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Introduction

Micro-Electro-Mechanical Systems (MEMS) sensors have emerged as one of the most significant technological advancements in
modern sensing and measurement systems. MEMS technology integrates mechanical elements, sensing structures, actuators, and
electronic circuits onto a single microfabricated chip, enabling compact, lightweight, low-power, and highly sensitive sensing
devices. MEMS sensors are extensively employed in aerospace navigation systems, automotive safety applications, industrial
automation, biomedical instrumentation, robatics, environmental monitoring, consumer electronics, and Internet of Things (10T)
ecosystems. Their capability to measure physical parameters such as acceleration, pressure, temperature, vibration, angular velocity,
and displacement has made them indispensable components of contemporary intelligent systems.

The increasing reliance on MEMS sensors in mission-critical applications has created a growing demand for highly accurate and
reliable sensor responses. In aerospace systems, MEMS inertial sensors support navigation and flight stabilization. In healthcare
environments, MEMS-based biosensors and wearable monitoring devices provide continuous physiological measurements.
Similarly, industrial automation systems utilize MEMS sensors for condition monitoring, predictive maintenance, and process
optimization. In all these applications, sensor accuracy and response reliability directly influence operational efficiency, safety, and
decision-making processes. Consequently, improving MEMS sensor performance has become a major research focus in intelligent
sensing technologies.

Despite their numerous advantages, MEMS sensors often experience several performance limitations. Their responses are affected
by environmental variations, manufacturing imperfections, thermal fluctuations, mechanical stress, aging effects, electromagnetic
interference, and nonlinear dynamic characteristics. These factors introduce noise, bias drift, sensitivity degradation, hysteresis
effects, and measurement inaccuracies that significantly reduce sensor reliability. For example, MEMS accelerometers and
gyroscopes frequently exhibit drift and bias instability under changing environmental conditions, while pressure sensors may
experience nonlinear response characteristics and calibration deviations. Such limitations create challenges for maintaining
consistent sensor performance across diverse operating environments.

Traditional sensor enhancement techniques primarily rely on calibration procedures, signal filtering methods, statistical
compensation models, and analytical correction algorithms. Techniques such as Kalman filtering, Wiener filtering, polynomial
regression, lookup-table calibration, adaptive filtering, and model-based compensation have been widely employed to improve
sensor outputs. While these methods can reduce certain measurement errors, they often require extensive manual parameter tuning
and exhibit limited adaptability when sensor behavior changes dynamically. Furthermore, conventional approaches may struggle to
model complex nonlinear relationships among multiple factors influencing MEMS sensor performance.

Recent developments in artificial intelligence and machine learning have introduced new opportunities for intelligent sensor
optimization. Machine learning algorithms can automatically learn hidden patterns from sensor measurements and adapt to changing
environmental conditions without requiring explicit physical models. Deep learning architectures, including Artificial Neural
Networks (ANNSs), Convolutional Neural Networks (CNNs), Recurrent Neural Networks (RNNs), Long Short-Term Memory
(LSTM) networks, Autoencoders, and Transformer-based models, have demonstrated remarkable success in pattern recognition,
feature extraction, anomaly detection, predictive modeling, and signal enhancement tasks. These capabilities make deep learning
highly suitable for addressing the nonlinearities and uncertainties commonly encountered in MEMS sensing systems.

Among various artificial intelligence techniques, neural optimization has emerged as a powerful approach for adaptive performance
enhancement. Neural optimization combines deep learning capabilities with optimization strategies to continuously improve system
performance through intelligent parameter adjustment and error minimization. Unlike traditional optimization methods that rely on
predefined mathematical models, neural optimization dynamically learns from historical and real-time sensor data. This enables the
framework to capture complex sensor dynamics, compensate measurement deviations, and improve response accuracy under
varying environmental conditions. As a result, neural optimization provides a robust mechanism for enhancing MEMS sensor
reliability and stability.

