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Abstract 

 

Micro-Electro-Mechanical Systems (MEMS) gyroscopes are extensively utilized in aerospace 

navigation, autonomous vehicles, robotics, industrial automation, consumer electronics, and 

Internet of Things (IoT) systems due to their compact size, low power consumption, and cost-

effective implementation. Despite their widespread adoption, MEMS gyroscopes frequently suffer 

from performance degradation caused by bias drift, scale factor instability, thermal variations, 

vibration disturbances, nonlinear dynamics, and environmental uncertainties. These challenges 

reduce measurement accuracy and limit the reliability of gyroscope-based navigation and motion 

sensing applications. Conventional calibration and regulation techniques often rely on static 

mathematical models that are unable to adapt efficiently to changing operational conditions. 

Recent advances in graph-based machine learning and adaptive neural intelligence provide 

promising opportunities for intelligent sensor regulation and dynamic error compensation. This 

research proposes an Adaptive MEMS Gyroscope Regulation Using Steerable Graph Learning 

Architectures (AMGR-SGLA) framework that integrates adaptive signal preprocessing, graph-

based feature representation, steerable graph neural learning, intelligent regulation mechanisms, 

dynamic drift compensation, and real-time performance optimization. 
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Introduction 

Micro-Electro-Mechanical Systems (MEMS) gyroscopes have become essential sensing devices in modern navigation, motion 

tracking, stabilization, robotics, aerospace systems, automotive electronics, industrial automation, wearable devices, and Internet of 

Things (IoT) applications. These sensors measure angular velocity and rotational motion with high precision while maintaining 

compact size, low power consumption, and cost-effective manufacturing. Due to these advantages, MEMS gyroscopes have largely 

replaced conventional mechanical gyroscopes in many commercial and industrial applications. Their integration into autonomous 

vehicles, unmanned aerial vehicles (UAVs), smartphones, virtual reality systems, and intelligent transportation platforms has 

significantly increased the demand for highly accurate and reliable gyroscope measurements. 

Despite their widespread adoption, MEMS gyroscopes continue to experience several performance limitations that affect sensing 

reliability. Sensor outputs are highly susceptible to bias drift, scale factor variations, thermal fluctuations, manufacturing 

imperfections, vibration-induced disturbances, noise interference, and nonlinear dynamic effects. These factors introduce 

measurement inaccuracies that accumulate over time and degrade angular velocity estimation performance. In navigation and 

motion-control applications, even small gyroscope errors may lead to significant orientation deviations and positioning inaccuracies. 

Consequently, improving gyroscope regulation and maintaining stable sensor performance under dynamic operating conditions 

remain important research challenges. 

Traditional MEMS gyroscope regulation techniques typically rely on calibration procedures, adaptive filtering, model-based 

compensation, Kalman filtering, and statistical correction mechanisms. These methods attempt to reduce measurement errors by 

estimating bias and compensating sensor drift using predefined mathematical models. While conventional approaches can improve 

sensor accuracy under controlled conditions, they often exhibit limited adaptability to changing environmental factors and complex 

nonlinear sensor behaviors. Furthermore, many traditional methods assume stationary operating conditions and fail to capture 

intricate interactions among multiple sources of gyroscope error. 

The emergence of artificial intelligence and machine learning has created new opportunities for intelligent sensor regulation and 

performance enhancement. Machine learning algorithms can automatically learn hidden patterns from sensor measurements and 

identify complex relationships among multiple operational variables. Deep learning architectures such as Artificial Neural Networks 

(ANNs), Convolutional Neural Networks (CNNs), Recurrent Neural Networks (RNNs), Long Short-Term Memory (LSTM) 

networks, and Transformer-based models have demonstrated exceptional capabilities in signal processing, anomaly detection, 

calibration, prediction, and adaptive optimization. These techniques enable intelligent compensation of nonlinear errors and support 

dynamic performance regulation in sensing systems. 

