurements collected during rapid
temperature cycling in a custom thermal shock
chamber and demonstrated accurate prediction
of frequency transients with time resolutions
below one millisecond. The attention
mechanism within the sequence-to-sequence
architecture was shown through visualization
studies to focus on the initial thermal shock
onset region of the input sequence, providing
interpretable evidence that the network had
learned physically meaningful temporal features.
Pandey et al. (2021) investigated the application
of graph neural networks for modeling the
spatial distribution of thermal stress in complex
MEMS device geometries, representing the
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device structure as a spatial graph where nodes
corresponded to finite element mesh points and
edges encoded mechanical connectivity. This
graph-based representation allowed the
network to generalize across different device
geometries without requiring fixed-dimensional
input representations, enabling a single trained
model to be applied to accelerometers with
varying proof mass geometries and anchor
configurations. The approach demonstrated
significant advantages over geometry-specific
neural network models in terms of data
efficiency and generalization capability.

Rocha et al. (2021) conducted an extensive
experimental and computational study of
frequency-temperature hysteresis in MEMS
resonant accelerometers, demonstrating that
the resonant frequency at a given temperature
depends not only on the current temperature
but also on the thermal history of the device due
to stress relaxation and material microstructure
evolution effects. Their work established that
standard temperature compensation
approaches that treat frequency as a single-
valued function of current temperature are
fundamentally limited in accuracy and that
history-dependent models are necessary for
achieving compensation errors below the one
part per million level. The authors proposed a
simple recurrent network model as an initial
demonstration of history-dependent
compensation but acknowledged that more
sophisticated architectures would be necessary
for operational deployment.

Shen et al. (2022) presented a comprehensive
comparative study of multiple deep learning
architectures applied to the temperature
compensation problem for MEMS resonant
sensors, including fully connected networks,
one-dimensional convolutional networks, LSTM
networks, and transformer architectures. The
comparison was performed on a unified
experimental dataset collected from a batch of
twenty MEMS resonant accelerometers
subjected to a standardized temperature profile
covering the full military temperature range.
The transformer architecture achieved the best
compensation performance across all metrics,
attributed primarily to its ability to capture
long-range temporal dependencies in the
thermal input history that LSTM networks failed
to retain over the hundred-second thermal time
constants characteristic of the tested devices.
Nguyen and Park (2022) investigated the use of
Siamese neural networks for cross-sensor
calibration transfer in MEMS accelerometer
arrays, demonstrating that the similarity
learning framework could effectively identify
correspondences between measurements from

122

different sensor units operating under different
but overlapping environmental conditions.
Their work constituted one of the first
applications of Siamese architectures to MEMS
sensor problems and established the conceptual
foundation for subsequent work incorporating
attention mechanisms to enhance the fusion of
dual-stream sensor representations. The study
used a dataset of one thousand paired
measurement sequences from fifty MEMS
devices and reported cross-sensor calibration
transfer errors significantly smaller than those
achieved by conventional linear regression-
based transfer methods.

Asadi et al. (2022) examined the role of
nonlinear damping in MEMS resonant
accelerometers at high oscillation amplitudes,
developing an experimental characterization
methodology and neural network identification
approach for the amplitude-dependent quality
factor. Their work demonstrated that Duffing-

type nonlinear damping could introduce
systematic errors in frequency-based
acceleration measurement at amplitudes

commonly encountered during mechanical
shock events, and that a neural network trained
to predict the amplitude-dependent frequency
shift could effectively correct these errors in
post-processing. The correction approach was
validated on experimental data from a suite of
shock tests conducted on a vibration table.

Malekpour et al. (2023) proposed a deep
learning approach for simultaneous estimation
of acceleration and angular rate from a single
resonant MEMS structure, exploiting the
coupling between translational and rotational
inertial inputs through a multi-output neural
network that processed the complete frequency
response function of the resonator. This inertial
fusion approach reduced device count and
associated packaging complexity compared to

conventional integrated measurement unit
designs using separate accelerometer and
gyroscope elements, with demonstrated

performance approaching that of dedicated
single-axis sensors in each measurement axis.

Xu et al. (2023) developed a federated learning
framework for collaborative training of MEMS
accelerometer compensation models across
multiple deployed sensor nodes without
requiring the transmission of raw sensor data to
a central server. By sharing only model gradient
updates rather than measurement data, the
federated approach addressed privacy and
bandwidth constraints in large-scale sensor
network  deployments  while  achieving
compensation model accuracy comparable to
centralized training on the pooled dataset. The
work demonstrated the practical scalability of
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deep learning compensation approaches to large
infrastructure monitoring deployments.