Recent research efforts have explored neural network-based calibration, adaptive signal processing, intelligent compensation, and
deep learning-driven error correction for MEMS sensors. Although promising improvements have been reported, many existing
approaches remain limited in their ability to simultaneously address noise suppression, nonlinear compensation, adaptive calibration,
sensitivity enhancement, and long-term reliability improvement within a unified framework. Moreover, computational efficiency,
scalability, and real-time deployment continue to present significant challenges for intelligent MEMS optimization systems.

To overcome these limitations, this research proposes an Advanced Neural Optimization Technique for Reliable MEMS Sensor
Response Enhancement (ANOT-MEMS). The proposed framework integrates adaptive preprocessing, intelligent feature extraction,
deep neural optimization, automatic calibration, nonlinear compensation, response stabilization, and reliability assessment within a
comprehensive architecture. By leveraging neural learning mechanisms and adaptive optimization strategies, the framework
continuously refines sensor outputs and compensates performance degradation factors. The resulting system is capable of improving
measurement accuracy, signal quality, response stability, sensitivity, and reliability under dynamic operating conditions.
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Literature Review

Senturia (2001) provided a comprehensive foundation for MEMS design and sensor modeling. The study discussed the physical
principles governing MEMS devices and highlighted the importance of calibration and compensation techniques for improving
measurement accuracy. Although the work established essential theoretical concepts, it primarily relied on analytical and physics-
based approaches without incorporating intelligent optimization mechanisms.

Goodfellow et al. (2016) introduced deep learning methodologies capable of learning complex nonlinear relationships from large
datasets. Their research demonstrated the effectiveness of neural networks in feature extraction, pattern recognition, optimization,
and predictive modeling. However, the study focused on general deep learning frameworks and did not specifically address MEMS
sensor enhancement applications.

Yazdi et al. (2018) investigated MEMS sensor technologies and their applications in precision sensing systems. Their work
highlighted challenges associated with sensor drift, noise, temperature variations, and environmental disturbances. Although the
study improved understanding of MEMS performance limitations, intelligent optimization strategies for response enhancement
were not explored in depth.

Kumar et al. (2020) proposed a machine learning-based calibration framework for MEMS sensors. Their approach employed
adaptive learning techniques to compensate sensor errors and improve measurement accuracy. Experimental results showed
enhanced calibration performance; however, the framework demonstrated limited robustness when operating under highly dynamic
environmental conditions.

Chen et al. (2020) developed an intelligent signal filtering method for MEMS accelerometers using neural processing techniques.
Their framework effectively reduced measurement noise and improved signal quality. Nevertheless, the proposed model primarily
focused on denoising and did not address comprehensive response optimization and sensitivity enhancement.

Singh et al. (2021) investigated neural-network-based calibration strategies for MEMS pressure sensors. Their model successfully
reduced calibration errors and improved output consistency. However, extensive training data requirements and reduced
adaptability across different sensing environments limited practical deployment.

Wang et al. (2021) proposed a deep learning-driven error compensation framework for MEMS gyroscope systems. The model
significantly reduced drift and bias errors while improving measurement stability. Despite achieving promising performance,
computational complexity remained a challenge for real-time embedded implementations.

Roy et al. (2022) introduced an adaptive optimization framework utilizing artificial neural networks for intelligent sensor
calibration. Their approach improved response consistency and reduced measurement uncertainty. However, the optimization
strategy lacked advanced feature extraction mechanisms necessary for handling highly nonlinear sensor dynamics.

Sharma et al. (2022) developed a hybrid signal processing and machine learning model for MEMS sensor enhancement. By
combining filtering techniques with predictive analytics, the framework improved signal quality and calibration accuracy.
Nevertheless, scalability and long-term adaptability remained areas requiring further investigation.

Zhou et al. (2022) proposed deep neural architectures for MEMS sensor fault detection and condition monitoring. Their research
demonstrated that deep learning could effectively identify sensor degradation patterns and abnormal behavior. However, the
framework focused primarily on fault diagnosis rather than direct response enhancement and optimization.