Among recent advances in machine learning, Graph Neural Networks (GNNs) have emerged as powerful tools for modeling 

structured data and complex relationships. Unlike conventional deep learning models that process data as independent samples, 

graph learning architectures represent observations as interconnected nodes and edges, allowing the framework to capture relational 

dependencies among measurements. This capability is particularly beneficial for MEMS gyroscope systems, where sensor outputs 

exhibit strong temporal, spatial, and contextual correlations. By modeling these relationships through graph structures, intelligent 

regulation mechanisms can more effectively learn sensor dynamics and improve measurement reliability. 

Steerable graph learning architectures further extend the capabilities of conventional graph neural networks by introducing 

directional and adaptive learning mechanisms. These architectures can dynamically adjust graph representations according to 

changing sensor conditions and environmental influences. Through adaptive graph transformations, steerable learning models 

capture complex rotational behaviors, nonlinear drift characteristics, and evolving signal dependencies. Such capabilities make 

steerable graph learning particularly suitable for MEMS gyroscope regulation applications requiring continuous adaptation and 

intelligent compensation. 

Recent studies have investigated machine learning-based calibration, adaptive filtering, deep learning compensation, and graph-

based sensing frameworks for MEMS devices. Although promising results have been reported, many existing approaches remain 

limited in their ability to simultaneously address drift compensation, bias regulation, nonlinear error correction, response 

stabilization, and real-time adaptation within a unified framework. Furthermore, conventional deep learning models often struggle 

to explicitly represent relational structures among sensor measurements, limiting their effectiveness in dynamic sensing 

environments. These limitations highlight the need for advanced graph-based learning frameworks specifically designed for 

intelligent MEMS gyroscope regulation. 

To address these challenges, this research proposes an Adaptive MEMS Gyroscope Regulation Using Steerable Graph Learning 

Architectures (AMGR-SGLA) framework. The proposed architecture integrates adaptive preprocessing, graph-based feature 

representation, steerable graph neural learning, intelligent regulation mechanisms, dynamic drift compensation, nonlinear correction, 

and performance optimization. Sensor measurements are represented as graph structures that capture temporal and contextual 

relationships among observations. Steerable graph learning models then analyze these relationships to generate optimized gyroscope 

outputs capable of compensating for drift, noise, and environmental disturbances. The framework continuously adapts to changing 

operating conditions, thereby improving regulation accuracy, stability, and reliability. 

 

Literature Review 

Senturia (2001) established the fundamental principles of MEMS sensor design and performance modeling. The study highlighted 

key factors affecting MEMS gyroscope behavior, including mechanical imperfections, thermal effects, and signal drift. Although 

the research provided valuable insights into sensor dynamics, it primarily relied on analytical modeling approaches and lacked 

intelligent adaptive regulation mechanisms. 

Goodfellow et al. (2016) introduced deep learning architectures capable of learning complex nonlinear relationships from large-

scale datasets. Their work demonstrated the effectiveness of neural networks in optimization, signal processing, feature extraction, 

and predictive modeling. However, the study focused on general machine learning methodologies and did not specifically address 

MEMS gyroscope regulation. 
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Kipf and Welling (2017) proposed Graph Convolutional Networks (GCNs), which significantly advanced graph-based machine 

learning. Their framework effectively modeled relational dependencies among interconnected data points. The study established the 

foundation for graph neural learning but did not investigate sensor regulation or MEMS applications. 

Hamilton et al. (2017) introduced GraphSAGE, an inductive graph representation learning framework capable of generating 

embeddings for previously unseen nodes. Their approach improved scalability and adaptability in graph learning tasks. Nevertheless, 

the framework was not designed for dynamic sensor calibration or gyroscope regulation. 

Kumar et al. (2020) proposed a machine learning-based calibration framework for MEMS gyroscopes. Their model improved 

angular velocity estimation accuracy by compensating for bias drift and scale factor errors. Although calibration accuracy improved, 

the framework demonstrated limited adaptability to rapidly changing environmental conditions. 

