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ABSTRACT 
 
Teen drivers experience disproportionately high crash rates, largely due to inexperience and 

inconsistent attention to basic traffic rules. To address this issue, we developed a multimodal 

driver-safety coaching system deployed on a low-cost Raspberry Pi platform. The system uses 

three trained YOLO-based computer vision models to detect traffic lights, illuminated bulbs within 

traffic lights, and traffic signs. An Optical Character Recognition (OCR) module extracts 

numerical speed limit values, which are combined with GPS data to identify speeding behavior, 

while a trained audio classification model and IMU data are used to determine whether turn 

signals are activated during turning maneuvers. Post-detection processing techniques are applied 

to smooth noisy detections over time and trigger prioritized voice alerts via text-to-speech (TTS). 

Key challenges include achieving sufficient model accuracy under diverse environmental 

conditions, maintaining real-time performance on resource-constrained hardware, and 

coordinating multiple hardware devices through sensor fusion. Experimental results demonstrate 

both the strengths and limitations of the system, guiding future improvements. Overall, the 

proposed system illustrates a practical, low-cost approach to helping novice drivers develop safer 

driving behaviors in real-world settings. 
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1. INTRODUCTION 
 

Learning to drive is one of the riskiest transitions in a teenager’s life. Around the world, road traffic 

crashes kill an estimated 1.19 million people around the world each year and leave between 20 and 50 

million people with non-fatal injuries [1]. In the United States, teen drivers ages 16–19 have a fatal 

crash rate nearly three to four times higher than that of older drivers when adjusted for miles driven 

[2]. Recent national data further indicate that this problem is worsening: a large-scale study by 

Bumper reports that road fatalities involving teen drivers have increased by approximately 25% over 

the past decade [3]. 
 

For novice drivers, the problem is not just a lack of skill, but also inexperience with real-world road 

conditions, difficulty managing distractions, and limited awareness of how quickly situations can 

change at an intersection or on a highway. Prior work in smartphone sensing and telematics has 

shown that sensors, such as GPS and IMU, can be used to detect harsh braking, speeding, and other 

risky behaviors, offering a way to monitor and coach drivers [16]. However, many existing systems 

either focus on post-incident analysis or are limited to simple metrics like speed and acceleration 

without understanding the visual context on the road. Additionally, many teen drivers drive older or 
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cheaper vehicles that lack the advanced safety systems found in newer cars, further contributing to 

this issue. 
 

This gap matters because the consequences of unsafe driving accumulate over time. A teenager who 

repeatedly engages in unsafe driving is not just at risk in the moment; these behaviors can become 

ingrained and increase the likelihood of serious crashes over years of driving. The long-term impact 

extends to families, schools, and communities, making it critical to develop tools that actively support 

safe driving habits from the very beginning of a driver’s experience [17]. 
 

Methodology A: Nine et al. demonstrate that traffic-light detection using deep-learning models, such 

as MobileNetSSD, is feasible on Raspberry Pi hardware. The system processes forward-facing camera 

video to classify traffic-light states in real time. However, it does not include traffic-sign detection, 

sensor fusion, or any driver alerting or feedback mechanisms. 
 

Methodology B: Isa et al. present a real-time traffic-sign recognition system implemented on a 

Raspberry Pi using a TensorFlow-based model. The system achieves high accuracy under controlled 

conditions but is limited to visual traffic-sign detection only. It does not detect traffic lights or 

integrate additional sensor data, such as GPS, IMU, or audio inputs. 
 

Methodology C: Setiawan, Y. et al. present a YOLO-based traffic-sign detection system that 

processes live camera input to notify drivers in real time. While the system achieves reliable 

performance, similar to Methodology B, it is limited to traffic-sign detection and lacks multimodal 

sensor fusion. In addition, it delivers feedback through visual, vibration, and RF signals rather than 

eye-free voice alerts that better support safer driving. 
 

To address this gap, we developed a driving safety system that leverages computer vision and 

multimodal sensor fusion [5] and operates on low-cost, portable hardware, such as Raspberry Pi, to 

provide real-time voice feedback to help novice drivers stay safe on the road. 
 

