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CURRENT APPROACHES IN TRAFFIC
LANE DETECTION: A MINIREVIEW
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Abstract

The continuous development and importance of the field of road transport these days
make it necessary to design, develop and implement technological solutions that reduce
(eliminate as much as possible] the risk of road accidents. Such a technological solution is
also represented by advanced driver assistance systems (ADAS), systems that assist drivers
in various ways, such as collision avoidance, automatic parking, adaptive cruise control,
attention and lane departure warnings. Over the next ten years, there will likely be a rise
in the need for ADAS system deployment in automobile construction, driven by consumer
and regulatory interest in safety applications that protect drivers and lower accident rates.
At the moment, autonomous emergency braking and forward collision warning systems
are mandated for all cars in the US and the EU. Additionally, advanced driver assistance
systems (ADAS) may soon distinguish automaobile brands and have a significant impact
on consumer preference. The present work aims to provide a general picture related to
the current research and development of ADAS systems that refer to the detection of
the traffic lane and lane markings. The approaches are presented regarding: the current
development directions of ADAS systems, current traffic lane detection techniques, traffic
lane detection methods and the use of artificial intelligence techniques in this field.
The general conclusion is that further research is needed in the field, to increase the
performance of traffic lane detective systems by using advanced algorithms and easy-to-
implement methods that do not require large hardware resources.

Keywords: ADAS; autonomous driving technology; traffic lane detection; algorithm; artificial
intelligence

t Automotive Engineering and Transportation, Technical University of Cluj-Napoca, Romania,
e-mail: csatoaron@yahoo.com

2 EMARC Research Centre, Technical University of Cluj-Napoca, Romania,
e-mail: florin.mariasiu@auto.utcluj.ro, ORCID: 0000-0003-4054-518X



20 The Archives of Automotive Engineering — Archiwum Motoryzacji Vol. 104, No. 2, 2024
https://doi.org/10.14669/AM/190157

1. Introduction

It is a contemporary certainty that mobility due to the use of means of transport is strongly
correlated with social and individual well-being and contributes greatly and directly to
increasing the quality of life. The field of transportation is a very important and necessary
part of trade and services, therefore it can be said to be the basis of a nation's economy,
in this sense, for example, industrialized countries have achieved a high degree of maobility
through the existence of mass production of motor vehicles and concurrent with infrastruc-
ture development. However, human civilization has to pay a price for the short-term bene-
fits of mobility. Apart from the maintenance expenses that come with owning and operating
a vehicle, fuel, and infrastructure, mass mobility also involves extra economic, ecological, and
social costs associated with resource consumption, air and noise pollution, road congestion,
accidents, and lost productivity due to these factors [1]. An ambitious goal at the level of the
European Union is the one defined by the Vision Zero concept of massive reduction of acci-
dents caused by road traffic, which through various programs and strategies aims to reduce
by 50%, until 2030, the number of deceased people and the number of people seriously
injured because of road accidents (compared to 2019).

Thus, it can be considered that through the last generation technologies used in the
construction of vehicles, the current and future means of transport are and will be so
designed and made that safety (active and passive] represents an important parameter. An
attempt is made to combine appropriate safety measures, taking into account all relevant
aspects of their effect and the development process of a vehicle, making every effort to
maintain a reasonable price for the final product. A new chapter in the development (history)
of automabiles has begun with the introduction and deployment of advanced driver assis-
tance systems (ADAS]), which have allowed for a reduction in road traffic-related fatalities.
By utilizing modern technology that are accessible to automakers and engineers, significant
advancements in road safety have been realized [2].

Due to the complexity of the technologies used, there is no exact definition of ADAS systems,
but a general description provided by Gietelink [3] can be accepted, namely that the ADAS
system "is a vehicle control system that uses sensors to improve driving, comfort and/or traffic
safety by assisting the driver in recognizing and reacting to potentially dangerous traffic situa-
tions". Currently, the vehicles put into circulation and which are equipped with ADAS systems,
have systems that are classified at the levels of complexity between O and 2 (level 2 is defined
as "partial automation" - Figure 1) that help the driver in taking decisions but without replacing
him in the process of driving the vehicle. Initially, there were developed and implemented
different concepts of systems that assist the driver through independent intervention. Since
the first electronic anti-lock braking system [ABS) was launched in 1978, these systems have
been referred to as driver aid systems (DAS). Development continued with the introduction
and implementation of the electronic stability control system (ESC) and the traction control
system (TCS] in the Functional construction of the vehicle (Figure 1). The functions of DAS are
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relatively simple being characterized by only two types of systemic parameters entering the
system: the state of the vehicle and the intention of the driver. With the use of sensors that
can detect objects outside the vehicle (such as other cars, pedestrians, and other roadblocks),
ADAS systems and their complexity allow for the introduction of the external environment's
condition as a new kind of input system parameter. The complexity of the vehicle rises with
the addition of more sensors, which has an immediate impact on the processes involved in
system testing and verification. When it comes to testing and verification, the primary paral-
lels between ADAS and DAS functions occur in the last stages of development, when both
kinds of systems are installed in actual cars and driven on public roads. Thus arises the great
challenge of using these technologies to increase road safety, because ADAS functions use
input parameters from the vehicle's external environment, which must be taken into account
to recreate different types of scenarios that can be encountered in traffic.
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Fig. 1. Chronological development and level of complexity (I to IV]) of driver assistance systems
(adapted from [4])

