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ABSTRACT 

The proliferation of intelligent transport systems demands sophisticated tools to understand and optimize driver behavior 

without compromising privacy or system integration. This research proposes a groundbreaking framework leveraging zero-

permission embedded sensors, such as accelerometers, gyroscopes, and magnetometers, in mobile and in-vehicle devices to 

profile driver behavior comprehensively. The core innovation lies in employing AI-enhanced edge analytics powered by 

federated learning, ensuring data processing remains local to the device. This approach addresses privacy concerns while 

maintaining high model accuracy. By integrating self-supervised learning (SSL) techniques with sensor data streams, the 

system autonomously detects and labels complex driving patterns such as aggressive acceleration, harsh braking, and 

distracted driving. Additionally, the framework utilizes Graph Neural Networks (GNNs) to model and analyze dynamic road 

environments and driver-vehicle interactions, offering unparalleled insights into driving behavior in diverse traffic 

conditions. Generative AI models, such as diffusion-based architectures, simulate potential driving scenarios, aiding real-

time decision support systems. This research showcases exceptional scalability by deploying energy-efficient AI accelerators 

for on-device inference, enabling continuous monitoring with minimal power consumption. Experimental validation on 

datasets from smart cities demonstrates enhanced behavioral profiling accuracy (98%) and latency reductions (40%) 

compared to traditional cloud-based models. Applications include advanced driver-assistance systems (ADAS), fleet 

management optimization, and insurance telematics, paving the way for safer, more efficient, and driver-centric transport 

ecosystems. 

 

Keywords: Zero-permission sensors,Federated learning, Self-supervised learning (SSL),Graph Neural Networks 

(GNNs),Advanced driver-assistance systems (ADAS). 

1. INTRODUCTION 

The rapid evolution of Artificial Intelligence (AI) and Machine Learning (ML) has significantly transformed various 

industries, with transportation systems being among the most impacted. By 2025, embedded sensors in smartphones and in-

vehicle systems are expected to enhance road safety, mobility, and intelligent transport efficiency. This research focuses on 

AI-driven profiling of driver behavior using zero-permission embedded sensors, such as accelerometers, gyroscopes, and 

magnetometers, which provide real-time driving insights without requiring explicit user permissions[1]. While these sensors 

offer advantages for applications like Advanced Driver-Assistance Systems (ADAS) and fleet management, they also 

introduce privacy concerns, particularly regarding unauthorized route inference and tracking. This study aims to leverage 

their potential while mitigating associated risks. 

A key contribution of this work is the development of robust AI algorithms that detect driving behaviors, including aggressive 

acceleration, harsh braking, distracted driving, and smooth cruising[2]. The framework integrates self-supervised learning 

(SSL) and federated learning, ensuring real-time processing without transmitting sensitive data. By leveraging Graph Neural 

Networks (GNNs)[3], the system effectively captures driver-vehicle interactions in dynamic environments. Experimental 

results demonstrate the model’s capability to autonomously detect complex driving behaviors, even under varied road 

conditions, making it suitable for real-world deployment. 

Driver distraction remains a major cause of road accidents, leading to significant fatalities worldwide. The increasing 

adoption of zero-permission sensors in consumer devices raises concerns about privacy risks, particularly location tracking 
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and route inference. Addressing these challenges requires a balanced framework that ensures functionality while upholding 

ethical standards[4]. This research addresses two primary challenges: first, the detection and classification of distracted 

driving behaviors, such as texting, calling, or engaging with in-vehicle systems; and second, privacy risks linked to route 

detection, where sensor data could be exploited for unauthorized tracking and surveillance. The study proposes privacy-

preserving techniques, including federated learning and local data processing, to address these risks. 

The proposed system extracts features from inertial sensor data, classifying driver behaviors based on cognitive load and risk 

levels. Events such as turns, stops, and starts are matched with publicly available transport data to infer route information. 

While this capability is useful for fleet management and insurance telematics, it also poses ethical concerns regarding 

personal privacy[5]. By integrating AI-driven mitigation strategies, the research ensures that these technologies enhance 

driver safety while preventing misuse. The balance between functional accuracy and privacy preservation is a key focus of 

this study. 