The system collects data from a front-facing camera, GPS module, IMU module, and microphone to 

monitor the driving environment in real time. A camera mounted above the dashboard captures a live 

video stream, which is analyzed by computer vision models to detect traffic lights and traffic signs, a 

GPS keeps track of driving speed to ensure the vehicle stays within the limit, and an IMU monitors 

rotational movements. In parallel, a microphone listens for turn-signal clicking patterns, which are 

detected by an audio classification model to detect whether the car’s blinker was on during turns. 

These signals are fused by the system to identify potentially dangerous driving situations. When a 

traffic light changes color, a relevant traffic sign appears, the vehicle goes over the speed limit, or the 

vehicle turns without signaling, the system immediately provides a voice alert. These alerts consist of 

short, actionable spoken messages, such as “Red light detected. Please slow down.” or “You are 

above the detected speed limit.”  Such real-time reminders help drivers avoid common and 

preventable mistakes. Compared to passive dashcams and post-incident review tools, this approach is 

proactive and instructional, explicitly recognizing traffic controls in the roadway scene and alerting 

drivers in real time. It provides a practical, low-cost way for student drivers to develop safer driving 

habits and build confidence behind the wheel. 
 

In Experiment A, we tested a key blind spot: how reliably the system detects and interprets traffic 

signs in real driving footage, since incorrect readings could produce unsafe feedback. We recorded 

road video clips under daytime, sunset, and nighttime lighting conditions, manually labeled each clip 

with ground-truth traffic-sign classes and speed limit values, and then ran the full pipeline, trained a 

YOLO-based traffic-sign recognition model followed by speed-limit OCR on frames sampled at fixed 

intervals. The most significant finding was that end-to-end performance was strongest under daylight 

conditions and dropped noticeably at night, largely because OCR accuracy degraded as a result of 

headlight glare, reflective sign materials, motion blur, and lower sign visibility at distance. 
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In Experiment B, we evaluated the turn-signal audio detector’s reliability across different vehicles and 

noise environments. Audio recordings were collected for each vehicle under silence, music, 

conversation, and combined music + conversation environments. Model predictions (“blinker on” or 

“blinker off”) were aligned with labeled ground-truth timelines, and F1-scores were computed for 

each noise condition. Performance was highest in quiet cabins and degraded as background noise 

increased, driven by masking effects and variations in turn-signal click timbre across vehicle models. 
 

2. CHALLENGES 
 

In order to build the system, a few challenges have been identified as follows. 

 

2.1. Balancing Accuracy and Alert Reliability 
 

The major challenge is ensuring that the perception models are accurate enough to assist the driver 

rather than cause distraction. If the system often fails to detect traffic signals, then it wouldn’t be 

effective; conversely, frequent and possibly inaccurate alerts can become annoying and potentially 

unsafe. To improve the accuracy of traffic-light and traffic-sign detections, we could begin by 

selecting a baseline model designed for detecting small, dynamic objects. The training dataset could 

then combine locally recorded driving footage with curated public datasets to incorporate regional 

traffic control variations and capture a wider range of environmental conditions. Model accuracy 

could be further enhanced through structured evaluation on diverse test sets with data augmentation, 

careful tuning of detection thresholds, and the incorporation of temporal logic that requires consistent 

detections across multiple consecutive frames before confirming a detection. For turn-signal detection, 

audio classification could be cross-checked with IMU based turning estimates so that prompts are 

issued only when multiple signals agree, reducing false positives.  

 

2.2. Real-Time Performance on Limited Hardware 
 

Another challenge is meeting real-time performance constraints on limited hardware. Running deep 

learning inference on every video frame while simultaneously monitoring multiple hardware can 

overload a Raspberry Pi, causing latency that reduces the effectiveness of real-time feedback. To 

mitigate this, the system can separate expensive inference workloads from the user interface by using 

worker threads or asynchronous processing, ensuring the user interface remains responsive. Video 

processing can be rate-limited by sampling frames at a fixed interval, while audio can be analyzed in 

short windows to preserve sensitivity to turn-signal clicks. Models can also be optimized through 

resolution adjustments and confidence-threshold tuning to balance accuracy with throughput. 