Therefore, for a primary validation of the concept, it is necessary that the first stages of
the development of ADAS functions be based on computer simulation processes, the costs
required for real tests being high and not providing the necessary feasibility for the develop-
ment process of a motor vehicle [4]. Another aspect that requires the use of simulations as
a technology for the development of ADAS systems is the existence of scenarios in real test
conditions that present immediate dangers and risks to other traffic participants. Autono-
mous Emergency Braking [AEB] and Lane Keeping Assist (LKA] systems, for instance, have
the potential to cause serious property damage if they are tested in traffic, in addition to
putting the driver and other drivers in danger. This is one of the reasons why any developed
ADAS system needs to be tested in all possible scenarios in a virtual environment and only
after this step to be verified on public roads.
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From the point of view of increasing the safety of motor vehicle operation, many things have
been achieved in terms of improving the safety of vehicle occupants and other road users,
through legislation and through organizations such as Euro NCAP, which, according to the
report PIN ETSC , have helped save more than 78,000 lives [5]. The increase in road safety
is also related to political direction. The European Commission presents several directives,
including the "Europe on the Maove" plan, to improve road safety through technological
innovation and automation [6]. The ultimate goal is to halve road accidents in Europe in the
coming years and the existence of these emerging technologies has led to the fact that the
institutions and regulatory bodies in the automotive field take them into account. Thus, Euro
NCAP included several ADAS systems considered in the testing process, such as: emergency
braking, speed control systems, lane keeping and road sign detection systems [7].

2. Directions for Development of ADAS Systems

The direction of development and implementation of ADAS systems in new vehicles is to
create increasingly complex and integrated ADAS functions. In addition, ADAS systems are
being studied that do not strictly refer to the immediate environment of the vehicle but are
capable of establishing a V2X type of communication (V2! infrastructure vehicle commu-
nication or V2V vehicle communication) which is constantly growing. Finally, in the Future,
there will be fully autonomous vehicles for which the autonomous driving system will be
able to replace the driver in all traffic situations (level 5). Arguably, the immediate Future for
ADAS systems means the development of levels 3 and 4 autonomous driving, which include
systems such as Autopilot on Highway (AHWC), Autopilot in Traffic Jam (TJA) and Automated
Valet Parking (AVP). These systems require the cooperation of several already developed
systems such as automatic braking and distance maintenance, but their continuous devel-
opment is necessary to work in all possible conditions.

The main purpose of ADAS systems is to help and assist the driver while driving and therefore
prevent accidents from occurring. This is achieved through the prediction abilities of ADAS
systems on the possibilities/risks of road accidents in combination with warning the driver
and/or taking control of the vehicle. Road safety is a social problem in the world, in Europe
alone, more than 40,000 victims and 1.4 million injuries are caused by motor vehicle accidents
every year [8]. Traffic accident statistics show that more than 90% of traffic accidents are
caused by driver mistakes, such as improper behavior, distraction and fatigue [3]. Although
the continued development and implementation of passive safety technologies (Figure 2)
has contributed to the manufacture of increasingly safer vehicles, it has been found that the
potential to Further improve passive safety is limited [10]. Active safety systems such as ABS
and ESP [11] offer possibilities to improve traffic safety by assisting the driver while driving,
especially in emergency situations.
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Advanced driver assistance systems (ADAS] have the potential to significantly reduce the
number of road accidents, and the technological solutions already applied are multiple,
such as Adaptive Cruise Control (ACC), Intelligent Speed Adaptation (ISA) or warning systems
against collisions (CWS). The simplest advanced assistance systems provide different types
of information and warning systems to adaptive functions that provide longitudinal control
of the vehicle by accelerating or braking in different traffic conditions and/or lateral control
by steering system command [12, 13].

Maonitoring and correcting driver intent while driving is critical to the effectiveness of ADAS
systems. Smart vehicles can be equipped with multiple high-resolution sensors to monitor
trafficaround the vehicle if the car can predict the driver's purpose, the system will pay closer
attention to the intended maneuver and assess the likelihood of such a maneuver based on
the surrounding traffic. Thus, estimating the driver's intention prior to the maneuver helps
improve traffic safety. Meanwhile, the rising usage of in-car infotainment systems and other
devices (such as mobile phones) might distract the driver. It is possible that the driver does
not check the surrounding traffic situation carefully enough before executing a maneuver.

