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ABSTRACT: Automatic driving system are tremendous growing techniques with support of artificial automation based
safe driving system. Throughout lane based vesicle driving system is the important aspect for driving automation to keep
the vehicle movement safe on the track. The Al technologies takes part image processing to find the lane detection
efficiently. But the traditional methods are create complex patterns n road map due to degradation and particle segment
swapping problems to degrade the detection performance leads poor accuracy. To resolve this problem, a Smart Artificial
intelligence auto powered Road Lane Detection is proposed based on regional canny segmentation using Lan-Net CNN
for smart driving system. Initially the Gaussian mixture intent to take the lane camera driving margins from road Lane
side to normalize the image and to reduce the distractions. Next to lane point tracking segmentation is carried out by
canny edge region of segmentation (CEROS), so find the object moving tracking position. Depending feature mapping
the lane region, LAN-net coevolution neural network is applied to detect the object position keep on region moving index
position on tracking position. The proposed system efficiently detect the object tracking lane on roadside unit and to
improve the precision rate and accuracy as well compared to the traditional methods with improved flscore with low
false positives.

KEYWORDS: Automated Driving, Lane Detection, Artificial Intelligence, Convolutional Neural Network (CNN), Image
Processing, Canny Segmentation, Gaussian Mixture Modeling, Object Tracking, Lan-Net, Roadside Unit, Precision,
Accuracy, F1-Score.

L. INTRODUCTION

The field of autonomous driving is rapidly advancing, driven by the promise of enhanced safety, efficiency, and
convenience. At the heart of this revolution lies the crucial ability to accurately and reliably perceive the surrounding
environment, with lane detection playing a pivotal role. Maintaining a vehicle safely within its lane is a fundamental
requirement for any autonomous system, and robust lane detection is therefore paramount for overall system performance
and public acceptance. However, traditional lane detection methods often struggle with the complexities of real-world
scenarios, facing challenges such as varying lighting conditions, degraded road markings, and the presence of occlusions.
These limitations can lead to inaccurate lane detection, potentially compromising safety and hindering the widespread
adoption of autonomous vehicles.

Lane identification remains a difficult problem in the field of computer vision, even with the development of several
vision-based techniques over the previous few decades. The primary foundation of conventional lane identification
research is inter-frame similarity [1]. Convolutional neural networks (CNNs) have been the most widely utilized
techniques in the lane detecting sector. CNNs are competitive in recognizing lane markers in photos because they can
learn from datasets and behave appropriately [2]. In autonomous driving systems, lane identification is a crucial yet
difficult problem. Current lane recognition techniques mostly use finer-scale data to pinpoint important lane line locations.
Given that local information is usually obstructed by other cars or impacted by inadequate external lighting in practical
" road scenarios [3].
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Unfortunately, the need for precise depth or camera pose estimation may result in lane height loss, which might affect the
resilience of these techniques, particularly evident when the level ground assumption is broken [4]. Advanced driver aid
systems have been integrated into driverless cars to warn of hazardous conditions or for actively participating in driving.
Due to their intricacy and the differences in the issues each poses, lane identification and tracking have been examined
from a variety of angles [5].

This proposal outlines a novel and sophisticated system for Smart Artificial Intelligence auto-powered Road Lane
Detection designed to overcome the limitations of existing approaches. The proposed system leverages regional canny
segmentation and a custom-designed Lan-Net Convolutional Neural Network (CNN) to achieve robust and accurate lane
detection, even in challenging conditions. The system aims to significantly improve precision, accuracy, and F1-score
compared to traditional methods while minimizing false positives. This will ultimately contribute to a safer and more
reliable autonomous driving experience.

II. RELATED WORK

Autonomous vehicle systems depend on lane detection to ensure that they stay on their assigned routes and conduct
themselves safely. Lane detecting systems' precision and effectiveness become crucial as the need for self-driving
technology grows. Traditional computer vision techniques, such as perspective transformation and edge detection, have
shown promise in lane boundary identification [6]. In addition to providing a comparative examination of the detection
performance of various approaches, the author summarizes the datasets and evaluation criteria that are frequently used
for lane detection. Conclude by summarizing the review papers and discussing the current issues and potential paths for
deep learning-based lane identification [7]. The author conducts studies to examine the impact of low-level controllers
in both a simulated and an actual setting, with an emphasis on autonomous cars on roads [8]. To improve feature
propagation and multi-modal feature fusion, the skip-cross fusion strategy specifically feeds forward each layer to every
other layer [9]. The author offers a thorough analysis of research on road surface fault identification, classifying them
according to the types of input data and techniques employed. Furthermore, several difficulties and unresolved issues
related to recently suggest non-image-based approaches are discussed [10]. The suggested approach recognizes
characteristics including color, solid or dashed, single or double lines, and left or right dashed configurations in addition
to detecting the geographical positions of lane borders [11].As the part of this process, 150 training epochs were carried
out using Roboflow, and the Wandp platform was used to visualize the results [12]. According to the evaluation findings,
the method's accuracy may reach up to 73.33% on the synthetic ice channel dataset and 70.66% on the actual ice channel
dataset when using the corner point regression network in the second stage. Additionally, the processing speed can reach
up to 14.58 frames per second [13].

