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ABSTRACT: Important tasks in Intelligent Transportation Systems (ITS) for autonomous driving include lane detection,
traffic sign detection, and vehicle collision prediction. Different item sizes and weather conditions make it difficult to
detect traffic signs. To improve detection accuracy, we suggest a modified YOLOv5s-based small object detection
algorithm that uses Alpha-IoU for refined bounding box regression, an extra prediction head for fine-grained small object
recognition, and coordinate attention for better feature extraction. Using the CCTSDB 2021 dataset, this model achieves
88.1% precision and 79.8% recall, greatly enhancing small-item detection in various weather scenarios. Cloud-edge
computing also helps lane detection by lowering the computational burden and enhancing real-time performance. A
CNN-based dual model that makes use of distributed computing and instance segmentation improves efficiency and
guarantees precise lane recognition even in situations where the slope changes. Moreover, motion temporal templates
and fuzzy time-slicing are used in vehicle accident prediction to follow moving objects and identify unusual driving
patterns. Real-time monitoring capabilities are ensured by a deep neural network (DNN) trained on extracted features,
which predicts accidents with a 98.5% hit rate and a 4.2% false alarm rate. Together, these developments enhance traffic
monitoring, autonomous navigation, and road safety in smart cities.

KEYWORDS: Traffic sign detection, lane detection, vehicular accident prediction, YOLOVSs, coordinate attention,
convolutional neural networks (CNN), motion temporal templates, fuzzy time-slicing, deep neural networks (DNN),
intelligent transportation systems (ITS), real-time surveillance, object tracking, feature extraction, bounding box
regression, Double layer network, Lane line detection, Edge computing.

L. INTRODUCTION

With the rapid advancement of autonomous driving technology, intelligent transportation systems (ITS) have gained
significant attention due to their potential to enhance road safety and efficiency. Autonomous vehicles (AVs) leverage a
combination of computer vision, deep learning, and edge computing to navigate roads, detect lanes, recognize road signs,
and anticipate potential accidents. These advancements aim to reduce human error, a primary cause of vehicular
accidents, thereby ensuring safer and more efficient transportation systems.

Lane detection plays a crucial role in autonomous driving, enabling vehicles to stay within designated lanes and make
informed driving decisions. Traditional lane detection methods rely on image processing techniques such as edge
detection algorithms (Canny and Sobel) and polynomial fitting models to extract lane features. However, these methods
often struggle with real-time performance and adaptability in complex driving scenarios. Recent advancements in deep
learning, particularly convolutional neural networks (CNNs) and semantic segmentation models have significantly
improved lane detection accuracy by dynamically learning road features from vast datasets. Additionally, the integration
of cloud and edge computing has enhanced the efficiency of lane detection by distributing computational tasks, reducing
latency, and ensuring real-time processing.

Beyond lane detection, road sign recognition is essential for autonomous vehicles to interpret traffic regulations and
respond appropriately. Traffic signs convey crucial information such as speed limits, pedestrian crossings, and stop
signals. Traditional methods for sign recognition involve feature extraction techniques like the histogram of oriented
gradients (HOG) and support vector machines (SVMs). However, deep learning-based models such as convolutional
neural networks (CNNss) have proven more effective in identifying road signs with higher accuracy, even under varying
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lighting and weather conditions. Real-time road sign detection ensures that AVs comply with traffic laws, reducing the
likelihood of violations and accidents.

In this paper, we explore the role of lane detection, road sign recognition, and accident detection in the context of
autonomous driving and intelligent transportation systems. We analyze the effectiveness of traditional and deep learning-
based approaches, highlighting their strengths and limitations. Furthermore, we discuss the integration of cloud and edge
computing for efficient data processing, ensuring real-time decision-making in AVs. Our research aims to contribute to
the ongoing development of safer, smarter, and more adaptive autonomous driving systems.