For the design of high-performance ADAS systems, it is necessary to understand the driver's
intentions and the system to carrectly execute intervention actions [14, 15]. However, the
use of these systems does not depend only on the performance of the system, and it can be
stated that nowadays these assistance systems are not able to help the driver in all driving
situations in traffic. By construction and functionality these systems are based on a multi-
modal system represented by the fusion of several sensors (lidar, radar, camera and GPS)
in a single system.
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Fig. 2. Accidents reduction rate using ADAS systems: AEB 1- intersection accidents, AEB 2 - rear end
accidents, AEB 3 - against pedestrian accidents, LDW - lane departure accidents, ESC - skidding and
overturning accidents, BSW - lane change accidents (adapted from [10]]
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It should be noted that ADAS functions have several limitations that directly depend on
traffic, weather and road conditions. For example, low visibility on the road can disable ADAS
systems that use the video camera as an input parameter, while the absence of lane mark-
ings on the roadside can interrupt the operation of the lane keeping system (LKA]. ADAS
systems are becoming more complex regarding the constructive aspects of these systems
(sensors, hardware part and software part) and are becoming more and more widespread
in the automotive industry. Therefore, an efficient design and evaluation methodology for
such systems is necessary both from the point of view of increasing their performance and
because the number of active accident-avoidance systems is growing rapidly in the auto-
motive industry, which requires the establishment of methodologies of design, development
and testing that consumes as little time and resources (human and material) as possible.

3. Current traffic lane detection techniques

A large number of statistical data show that traffic accidents caused by leaving the traffic
lane represent 50% of the total number of traffic accidents [16] and from this point of view
the development of safety systems must solve several problems related to: road detection,
lane marking detection, vehicle detection and collision avoidance [17]. The detection of the
traffic lane on which the vehicle is traveling is an important decision and creates difficulties,
because in real situations, it is not enough to detect only the traffic or objects in the current
lane, the perception tasks related to the detection of all road markings being necessary for
the entire field of view [18]. Drivers subcansciously intuit the traffic situation or road condi-
tions, thus preparing themselves for dangerous road conditions such as dangerous turns,
obstacles on the road, the behavior of other road users, etc. That is why lane detection is
also a fundamental process in autonomous driving, because if the prediction concerns the
moving trajectories of the vehicle [19] or detects the vehicles in front [20, 21], the marker
detection tapes can always act as an additional aid in making the best decisions. In addition
to autonomous driving, landmark detection also contributes to robot navigation [22] and
provides information necessary for the movement of visually impaired people [23].

Lane recognition is still a challenging task, though, due to the complex scenarios that arise
in real-world traffic: unsigned or interrupted lanes, abrupt curves, fluctuating visibility due to
varying weather conditions, etc. The two major key characteristics of lane detection systems
are resilience and accuracy. Vision-based detection is particularly common as most high-
ways have defined lanes and camera equipment is inexpensive [24]. The primary perceptual
markers for humans are lane markings, road borders, and road color and texture. In order to
slow down and adjust the vehicle's path to the surroundings, autonomous cars typically utilize
an optical or video camera in conjunction with GNSS (global positioning satellite system] and
LiDAR (or RADAR] technologies. It should not be forgotten that autonomous vehicles must
share the roads with human drivers, and therefore these vehicles must perceive the environ-
ment and adapt to different traffic situations in a similar way as a human. Creating a reliable



The Archives of Automotive Engineering — Archiwum Motoryzacji Vol. 104, No. 2, 2024 25
https://doi.org/10.14669/AM/190157

detection system that functions in all traffic and environmental scenarios is still a challenge.

(there are too many variables, such as traffic density, traffic complexity, fog, rain, solar bright-
ness variation, etc.).

Maost algorithms based on image acquisition and processing for traffic lane detection use the
following methodology (see Figure 3):

Aerial perspective image transformation (bird's eye view): This perspective transfor-
mation is useful (using HT - Hough transformation algorithm for e.g) for removing
perspective distortion from the image created by the video camera (although distur-
bances due to camera position and road flatness can significantly influence the image
transformation process) [25, 26].

Lane Marking Feature Extraction: It is needed to identify only the pixels that belong to
the lane line markings. Methods to achieve this and presented in the literature include
adaptive and global image delineation methods (e.g. adaptive Canny), filters, edge
detection [25, 27].