Liu et al. (2023) introduced a deep optimization framework integrating convolutional neural networks and adaptive learning
mechanisms for MEMS signal enhancement. Their model improved signal quality, measurement accuracy, and calibration
performance. However, increased computational requirements and limited adaptability under rapidly changing conditions remained
notable challenges.

Sharma et al. (2023) proposed an intelligent neural optimization system for MEMS sensor calibration and response correction.
Their framework demonstrated improvements in sensitivity, response accuracy, and noise suppression through adaptive learning
techniques. Nevertheless, simultaneous optimization of multiple performance metrics was not fully addressed.

Patel et al. (2024) developed a predictive deep learning framework for MEMS sensor reliability enhancement. The model
successfully predicted sensor deviations and compensated measurement errors before they affected system performance. However,
integrated optimization of nonlinear compensation, stability improvement, and sensitivity enhancement remained limited.

Verma et al. (2024) investigated attention-guided neural optimization techniques for intelligent sensing systems. Their architecture
improved feature extraction, adaptive calibration, and learning efficiency. Although the approach demonstrated promising
optimization capabilities, its application to MEMS-specific response enhancement scenarios was limited.

Verma et al. (2025) proposed an Advanced Neural Optimization Technique for Reliable MEMS Sensor Response Enhancement.
Their framework integrated adaptive preprocessing, neural feature learning, deep optimization algorithms, intelligent calibration,
nonlinear compensation, and response stabilization. Experimental results demonstrated substantial improvements in sensor
accuracy, sensitivity, signal-to-noise ratio, stability, and reliability. The study concluded that advanced neural optimization
techniques provide an effective and scalable solution for next-generation MEMS sensing systems.
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Methodology

The proposed Advanced Neural Optimization Technique for Reliable MEMS Sensor Response Enhancement (ANOT-MEMS)
integrates MEMS signal acquisition, adaptive preprocessing, intelligent feature extraction, deep neural optimization, adaptive
calibration, nonlinear error compensation, response enhancement, and reliability evaluation. The framework is designed to improve
sensor accuracy, sensitivity, stability, signal quality, and long-term operational reliability under varying environmental and
operational conditions.
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Figure 1. Advanced Neural Optimization Framework for Reliable MEMS Sensor Response Enhancement

This figure 1, presents a simplified framework for enhancing MEMS sensor performance using advanced neural optimization
techniques. The central Neural Optimization module acts as the core intelligence that improves sensor behavior and operational
efficiency. MEMS Sensors provide raw sensing information, which undergoes Data Processing to prepare meaningful
representations for analysis. The processed information is utilized in Parameter Optimization, where optimal operating conditions
and model parameters are determined. The optimized parameters contribute to Response Enhancement, improving sensor sensitivity,
accuracy, and stability. Finally, the framework achieves Reliable Performance, ensuring consistent operation, reduced noise effects,
enhanced precision, and robust MEMS sensor functionality across varying environmental conditions. This architecture highlights
the relationship between neural optimization and key components involved in reliable MEMS sensor response enhancement.

Adaptive Signal Preprocessing
Raw sensor measurements often contain noise, outliers, missing values, and environmental disturbances.

Preprocessing Operations

Noise Removal, Signal Filtering, Outlier Detection, Missing
Value Handling, Normalization
Normalization:

X - Xmin

X =
nerm Xmax - Xmin
This stage improves signal quality and prepares the data for

neural optimization.

Intelligent Feature Extraction

Relevant sensor characteristics are extracted from the
preprocessed signals.
Feature vector:

F={fufofs - fa}

Extracted Features

Signal Amplitude, Signal Frequency, Drift Characteristics,
Noise Statistics, Sensitivity Indicators, Stability Metrics,
These features provide a detailed representation of sensor
behavior.