 

2.3. Sensor Fusion 
 

The system integrates multiple hardware components: the camera streams live video, the microphone 

captures audio signatures, the GPS and IMU modules provide continuous vehicle-motion data, and the 

speaker outputs voice alerts. Consequently, another challenge is efficiently handling the data from 

these components promptly and simultaneously. To address this challenge, dedicated controllers and 

managers could be implemented for each component to ensure they function reliably and cohesively 

within the overall system. 

 

3. SOLUTION 
 

The system is developed in Python and consists of three main components: (1) the AI-model 

component, (2) the hardware integration component, and (3) the real-time processing component. 

 

We chose the YOLOv8 framework to train our traffic-light and traffic-sign detection models. 

YOLOv8 [11] was selected because it is a single-stage detector that achieves high accuracy in 
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detecting small, dynamic objects while operating at real-time speeds, which is critical for driving 

safety systems. Given the inherent complexity of traffic lights, each containing multiple bulbs, with 

each bulb potentially showing one of three colors (red, green, or yellow) and indicating one of three 

directions (straight, left-turn, or right-turn), we adopted a two-stage approach [6] to improve detection 

accuracy.   The first model (best_light.pt) was trained to detect complete traffic lights, while the 

second model (best_bulb.pt) was trained to identify individual illuminated bulbs from cropped images 

of detected traffic lights, determining their color and direction. The third model (best_sign.pt) was 

trained to detect traffic signs. Additionally, we trained an audio classification CNN 

(turn_signal_cnn.pt) to detect the presence of repetitive turn signal clicks [7]. 

Upon system initialization, the main program launches two worker threads to manage device-specific 

tasks concurrently. One thread continuously monitors the microphone and applies the 

turn_signal_cnn.pt model to detect turn-signal sounds, reporting real-time results to the main program. 

The second thread continuously reads alert messages from the message queue and uses the Piper TTS 

engine to deliver natural-sounding voice alerts to the driver. 
 

Meanwhile, the main processing thread continuously captures live videos from the camera but 

analyzes only every N-th frame to maintain computational efficiency. Traffic lights are detected using 

the best_light.pt and best_bulb.pt models, while traffic signs are detected using the best_sign.pt model. 

When a speed-limit sign is detected, the EasyOCR model is applied to extract the numerical speed 

limit value [8]. In parallel, a GPS module monitors the vehicle’s current speed [9], and an IMU 

monitors turning behavior [10]. 
 

Inputs from all perception and sensor modules are fused within a decision layer to generate alerts. 

These alerts are pushed into the message queue, which is consumed by the second thread to enforce 

ordered, non-overlapping playback. Alerts are issued under the following conditions: 
 

(1) a turning maneuver is detected without the detection of corresponding turn-signal audio; 

(2) the vehicle’s speed exceeds an extracted speed limit value; or 

(3) a traffic-light color change or a “stop”, “stopAhead”, “yield”, or “yieldAhead” sign is 

detected and confirmed through consistent detections across multiple consecutive frames. 
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Figure 1. System Diagram 

 

The first component of the system is AI models for detecting traffic lights, traffic signs, and turning 

signals. We adopted the pretrained YOLOv8 framework to train computer vision models for traffic-

light and traffic-sign detection, and we developed an audio classification CNN using Mel-spectrogram 

features to detect the presence of a turn-signal sound.  
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To prepare datasets for traffic-light and traffic-sign detection, we manually recorded dashcam videos 

of real-world driving scenes. Because traffic lights are temporal objects whose appearances persist 

across consecutive frames, we split entire videos [12], rather than individual frames, into training, 

validation, and test sets to prevent data leakage and reduce overfitting. 