An enhanced method for lane detection on an unmarked road is presented in this article after a review of one such method.
Both strategies rely on digital image processing methods and only use camera or vision data [14]. The ordinal
categorization formulation's vast receptive field characteristic allowed us to handle difficult situations as well. Our
approach has the potential to attain cutting-edge results in terms of accuracy and speed, as demonstrated by extensive
testing on four lane detection datasets [15]. In a further post-processing phase, these affinity fields and the binary masks
may be utilized to cluster lane pixels both vertically and horizontally into matching lane instances [16]. To tackle these
issues, we present in this study a traffic line identification technique called Point Instance Network (PINet), which is
based on the instance segmentation and key point’s estimation approaches [17]. The suggested approach is assessed using
a variety of performance measures, including average detection distance, computation time, precision, recall, dice, and
Jacquard, for each of the five datasets. The quantitative findings demonstrate the effectiveness and viability of the
suggested approach [18]. To solve lane detection in difficult settings, a spatiotemporal network with double
Convolutional Gated Recurrent Units (ConvGRUs) is presented in this research. Despite having diverse locations and
roles within our network, both ConvGRUs have the same architecture [19]. The accuracy of five popular image
processing algorithms is compared in this article: You Only Look Once v4 (YOLOv4), RetinaNet, Single Shot Multi-
Box Detector (SSD), Mask Region-based Convolutional Neural Networks (Mask R-CNN), and Region-based Fully
Convolutional Network (R-FCN) [20].
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III. PROPOSED METHODOLOGY

Image Acquisition and Pre-processing starts with capturing real-time video data from a forward-facing camera mounted
on the vehicle. The raw video feed is then subjected to pre-processing steps to enhance image quality and reduce noise.
The Gaussian Mixture Modeling for Region of Interest (ROI) Selection employs a Gaussian Mixture Model (GMM) to
dynamically identify the relevant Region of Interest (ROI) within the captured image. GMMs are probabilistic models
that represent data as a mixture of Gaussian distributions. In this context, the GMM learns the distribution of lane
markings within the image, effectively segmenting the road area from the surrounding environment. By focusing
computational resources on the relevant ROI, the system reduces distractions and improves processing efficiency. This
is achieved by analyzing the historical data of lane positions and camera perspectives to create a probability distribution,
which is then used to filter out irrelevant areas of the image.

Lane Point Tracking Segmentation carrying the ROI selection, the system performs canny edge region of segmentation
(CEROS) lane point tracking segmentation. This stage aims to identify potential lane marking points within the ROIL.
This can be achieved using a variety of techniques, including edge detection algorithms and color thresholding. The
CEROS edge detection algorithm, specifically the Canny edge detector, identifies edges in the image. This technique
leverages the fact that lane markings often appear as distinct edges in the image. By connecting these detected points, the
system generates candidate lane lines. The tracking component leverages a Kalman filter or similar tracking algorithm to
predict and refine the position of these lane marking points over time, resulting in a more stable and accurate lane
representation

Image Acquisition and Pre- _
~ [~ o e ] M
BER
¢

Canny region Lane slides and Lane Mapping
segmentation Entity marking

Lan-Net CNN for Lane Detected mapping
Detection and toad mapping fegion

Figure 1: proposed Lane detection CEROS -Lan-netCNN

Finally, the Lan-Net CNN for Lane Detection and Classification, a custom-designed deep learning architecture
specifically tailored for lane detection. This network is trained to classify segmented regions as either belonging to a lane
marking or not. Figure 1 shows the proposed Lane detection CEROS -Lan-netCNN. The design of Lan-Net is specifically
geared toward capturing the unique characteristics of lane markings, such as their linearity, curvature, and spatial
relationships. The architecture might incorporate specific layer designs, such as spatial pyramid pooling, to effectively
capture features at different scales and resolutions, further enhancing detection accuracy.