Model fitting: It is the process of converting the traffic lane into a mathematical
representation, using linear and parabolic models. Obviously these models are approx-
imations of the real lines but they have the advantage of being efficient in terms of
the required computing power and memory. Real lines are better described by higher
degree polynomial curves and splines. Rural and urban roads can contain various
discontinuities, which require continuous, more sophisticated and detailed mode-
ling [28].

Time integration methods: usually applied to use previous information in the process
of identifying marks/traffic lanes on the current image. Maost of the approaches in the
current literature are stochastic in nature, using Kalman and particle filters. It has been
found that Kalman filters tend to perform well for roads with visible markings [29].

Semantic segmentation .| Reverse perspective .| Road model creation
of the data mapping by using HT
v h 4 A 4
Identification of lines Use filters for Time integration and traffic lane
characteristics image clarification estimation (Kalman filter)

Fig. 3. General steps of traffic lane detection based on image processing methods
(adapted from [25])
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4. Traffic lane detection approaches and methods

4.1. Introduction

Due to the requirement for the system to be able to recognize lane boundaries from
the processed image and manage the vehicle to follow the road ahead, lane detection is
a crucial stage in the development and use of autonomous driving systems. Before the
vehicle responds, the algorithm must be able to calculate the lane parameters in real time
and send out the necessary commands. The process of detecting traffic lines mainly uses
video cameras that take snapshots of the road infrastructure. After making these video
captures, the following steps are related to: preprocessing and image processing, traffic line
detection and traffic line tracking. This review will present the information and elements
related to the methods and algorithms used in the detection of traffic lines by analyzing
the two major components of the detection process, namely: video image capture and Al
modeling (Figure 4).

Traffic lane detection

Video capture AT modeling

Fig. 4. Topology of traffic lane detection methods based on geometric modelling
(adapted from [43])
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Vision-based traffic lane detection algorithms can be divided into two major classes of algo-

rithms:
Feature-based algorithms: Color, texture analysis, and lane edge recognition are the
three main building blocks of feature-based algorithms [30-32]. Hough transforma-
tion (HT) and inverse perspective transform are effective feature-based algorithms for
traffic lane recognition [33, 34]. These techniques can be used to reduce lane detecting
mistakes and enhance noise filtering. The inverse perspective transform can be used
to successfully eliminate perspective distortions from cameras and recover traffic lane
features [24].
Model-based algorithms: Since model-based algorithms generate traffic lanes from
linear, parabolic, and spline curve models, they are maore resilient to difficult situations.
Spline patterns are widely used because they can accommodate lane markings of any
shape. Wang et al.'s research [35] employed models with spline fitting, and they further
enhanced these models with the B-snake model, which enhances the modeling of
identified markers and traffic lanes in curves. Another model-based technigue that is
utilized is random sample consensus (RANSAC), which is employed because it can esti-
mate traffic lane parameters interactively [36].

4.2. Traffic lane lines detection using feature-based algorithms

Most methods apply a two-stage solution: the first stage is edge detection and the second
is matching certain types of lines to the detected lines [36—38]. Different types of filters are
used for edge detection, and for e.g., traffic lane edges from bird-view images were calculated
using Gaussian [28] and Gabor filters [36] and for line shape adjustment, Hough transforma-
tion (HT) models are often used [34]. The Catmull-Rom Spline model was used to construct
a lane using six landmark points [39], and the B-snake method was used to describe curved
lines in traffic lane detection [40]. In addition, traffic lane detection based on geometric
modelling can also be implemented with stereo image analysis, where the distance of the
traffic lane can be estimated/calculated [41, 42].

SonY etal. [43] proposed a robust lane detection (and tracking) system with the main purpose
of lane detection considering the surrounding environment under different atmospheric
conditions, such as clear sky, rainy and snowy morning and night. The proposed detection
process consists of three main phases, namely: detection initialization, traffic lane detection,
and traffic lane tracking.

In the initialization phase, the road image is captured, registered and preprocessed. In the
preprocessing phase, the resolution of the recorded image is reduced, the region of interest
is delimited and the edges are detected. In the mark detection phase, marks are determined
in the rectangular region of interest and the image is converted to grayscale. By using the line
edge detection method, a line segment bounded by surrounding vehicles, shadows, trees,
and buildings in the region of interest is determined. In the lane tracking phase, the process
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is performed by analyzing the region of interest, with several pairs of lanes being consid-
ered. Using the procedures indicated in Figure 5, a strong multi-lane recognition and tracking
algorithm (acting simultaneously) was created to recognize lanes with high accuracy under
various road conditions, such as poor marking color, barriers, or guardrails [37]. An adaptive
threshold is used to extract traffic lane features from images that are not sharp. The next
step is to extract the erroneous traffic lane features and apply the RANSAC algorithm to
prevent false lane detection. The selected traffic lanes are checked using the classification
algorithm. The advantage of this approach is that it is not necessary to geometrically deter-
mine the lines that delimit the lanes. Li et al. proposed a real-time lane detection method
consisting of three steps: extracting road lane markings, estimating the geometric model,
and tracking points from the geometric model created in the previous step [37]. This method
has a weak point that is integrated in the stage of determining the traffic lane, which is the
choice of the width of the traffic lane which is directly related to the standards followed
in the respective country.