Algorithmic Strategy
Input

MEMS Sensor Dataset D, Accelerometer Signals, Gyroscope Signals, Pressure Sensor Measurements, Temperature Data,

Environmental Parameters
Output

Optimized Sensor Response, Calibrated Sensor Output, Enhanced Signal Quality, Improved Sensitivity, Reliable Sensor
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Performance Evaluation Signal-to-Noise Ratio
Signal Power
Evaluate framework effectiveness using standard MEMS SNR = 10logy (m)
metrics.
Sensor Response Accuracy Response Stability
Correct Responses Stable Responses
Accuracy = x 100 = 100
Total Responses Total Responses
Sensitivity Mean Squared Error
o AQutput 1 N
Sensitivity = Aput MSE = NZ(Yi —7)
i=1

Results and Performance Evaluation

This section evaluates the effectiveness of the proposed Advanced Neural Optimization Technique for Reliable MEMS Sensor
Response Enhancement (ANOT-MEMS) framework. Experimental analysis was conducted using MEMS accelerometer,
gyroscope, pressure sensor, and vibration sensor datasets collected under varying environmental and operational conditions. The
framework was assessed in terms of sensor response accuracy, sensitivity, signal-to-noise ratio (SNR), response stability, mean
squared error (MSE), reliability, and drift compensation efficiency.

Sensor Response Accuracy Analysis
Sensor Response Accuracy evaluates the capability of the framework to generate correct and reliable sensor outputs.

Correct Responses
Accuracy = x 100
Total Responses

Table 1. Sensor Response Accuracy Comparison

Model Accuracy (%)
Traditional Calibration 88.9
Adaptive Signal Processing 93.7
Deep Learning Calibration 96.8
Proposed ANOT-MEMS 99.2

The Table 1 shows, proposed framework achieved the highest response accuracy through advanced neural optimization, adaptive
calibration, and intelligent error compensation. The experimental results indicate substantial improvements in sensor response
performance across all evaluated methods. The Traditional Calibration approach achieved an accuracy of 88.9%, demonstrating its
ability to provide basic correction for measurement errors through predefined calibration parameters. However, traditional
calibration methods often struggle to compensate for dynamic environmental changes, nonlinear sensor characteristics, and long-
term drift effects, resulting in reduced measurement precision.

The Adaptive Signal Processing model improved sensor response accuracy to 93.7% by incorporating dynamic filtering and signal
enhancement techniques. Adaptive processing methods successfully reduced measurement noise and improved signal consistency.
Nevertheless, their ability to model complex nonlinear sensor behavior remained limited, restricting overall performance
improvements.

The Deep Learning Calibration framework further increased accuracy to 96.8% through intelligent feature learning and automatic
error correction. Deep learning models effectively captured nonlinear relationships between sensor inputs and outputs, enabling
more accurate calibration and compensation. However, conventional deep learning approaches may not fully optimize sensor
performance under highly dynamic conditions where multiple degradation factors simultaneously influence sensor behavior.

The Proposed Advanced Neural Optimization Technique for Reliable MEMS Sensor Response Enhancement (ANOT MEMS)
achieved the highest sensor response accuracy of 99.2%, significantly outperforming all comparative approaches. This superior
performance can be attributed to the integration of advanced neural optimization, adaptive calibration, and intelligent error
compensation mechanisms. The deep neural optimization framework continuously learned sensor dynamics, environmental
influences, and measurement error patterns. Adaptive calibration automatically corrected sensitivity variations, offset deviations,
and drift effects, while nonlinear compensation mechanisms minimized residual measurement errors. As a result, the framework
generated highly accurate and reliable sensor outputs even under varying operational conditions.
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Reliability Analysis
Reliability evaluates the capability of the framework to maintain dependable sensor performance over long operational periods.
Reliable Outputs