 

 
 

Figure 2.  Python code for training the traffic-light and traffic-sign detection models 

 (best_light.pt, best_bulb.pt and best_sign.pt) 
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 Figure 3.  Python code for training the turn signal audio classification model (turn_signal_cnn.pt) 

 

In the Figure 2 code snippet, we defined a wrapper function called train_yolo_model() to encapsulate 

the YOLOv8 training API. This function initializes a pretrained YOLOv8 Nano model (yolov8n.pt), 

trains it on a specified dataset with configurable hyperparameters, data augmentation strategies, and 

automatically saves the best-performing model checkpoint to a designated location. Using this 

function, we trained three image recognition models: best_light.pt, best_bulb.pt and best_sign.pt. The 

best_light.pt model, which detects traffic lights, contains a single class (“trafficLight”). The 

best_bulb.pt model, which identifies individual illuminated bulbs, includes nine classes (“green”, 

“greenLeft”, “greenRight”, “red”, “redLeft”, “redRight”, “yellow”, “yellowLeft”, “yellowRight”). 

The best_sign.pt model, which detects traffic signs, includes five classes (“stop”, “stopAhead”, 

“yield”, “yieldAhead”, “speedLimit”). 

 
In the Figure 3 code snippet, to train an audio classification model for detecting turn signal sounds, we 

first developed the SmallAudioCNN class to define the model architecture, which operates on Mel-

spectrogram representations extracted from audio. We then created the TurnSignalSoundDataset class 

to load .wav files, convert them into Mel spectrograms, and prepare them for training. Finally, we 
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trained the model using predefined hyperparameters, and the best-performing checkpoint was saved as 

turn_signal_cnn.pt at the specified location. 

 

The second component is the hardware management component, responsible for coordinating the 

multiple devices required for smooth operation. Controllers were developed for the GPS and IMU 

modules to continuously track driving speed and vehicle turns. A multithreading mechanism is used, 

allowing all components, including the microphone, camera, and speaker, to run in parallel. For voice 

alerts, the Piper TTS engine converts text-based commands into natural-sounding speech, providing 

real-time guidance to assist the driver. 
 

 
 

Figure 4.  Python code for TTSVoiceEngine and VoicePlaybackManager 
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Figure 5.  Python code for TurnSignalDetectionEngine and TurnSignalDetectionManager 
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In this component, we developed six classes: IMUController, GPSController, TTSVoiceEngine, 

VoicePlaybackManager, TurnSignalDetectionEngine, and TurnSignalDetectionManager to control 

and manage the IMU module, GPS module, speaker, and microphone. 
 

Among them, IMUController reads gyroscope and accelerometer data from the MPU6050 module to 

detect rotational acceleration, while GPSController retrieves the vehicle’s speed from a GPS module.  
 

TTSVoiceEngine is a core text-to-speech engine built on the Piper voice model, which is specified via 

the model path parameter in the __init__() method. It uses the subprocess.run() command to call the 

system audio player and play the synthesized speech through the speaker. 

VoicePlaybackManager manages TTSVoiceEngine and queued voice playback in a background 

thread. The speak_queued() method adds text to the queue. The _voice_worker() method processes 

queued text and calls the speak() method of the class’s TTSVoiceEngine instance to convert text 

messages into speech to playback. The start() method launches a daemon thread to run _voice_worker 

asynchronously in the background. 
 

The TurnSignalDetectionEngine class serves as the core engine for real-time turn signal audio 

detection. Its start_detection() method first calls the load_model() method to load the trained 

turn_signal_cnn.pt model, which is passed via the model_path parameter in the __init__() method, 

and then defines a real-time audio callback() method that is automatically invoked whenever a new 

audio block is captured from the microphone. This callback converts the audio into a Mel spectrogram 

and triggers the caller’s on_detect() callback when the confidence of the turn-signal model exceeds a 

specified threshold, or the caller’s on_deactivate() callback after several consecutive silent intervals. 

Finally, it calls the sound device.InputStream() method to start the microphone stream in a separate 

thread using the following class. 
 

TheTurnSignalDetectionManager class manages the detection engine and its state by encapsulating an 

instance of TurnSignalDetectionEngine. The is_blinker_on() method returns the current turn signal 

state. The start() method initializes the detection process by invoking the start_detection() method of 

the class’s TurnSignalDetectionEngine instance, passing two callback functions: _on_detect, which 

sets the blinker_on flag to “True” upon detection of a turn signal sound, and _on_deactivate, which 

resets the flag to “False” when the model no longer detects the sound. 
 