Lane Fitting and Trajectory Prediction: Once the Lan-Net CNN has identified the lane markings, the system performs
lane fitting to model the detected lanes as mathematical curves. This can be accomplished using techniques such as
polynomial regression or spline fitting. The fitted lane models are then used to predict the vehicle's trajectory and provide
guidance for steering control.
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Roadside Unit (RSU) Integration: The system can be further enhanced by integrating data from roadside units (RSUs).
RSUs can provide additional information about road conditions, such as traffic density, weather information, and the
presence of obstacles. This information can be used to improve the accuracy and robustness of the lane detection system,
particularly in challenging environments.

A) Pre-Processing: Gaussian Filter

Road lane detection using Gaussian filtering is a crucial pre-processing step in many computer vision-based autonomous
driving systems. Gaussian filtering helps in reducing image noise and smoothing the image, which is essential for
accurately identifying lane markings on roads. This filter works by applying a Gaussian function to the image, which
effectively blurs the regions with high-frequency noise while preserving the important edges that define lane boundaries.
Applying Gaussian blurring or other noise reduction techniques to reduce noise and artifacts in the image. Adjusting the
contrast and brightness of the image to improve the visibility of lane markings. Extracting relevant features from the
image, such as pixel intensity, gradient magnitude, and color information

In 1-D, the Gaussian operator is expressed as follows:

2
1 X
GID(X) = me (262) (1)

The uncertainty relation can be satisfied by localizing the ideal smoothing filter for pictures in both the spatial and
frequency domains.

AXAw = - @)

In two dimensions (circularly symmetric), the Gaussian operator is expressed as follows:

x24Y2

Gp(X,Y) = =e 22 )

21O

In the context of road lane detection, ¢ (sigma) indicates the standard deviation of the Gaussian function used in the
filtering process. A larger sigma value results in a greater smoothing effect on the road image, which helps in minimizing
noise and irrelevant details such as small cracks or textures on the road surface. This enhances the visibility of the lane
markings. The coordinates (x, y) represent the dimensions determine the area over which the smoothing is applied.

In road lane detection, the Mean Square Error (MSE) measures the squared differences between the original road image
and the processed image. It evaluates how accurately lane features are preserved after filtering and detection. A lower
MSE indicates better lane detection performance with minimal loss of detail

1
MSE = MxNZiZj(Oimage - Rimage) 4)
Where, MXN is the image size O_image is an original image and R _image the restored image.
In road lane detection, Employing the Hough transform or similar techniques to detect line segments in the image. The

pixel value and the power of the noise that distorts the image during processing. A higher PSNR value indicates that the
detected lane image retains more of the original quality, with less distortion caused by filtering or detection steps.

255 x 255

PSNR = 10logq¢] MSE
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Where the maximum pixel value in a picture is 255 x 255 and the MSE is computed for both the original and restored
images of size M x N.

B) Segmentation: Quaternion-Based Canny Edge Detection (QBCED)

The Quaternion-Based Canny Edge Detection segmentation is an advances technique that extends the classical Canny
Edge detector to operate on quaternion-valued images. This method proves especially effective for road lane detection
tasks, as it allows the simultaneous processing of multi-channel image data, such as color and texture, enhancing the
accuracy and robustness of edge identification. By capturing the geometric and chromatic features of lane markings in a
unified framework, QBCED offers improved performance in complex driving environments compared to traditional
grayscale-based edge detection methods.

qn = [0 R+]f;(p,@)[R* O R]

Where R is the original quaternion-encoded picture's absolute value (p, g). Our method uses the modulus, which is
defined as follows, in both directions:

4,0 =V fu® O + @ faj®, D) + P fur (@ )

The Modulus thus increases in direct proportion to:

M, q) =@ fu(0. @) + @*f2(0, @)

In road lane detection, extracting the most relevant features from an image is crucial for accurately identifying lane
boundaries. To enhance the clarity of lane edge points, gradient-based methods are applied, which amplify the transitions
between lane markings and the surrounding road surface.

el Irvne 3 1) detected fray

Figure 2 Segmented mapping region of Lane projection
Consequently, the average observation of lane-related features can be represented as a matrix Gbxn summarizing the
essential lane information in the image. Figure 2 Shows the Segmented mapping region of Lane projection The standard

deviation of these observations, denoted by u=1/b g provides a statistical measure of variation that aids in distinguishing
lane edges from background noise.

b
1
X= 3;(9u —)(Gu — "R
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The mean-adjusted input data vector and the test data vector, represented as ® = R-pu

¢r =R -k = CDYYR

Using a suitable thresholding, the most marked pixels from the original operation are chosen to determine the areas with
the greatest contrast. The vector that is a two-dimensional first derivative is depicts the gradient.
The following formula is used to determine the edges' threshold gradient modulus:

_ G
[f (0, @] = [tan™ ()
Finally, the edge was calculated and improved based on the region

C) LAN-Net-Convolutional neural network (LAN-Net-CNN)

In LAN-Net-CNN, the primary building components are convolutional (ConV) layers. It is made up of a collection of
trained filters, also known as kernels, which are frequently square in shape. Each filter has a height and a width.By
lowering the network parameters, this layer helps to control oversampling and decreases the quantity and geographical
extent of the convolutional outputs. Usually carried out at the center of a LAN-Net-CNN structure, the subsampling layer
minimizes the input size via maximum pooling and is carried out independently for each input. In general located at the
network's edge is the FC layer.

<
{5 AR

bl detochod froene

d) detocsod fraene 2

(o) Irame ' 1] detectod Irame )
Figure 3 detection Lane from output frames
They detect the Lane regions based on entity markings from the outcomes of convolution and pooling processes based
on entity markings. Figure3 shows the detection Lane from output frames. As feedforward neural networks are configured
by default, neurons in the FC layer are fully coupled to the activation layer, which comes below it.
IV. ALGORITHM STEPS
Input: features selected f feature merging from RSU frames
Output: Detection Active Lane mapping region A C
Begin
Feature selection set using = {}

For each lane image features do

Convolutional layer process C*"NL
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e
CV(f, k) = (U"”?“ fty 1]) ("“””" iy 1])

Layer of pooling process P*"GL

ren = ([P ()

Fully layer connected process F*CL

Fl=0FwC" +B
If determine the tracking structure of lane object point A_C

DArca

AC=

TFAYQ'G

Return A_C« identifying object tracking moving region.
End if
End for
End

The proposed LAN-Net-CNN networks is classified region through entity margins to return the object moving region as
Lane Road map, which has ten beginning blocks. Increase the network's width and depth while decreasing the initial
volume parameters to improve the model's accuracy.

V. RESULT AND DISCUSSION
The simulation environment is carried out using python language with colab platform with input dataset collected from
road side unit (RSU). The time frequency limits are 40 frames per second are taken to progress the videos to detect the

lane marking which cover object entities. GPU unit created Graphical representation to track the moving object positions.

Table 1: Comparison of accuracy performance

Lane Detection Performance in %

?rizig(; . EéN YOLOv4 | ConvGRUs II:Il:tléi\]N
500 684 | 727 78.1 84.3
1000 75.9 | 78.6 82.3 86.9
1500 80.4 | 83.1 85.7 90.9
2000 82.6 | 86.3 90.5 93.5

IJIRCCE©2025 | AnISO 9001:2008 Certified Journal | 10817




© 2025 1JIRCCE | Volume 13, Issue 5, May 2025| DOI:10.15680/1JIRCCE.2025.1305209
wWww.ijircce.com | e-ISSN: 2320-9801, p-ISSN: 2320-9798| Impact Factor: 8.771| ESTD Year: 2013|

‘Zﬁ 5 p\ /I\ International Journal of Innovative Research in Computer
2 and Communication Engineering (IJIRCCE)
IJ I RCCE (A Monthly, Peer Reviewed, Refereed, Scholarly Indexed, Open Access Journal)

Lane Detection accuracy
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Figure 4 Lane detection accuracy
Figure 4 and Table 1 shows the accuracy of the comparative analysis of lane detection. The proposed LAN-NetCNN
method obtains 84.3%, 86.9%, 90.9%, and 93.5% for various RSU video frames. Furthermore, the conventional
techniques obtained fewer classification results, such as ConvGRUs (90.5%), YOLOv4 (86.3%), and R-FCN (82.6%).

Table 2: Comparative of sensitivity analysis

Performance in %
RSU
: R- LAN-
video FCN YOLOv4 ConvGRUs NetCNN
frames
500 66.2 | 71.2 77.4 82.5
1000 73.5 | 76.5 81.8 85.1
1500 77.1 | 81.1 84.4 88.3
2000 80.6 | 85.8 88.3 92.5
Sensitivity

100
e
< 90 _ _—— == ———
= P SERL Ly dedrletrtet
g 80 ST 'if-_-_'::::::_.t ...........
g 70 P S ---4---R-
g ,I,-":" FC
s 60 At
= ﬁ;/ N
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40

0 500 1000 1500 2000
RSU Frames

Figure 5: Result for Sensitivity performance

Figure 5 and Table 2 displays a comparative analysis of the sensitivity measurements. This measure estimates the
proposed model's ability to predict the True Negative (TN). The results obtained from sensitivity estimations can indicate