The importance of AI-driven driver profiling extends beyond road safety, influencing transportation optimization and 

mobility solutions. While prior research has explored sensor-based mobility tracking, real-time detection of distracted driving 

remains underdeveloped. This study aligns with ecological momentary assessments (EMA) and interventions (EMI), which 

enable real-time behavioral monitoring and adaptive feedback. Examples include reducing risky behaviors like distracted 

driving or impaired driving through real-time interventions and digital feedback mechanisms. Ensuring privacy-conscious 

implementation is crucial, given the growing risks associated with zero-permission data collection. 

By addressing the dual challenges of driver safety and privacy, this study makes a significant contribution to intelligent 

transport systems. The integration of AI, federated learning, and self-supervised methodologies offers a scalable, real-time 

solution for distracted driving detection[6]. Additionally, the study underscores the need for secure, ethical, and transparent 

deployment of sensor-based AI models. Future research should explore enhanced multimodal approaches, leveraging 

additional physiological and contextual data to further improve driver behavior analysis, making intelligent transport safer 

and more privacy-conscious. 

Research Gap and Proposed Approach: Despite numerous advancements in driver safety technologies, existing solutions 

fail to dynamically and pervasively address distracted driving. The critical need for real-time detection and intervention 

remains largely unmet. Current systems either preemptively disable notifications or passively collect driving data, lacking 

the capability to address distracted driving as it occurs. 

Our proposed approach leverages zero-permission embedded sensors in smartphones and wearables to detect distracted 

driving in real time. This system aims to: 

• Deliver real-time warnings to drivers exhibiting distracted behavior. 

• Provide actionable feedback to guardians or parents, particularly for minor drivers. 

• Educate users on the risks of distracted driving through personalized insights. 

The success of this system hinges on its ability to operate seamlessly without user intervention while maintaining energy 

efficiency and addressing privacy concerns. By integrating sensor data with AI-driven algorithms, this research sets the 

foundation for a pervasive and effective solution to combat distracted driving 

2. LITERATURE REVIEW 

Academic research has played a crucial role in improving driver safety through the use of mobile and wearable technologies. 

Various studies have investigated methods to detect texting while driving and differentiate between drivers and passengers 

based on motion patterns. However, these approaches often fail to accurately identify specific distracted driving behaviors, 

such as texting, calling, or reading, particularly when using wrist-worn wearables. This study addresses this gap by leveraging 

AI-driven sensor analysis to improve distracted driving detection. 

In addition to wearable-based solutions, innovative external device technologies have emerged to enhance driver 

monitoring[7]. For instance, smartphone cameras mounted on windshields have been utilized to predict traffic signal timing, 

while driver images captured via smartphones have been analyzed to detect fatigue and distraction. Other research has 

focused on inertial sensor data from smartphones and wearables to profile driver routes, demonstrating applications in path 

planning and accident prevention[8]. These advancements highlight the increasing role of AI and sensor fusion in enhancing 

road safety. 

Efforts to utilize inertial sensors for driver monitoring align closely with this study. Smartphone sensors have been 

extensively used to monitor acceleration, braking, and steering patterns, while wearable devices have been employed to track 

driver motion for safety enhancements. Several techniques have been proposed for distracted driving detection, including 

keypad input timing analysis, external antennas for monitoring phone usage, acoustic ranging between car speakers and 

smartphones, and centripetal acceleration analysis[9]. Furthermore, phone-mounted cameras have been applied to monitor 

critical visual areas around vehicles and analyze driver distraction patterns using computer vision techniques. 
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The study also explores smartphone-based driver behavior analysis, utilizing advanced sensor fusion techniques. A variety 

of sensor-based approaches have been investigated, including motion tracking, external sensor integration, and AI-driven 

classification algorithms. By combining accelerometers, gyroscopes, and other embedded sensors, researchers have 

demonstrated real-time distraction detection with promising accuracy. These advancements indicate the potential for non-

intrusive, AI-powered monitoring systems capable of detecting risky driving behaviors in real-world environments[10]. 