Through further research, Son J et al. proposed an improved method that is fast and can
determine the property traffic lane under different illumination conditions [44]. The proposed
method consists of three stages. The first stage reduces the captured image to the area
containing road information (with the help of the HT method and edge determination with
the Canny filter). Depending on the illumination/optical reflectance property, the traffic lane
markings should be either white or yellow in the following step. To obtain the binary image of
the markers, utilize the white and yellow markers. The strips are named in the last stage, and
points on the marks are identified so that they can be connected to each other in the next
step of identifying the concrete strips (Figure 6).

— . 1
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r ROI Angle extraction
| 1. Image Preprocessing 2. Feature Extraction 3. Lane Detection 4. Lane Tracking |

Fig. 5. The algorithm For detecting and tracking several traffic lanes at the same time
(adapted from [43])

Chen et al. proposed a method that combines the capability of neural networks with conven-
tional methods for traffic lane detection [45]. The process of detecting the traffic lane
consists of: generation of markings, grouping and adaptation of the geometric model for
the lane (Figure 7). An artificial neural network based on encoder-decoder arhitecture is
used to determine the markers. The traffic lane detection process involves forming a group
comprising neighboring pixels represented as a single label belonging to the same marker
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and connecting the labels (a process called supermarking). The next step of traffic lane
model fitting uses a 3rd order polynomial to represent straight and curved traffic lanes. The
major disadvantage of the method is that the method requires serious hardware resources
to train the neural netwaork.

Fig. 6. Determination of reference points on markings a) and determination of markers
b) by the method proposed in [44]

o [ oo - -

Fig. 7. Lane detection process using neural networks (ConvNet) (adapted from [45])

A traffic lane recognition technique utilizing the Gaussian random distribution algorithm
was proposed by Lu et al. [46]. In order to extract the features of the traffic lane points
and remove noise, recorded photos are converted into an aerial perspective image and
then a neural network is used. Grayscale-transformed photos are used to extract lane edge
features, and these yield superior results when there are car shadows and dim ambient
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lighting. The suggested method was tested in a variety of lighting scenarios, including good
asphalt, intense lighting, typical lighting, and interrupted or damaged markings. All of these
scenarios also included interference from other vehicles and poor lighting.

4.3, Feature-based traffic lane lines detection

The initial stages of traffic lane detection—image registration, identifying the image's region
of interest, and preprocessing—remain similar to those of the technigues that were previ-
ously described. It differs only in the fourth stage, which has to do with extracting features
from images. To recognize lane lines, image feature-based algorithms primarily use pixel
gradient, color characteristics, and lane form features [47]. The image is initially converted
to a grayscale image using the feature extraction method, after which data on the traffic
lane region or the feature of its edge is extracted. Kang et al. proposed a system that is
tolerant to errors caused by sensor operation, specifically in the absence of images provided
by the camera [48]. In the absence of input data from the video camera, the vehicle trajec-
tory is determined using data from the IMU such as vehicle accelerations and velocity. The
road curvature is modelled using a cubic polynomial, and in the absence of camera images
the polynomial coefficients remain stored in memory and are further used to define the
traffic lane geometry. The results show that the proposed method can maintain an accepted
geometric shape of the traffic lane for 3 seconds (in the absence of images captured and
provided by the camera). The developed algorithm was simulated for different operating
cases using CARSIM and Simulink simulation environments (Figure 8).
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Fig. 8. Block structure of a lane keeping Fault-tolerant system (adapted from [48])

Borkar et al. proposed a lane detection and tracking method using inverse perspective
image mapping (IPM] to create a top view of the road (a Hough transformation for marking
detection, RANSAC algorithm For noise filtering, and Kalman filter for lane tracking] [49]. The
image recorded by the video camera is converted to grayscale and then the IPM procedure
is applied. Lanes are detected by identifying the pair of parallel lines that are separated by
a certain distance. The transformed images are converted to binary code to which the HT is
applied. Further, image is divided into two and to determine the center of the traffic lane the
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one-dimensional filter is applied to each image. The Kalman filter is used to track the lane,
which takes into account the lane orientation and the difference between the current and
previous images. The performance of the proposed algorithm provides a very good accuracy
on the highway, and on urban roads the accuracy is 86% (Figure 9).