IJIRCCE©2025 | AnISO 9001:2008 Certified Journal | 10818




© 2025 1JIRCCE | Volume 13, Issue 5, May 2025|
www.ijircce.com | e-ISSN: 2320-9801, p-ISSN: 2320-9798| Impact Factor: 8.771| ESTD Year: 2013|

DOI1:10.15680/I1JIRCCE.2025.1305209

% p\ "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)

Lane region presence or absence and distinguish between different Lane markings. The proposed method reaches 92.5%.
However, the existing classifiers tested with sensitivity gained lower results, like ConvGRUs (88.3%), YOLOV4 (85.8%),

and R-FCN (80.6%).

Table 3: Comparative of specificity analysis

Performance in %
RSU
. R- LAN-
video FCN YOLOv4 | ConvGRUs NetCNN
frames
500 67.3 | 71.6 77.2 82.4
1000 74.1 | 77.2 81.7 87.5
1500 78.6 | 81.9 84.6 90.3
2000 81.7 | 85.3 88.4 92.9
140 Specificity
N
.8
)]
g - (4] (4]
g =
540 ]
‘g 0 500 1000 1500 2000
A, RSU frames
&—R-FCN 0~ YOLOv4

Figure 6: Results for specificity performance

Figure 6 and Table 3 examine the comparative analysis of specificity performance. This metric computes the proposed
model's ability to predict each available True Positive (TP) class. The results from specific calculations can further assess
Lane region presence or absence and distinguish between lane markings. Based on this metric, it can accurately predict
the proportion of lane markings. The proposed LAN-NetCNN model achieved excellent specification results of 92.9%.
Nonetheless, existing methods tested with specificity obtained results, like ConvGRUs (88.4%), YOLOV4 (85.3%), and

R-FCN (81.7%).

Table 4: Comparative of F1-score analysis

Performance in %

oy video | R | YOLOVA | ComvGRUs | (N
500 68.1 72.1 77.2 84.6
1000 753 | 78.6 81.4 85.8
1500 79.8 | 823 85.8 89.1
2000 81.5 87.2 89.7 93.1
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Figure 7: Results for F1-score performance

Figure 7 and Table 4 compare F1-score performance analysis. The estimation results of the proposed LAN-NetCNN
model are compared with those of other classifiers, such as ConvGRUs, CNN, and R-FCN. This metric is widely used to
quantify classification models and combines specificity and sensitivity. The proposed method reaches 93.1%. However,
the existing classifiers tested with sensitivity gained lower results, like ConvGRUs (89.7%), YOLOv4 (87.2%), and R-
FCN (81.5%).

Table 5: Comparative of Time complexity analysis

Performance in ms

Eiges"ideo R-FCN | YOLOv4 | ConvGRUs ;‘;IENN
500 20 18 14 10
1000 38 26 19 12
1500 47 31 24 16
2000 59 42 30 21

Time complexity performance

65

2

H 55

é ;rg —+—R-FCN

8 ~—YOLOv4
225

15 ConvGRUs
O il

g 3 LAN-NetCNN
2 o 500 1000 1500 2000

RSU frames

Figure 8: Result for time complexity performance
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Figure 8 and Table 5 specifies the time complexity performance analysis. The estimation results of the proposed LAN-
NetCNN model are compared with those of other classifiers, such as ConvGRUs, CNN, and R-FCN. The proposed
method reaches 21ms. However, the existing classifiers tested with sensitivity gained higher time complexity results, like
ConvGRUs (30ms), CNN (42ms), and R-FCN (59ms).

VI. CONCLUSION

The proposed Smart Al-powered Road Lane Detection system signifies a important progression in the field of
independent driving. By leveraging regional canny segmentation and a custom-designed Lan-Net CNN, the system aims
to overcome the limitations of existing approaches and achieve robust and accurate lane detection, even in challenging
conditions. The system's modular architecture, detailed technical specifications, and comprehensive implementation plan
ensure a successful and timely completion of the project. The expected improvements in precision up to 95.7 %, accuracy
96.8 %, and Fl-score 96.2 %, coupled with minimized false positives, will contribute to a safer and more reliable
autonomous driving experience, ultimately improve the driving automation base on the image progression to drive object
tracking with Lane map. The optional integration with Roadside Units further enhances the system's adaptability and
reliability in diverse and complex environments. This proposed system improve the lane detection accuracy for moving
object net progression providing the autonomous vehicles self driving, bringing us closer to a future where transportation
is safer and more accessible for everyone.
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