Kim et al. (2023) presented a transformer-based
architecture with cross-attention between
thermal and mechanical input streams for
MEMS resonant accelerometer compensation,
representing an important architectural
precursor to the Attention-Guided Siamese
Fusion approach reviewed here. The cross-
attention mechanism allowed each stream to
query relevant information from the other
stream, enabling the model to learn asymmetric
coupling relationships where, for example, high-
frequency mechanical oscillations selectively
perturb the effective thermal conductance path
of the resonator structure. The proposed
architecture outperformed both single-stream
transformer models and concatenation-based
fusion approaches on a benchmark dataset,
supporting the hypothesis that explicit cross-
domain attention is beneficial for hermos-
electro-mechanical modeling.

Yildiz et al. (2023) investigated the application
of meta-learning algorithms, specifically model-
agnostic meta-learning, to MEMS accelerometer
calibration, demonstrating that a meta-learned
initialization could be rapidly adapted to a new

Comparative Table and Analysis

device with as few as five calibration
measurements. This extreme data efficiency is
highly relevant for field calibration scenarios
where measurement time and equipment access
are severely constrained, and the approach was
demonstrated to generalize effectively across
devices from three different MEMS fabrication
processes with substantially different thermal
sensitivities.

Peng et al. (2023) developed a generative
adversarial network-based data augmentation
strategy for MEMS accelerometer training
dataset enrichment, using a conditional
generator trained on finite element simulation
data to synthesize realistic measurement
sequences for device and environmental
parameter combinations not covered by
available experimental data. The augmented
training dataset was shown to significantly
improve the generalization performance of
downstream compensation neural networks
when evaluated on out-of-distribution test
conditions,  suggesting  that  generative
augmentation can effectively bridge the gap
between simulation-derived training data and
real-world deployment conditions.

Table 1: Comparative Summary of Foundational and Modern MEMS Resonator Modeling Studies

Study Year | Technique Model/Architecture Key Contribution
Rhoads et | 2010 | Nonlinear Parametric Resonator Established thermo-electro-
al. Dynamics mechanical coupling framework
Zou et al. 2014 | Support Vector | Silicon Resonator Early machine learning-based
Regression thermal compensation
Zhang et | 2017 | LSTM Frequency Prediction | Thermal drift prediction using
al. Model deep learning
Tabrizian | 2019 | Physics-Informed PINN Real-time thermoelastic damping
etal. Learning prediction
Wang et | 2020 | Deep Residual | Dual-Frequency Significant reduction in thermal
al. Network Resonator bias error
Pandey et | 2021 | Graph Neural | Thermal Stress Model Geometry-aware thermal
al. Network response modeling
Shenetal. | 2022 | Transformer Temporal Improved prediction over LSTM
Compensation models
Nguyen & | 2022 | Siamese Neural | Cross-Sensor Dual-stream feature learning for
Park Network Calibration calibration
Kimetal. | 2023 | Cross-Attention Dual-Stream Fusion Enhanced thermo-mechanical
Transformer feature fusion
Xu et al. 2023 | Federated Learning | Distributed Privacy-preserving collaborative
Compensation model training
Comparative Analysis physics-based and statistical compensation

A systematic examination of the studies
surveyed in this review reveals several clear and
important trends in the application of deep
learning and optimization methods to MEMS
resonant accelerometer enhancement. The most
prominent trend is a progressive shift from
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approaches toward increasingly sophisticated
data-driven neural network methods over the
period from 2010 to the present. Early
contributions such as those of Rhoads et al.
(2010) and Hajjam et al. (2011) established the
physical characterization framework and
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identified the limitations of polynomial
compensation, creating the motivation for
subsequent machine learning approaches. The
introduction of support vector regression by
Zou et al. (2014) marked the first successful
application of machine learning to MEMS
frequency compensation and demonstrated
performance gains that directly stimulated
interest in deeper neural network architectures.
A second prominent trend visible in the
comparative table is the growing adoption of
temporal neural architectures capable of
processing sequential or time-series inputs
rather than treating each measurement as an
independent static mapping problem. The LSTM
approach of Zhang et al. (2017), the attention-
based sequence-to-sequence model of Kanasugi
et al. (2021), and the transformer comparative
study of Shen et al. (2022) collectively
demonstrate a consistent pattern in which
architectures that explicitly model temporal
dependencies achieve superior compensation
performance compared to memoryless models.
This trend directly reflects the physical reality of
MEMS thermal dynamics, where the current
resonant frequency state depends not only on
the instantaneous temperature but on the entire
thermal history of the device over time scales
determined by the thermal time constant, which
can range from milliseconds for small
resonating elements to hundreds of seconds for
larger proof masses with significant thermal
mass.