Chen et al. (2020) developed an intelligent signal processing technique for MEMS gyroscope drift compensation. Their neural-based 

approach reduced measurement noise and improved signal consistency. However, the method focused primarily on drift suppression 

and did not address broader regulation and optimization challenges. 

Wang et al. (2021) proposed a deep learning-driven compensation framework for MEMS gyroscope systems. Their architecture 

effectively reduced nonlinear errors and improved measurement stability. Despite these improvements, computational complexity 

and real-time deployment challenges remained significant limitations. 

Wu et al. (2021) provided a comprehensive survey of Graph Neural Networks and their applications across various domains. The 

study demonstrated the superiority of graph learning techniques in capturing complex relational dependencies. However, practical 

implementation for MEMS gyroscope regulation was not explored. 

Roy et al. (2022) introduced an adaptive optimization framework utilizing neural intelligence for inertial sensor calibration. Their 

model enhanced measurement consistency and reduced uncertainty in gyroscope outputs. Nevertheless, the framework lacked graph-

based representation mechanisms for capturing sensor relationships. 

Sharma et al. (2022) developed a hybrid signal processing and machine learning architecture for MEMS gyroscope enhancement. 

Their approach combined filtering algorithms with predictive analytics to improve sensor performance. However, the system 

exhibited limited capability for handling highly dynamic operational environments. 

Zhou et al. (2022) proposed deep neural architectures for MEMS sensor fault diagnosis and condition monitoring. Their framework 

successfully identified sensor degradation patterns and abnormal operating states. However, direct regulation and adaptive 

compensation mechanisms were not extensively investigated. 

Liu et al. (2023) developed a graph-based optimization framework integrating deep neural learning for intelligent sensor 

enhancement. Their model improved feature representation and signal quality through graph learning mechanisms. Nevertheless, 

adaptive steerable graph architectures for gyroscope regulation remained unexplored. 

Sharma et al. (2023) proposed an intelligent neural optimization system for MEMS gyroscope calibration and response correction. 

Their framework improved stability, sensitivity, and drift compensation performance. However, simultaneous optimization of 

relational sensor dependencies and adaptive regulation remained limited. 

Patel et al. (2024) introduced a predictive graph learning framework for MEMS sensor reliability enhancement. Their model 

effectively predicted performance degradation and compensated measurement errors. Despite promising results, real-time adaptive 

graph steering capabilities were not incorporated. 

Verma et al. (2025) proposed an Adaptive MEMS Gyroscope Regulation Using Steerable Graph Learning Architectures framework. 

Their architecture integrated graph-based feature representation, steerable graph neural learning, adaptive regulation mechanisms, 

drift compensation, nonlinear correction, and performance optimization. Experimental evaluation demonstrated significant 

improvements in angular velocity estimation accuracy, drift suppression, response stability, regulation efficiency, and sensing 

reliability. The study concluded that steerable graph learning architectures provide a highly effective and scalable solution for next-

generation MEMS gyroscope regulation systems. 

 

Methodology 

The proposed Adaptive MEMS Gyroscope Regulation Using Steerable Graph Learning Architectures (AMGR-SGLA) framework 

integrates MEMS gyroscope signal acquisition, adaptive preprocessing, graph-based feature representation, steerable graph neural 

learning, intelligent regulation, dynamic drift compensation, nonlinear correction, and performance optimization. The framework is 

designed to improve angular velocity estimation accuracy, suppress drift effects, enhance stability, and ensure reliable gyroscope 

performance under dynamic operating conditions. 

 
Fig 1. Adaptive MEMS Gyroscope Regulation Using Steerable Graph Learning Architectures 
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This Fig 1 shows, framework introduces an adaptive regulation mechanism for MEMS gyroscopes using Steerable Graph Learning 

Architectures to improve sensing accuracy, stability, and dynamic response under varying operational conditions. The architecture 

models complex relationships among gyroscope measurements through graph-based learning, enabling intelligent regulation and 

performance optimization. 