& .
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Fig. 9. Application scenarios of the traffic lane detection method in different traffic scenarios:

a) highway, b) presence of additional markings (adapted from [49])

Through research by Sun et al, a method for lane detection based on vision and inertial
measurement unit was developed [50]. Building a probabilistic Hough space from a single
recorded frame and filtering the probabilistic Hough space into consecutive frames are the
two primary components of the method. An effective Hough transformation and a convolu-
tional neural network (CNN]J are used to extract and categorize line segments from images,
yielding the probabilistic Hough space. The filtered probabilistic Hough space is created by
aligning and smoothing the line segments that make up the traffic lane using a Kalman filter
and information from the IMU (Figure 10). Fitting parabolic models to line segments with high
probability values in the filtered probabilistic Hough space yields the traffic lane detection
result in the end. The researchers compared the suggested approach to other approaches
that were already in use and assessed the method's efficacy across a number of datasets.
The obtained results showed that the method can achieve robust and accurate traffic lane
detection in different scenarios (Figure 11).

Fig. 10. Determining line segments using a video camera and IMU (adapted from [50])
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a b C d

Fig. 11. Examples of data sets used in traffic lane detection: a) urban traffic, b) interurban traffic,
c] fog, d] night (adapted from [50])

Park et al. proposed a color-based traffic lane detection and representative line extraction
algorithm [51]. The algorithm consists of three steps: image preprocessing, lane detection
and lane tracking. Image preprocessing involves converting the recorded image to grayscale,
followed by binary image conversion to remove shadows, and the Canny filter is used for
edge detection. Traffic lane detection involves finding lines in the image after extracting the
region of interest, filtering out irrelevant lines, and grouping the remaining lines into (left and
right] lane markers. Lane tracking involves using the Kalman filter to estimate lane parame-
ters and draw boundaries on the original image. The algorithm was tested during the day, and
the results showed that the detection rate of the traffic lane is higher than 93%.

El Hajjouji et al. proposed another method for detecting straight lines using the Hough trans-
formation, which consists in simplifying the method by eliminating unnecessary detections
(vertical or perfectly horizontal lines) [52]. The algorithm was tested on a variety of images
with different lighting and road conditions, such as urban streets, highways, etc., yielding
a 92% detection rate of straight lines. In the article published by Yeniaydin and Schmidt,
a traffic lane detection algorithm based on sensor fusion between video camera and 2D
LiDAR was proposed [30]. The images obtained by the camera are transformed into aerial
perspective images, and the LiDAR detects the location of the objects. The proposed method
consists of the steps mentioned below (Figure 12):

Data is obtained from video cameras and 2D LiDAR;

Data provided by LiDAR is segmented to recognize different objects based on deter-

mining the distance between points;

Mapping objects on the aerial perspective image obtained from the video camera;

Transform pixels from detected objects and black pixels.

In Figure 12, the LiDAR beams hit the vehicle in the area of the red dots and the detected
rectangle is shown in blue and the shaded area in yellow dashed linesldentifying the traffic
lanes in the binary image by using the m,arker line detection method.
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Fig. 12. Using the aerial perspective visualization process for traffic lane detection
(adapted from [30])

4.4. Traffic lane lines detection using artificial intelligence

Current artificial intelligence technologies (Machine Learning-ML and Deep Learning-DL)
are used to increase the ability to detect and recognize traffic lanes. Convolutional Neural
Network (CNN] possesses some unique properties such as high detection accuracy, auto-
matic Feature learning, and landmark recognition [24]. The recurrent neural network (RNN)
introduced by Li et al. [37] helps to detect the traffic lane in a video sequence not only based
on the captured image but also using the internal memory. RNN also helps to recognize and
connect markings that are not seen due to other vehicles or other objects.

The concept of artificial intelligence (Al) holds that computer programs can imitate human
thought processes, and today there are many applications of Al in the industry, ranging
from speech and facial recognition to traffic sign identification. Large amounts of labeled
training data are typically required by Al systems in order to identify particular correlations
or patterns that will be utilized in the operation of systems that are based on them in the
future. The majority of conventional lane detecting technologies exhibit inefficient behavior
in complicated environments or need processing times that are too long to fulfill real-time
requirements [31].The application of Al through Deep Learning (DL) has become popular in
lane detection research, a technique that uses artificial neural networks to detect and locate
lane markings in camera images [38]. In general, this involves training a neural network to
classify the pixels in the recorded images as belonging to a traffic lane or not, then using
the results of the network to identify the location and shape of the markings. This method is
sometimes more accurate and robust than traditional lane detection algorithms that rely on
logic and geometric shape detection.

