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Abstract 

The rapid evolution of intelligent transportation systems has created a 
growing demand for data-driven motor insurance models that evaluate 
risk more accurately. Traditional methods rely heavily on static factors 
such as driver profiles, vehicle categories, and historical claims, which 
fail to represent real-time driving behavior. This paper presents an AI-
Based Motor Insurance Risk Assessment System leveraging gyroscope 
and accelerometer data to analyze driver motion and predict accident 
likelihood. The system captures orientation and movement changes 
from onboard sensors to identify harsh acceleration, sudden braking, 
and sharp turns—critical indicators of unsafe driving. Machine learning 
algorithms process this data to classify drivers based on risk level and 
support fair, data-driven premium estimation. Experimental results 
demonstrate improved precision in identifying highrisk drivers and 
reducing manual assessment errors. The proposed framework provides 
a scalable, intelligent approach for building safer and more transparent 
insurance ecosystems. 

 

1. Introduction 

The global emergance of smart mobility results 
has accelerated the demand for intelligent threat 
assessment systems in the motor insurance 
assiduity. Traditional insurance models depend 
primarily on static parameters similar as 
motorist demographics, vehicle information, and 
literal claim data, which frequently fail to capture 
real- time driving geste . This limitation results in 
inaccurate threat evaluations and illegal 
decoration estimations. To address these 
challenges, Artificial Intelligence( AI) and 
detector- grounded data analytics have surfaced 
as transformative technologies in motor 
insurance.[1] 
The proposed AI- Grounded Motor Insurance 
Risk Assessment System leverages data from 
gyroscope and accelerometer detectors to 
estimate motorist geste stoutly. These detectors 

record vehicle stir, acceleration patterns, analyze 
dangerous driving tendencies similar as harsh 
retardation, rapid-fire acceleration, and 
unforeseen lane changes. Machine literacy 
algorithms process this data to classify motorists 
into low, medium, or high- threat orders. 
This approach enables insurers to make data- 
driven opinions, reduce fraudulent claims, and 
encourage safer driving practices through geste - 
grounded decoration models. The system 
provides a scalable, effective, and transparent 
frame that enhances both stoner experience and 
functional delicacy within ultramodern motor 
insurance ecosystems.[2] Following are the main 
objectives of our proposed work: 

• To develop an AI-driven model for threat 
prediction based on gyroscope and 
accelerometer data 
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• To monitor and analyze real-time driving 
behavior for insurance evaluation 
insurance evaluation. 

• To reduce claim fraud through data-driven 
anomaly detection 

• To implement a scalable and efficient 
system that supports data-driven 
premium computation. 
 

2. Methodology 

This section outlines the approach used in 
designing and The risk prediction mechanism is 
engineered to dynamically evaluate and 
categorize a driver’s behavior utilizing real-time 
motion data. This system employs a dual-sensor 
analysis methodology, comprising: 
Gyroscopic Tracking: This component captures 
rotational movements to monitor steering 
patterns, sudden turns, and directional shifts. 
Accelerometer Tracking: This component 
measures linear acceleration to identify abrupt 
braking, rapid acceleration, or harsh maneuvers. 
The system employs a pre-collected dataset of 
driving behavior, which includes motion and 
orientation parameters such as acceleration and 
rotation values. These features are processed to 
train a machine learning model designed to 
identify patterns of driving risk. Once the model 
is trained, it analyzes new input data from similar 
sources to predict the driver’s risk level. Based on 
these predictions, the system categorizes 
behavior into risk levels such as low, moderate, or 
high risk facilitating an accurate and data-driven 
assessment of driving behavior without the need 
for live sensor input.[18] 
 
2.1 Performance Evaluation Metrics 

The system’s effectiveness is assessed through 
metrics such as prediction accuracy, 
responsiveness, and overall reliability in 
evaluating driver behavior. The evaluation 
criteria encompass: 

• Prediction Accuracy: This metric assesses 
the precision with which the model 
categorizes driver behavior into 
appropriaterisk categories based on real-
time sensor data. 

• Response Time: This criterion evaluates 
the speed at which the system processes 
motion data and generates risk 
predictionsduring live driving scenarios. 

• Model Efficiency: This involves comparing 
the computational performance and 
stability of the trained model under 
varyingdata loads and driving conditions. 

Experimental data are collected over multiple 
driving sessions, and the results are analyzed to 

ascertain the performance improvements and 
real-world applicability achieved by the risk 
prediction system.[19-23] 

The effectiveness of the system was assessed 
using a number of key performance indicators 
(KPIs) pertinent to AI-driven prediction systems: 

• Prediction Accuracy (Ap): Evaluates the 
ratio of correctly categorized driver risk 
levels (Low, Medium, High) against the 
actual data. 

• Precision (P): Indicates the percentage of 
accurately identified high-risk drivers 
relative to all drivers classified as high-
risk. 