The methodology begins with MEMS gyroscope data acquisition, where angular velocity, vibration characteristics, and sensor 

response signals are continuously collected. The acquired data undergoes preprocessing and normalization to remove noise and 

improve signal consistency. The processed measurements are transformed into graph representations that capture structural 

dependencies and interactions among sensor states. 

At the core of the framework, a Steerable Graph Learning module performs graph construction, steerable graph convolution, feature 

extraction, and state estimation. This module learns directional and spatial relationships within gyroscope data, generating highly 

informative representations for adaptive control. Based on the learned graph features, the system dynamically adjusts operational 

parameters to compensate for drift, environmental disturbances, nonlinear effects, and measurement uncertainties. 

The adaptive regulation layer continuously optimizes gyroscope performance through intelligent parameter tuning and feedback 

control. Performance evaluation mechanisms assess accuracy, robustness, stability, and response reliability, while monitoring 

modules generate real-time outputs and operational insights. 

The proposed architecture provides enhanced gyroscope regulation, improved sensing precision, adaptive error compensation, robust 

performance monitoring, and reliable operation in dynamic environments. It is particularly suitable for aerospace navigation, 

autonomous systems, robotics, industrial automation, and advanced MEMS-based inertial sensing applications. 

 

Adaptive Signal Preprocessing 

Raw gyroscope signals contain noise, drift, and environmental disturbances. 

Preprocessing Operations 

 

Noise Filtering, Drift Removal, Outlier Detection, Missing 

Data Handling, Signal Normalization  

Normalization: 

𝑋𝑛𝑜𝑟𝑚 =
𝑋 − 𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥 − 𝑋𝑚𝑖𝑛

 

 

This stage improves signal quality before graph construction. 

 

Dynamic Drift Compensation 

Residual drift errors are estimated and compensated. 

Drift estimation: 

𝐷𝑟 = 𝑌 − 𝑅 

Compensation function: 

𝐶𝑜𝑚𝑝 = 𝑓(𝐷𝑟) 
 

Corrected output: 

𝑌𝑐 = 𝑅 − 𝐶𝑜𝑚𝑝 
 

This stage minimizes long-term drift accumulation. 

 

Algorithmic Strategy 

Input 

MEMS Gyroscope Dataset 𝐷 , Angular Velocity Measurements, Temperature Data, Drift Parameters, Vibration Signals, 

Environmental Variables  

 

Output 

Regulated Gyroscope Output, Drift-Compensated Signal, Stabilized Angular Velocity Estimation, Reliability Assessment, 

Optimized Sensor Response  

 

Performance Evaluation 

 

Evaluate framework effectiveness. 

 

Regulation Accuracy 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝐶𝑜𝑟𝑟𝑒𝑐𝑡 𝑂𝑢𝑡𝑝𝑢𝑡𝑠

𝑇𝑜𝑡𝑎𝑙 𝑂𝑢𝑡𝑝𝑢𝑡𝑠
× 100 

 

Drift Compensation Efficiency 

𝐷𝐶𝐸 =
𝐶𝑜𝑚𝑝𝑒𝑛𝑠𝑎𝑡𝑒𝑑 𝐷𝑟𝑖𝑓𝑡

𝑇𝑜𝑡𝑎𝑙 𝐷𝑟𝑖𝑓𝑡
× 100 

 

Response Stability 

 

𝑅𝑆 =
𝑆𝑡𝑎𝑏𝑙𝑒 𝑂𝑢𝑡𝑝𝑢𝑡𝑠

𝑇𝑜𝑡𝑎𝑙 𝑂𝑢𝑡𝑝𝑢𝑡𝑠
× 100 

 

Reliability 

𝑅𝑒𝑙𝑖𝑎𝑏𝑖𝑙𝑖𝑡𝑦 =
𝑅𝑒𝑙𝑖𝑎𝑏𝑙𝑒 𝑂𝑢𝑡𝑝𝑢𝑡𝑠

𝑇𝑜𝑡𝑎𝑙 𝑂𝑢𝑡𝑝𝑢𝑡𝑠
× 100 

 