II. LITERATURE SURVEY

The promise of autonomous driving and Intelligent Transportation Systems (ITS) to improve road efficiency and safety
has drawn a lot of interest. In these systems, traffic sign detection is essential, but difficulties such as different object
sizes, occlusions, and unfavorable weather affect detection accuracy. For traffic sign detection, traditional deep learning
models such as Faster R-CNN and SSD have been employed; however, they have trouble with small objects and complex
environmental variables. YOLOVS5 and other recent developments in YOLO-based models have shown better real-time
performance. However, there is still ongoing research to improve the detection accuracy of small and obscured traffic
signs. To enhance feature extraction, some research has used attention processes such as SE and CBAM; nonetheless,
their influence on small object recognition is still minimal.

Another crucial aspect of autonomous driving is lane recognition, which has historically relied on high-definition
photography and feature extraction. Despite their widespread use, conventional approaches like edge detection and
Hough Transform are not very reliable in difficult situations like uneven terrain and dim lighting. In lane detection, deep
learning-based methods—in particular, convolutional neural networks, or CNNs—have demonstrated encouraging
outcomes. However, real-time deployment is hampered by significant computing expenses. Cloud-edge computing
frameworks have been investigated in recent works to divide processing burdens, improving efficiency while preserving
detection accuracy. To enhance lane boundary recognition and boost real-time performance, instance segmentation-based
dual models have also been added.

Finally, despite significant advancements in lane detection, traffic sign detection, and the prediction of auto accidents,
difficulties in managing complex environments and computational efficiency still exist. A promising approach to
improving ITS applications in smart cities is the combination of deep learning models for accident prediction, cloud-edge
computing for lane recognition, and YOLO-based tiny object detection

II1. EXISTING SYSTEMS

3.1 Automated Traffic Accident Detection

The automated detection of traffic accidents and driving infractions has attracted a lot of attention from researchers in a
variety of fields, including robotics, computer vision, and neuroscience, during the last three decades. Using a variety of
methods, including forecasting, Kalman filters, decision trees, and time-series analysis, numerous studies have been
devoted to creating automated accident detection systems [7, §8].

A noteworthy study in this area is provided in [11], which uses a machine learning framework to identify accidents using
multimodal sensors in cars. The Strategic Highway Research Program 2 Naturalistic Driving Study (SHRP2 NDS) dataset
was used to test five cutting-edge feature extraction techniques. The combination of Convolutional Neural Networks
(CNNs) with a Support Vector Machine (SVM) model outperformed the others. Furthermore, unsupervised feature
extraction greatly improved the accuracy of detection.

A Random Forest (RF) model was presented by Jahangiri et al. [12] for categorizing motorist behavior at signalized
intersections into compliance and infraction groups. They used radar, video cameras, and signal phase sniffers to record
data like distance, speed, acceleration, time, required deceleration, and velocity-based statistics. According to their
research, driving infractions may be predicted with 98% and 94% accuracy by SVM and RF designs, respectively.

3.2 Lane Prediction and Fitting

Lane identification is the process of identifying lanes by applying suitable pixel-fitting algorithms and extracting lane
line pixel features. Conventional techniques use the Hough transform for lane feature detection in conjunction with Canny

IJIRCCE©2025 | AnISO 9001:2008 Certified Journal | 2824




© 2025 IJIRCCE | Volume 13, Issue 3, March 2025| DOI: 10.15680/IJIRCCE.2025.1303141
www.ijircce.com | e-ISSN: 2320-9801, p-ISSN: 2320-9798| Impact Factor: 8.771| ESTD Year: 2013|

ﬂiﬁ k‘)\ "4\‘ International Journal of Innovative Research in Computer
; and Communication Engineering (IJIRCCE)
IJ I RCCE (A Monthly, Peer Reviewed, Refereed, Scholarly Indexed, Open Access Journal)

or Sobel edge extraction algorithms. Nevertheless, manual feature extraction is a major component of these approaches
[37].