How these classes are invoked in the main program to operate various hardware (IMU, GPS, speaker, 

microphone, and camera) will be explained in the section about the real-time processing component. 

 

The third component is the real-time processing component, which provides a comprehensive 

implementation of a driver-assistance system. It captures live video, detects traffic lights and traffic 

signs using trained AI models, tracks which traffic controls are currently active, and fuses visual 

inputs with sensor inputs (GPS speed, IMU turning, turn-signal audio) to determine when voice alerts 

should be enqueuer. In addition, the system applies multi-frame confirmation to smooth noisy 

detections and retains previously confirmed detection states to prevent redundant or overlapping alerts. 
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Figure 6.  Real-time visual feedback during operation 
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Figure 7.  Python code for the real-time system processing pipeline 

 

The main program begins by creating instances of IMUController, GPSController, 

VoicePlaybackManager, TurnSignalDetectionManager, and EasyOCR. It then calls 

turn_signal_detection_manager.start() method and voice_playback_manager.start() method to launch 

separate background threads for turn signal audio detection and voice playback, respectively.  

 

Next, three key data structures are defined. The traffic_control_flag data structure stores the detection 

status for each traffic-control type, with keys such as “RedTrafficLight”, “RedLeftTurnTrafficLight”, 

“RedRightTurnTrafficLight”, “StopTrafficSign”, and others.  The traffic_control_flag_history 

maintains the detection status from the most recent three processed frames to avoid single-frame 

glitches. A detection is considered confirmed only when all three entries in 

traffic_control_flag_history report the same value. The last_confirmed_traffic_control_flag stores the 

most recently confirmed detection states to prevent overlapping alerts. 
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Before entering the video processing loop, the required models for traffic-light and road-sign 

detection are loaded and cv2.VideoCapture() is called to capture live video input. Within the loop, 

every N-th frame is processed to balance detection accuracy and real-time performance, and for each 

processed frame, the system creates a fresh current_traffic_control_flag, initialized as a copy of 

traffic_control_flag, to store the detection status for that frame. Traffic-light detection is performed 

first using best_light.pt. Each detected traffic-light bounding box is then cropped and passed to 

best_bulb.pt to detect individual illuminated bulbs. The analyze_light_bulbs() function is 

subsequently invoked to determine the dominant bulb color for each direction (straight, left-turn, and 

right-turn). For example, if the dominant color of the left-turn signal is red, 

current_traffic_control_flag["RedLeftTurnTrafficLight"] is set to True. Next, the system uses 

best_sign.pt to detect traffic signs (“stop”, “stopAhead”, “yield”, “yieldAhead”, “speedLimit”). When 

a “speedLimit” sign is detected, the corresponding image region is cropped and passed to the 

EasyOCR engine to validate the detection and extract the numerical speed limit value. The 

current_traffic_control_flag is then updated accordingly. 

 

After all detections are completed for the frame, the traffic_control_flag_history.append() method is 

called to addcurrent_traffic_control_flag to the history queue. 

 

The system then issues alerts and updates last_confirmed_traffic_control_flag under the following 

conditions: 

 

(1) The vehicle is detected to be turning while no active turn signal audio is present, as 

determined by calling turn_signal_detection_manager.is_blinker_on() and 

imu_manager.detect_turn(); 

(2) The current vehicle speed, obtained by calling gps_controller.update() method and 

gps_controller.get_speed_mph() method, exceeds the speed limit detected in the frame, while 

the corresponding entry in last_confirmed_traffic_control_flag is “False”; or 

(3) For a red light or traffic signs (“stop”, “stopAhead”, “yield” and “yieldAhead”), a voice alert 

is triggered when the object has been detected in three consecutive frames while the 

corresponding entry in last_confirmed_traffic_control_flag is “False”. For a red light 

specifically, a voice alert is also triggered when the object has been absent in three 

consecutive frames while the corresponding entry in last_confirmed_traffic_control_flag is 

“True”. 