DL-based traffic lane detection is widely used in many applications due to the advantage of
adapting to diverse environments and situations. A variety of DL methods have been applied
for traffic lane detection. The methods range from early convolutional neural networks
([51, 53, 54]), segmentation-based methods (GCN [55], SCNN [56]) to GAN-based methods
(EL-GAN [55]). In addition, the development of new techniques like "knowledge distillation"
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[56], and the generation of "attention map" [57] brought innovative ideas for traffic lane
detection, which involve the evolution of the algorithm without external intervention (for
example, SAD [58]). Although promising results have been obtained, the lack of general-
izability is still @ major challenge of existing methods. A CNN trained in one scenario may
perform less accurately in another scenario (especially under night-time traffic conditions).
Existing approaches to detect lane marking can be one-step method and two-step method
[13]. The first stage is related to the recognition and extraction of traffic lane elements with DL
patterns. In contrast, the second stage refers to the application of post-processing methods,
which may include geometric arrangement of markers and clustering of detected objects.

Image preprocessing
The step of preprocessing the images captured by the video cameras is important to reduce
the running time and computational power required for the analysis. ROI cropping is a tech-
nique used to eliminate unnecessary data from input (recorded) photographs. It often
involves removing the sky from the image, which reduces the image complexity by 30% [59].
The input data set for CNN models can be improved by applying certain techniques shown
in Figure 13.

Fig. 13. Different image preprocessing methods: a) original image, b) cropped/enlarged image,

] illuminated image (adapted from [60])

Using CNN for traffic lane detection

Kim and Lee first proposed a method that used a CNN model to extract traffic lane data
from images and the RANSAC method to determine consecutive traffic lane positions [53].
Figure 14 depicts the architecture of the CNN model that was utilized for the investigation,
consist of two subsampling layers (S), three fully connected lay convolutional layers (C). The
photos in the training dataset have undergone edge detection and ROl cropping. The antic-
ipated image (with a size of 100x15 pixels), with the projected traffic lane pixels highlighted
in white, is produced by the final completely connected layer. Although this method shows
improved performance compared to classical methods, it has certain limitations. It requires
complex pre-processing and expensive in terms of the required computational power, but
also the architecture of the CNN maodel is complex (8 layers), which led to the development
of improved neural networks to overcome the limitations.
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Fig. 14. CNN neural network architecture for traffic lane detection according to [53]

Using Deep Learning methods
The use of DL methods in the detection of traffic lanes has been a constant in the field
research carried out worldwide, with immediate results in the publication of numerous scien-
tific articles (some of them being presented in the following).

Wu et al. developed a CNN-based method for traffic lane recognition from video camera
images [61]. The method is built on three levels: the first level is perception, the second level
is the decision-making part and the last level is developed for controlling the vehicle (Figure
15). The second layer determines the lane using CNN using the method based on the short-
term memory of the network, and the determination (lane position] is used to estimate the
future trajectory of the vehicle. In the last level, a steering command is generated based on
the information determined by the previous levels.

PERCEPTION DECISION CONTROL

Fig. 15. Vehicle direction control method based on the use of a CNN network (adapted from [61])
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Similarly, Sun et al. [50] developed a new DL method for traffic lane detection. Using the
LaneNet software architecture, the proposed system consists of an encoder and two
decoders. The two decoders together interpret results received from the encoder (with the
mention that the 2 decoders are similar but differ in output size). The results show that this
method outperforms the LaneNet network trained on the TuSimple database image set.

In order to avoid using post-processing to identify lanes, J. Philion presents a navel lane
recognition technique based on a neural network that learns to decode landmarks directly
[60]. Because the technique uses a neural network to generate the identified lines on
the captured images, post-processing is completed more quickly (Table 1). Two data sets
(pictures from the TuSimple and CULane databases) were used to train the network, and the
outcomes show that the accuracy on these data sets was 95.2% (Figure 16).

Tab. 1. The effectiveness of the approach suggested in [60] (model "Ours") in contrast to alternative

approaches.
Maodel Frames/seconds
Ours 390.31
H-Net 52.6
CULane 17.5
PolyLine-RNN 57
EL-GAN <10

VA

AN B

Fig. 16. Steps from the original [captured) video image to the determination of bands for different
situations (adapted from [60])
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Dawam and Feng proposed a road surface marking detection system based on recorded
images [62], thus creating an additional layer of data that can be used by the automatic
vehicle driving system. The authors used the YOLOv3 object detection algorithm, which was
trained to recognize 25 different road surface markings using over 25,000 images for training.
The experiment results show that this model has an accuracy of 98.28% and a detection
speed from 20 ms to 41.05 ms.

Muthalagu et al. proposed a computationally efficient way by dividing the detection process
between two neural networks with a simple structure [63]. A CNN is trained to segment the
lane markings, and the second network determines the coordinates of the critical points of
the markings. As a final step the key points are linked to determine the solid lines and the left
and right lanes of the vehicle (Figure 17).