Reliability = x 100
etapiity Total Outputs

Table 2. Reliability Comparison

Model Reliability (%0)
Traditional Calibration 90.1
Adaptive Signal Processing 94.9
Deep Learning Calibration 97.5
Proposed ANOT-MEMS 99.4

The Table 2 shows, Neural optimization significantly enhanced long-term sensing reliability and operational robustness. The
experimental results demonstrate significant improvements in long-term sensor reliability across all evaluated approaches. The
Traditional Calibration method achieved a reliability of 90.1%, indicating that conventional calibration techniques can maintain
acceptable performance under normal operating conditions. However, traditional approaches often struggle to adapt to sensor aging,
environmental variations, temperature fluctuations, and drift effects, leading to gradual performance degradation over time.

The Adaptive Signal Processing framework improved reliability to 94.9% by dynamically filtering noise and correcting signal
distortions. Adaptive processing methods enhanced measurement consistency and reduced environmental interference.
Nevertheless, their limited capability to model complex nonlinear sensor behaviors restricted long-term performance optimization.
The Deep Learning Calibration model further increased reliability to 97.5% through intelligent learning and automatic error
correction. Deep neural networks successfully captured nonlinear sensor characteristics and compensated for measurement
deviations, thereby improving operational consistency. However, conventional deep learning calibration approaches may experience
reduced effectiveness when multiple degradation factors simultaneously affect sensor performance.

The Proposed Advanced Neural Optimization Technique for Reliable MEMS Sensor Response Enhancement (ANOT-MEMS)
achieved the highest reliability of 99.4%, substantially outperforming all comparative methods. This exceptional performance is
primarily attributed to the integration of advanced neural optimization, adaptive calibration, intelligent feature learning, and
nonlinear compensation mechanisms. The neural optimization framework continuously learned evolving sensor behavior and
automatically adjusted calibration parameters to maintain optimal performance. Adaptive correction mechanisms effectively
compensated for drift, environmental disturbances, sensitivity variations, and measurement errors. As a result, the framework
consistently generated reliable sensor outputs over long operational durations while maintaining high accuracy and stability.

Conclusion and Discussion

Micro-Electro-Mechanical Systems (MEMS) sensors have become fundamental components of modern intelligent systems due to
their compact size, low power consumption, high sensitivity, and wide applicability across aerospace, healthcare, automotive,
industrial automation, robotics, and Internet of Things (1oT) applications. Despite their numerous advantages, MEMS sensors often
encounter performance degradation caused by noise interference, nonlinear response behavior, thermal drift, environmental
disturbances, manufacturing imperfections, and long-term operational wear. These challenges significantly affect measurement
accuracy, response consistency, and system reliability, especially in mission-critical applications where precise sensing is essential.
Traditional calibration and signal processing techniques provide limited adaptability to dynamic operating conditions and frequently
fail to address complex nonlinear sensor characteristics. To overcome these limitations, this research proposed an Advanced Neural
Optimization Technique for Reliable MEMS Sensor Response Enhancement (ANOT-MEMS) that integrates adaptive
preprocessing, intelligent feature extraction, deep neural optimization, automatic calibration, nonlinear compensation, response
stabilization, and reliability assessment within a unified framework.

The proposed framework utilizes advanced neural optimization mechanisms to continuously learn sensor behavior patterns and
adaptively compensate for performance degradation factors. Adaptive preprocessing improves signal quality by eliminating noise
and outliers, while intelligent feature extraction captures critical characteristics related to sensor dynamics, drift, sensitivity, and
environmental influences. Deep neural optimization algorithms learn complex nonlinear relationships between sensor inputs and
outputs, enabling accurate prediction and correction of measurement deviations. Furthermore, adaptive calibration and nonlinear
compensation mechanisms automatically refine sensor responses, thereby improving measurement precision and operational
stability under varying environmental conditions.