 

The issued alerts are enqueuer via voice_playback_manager.speak_queued() method, and the voice-

playback thread retrieves the queued messages and uses the TTS engine to alert the driver. 

 

4. EXPERIMENT 
 

4.1. Experiment 1 
 

We needed to test how accurately the system detects traffic signs in real driving footage, especially 

under different lighting and distances, because incorrect traffic-sign readings could lead to unsafe 

feedback. 

 

To evaluate traffic-sign detection performance, we will construct a labeled dataset of road video clips 

recorded on the Raspberry Pi under daytime, sunset, and nighttime conditions. For each clip, ground-

truth annotations will be manually created for the presence and class of traffic signs (“stop”, 

“stopAhead”, “yield”, “yieldAhead”, and “speedLimit”), as well as the corresponding speed limit 

values. The full traffic-sign processing pipeline, consisting of the trained YOLO-based traffic-sign 

recognition model followed by OCR-based speed limit value extraction, will then be applied to frames 

sampled at fixed intervals, such as every 10th frame. For each annotated traffic sign, we will measure 
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whether the system correctly detects it and, for each speed-limit sign, whether the extracted numeric 

value matches the ground truth. 

 

 
 

 
 

Figure 8. Quantitative comparison of traffic-sign detection across lighting conditions 

 

Across 12 real-world driving clips, the end-to-end traffic-sign pipeline achieved a mean accuracy of 

83.25%, with a median of 84.5%. The lowest performance was observed in a nighttime clip (N3) at 

71%, while the highest score was 93% in a daytime clip (D3). Performance was strongest under 

daylight conditions (mean 90.75%) and declined at sunset (mean 84.25%) and at night (mean 74.75%). 

A notable drop in performance occurred at night relative to sunset. While the traffic-sign recognition 

model often continued to detect signs correctly, the OCR stage failed more frequently under nighttime 

conditions due to headlight glare, reflective sign materials, motion blur, and reduced effective 

resolution when signs were farther away. Because the pipeline requires both correct traffic-sign 

recognition and correct OCR for a prediction to be counted as correct, OCR failures 

disproportionately reduce the final score. In practice, lighting and viewing distance had the largest 

effect on performance, especially for speed-limit signs, where a single misread digit makes the output 

incorrect. 

 

4.2. Experiment 2 
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We also wanted to test how reliably the turn signal audio model detects real blinker clicks in different 

vehicles and noise environments, since missed or false detections could lead to incorrect coaching 

about turn-signal use. 
 

To evaluate the turn-signal detector, we will record a dataset of driving audio segments using the 

same microphone setup deployed on the Raspberry Pi. Each segment will be labeled with ground-

truth turn-signal events (“signal on” and “signal off”), along with background conditions including 

silence, conversation, music, and music combined with conversation. The trained turn signal audio 

model will run continuously on these recordings to generate a binary prediction (“blinker on” or 

“blinker off”) over time. Model predictions will be aligned with the ground-truth timeline, and 

performance will be evaluated using metrics, such as true positive rate, false positive rate, false 

negative rate, and F1-score, reported both overall and separately for each noise condition. 
 

 
 

 
 

Figure 9. Quantitative comparison of turn signal audio detection across multiple vehicles 

 

Across 12 recordings (3 vehicles × 4 conditions), the turn-signal detector achieved a mean F1-score of 

0.866, with a median of 0.865. The lowest result performance 0.78 (Vehicle C with music + 

conversation), while the highest score was 0.95 (Vehicle A in silence). As expected, performance was 

best in quiet cabin environments (mean 0.93) and degraded progressively as background noise 

increased (music mean 0.877, conversation mean 0.857, music+conversation mean 0.80). Error 

analysis indicates that false positives increased when rhythmic music overlaps the blinker’s click 

cadence, while false negatives became more common when clicks were partially masked by speech or 

when the microphone gain was reduced to avoid clipping.  

 

Performance differences across vehicles were also observed, reflecting variation in turn-signal click 

timbre between vehicle models. Consequently, a model trained on one set of clicks may generalize 

imperfectly. Overall, the ambient noise level was the primary driver of F1-score variation, followed 

by vehicle-to-vehicle sound variation, suggesting that training on a more diverse set of vehicles and 

more noisy audio conditions would yield the greatest performance improvements. 