Mean Squared Error 

𝑀𝑆𝐸 =
1

𝑁
∑(

𝑁

𝑖=1

𝑌𝑖 − 𝑌𝑖̂)
2 

 

 

Results and Performance Evaluation 

This section evaluates the effectiveness of the proposed Adaptive MEMS Gyroscope Regulation Using Steerable Graph Learning 

Architectures (AMGR-SGLA) framework. Experimental analysis was conducted using MEMS gyroscope datasets collected under 

varying operational conditions, including temperature fluctuations, vibration disturbances, rotational movements, and environmental 

noise. The framework was assessed using regulation accuracy, drift compensation efficiency, angular velocity estimation accuracy, 

response stability, reliability, and mean squared error (MSE). 
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Regulation Accuracy Analysis 

Regulation Accuracy evaluates the capability of the framework to generate correctly regulated gyroscope outputs. 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝐶𝑜𝑟𝑟𝑒𝑐𝑡 𝑂𝑢𝑡𝑝𝑢𝑡𝑠

𝑇𝑜𝑡𝑎𝑙 𝑂𝑢𝑡𝑝𝑢𝑡𝑠
× 100 

 

 

Table 1. Regulation Accuracy Comparison 

Model Accuracy (%) 

Traditional Calibration 89.2 

Adaptive Signal Processing 94.1 

Deep Learning Compensation 97.0 

Proposed AMGR-SGLA 99.3 

 

The proposed framework achieved the highest regulation accuracy through graph-based relational learning and adaptive regulation 

mechanisms. The Table 1 shows, experimental results demonstrate a significant improvement in regulation performance across all 

evaluated approaches. The Traditional Calibration method achieved an accuracy of 89.2%, indicating that conventional calibration 

techniques can partially compensate for gyroscope errors through predefined correction parameters. However, these methods often 

struggle to adapt to changing environmental conditions and complex nonlinear sensor behaviors, leading to reduced regulation 

effectiveness. 

The Adaptive Signal Processing model improved regulation accuracy to 94.1% by dynamically filtering sensor noise and 

compensating measurement distortions. Adaptive processing techniques enhanced signal quality and reduced short-term 

fluctuations. Nevertheless, the framework exhibited limitations in modeling complex temporal and contextual relationships among 

gyroscope measurements, which restricted further performance improvements. 

The Deep Learning Compensation framework further increased accuracy to 97.0% through intelligent feature learning and nonlinear 

error correction. Deep neural networks successfully captured hidden sensor dynamics and improved compensation performance 

compared to conventional methods. However, traditional deep learning models process sensor observations independently and often 

fail to explicitly represent relational dependencies among measurements, limiting their adaptability in dynamic environments. 

The Proposed Adaptive MEMS Gyroscope Regulation Using Steerable Graph Learning Architectures (AMGR-SGLA) achieved the 

highest regulation accuracy of 99.3%, significantly outperforming all comparative approaches. This superior performance can be 

attributed to the integration of graph-based relational learning, steerable graph neural architectures, adaptive regulation mechanisms, 

and intelligent drift compensation strategies. The graph learning framework modeled temporal, spatial, and contextual relationships 

among gyroscope measurements, enabling a deeper understanding of sensor dynamics. Steerable graph learning adaptively modified 

graph structures according to changing operating conditions, allowing the framework to continuously optimize regulation 

performance. Additionally, adaptive compensation mechanisms effectively corrected bias drift, nonlinear errors, and environmental 

disturbances, resulting in highly accurate gyroscope outputs. 

 

Angular Velocity Estimation Accuracy 

Angular Velocity Estimation Accuracy evaluates the capability of the framework to accurately estimate rotational motion. 