The emergence of fusion architectures
processing multiple input streams represents
perhaps the most significant architectural
innovation within the surveyed literature. The
progression from single-stream networks to
dual-stream models, as exemplified by the
residual network approach of Wang et al. (2020)
and the Siamese calibration transfer method of
Nguyen and Park (2022), and culminating in the
cross-attention transformer of Kim et al. (2023),
reflects a growing recognition that the thermo-
electro-mechanical  coupling problem is
inherently multivariate and that explicit
architectural support for multi-modal input
processing confers measurable performance
benefits. The comparative performance
advantage of the cross-attention fusion
architecture over concatenation-based fusion
reported by Kim et al. (2023) is particularly
significant as it provides empirical validation for

the architectural premise underlying the
Attention-Guided Siamese Fusion Neural
Network approach.

Dataset usage patterns across the reviewed
studies reveal a pragmatic evolution from
purely experimental to hybrid simulation-
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experimental corpora as the computational cost
of large-scale experimental characterization has
become increasingly prohibitive relative to the
data volume requirements of deep learning
methods. The physics-informed approaches of
Tabrizian et al. (2019) and the hybrid
framework of Tao et al. (2022) represent
sophisticated strategies for maximizing the
information extracted from limited
experimental data by incorporating physical
model constraints and simulation-derived
synthetic data respectively. The generative
augmentation approach of Peng et al. (2023)
extends this trend further by using adversarial
generation to synthesize training data for
conditions not represented in the simulation
parameter space, pointing toward a future
where training data scarcity is addressed
through intelligent data synthesis rather than
expanded experimental campaigns.

Discussion

The comparative analysis demonstrates that
deep learning and optimization techniques have
significantly improved the thermo-electro-
mechanical performance of MEMS resonant
accelerometers. Recent studies show that data-
driven models can effectively compensate for
temperature-induced frequency drift, nonlinear
electrostatic effects, and mechanical
disturbances while achieving higher accuracy
than  conventional  analytical = methods.
Architectures such as Convolutional Neural
Networks (CNNs), Long Short-Term Memory

(LSTM) networks, Graph Neural Networks
(GNNs), Physics-Informed Neural Networks
(PINNs), and transformer models have

substantially enhanced frequency prediction,
thermal compensation, and fault diagnosis.
Among these, hybrid architectures integrating
attention mechanisms and Siamese learning
provide superior multimodal feature fusion by
simultaneously  analyzing  thermal and
mechanical information, resulting in improved
prediction accuracy, robustness, and
generalization across diverse operating
conditions.

Despite these advances, several challenges
continue to limit practical deployment. Most
existing models are trained using laboratory-
generated or simulation-based datasets that
inadequately represent the dynamic thermal,
mechanical, and environmental conditions
encountered in real-world applications. Large
transformer and deep neural network
architectures also demand considerable
computational resources, making their
implementation difficult on resource-
constrained embedded MEMS platforms.
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Furthermore, current models often lack online
adaptation capabilities and fail to address
changing operational environments without
retraining. Techniques such as federated
learning, transfer learning, and meta-learning
provide promising solutions but require further

investigation to improve scalability and
deployment flexibility.

Another important research direction involves
incorporating uncertainty estimation into

intelligent compensation frameworks. Reliable
confidence measures are essential for safety-
critical applications such as aerospace
navigation, autonomous vehicles, and industrial
monitoring. Future research should therefore
focus on lightweight attention-guided Siamese
architectures, model compression, edge Al
implementation, online adaptive learning, and
uncertainty-aware neural networks. These
developments will facilitate the creation of
intelligent, self-calibrating, and energy-efficient
MEMS resonant accelerometers capable of
delivering robust, high-precision performance in
real-world sensing environments.

Conclusion

This review presents a comprehensive analysis
of deep learning and optimization techniques
for enhancing the thermo-electro-mechanical
performance of MEMS resonant accelerometers.
The findings demonstrate that advanced Al

models significantly improve temperature
compensation, frequency stability, nonlinear
response prediction, and overall sensing

accuracy compared with conventional analytical
and finite element approaches. Architectures
such as CNNs, LSTMs, Transformers, Physics-
Informed Neural Networks, and Siamese
networks each contribute unique advantages for
modeling complex multiphysics interactions.

Among the reviewed methods, the proposed
Attention-Guided Siamese Fusion Neural
Network (AGSFNN) provides a promising
framework by integrating dual-stream feature
learning with attention-based fusion to
effectively capture coupled thermal and
mechanical characteristics. Despite these
advances, challenges related to computational
complexity, dataset availability, real-time
deployment, and model generalization remain
important research issues. Future work should
emphasize lightweight Al architectures, physics-
informed learning, edge-based implementation,
uncertainty-aware prediction, and standardized
benchmark datasets. The integration of
intelligent optimization with next-generation
MEMS technologies is expected to enable highly
accurate, adaptive, and self-compensating
resonant  accelerometers for  aerospace,
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automotive, biomedical, and industrial sensing
applications.
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