 

5. RELATED WORK 
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Nine, J. et al.[13] investigate the feasibility of performing traffic-light detection on a Raspberry Pi 

3B+ using deep-learning models, such as MobileNetSSD. A camera captures forward-facing video, 

and the system processes frames to identify traffic lights and classify their states under varying 

lighting conditions. The study shows that traffic-light detection is achievable on embedded hardware, 

with acceptable accuracy and frame rates for real-time operation. However, this work does not include 

traffic-sign detection, sensor fusion, or any form of driver alerting or decision logic. In comparison, 

our system builds a full driver-assistance pipeline by combining traffic-light and traffic-sign detection 

with GPS, IMU, and turn signal audio classification, and by providing real-time voice feedback to 

help drivers respond to potentially unsafe situations. 

 

Isa, I. S. B. M. et al.[14] present a real-time traffic-sign recognition system implemented on a 

Raspberry Pi 3 using a camera and a TensorFlow-based machine-learning model. The system captures 

live video, processes frames to detect and classify a limited set of traffic signs, and outputs the 

recognized sign to the user. Experimental results show detection accuracy above 90% under 

controlled conditions, demonstrating that low-cost embedded hardware can support basic deep-

learning inference for driving applications. However, the system is limited to traffic-sign detection 

only and does not recognize traffic lights. It also relies exclusively on visual data, without integrating 

GPS, IMU, or audio inputs. In contrast, our system extends this approach by detecting both traffic 

signs and traffic lights, integrating multiple sensor modalities, and issuing voice alerts to assist drivers 

proactively. 

 

Setiawan, Y. et al.[15] propose a traffic-sign detection system based on the YOLO object-detection 

framework that provides notifications when traffic signs are identified. The system captures live video 

from a camera, processes each frame using a trained YOLO model, and detects traffic signs in real 

time to alert the driver. Their results show that YOLO-based detection can achieve reliable real-time 

performance, demonstrating the suitability of deep-learning models for traffic-sign recognition. 

Similar to Methodology B, the system is limited to traffic-sign detection and does not incorporate 

multimodal sensor fusion. Although it provides notification to drivers compared to Methodology B, 

the feedback is delivered through an LCD, a vibration motor, and a radio frequency (RF) module; in 

contrast, our system delivers eye-free, descriptively phrased voice alerts to better support safer driving 

behavior. 

 

6. CONCLUSIONS 
 

Although this driving safety system demonstrates that low-cost hardware, such as Raspberry Pi, can 

provide effective real-time coaching for novice drivers, several limitations remain in the current 

system. First, the datasets used for traffic-light and traffic-sign detections are limited in size and 

variety, which reduces detection accuracy, particularly under challenging conditions. To improve 

reliability, post-processing methods are applied, including using OCR to extract numerical speed limit 

values and applying multi-frame smoothing to reduce noisy detections. However, these techniques 

increase processing time and introduce additional latency. In addition, the accuracy of the turn-signal 

audio detection model can be affected by loud music or high cabin noise, which may lead to missed or 

incorrect detections. With additional development time, future work would expand the datasets to 

include not only a larger number of images but also data collected under diverse lighting conditions, 

varying weather conditions, and a wider range of vehicle interiors. 
 

Second, the current voice feedback relies on relatively simple TTS, which may become repetitive and 

reduce user engagement over time; future versions could incorporate higher-quality neural TTS and 

more varied phrasing while maintaining concise alerts. 
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Finally, the current Raspberry Pi prototype remains physically bulky. A more product-ready design 

would integrate system components into a smaller enclosure and explore more power-efficient 

hardware or dedicated accelerators to reduce overall size, heat, and power consumption. 

The system demonstrates that combining computer vision, audio analysis, and multi-sensor fusion can 

turn a Raspberry Pi into an effective coaching tool for novice drivers. By providing clear, real-time 

audio feedback on traffic lights, traffic signs, and turn-signal usage, the system aims to help novice 

drivers develop safer driving habits from their earliest miles on the road. 
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