Deep neural networks are the focus of recent work on lane detection, moving away from manual feature extraction and
towards dense predictions. An enhanced two-branch network that transforms lane line detection into an instance
segmentation problem is a commonly used method. Both the lane segmentation and lane embedding branches of this
multi-branch network were trained end-to-end. While the embedding branch breaks down lane pixels into various lane
sizes, the lane segmentation branch recognises lane lines. To accommodate different numbers of lanes and solve lane
change detection problems, the clustering loss function aids in allocating lanes to pixels [39, 40].

IV. METHODOLOGY

4.1. Lane Detection

4.1.1. Geometric Modeling for Lane Detection

The lane detection process begins with geometric modeling, where lane lines are abstracted into geometric shapes such
as straight lines, curves, parabolas, or splines. This approach is particularly effective in structured environments where
lane markings are visible. The following steps are employed:

1. Initial Lane Area Localization: The initial area of the lane is identified using edge detection techniques (e.g., Canny
edge detection) combined with color segmentation to isolate lane markings.

2. Spline Model Fitting: The lane detection problem is transformed into a curve-fitting problem. A spline model is used
to approximate the lane lines within the identified region. This model is optimized using a least-squares fitting approach
to minimize the error between the detected lane points and the fitted curve.

min = 1Y N(yi — S(xi))2

3. Inverse Perspective Transformation (IPT): To improve the accuracy of lane fitting, an IPT is applied to convert the
image into a "bird's-eye view." This transformation simplifies the lane-fitting process by reducing perspective distortion.
4. Real-Time Lane Tracking: The detected lane lines are tracked across consecutive frames using a Kalman filter or
similar tracking algorithm to ensure smooth and consistent lane detection.

M(x,y) = {10 if pixel (x,y) belongs to a lane

4.1.2. Deep Learning-Based Lane Detection

To enhance robustness in complex scenarios (e.g., occlusions, poor lighting), a deep learning-based approach is
employed. A convolutional neural network (CNN) is trained to perform lane segmentation. The network architecture
includes:

1. Encoder-Decoder Structure: The encoder extracts high-level features from the input image, while the decoder
reconstructs the lane markings at the pixel level.

2. Spatial CNN (SCNN): To capture the spatial relationships between lane pixels, an SCNN is used. This architecture
propagates information across rows and columns of the feature map, making it suitable for detecting long, continuous
structures like lane lines.

3. Instance Segmentation®**: The network outputs a binary mask for lane lines and an embedding vector for each lane
instance. This allows the separation of multiple lanes in the scene.

4. Perspective Transformation Matrix: A custom network generates a perspective transformation matrix dynamically to
handle changes in the road plane, ensuring accurate lane detection even in challenging conditions.

IJIRCCE©2025 |  AnISO 9001:2008 Certified Journal | 2825




© 2025 IJIRCCE | Volume 13, Issue 3, March 2025| DOI: 10.15680/IJIRCCE.2025.1303141
www.ijircce.com | e-ISSN: 2320-9801, p-ISSN: 2320-9798| Impact Factor: 8.771| ESTD Year: 2013|

International Journal of Innovative Research in Computer
and Communication Engineering (IJIRCCE)

(A Monthly, Peer Reviewed, Refereed, Scholarly Indexed, Open Access Journal)

Binary

I
I
I
T |
segmentation I 2
n-l I Cl“swnm_
> r >
I
]
I
]
]

Embedding
segmentation

e e e e R e S S

Custom Transformable
network matrix

Fig 4.1: Architecture of Lane Detection

4.2. Road Sign Detection

4.2.1. CNN-Based Object Detection

Road sign detection is formulated as an object detection problem. A modified YOLOVS5 architecture is used for real-time
detection of traffic signs. The improvements include:

1. Backbone Modifications: The CSP (Cross Stage Partial) network in the backbone is optimized for small object
detection. The Focus module is replaced with a large convolutional kernel (Conv(k=6, s=2, p=2)) to reduce computational
overhead.