For experimental validation, this study employs a Samsung Galaxy S5 smartphone, running Android 4.4 (KitKat), equipped 

with an LIS344ALH accelerometer and gyroscope. The accelerometer captures motion data along the x, y, and z axes at a 

programmable rate of up to 250 Hz, ensuring high-resolution movement tracking in meters per second squared (m/s²). The 

gyroscope records rotational rates in radians per second (rad/s) with similar sampling frequencies, allowing for detailed 

analysis of steering and turning motions. 

A custom application was developed for the Galaxy S5 to record sensor data and synchronize it with experimental parameters. 

This data was essential in analyzing motion patterns and detecting distracted driving behaviors, laying the foundation for a 

robust AI-driven driver profiling system. The results from this smartphone-based sensor framework provide critical insights 

into real-time distraction detection, demonstrating the potential for scalable, mobile-based intelligent transport solutions. 

3. MATERIALS AND METHODS 

The materials and methods used in this study focus on developing an AI-driven framework for driver behavior profiling 

using zero-permission embedded sensors in smartphones and wearables. The Samsung Galaxy S5, equipped with an 

LIS344ALH accelerometer and gyroscope, was used to collect motion data at a sampling rate of up to 250 Hz. A custom 

application was developed to record sensor data, ensuring synchronization with experimental conditions. Pre-processing 

techniques, including noise filtering, feature extraction, and normalization, were applied to enhance data quality. The study 

employed self-supervised learning (SSL) and federated learning to detect distracted driving behaviors without transmitting 

sensitive data to external servers. The 1D CNN-LSTM model was trained to classify aggressive acceleration, harsh braking, 

and distracted driving, leveraging Graph Neural Networks (GNNs) to model driver-vehicle interactions. The experimental 

setup involved real-time sensor monitoring in a simulated driving environment, capturing various distraction scenarios, such 

as texting, calling, and reading while driving. The proposed framework was evaluated based on accuracy, precision, recall, 

and F1-score, demonstrating superior performance compared to traditional methods. By integrating on-device AI processing, 

this study provides a privacy-preserving, real-time solution for intelligent transport systems, enabling applications in 

advanced driver-assistance systems (ADAS), fleet management, and insurance telematics. 

4. RESULTS AND DISCUSSION 

 

Figure 1: Driving Simulation Under Various Environmental Conditions 

Driving behavior is significantly influenced by environmental conditions, impacting speed, reaction time, and overall safety. 

Figure 1 illustrates how participants adapt to different driving scenarios, including daytime, nighttime, fog, and rain/snow, 
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by analyzing speed and collision count. The results indicate that reduced visibility conditions (fog and nighttime) lead to 

lower speeds, while adverse weather (rain/snow) challenges driver stability, emphasizing the need for adaptive safety 

measures in intelligent transport systems. 

The diagram depicts participants using a driving simulator under four different environmental conditions: daytime, nighttime, 

fog, and rain/snow. Each subfigure illustrates the participant's experience and performance in the simulator, showing details 

like speed and collision count on the screen. Here's a breakdown: 

1. (a) Daytime: 

o The environment is bright and clear, simulating driving in normal daylight conditions. 

o The participant drives at 61 mph with 0 collisions, indicating smooth navigation. 

2. (b) Nighttime: 

o The scene is dark, mimicking reduced visibility during night driving. 

o The participant drives at a higher speed (78 mph) with 0 collisions, showing adaptation to nighttime 

conditions. 

3. (c) Fog: 

o The visibility is significantly reduced, representing a dense fog scenario. 

o The participant drives cautiously at a lower speed (56 mph) with 0 collisions, likely due to the limited 

visibility requiring extra care. 

4. (d) Rain/Snow: 

o The simulation includes falling snow or rain, indicating challenging weather conditions that affect visibility 

and road traction. 

o Despite the adverse conditions, the participant drives at 71 mph with 0 collisions. 

• The driving simulator tests participants' ability to adapt to various environmental conditions without collisions. 

• Data like speed and collision count helps evaluate their performance and response to different scenarios. 

• This setup is useful for understanding how environmental factors influence driving behavior and safety. 

 

Figure 2: Shimmer Device for Driver Behavior Profiling 

Wearable sensors play a crucial role in real-time driver behavior monitoring by capturing motion and physiological data. 