• Recall (R): Represents the proportion of 
genuine high-risk drivers successfully 
identified by the model. 

• F1-Score (F1): Calculates the harmonic 
mean of precision and recall, offering a 
comprehensive assessment of 
classification effectiveness. 

• Response Time (Tr): Denotes the average 
duration taken by the system to analyze a 
new data entry and produce a risk 
prediction. 

• Model Stability (Sm): Measures the model’s 
reliability across various dataset 
distributions and under different sensor 
noise conditions.[24] 
 

3. Results And Discussion 

To guarantee the reliability and effectiveness of 
the AI-Based Motor Insurance Risk Assessment 
System, comprehensive testing methods were 
utilized. The validation process involved 
verifying units, integrating the system, and 
assessing performance with both actual and 
simulated driving behavior datasets.[25] 
The validation outcomes for the system were 
obtained by comparing predicted results with 
actual driving behaviors across diverse datasets. 
Table 1 provides a concise overview of the 
performance metrics. 
The analysis reveals that the proposed system 
not only fulfilled but often surpassed the 
projected performance standards, showcasing 
dependable classification of driver risk levels. 
Error Analysis: The system’s prediction accuracy 
was further assessed through the calculation of 
Mean Absolute Error (MAE) between the 
predicted and actual risk scores: 
 

 (1) 

where Rpred indicates the predicted risk category 

and Ractual denotes the actual category. The 
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calculated MAE was 0.08, reflecting a slight 

variation between predicted and real 

outcomes.[26] The validation process 

highlighted several important findings: 

• The combination of gyroscope and 
accelerometer data significantly 
improved detection of risky behaviors 
such as aggressivebraking, sudden turns, 
and speeding. 
 

 
Figure 1: Combined Performance Metrics - 

Accuracy 

 
Figure 2: Combined Performance Metrics – 

Precision 

 

 
Figure 3: Combined Performance Metrics – Recall 

 

 
Figure 4: Combined Performance Metrics - 

F1Score 

 
Table 1: Model Performance Across Three Datasets 

Dataset Algorithm Accuracy Precision Recall F1 Score 

6*1 Decision Tree 0.67 0.76 0.68 0.65 

 SVM 0.69 0.72 0.70 0.68 

 Random Forest 0.77 0.77 0.77 0.77 

 KNN 0.70 0.70 0.70 0.70 

 Logistic 

Regression 

0.51 0.51 0.51 0.50 

 XGBoost 0.73 0.74 0.74 0.74 

6*2 Decision Tree 0.59 0.62 0.59 0.60 

 SVM 0.65 0.66 0.65 0.65 

 Random Forest 0.67 0.67 0.67 0.67 

 KNN 0.67 0.67 0.67 0.67 

 Logistic 

Regression 

0.45 0.47 0.45 0.45 

 XGBoost 0.68 0.68 0.68 0.68 

6*3 Decision Tree 0.74 0.79 0.75 0.74 

 SVM 0.73 0.75 0.74 0.74 

 Random Forest 0.93 0.94 0.94 0.94 
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 KNN 0.79 0.80 0.80 0.80 

 Logistic 

Regression 

0.57 0.58 0.58 0.58 

 XGBoost 0.92 0.92 0.92 0.92 

 
• The AI-based model consistently 

demonstrated classification accuracy 
across different driving scenarios, 
confirming itsflexibility and robustness. 

• The cloud-based framework facilitated 
seamless data transmission and real-time 
risk assessment with minimal delays. 

• The machine learning component enabled 
an unbiased, data-driven evaluation, 
reducing subjective influence in 
premiumassessments. 

These findings indicate that the proposed system 
provides a scalable, efficient, and transparent 
approach for analyzing insurance risk and 
pricing policies based on driver behavior.[28] 
Limitations: Although the system achieved high 
levels of prediction accuracy, several limitations 
became evident during its deployment: 

• Lack of Environmental Context: The 
current version does not factor in external 
elements such as traffic, road conditions, 
or weather that can affect driving 
behavior. 

• Dependence on Sensors: The accuracy is 
significantly reliant on the calibration of 
the gyroscope and accelerometer; even 
minor misalignments or electronic noise 
may lead to data discrepancies. 

• Connectivity Issues: Real-time 
functionality hinges on uninterrupted 
internet connectivity between mobile 
devices and cloud servers. 

• Narrow Dataset Diversity: The model 
might perform poorly when confronted 
with driving behaviors or regions not 
represented in the training dataset.[29] 
 

4. Conclusion 

This paper presented an AI-based motor 
insurance risk assessment system using 
gyroscope and accelerometer sensors to evaluate 
driving behavior. The integration of machine 
learning enhances precision in risk 
categorization and supports transparent, usage-
based insurance policies. The proposed approach 
demonstrates strong potential for improving 
safety, reducing fraud, and modernizing risk 
assessment methodologies in the insurance 
domain. 
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