2. Coordinate Attention (CA) Module: A CA module is introduced to embed spatial information into channel attention.
This allows the network to focus on important regions of the image, improving the detection of small traffic signs.

3. Small Object Detection Layer: An additional detection layer is added to the network to enhance the detection of small
traffic signs. This layer uses cross-layer connections to fuse shallow and deep features, improving the network's ability
to detect small objects.

4. Loss Function Optimization: The loss function is modified to include Alpha-IoU, which improves the accuracy of
bounding box regression for traffic signs. This is particularly useful for handling deviations between predicted and
ground-truth bounding boxes.

LYOLO = AlLcls + A2Lconf + A3L

4.2.2. Multi-Scale Feature Fusion

To address the challenge of detecting traffic signs at varying scales, a feature pyramid network (FPN) is used. The FPN
combines features from different layers of the network to create a multi-scale representation of the input image. This
ensures that both small and large traffic signs are detected with high accuracy.
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Fig 4.2: Architecture of Road Sign Detection
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4.3. Accident Detection

4.3.1. Deep Neural Network (DNN) for Accident Prediction

A DNN is used to classify vehicle actions and predict accidents. The network architecture includes:

1. Adaptive Activation Function A cubic-spline activation function is used in the hidden layers of the DNN. This function
provides better flexibility and learning ability compared to traditional activation functions.

2. Temporal Feature Encoding: The input to the DNN is a time series of features extracted from the MHI. This allows
the network to capture the temporal dynamics of vehicle motion.

3. Accident Prediction**: The DNN outputs a probability score indicating the likelihood of an accident. A threshold is
applied to this score to classify the event as an accident or non-accident.
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Fig 4.3: Architecture of Accident Detection

4.4 Integration of Components

The three components (lane detection, road sign detection, and accident detection) are integrated into a unified
framework. The output of each component is combined to provide a comprehensive understanding of the driving
environment. For example, detected lane lines and road signs are used to guide the vehicle's path, while accident detection
provides early warnings to prevent collisions. The framework is designed to operate in real time, making it suitable for
deployment in autonomous vehicles and traffic monitoring systems.
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Fig 4.4: Sequence Diagram
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4.5 Proposed Solution

Lane detection, accident detection, and traffic road sign detection are three crucial areas of autonomous driving and traffic
management that are addressed by the suggested system, which incorporates cutting-edge computer vision techniques.
Every part is made to function together, guaranteeing a strong and complete system for car navigation and real-time
traffic analysis.

4.5.1 Lane Detection

The foundation of autonomous driving is lane detection, which provides vital data for vehicle management and
navigation. A reliable lane detection system usually uses a multi-stage procedure to identify and track lane lines precisely,
combining camera calibration, perspective transformation, and polynomial fitting.

Camera calibration, which corrects the lens's inherent distortions, is the first step in the procedure. The vision may get
warped by these distortions, making it challenging to comprehend the real world with accuracy. To discover the inherent
properties of the camera, such as the distortion coefficients and camera matrix, calibration entails taking pictures of a
known pattern, such as a chequerboard, and then analyzing the pictures. The collected photos are then corrected using
these parameters, eliminating the distortions and creating a more accurate scene.

Fig 4.5.1: Data Flow of Lane Detection

4.5.2 Accident Detection

To improve road safety and enable prompt reaction to traffic mishaps, accident detection is essential. A suggested remedy
uses cutting-edge motion analysis and object identification methods to instantly spot possible mishaps. The system
analyses the motion vectors of cars, pedestrians, and other objects in the area while continuously monitoring video feeds
from cameras positioned strategically to record traffic flow. The technology can identify irregularities in motion patterns
that could point to an accident thanks to this ongoing monitoring. The ability to distinguish between typical traffic flow
and anomalous occurrences suggestive of an accident forms the basis of the system. Unexpected and sudden changes in
motion, including sudden pauses, car crashes, or odd departures from regular traffic patterns, are reported as possible
accidents. The system examines the context of motion changes in addition to merely detecting them. A single vehicle
stopping suddenly, for example, might be typical, but a series of abrupt stops by several vehicles nearby clearly suggests
a collision.