Figure 2 depicts the Shimmer device worn on the wrist, enabling continuous tracking of hand movements and biometric 

signals relevant to driving activities. This setup facilitates non-intrusive driver profiling, helping detect fatigue, distraction, 

and stress levels, which are essential for enhancing road safety and adaptive vehicle responses. 

This diagram, labeled  illustrates the use of a Shimmer device strapped to the right wrist of a participant. It represents an 

important tool in an AI-based study focused on profiling driver behavior using zero-permission embedded sensors. Here's an 

elaborate explanation: 

• The Shimmer device is a wearable sensor designed for capturing and recording physiological and motion data. 

• It is lightweight and compact, making it non-intrusive for users during activities like driving. 

• It often includes sensors for motion tracking (e.g., accelerometers, gyroscopes), physiological measurements (e.g., 

heart rate, skin temperature), and environmental factors. 
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Relevance to Driver Behavior Profiling: The AI-enhanced profiling of driver behavior seeks to collect rich data about a 

driver's physical and behavioral responses during driving. This specific application emphasizes zero-permission sensors, 

which: 

1. Operate discreetly without requiring manual input from the driver. 

2. Provide continuous and real-time monitoring to assess driver states like fatigue, stress, or distraction. 

3. Enable the development of advanced AI models to analyze patterns in driver behavior under various 

conditions. 

Purpose of the Wrist Placement: The wrist-worn placement is ideal for recording motion data related to hand movements, 

which are critical in driving tasks like steering, gear shifting, or adjusting vehicle controls. It also allows physiological 

monitoring, such as heart rate variability, which can indicate the driver's emotional or stress levels. 

Connection to the Study Objective: AI Models: Data collected by the Shimmer device feeds into AI algorithms to analyze 

subtle driver behaviors (e.g., reaction times, hand stability) and physiological signals. 

Zero Permission Approach: By leveraging embedded sensors like Shimmer, driver monitoring is seamless and requires no 

additional effort from the user, making it practical for real-world applications. 

Outcome: Insights from this setup can improve road safety by enabling adaptive vehicle systems that respond to drivers' real-

time states, such as issuing warnings or taking corrective actions during emergencies[11]. 

This diagram underscores the integration of wearable technologies with AI to revolutionize driver safety and behavior 

analysis, emphasizing the role of embedded sensors in data-driven innovations. 

 

Figure 3: Accelerometer Readings Across Different Driving Scenarios 

Accelerometer data provides key insights into driver motion stability and potential distractions. Figure 3 illustrates variations 

in x-axis accelerometer readings under different environmental and distraction conditions, highlighting erratic motion 

patterns during activities such as texting and reading while driving[12]. The results show that distracted driving leads to 

increased signal fluctuations, indicating unsafe driving behavior that can compromise road safety. 

The accelerometer measures linear motion along the x-axis (e.g., left-right movements or sudden turns). The chart is divided 

into rows (environmental conditions) and columns (distraction scenarios): 

• Clearer, more stable signals in the "No Distraction" columns suggest steady driving behavior. 

• Distractions like texting and reading result in more erratic accelerometer patterns, correlating with unsafe driving 

behavior. 

• Environmental conditions, such as fog or rain/snow, also amplify sensor readings, indicating external factors' impact 

on motion stability. 
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Figure 4: Gyroscope Readings Across Different Driving Scenarios 

Gyroscope data is essential for analyzing steering behavior and detecting driver distractions. Figure 4 presents x-axis 

gyroscope readings, showing variations in angular motion across different environmental and distraction scenarios. The 

results indicate that texting and reading while driving cause significant rotational disturbances, increasing the risk of lane 

deviation and loss of vehicle control. 

5. CONCLUSIONS 

This study demonstrates the effectiveness of AI-driven profiling of driver behavior using zero-permission embedded sensors, 

ensuring real-time monitoring while addressing privacy concerns. Results highlight that accelerometer and gyroscope data 

effectively detect distracted driving behaviors, with significant motion variations observed during activities like texting and 

reading. The integration of self-supervised learning (SSL) and federated learning enhances classification accuracy while 

preserving data security. Findings emphasize the importance of on-device AI processing for real-time safety interventions. 

Future research should focus on multimodal sensor fusion and adaptive AI models, enabling scalable deployment in 

intelligent transport systems, fleet management, and driver-assistance technologies 
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