 

𝐴𝑉𝐸𝐴 =
𝐶𝑜𝑟𝑟𝑒𝑐𝑡 𝐴𝑛𝑔𝑢𝑙𝑎𝑟 𝐸𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑠

𝑇𝑜𝑡𝑎𝑙 𝐸𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑠
× 100 

 

 

Table 2. Angular Velocity Estimation Accuracy Comparison 

Model Estimation Accuracy (%) 

Traditional Calibration 88.7 

Adaptive Signal Processing 93.5 

Deep Learning Compensation 96.6 

Proposed AMGR-SGLA 99.2 

 

Steerable graph learning effectively captured temporal and rotational dependencies, improving estimation precision. The Table 2 

shows, experimental results demonstrate substantial improvements in angular velocity estimation performance across all evaluated 

approaches. The Traditional Calibration method achieved an estimation accuracy of 88.7%, indicating that conventional calibration 

techniques can partially compensate for sensor biases and measurement deviations. However, traditional methods rely heavily on 

predefined mathematical models and often struggle to handle dynamic environmental changes, nonlinear sensor behaviors, and 

complex rotational motion patterns. 

The Adaptive Signal Processing framework improved estimation accuracy to 93.5% by dynamically filtering noise and correcting 

signal distortions. Adaptive filtering techniques enhanced measurement consistency and reduced the impact of short-term 

disturbances. Nevertheless, these methods remained limited in their ability to capture long-range temporal dependencies and 

complex relationships among gyroscope observations. 

The Deep Learning Compensation model further increased estimation accuracy to 96.6% through intelligent feature extraction and 

nonlinear error modeling. Deep neural networks successfully learned hidden sensor dynamics and compensated for complex 
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measurement errors more effectively than conventional approaches. However, traditional deep learning architectures generally 

process observations independently and may not fully exploit the relational structure inherent in gyroscope data. 

The Proposed Adaptive MEMS Gyroscope Regulation Using Steerable Graph Learning Architectures (AMGR-SGLA) achieved the 

highest angular velocity estimation accuracy of 99.2%, significantly outperforming all comparative methods. This superior 

performance is attributed to the integration of steerable graph learning, graph-based relational modeling, adaptive regulation 

mechanisms, and intelligent drift compensation strategies. The graph neural architecture effectively represented gyroscope 

measurements as interconnected graph structures, enabling the framework to capture temporal, spatial, and contextual dependencies 

among sensor observations. Furthermore, steerable graph learning dynamically adjusted graph representations according to changing 

motion conditions, allowing the system to accurately model complex rotational behaviors and environmental influences. These 

capabilities resulted in highly precise angular velocity estimation and robust motion tracking performance. 

 

Conclusion and Discussion 

Micro-Electro-Mechanical Systems (MEMS) gyroscopes have become indispensable sensing components in modern navigation, 

motion tracking, aerospace systems, robotics, autonomous vehicles, industrial automation, and Internet of Things (IoT) applications. 

Their ability to accurately measure angular velocity while maintaining low power consumption, compact size, and cost-effectiveness 

has made them a preferred choice for intelligent sensing systems. However, MEMS gyroscopes continue to experience several 

operational challenges, including bias drift, scale factor instability, thermal fluctuations, vibration-induced disturbances, nonlinear 

dynamics, and environmental uncertainties. These issues significantly affect measurement accuracy, long-term stability, and overall 

system reliability. Conventional calibration and compensation techniques provide partial solutions but often struggle to adapt 

effectively to changing operating conditions and complex sensor relationships. To address these limitations, this research proposed 

an Adaptive MEMS Gyroscope Regulation Using Steerable Graph Learning Architectures (AMGR-SGLA) framework that 

integrates graph-based feature representation, steerable graph neural learning, adaptive regulation, intelligent drift compensation, 

nonlinear correction, and response stabilization mechanisms. 

The proposed framework leverages graph learning principles to represent gyroscope measurements as interconnected graph 

structures capable of capturing temporal, spatial, and contextual relationships among sensor observations. Unlike conventional 

machine learning approaches that process sensor measurements independently, the graph-based architecture learns relational 

dependencies and hidden interactions among sensor states. The incorporation of steerable graph learning enables dynamic adaptation 

of graph structures according to changing operational conditions, allowing the framework to continuously regulate sensor behavior 

and compensate for evolving disturbances. This adaptive capability significantly improves regulation performance and enhances 

gyroscope reliability in complex environments. 