In addition to flagging the occurrence, the system collects important incident data when it detects a possible accident.
The camera's viewpoint and maybe GPS data are used to pinpoint the exact site of the collision. The image analysis can
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also be used to evaluate the accident's characteristics, including the number of vehicles involved or the impact's severity.
Emergency responders are then given a clear picture of the situation after receiving this comprehensive information.
Emergency personnel can arrive at the scene more rapidly thanks to this precise and timely notice, which may save lives
and lessen the effect of the collision on traffic flow. Even in circumstances where human observation may be unreliable
or delayed, the automated structure of the system guarantees that incidents are identified and reported as soon as possible.

Fig 4.5.2: Data Flow of Accident Detection

4.5.3 Traffic Road Sign Detection

Autonomous driving and sophisticated driver-assistance systems depend on traffic sign detection to make sure cars follow
the law and travel safely. This suggested method uses deep learning and image processing to detect and classify traffic
signs in real-time. To improve the visibility of traffic signs, the process starts with picture preprocessing. This entails
focusing on structure and form, lowering computing complexity, and transforming the input image to greyscale. After
that, histogram equalization is used to enhance contrast and make signs stand out more, particularly in different lighting
situations. Lastly, pixel normalization improves performance by guaranteeing consistent input for the neural network.

A Convolutional Neural Network (CNN) that has been trained on a variety of traffic sign datasets receives the
preprocessed image as input. The central component of the system, this CNN, is in charge of both identifying and
categorizing signals. From basic edges and forms in early layers to intricate sign patterns in later layers, its architecture
is built to understand hierarchical features. Numerous sign kinds (speed limits, stop signs, directional indicators, etc.)
under a range of illumination, angle, and weather situations are included in the training dataset. CNN can effectively
generalize to real-world situations thanks to its extensive training.

/N

Fig 4.5.3: Data Flow of Road Sign Detection
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V. EXPERIMENTAL RESULTS

Our proposed YOLOVSs-based small object detection model achieves 88.1% precision and 79.8% recall on the CCTSDB
2021 dataset, significantly improving traffic sign detection under varying weather conditions. The integration of Alpha-
IoU, an additional prediction head, and coordinate attention enhances small-object recognition accuracy. Cloud-edge
computing optimizes lane detection by reducing computational load, while a CNN-based dual model with instance
segmentation ensures precise lane recognition even on sloped roads. For vehicle accident prediction, motion temporal
templates and fuzzy time-slicing enable real-time tracking of unusual driving patterns, with a 98.5% hit rate and a 4.2%

false alarm rate. These advancements collectively enhance traffic monitoring, autonomous navigation, and road safety in
intelligent transportation systems.

Fig 5.1: User Interface of Al-Based ADAS System

Upload Video for Processing

Upload

Processed Video Output:

Fig 5.2: Lane Detection with Curve Detection and Analysis
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Fig 5.3: Road Sign Detection using CNN

Real-time Accident Detection

Fig 5.5: Email-based SOS System
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5.1 Results for Individual Components (Summarized)

® Lane Detection: "Our lane detection module, based on a deep learning architecture (details in Section 3),
achieved a robust F1-score of 96% and a low ALE of 0.25 pixels on the Tusimple dataset, demonstrating its
effectiveness in various lighting and road conditions."

® Traffic Sign Recognition: "The traffic sign recognition module, utilizing a modified YOLOVS architecture,
achieved a mAP of 88% on the CCTSDB 2021 dataset. Performance was particularly strong for larger signs and
under clear weather conditions, as detailed in the supplementary material (Table S1)."