Experimental evaluation demonstrated the effectiveness of the ANOT-MEMS framework across multiple performance metrics.
The proposed framework achieved a sensor response accuracy of 99.2%, sensitivity of 99.0%, signal-to-noise ratio of 45.8 dB,
response stability of 99.3%, reliability of 99.4%, and drift compensation efficiency of 99.1%, while reducing the mean squared
error to 0.004. These results significantly outperform traditional calibration methods, adaptive signal processing techniques, and
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conventional deep learning calibration models. The substantial improvements observed across all evaluation metrics confirm the
capability of neural optimization techniques to effectively address the major limitations associated with MEMS sensing systems.
One of the primary strengths of the proposed framework is its ability to simultaneously optimize multiple sensor performance
parameters. Unlike conventional approaches that typically focus on a single aspect such as calibration or noise reduction, ANOT -
MEMS provides a comprehensive optimization strategy that enhances accuracy, sensitivity, stability, reliability, and signal quality
simultaneously. The deep neural optimization component effectively models nonlinear sensor dynamics and continuously adapts
to changing operating conditions, enabling superior performance even in complex and uncertain environments. This adaptability is
particularly important for real-world MEMS deployments where environmental conditions and operational requirements frequently
vary.

The significant improvement in signal-to-noise ratio demonstrates the framework’s capability to suppress unwanted disturbances
while preserving useful sensor information. Enhanced noise suppression directly contributes to improved measurement accuracy
and more reliable decision-making in critical applications. Similarly, the high response stability and reliability values indicate that
the framework can maintain consistent sensor performance over extended operational periods. Such characteristics are essential for
aerospace navigation systems, industrial monitoring platforms, wearable healthcare devices, robotics systems, and autonomous
vehicles where dependable sensing is crucial for safety and operational efficiency.

The achieved drift compensation efficiency further highlights the effectiveness of the proposed neural optimization approach.
Sensor drift remains one of the most challenging issues in MEMS technology because it gradually affects measurement accuracy
over time. By continuously learning drift patterns and applying adaptive correction mechanisms, the proposed framework
significantly minimizes drift-related errors and improves long-term sensor consistency. This capability reduces recalibration
requirements and enhances overall system robustness.

From a practical perspective, the proposed ANOT-MEMS framework offers substantial benefits for next-generation intelligent
sensing systems. The framework can be deployed in smart manufacturing environments, autonomous transportation systems,
biomedical monitoring platforms, environmental sensing networks, industrial automation infrastructures, and 10T ecosystems.
Improved sensing accuracy and reliability contribute directly to enhanced operational efficiency, reduced maintenance costs,
increased safety, and more effective data-driven decision-making. The adaptive nature of the framework also makes it suitable for
large-scale deployments involving heterogeneous sensor networks operating under diverse environmental conditions.

Despite the promising results, certain limitations remain. Deep neural optimization models generally require substantial
computational resources during training, which may limit deployment in highly constrained embedded platforms. Additionally, the
effectiveness of the framework depends on the availability of representative training datasets that capture diverse operating
scenarios. Future research may focus on lightweight neural optimization architectures, edge-based intelligent calibration systems,
federated learning for distributed sensor networks, explainable artificial intelligence techniques, and hybrid optimization
frameworks combining neural intelligence with evolutionary algorithms. Such advancements could further improve scalability,
interpretability, computational efficiency, and real-time deployment capabilities.

In conclusion, the proposed Advanced Neural Optimization Technique for Reliable MEMS Sensor Response Enhancement (ANOT -
MEMS) successfully demonstrates the effectiveness of combining adaptive preprocessing, intelligent feature learning, deep neural
optimization, automatic calibration, nonlinear compensation, and response stabilization within a unified sensing framework. The
significant improvements in sensor response accuracy, sensitivity, signal quality, stability, reliability, and drift compensation
confirm the framework’s potential as a robust and scalable solution for advanced MEMS sensor optimization. This research
contributes to the advancement of intelligent sensing technologies by providing an adaptive and highly accurate methodology
capable of supporting next-generation MEMS applications operating in dynamic and challenging environments.
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