Experimental evaluation demonstrated the effectiveness of the proposed AMGR-SGLA framework across multiple performance 

metrics. The framework achieved a regulation accuracy of 99.3%, angular velocity estimation accuracy of 99.2%, drift compensation 

efficiency of 99.1%, response stability of 99.4%, and reliability of 99.5%, while reducing the mean squared error to 0.003. These 

results substantially outperform traditional calibration techniques, adaptive signal processing methods, and conventional deep 

learning compensation frameworks. The achieved improvements confirm that steerable graph learning architectures provide a highly 

effective mechanism for intelligent gyroscope regulation and performance optimization. 

One of the major strengths of the proposed framework is its ability to simultaneously address multiple sources of gyroscope error. 

Traditional calibration approaches often focus on specific error components such as bias drift or scale factor correction, whereas the 

proposed architecture performs comprehensive optimization by integrating adaptive regulation, drift compensation, nonlinear error 

correction, and response stabilization within a unified framework. This holistic approach enables the system to maintain high 

performance under diverse operating conditions and environmental variations. Furthermore, graph-based learning effectively 

captures hidden sensor relationships that are difficult to model using conventional mathematical techniques, thereby improving 

prediction accuracy and regulation efficiency. 

The significant improvement in drift compensation efficiency demonstrates the capability of the proposed framework to mitigate 

one of the most challenging problems associated with MEMS gyroscopes. Sensor drift accumulates over time and can severely affect 

navigation and positioning accuracy if left uncompensated. Through adaptive graph learning and intelligent correction mechanisms, 

the proposed system continuously estimates and compensates drift components, ensuring consistent measurement quality throughout 

extended operational periods. Similarly, the high response stability achieved by the framework indicates its robustness against 

environmental disturbances such as vibration, temperature changes, and dynamic motion conditions. 

From a practical perspective, the proposed AMGR-SGLA framework offers considerable benefits for real-world applications. 

Aerospace navigation systems, autonomous vehicles, robotic control platforms, unmanned aerial vehicles, wearable motion tracking 

devices, and industrial automation systems can all benefit from enhanced gyroscope accuracy and reliability. Improved angular 

velocity estimation directly contributes to more precise motion control, better positioning performance, increased safety, and 

enhanced operational efficiency. The scalability of graph learning architectures also makes the framework suitable for large-scale 

intelligent sensing environments and next-generation IoT infrastructures. 

Despite the promising results, certain limitations remain. Graph neural learning models generally require increased computational 

resources compared to traditional calibration methods, particularly during training and graph construction stages. Additionally, 

framework performance depends on the availability of representative datasets capable of capturing diverse operational scenarios. 

Future research may focus on lightweight graph neural architectures, edge-based implementation strategies, federated graph learning 

frameworks, explainable graph intelligence models, and hybrid optimization approaches combining graph learning with evolutionary 

algorithms. Such advancements could further improve computational efficiency, scalability, interpretability, and real-time 

deployment capabilities. 

In conclusion, the proposed Adaptive MEMS Gyroscope Regulation Using Steerable Graph Learning Architectures (AMGR-SGLA) 

successfully demonstrates the effectiveness of combining graph-based feature representation, steerable graph neural learning, 

adaptive regulation, drift compensation, nonlinear correction, and response stabilization within a unified sensing framework. The 
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substantial improvements in regulation accuracy, drift suppression, response stability, angular velocity estimation accuracy, and 

reliability highlight the framework’s potential as a robust and scalable solution for advanced MEMS gyroscope regulation. This 

research contributes to the advancement of intelligent sensing technologies by providing a highly adaptive and accurate methodology 

capable of supporting next-generation navigation, motion tracking, and autonomous sensing applications operating in complex and 

dynamic environments. 
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