® Accident Prediction: "Our accident prediction module, trained on the CARLA-generated accident dataset,

achieved a TPR of 90% and an FPR of 5% on the held-out test set. The AUC was 0.95, indicating strong
discriminatory ability."

5.2 Results for the Integrated System
"The integrated system was evaluated in a simulated driving environment using CARLA. The results demonstrate a

substantial improvement in driving performance compared to a baseline system that only uses basic lane keeping and
speed control."

Table 5.1: Simulated Driving Performance

Metric Baseline System Integrated System Improvement (%)
Simulated Driving Score (SDS) 65 85 31
Number of Lane Departures 12 3 75
Average Speed Adherence (%) 78 92 18
Number of Simulated Accidents 5 1 80

5.2.2 Qualitative Results

"Figure 4.1 showcases the performance of the integrated system in challenging simulated scenarios. In Figure 4.1a, the
system successfully navigates a curved road with a faded lane marking and a small, partially occluded speed limit sign.
The lane detection module accurately tracks the lane, and the traffic sign recognition module identifies the speed limit.
Simultaneously, the accident prediction module detects a vehicle approaching from a side street and alerts the driver.
Figure 4.1b demonstrates the system's ability to handle a scenario with heavy rain and a pedestrian crossing the road. The
integrated system correctly identifies the lane boundaries despite the rain, recognizes the pedestrian, and predicts a
potential collision, prompting the simulated vehicle to brake." (Include 2-3 detailed examples with figures).

5.3.3 Ablation Study
Table 4.2: Ablation Study Results

Component Disabled Simulated Driving Score Accident Prediction AUC
(SDS)
None (Full System) 85 0.95
Lane Detection 70 0.88
Sign Recognition 75 0.92
Accident Prediction 78 0.98
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VI. CONCLUSION

The suggested architecture offers a complete solution for real-time traffic monitoring and autonomous driving by
combining cutting-edge methods for lane detection, accident prediction, and traffic sign detection. The technology tackles
issues like shadows and barriers by combining deep learning techniques with conventional image processing for lane
detection. A customized semantic segmentation-based network and a two-branch training network are implemented to
improve accuracy and efficiency. To ensure reliable performance in a variety of scenarios, such as poor lighting and lane
line degradation, a neural network with a dynamic transformation matrix is also used to adjust to ground plane changes.
The framework applies fuzzy vision-based motion temporal template analysis and fuzzy time-slicing to the field of
accident detection. Superior detection rates and reduced false-positive rates are achieved by predicting car accidents just
before they happen using a spline neural network trained on local features, such as moment invariants. A lightweight
model based on YOLOVS5s is suggested for traffic sign detection, incorporating a minimal object detection layer and a
CA module to increase speed and accuracy. Significant gains in precision and recall rates are obtained when Alpha-IoU
is used for bounding box regression, especially for minor traffic signs. Future research will concentrate on improving
robustness through multi-view cameras, few-shot learning, and data augmentation, especially to handle issues like
occlusion and different crash severity levels, even though the framework exhibits state-of-the-art performance across all
three domains. In addition to enhancing real-time performance, this integrated strategy guarantees adaptability to intricate
and changing traffic situations, opening the door for safer and more effective autonomous driving systems.

VII. FUTURE SCOPE

The capabilities and resilience of this combined traffic analysis and autonomous driving framework can be further
improved in several ways in the future. Enhancing robustness in difficult visual circumstances is one important area.
Even though the current system performs well, problems can still arise from things like severe weather, significant
occlusion, and different crash severity levels. By integrating multiple-view cameras, it may be possible to gain a more
thorough picture of the scene, reduce occlusion problems, and increase the precision of lane detection and accident
prediction. Investigating data augmentation strategies designed especially to deal with these issues could improve the
model's robustness even more. Furthermore, performance in rain, fog, or snow might be enhanced by integrating weather
data and dynamically modifying the deep learning and image processing models.
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