N>

/7

a b C

Fig. 17. The process of detecting traffic lanes by using a two neural networks

(a-video image, b-setting critical points, c-traffic lines drawing) (adapted from [63])

Deep Learning methods combined with geometric modeling methods.

A number of studies have combined geometric modeling techniques with the DL method
to improve the effectiveness of lane marking detection on the road. Neural networks have
demonstrated the ability to attain high accuracy percentages and response times that are
low enough for real-time vehicle use on manually labeled data sets. The lack of labels applied
to the collected data restricts the usage of the algorithms in complex traffic scenarios. To
solve this problem, Yousri et al. [64] propose the combination of classical techniques based
on image processing with neural networks to deal with complex traffic situations (Figure 18).
To begin with, the images from the nuScenes data set are passed through various image
processing methods. The first step is to remove the distortions from the captured image,
after which an adaptive extraction of the region of interest takes place using the VMD
(Vertical Mean Distribution) method. Strip extraction from the image is performed using the
probabilistic progressive Hough transformation (PPHT), and to Ffilter out unwanted informa-
tion, the image is transformed into an aerial perspective. The Canny filter is then used to deal
with arbitrary traffic lane shapes discovered in the photographs and subsequent color space
conversion and morphological processes ensure accurate traffic lane segmentation.
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Fig. 18. Algorithm For detection of traffic lanes From images with complex traffic situations
(adapted from [64])

The brighter areas of the picture are separated from their darker surrounds using the
morphological process. Subsequently, a search is employed to repeatedly iterate over
various line shapes and identify lines of arbitrary shapes more quickly. Lastly, the labels are
applied to the photos and the images are converted back to standard view using the inverse
perspective transformation. The paper's main contributions are the introduction of robust
traffic lane detection through overall image analysis and the first application of the state-
of-the-art ResUNet++ architecture (based on convolutional neural netwaorks) for traffic
lane detection (it outperformed the other tested models). Techniques for identifying traffic
lanes often take a long time, need more processing power, and include intricate algorithms
to examine the minute details of captured photos. A CNN neural network architecture to
address this problem and which avoids the complexity of existing techniques is presented
in Figure 19 [65]. Consequently, CNN is thought to be a feasible approach for lane marking
prediction; however, tweaking and fine-tuning network hyper-parameters is necessary for
better results. This work uses S-Shaped Binary Butterfy (SBBOA), a heuristic optimization
approach, to enhance and optimize CNN design. The algorithm used to define the CNN
architecture reduces the occurrence errors (prevents the overfitting or underfitting of the
network] of interpretation in the traffic lanes determination. Methods for determining the
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hyper-parameters of the CNN network using SBBOA is shown in Figure 19. The TUSimple and
CULane databases are used to evaluate the proposed SBBOA-CNN model. The experimental
findings obtained demonstrate that the suggested strategy surpasses other state-of-the-art
strategies in terms of classification accuracy and traffic lane determination accuracy.

4' Images from road infrastructure and traffic databases

\ 4 v

| Test set I | Learning set |

Generating the hyperparameter value
by using the BBOA algorithm

| CNN Network Learning |

If the conditions
required by the
algorithm are met

v

A 4

Optimum value of
the hyperparameter New run of BBOA algorithm

|

CNN-SBBOA
Model

Traffic | ,
prrae dI:: ti?::le —’I Model performance evaluation

Fig. 19. Algorithm of using SBBOA-CNN method in traffic lane detection (adapted from [65])

A 4

Deep Learning methods combined with Machine Learning methods
Deep Learning (DL) methods used together with Machine Learning (ML) methods increase
the efficiency of algorithms used in lane detection, since the efficiency and accuracy in lane
detection of feature-based methods is limited due to several constraints (the number of
lanes of traffic is not well determined, confusion of poles with traffic lanes, unfavorable
weather or inadequate lighting] [39].
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The approach of the mixed use of the two Al methods consists in the first step by mapping
from the two-dimensional image recorded by the camera (2D) to the three-dimensional
image (3D] taking into account also the distortion of the video camera. Thus, for all points
on the recorded image, the distance can be determined. To reduce the necessary calcu-
lation, only the regions of interest were chaosen for analysis (by training an SVM - Support
Vector Machine maodel). The SVM model is trained with the data obtained from each image
by extracting the gradient histograms from the area with the lane and from the area without
the traffic lane, according to the process shown in Figure 20.

Detection of the traffic lane markings is performed by a two-stage CNN, where the estab-
lishment of the points associated with the traffic lanes has a greater weight for the determi-
nation of the lanes. The method was tested on a dataset taken from the TuSimple database,
showing an operating accuracy of 36.97% (Figure 21). The potential of using a high-resolution
automotive radar sensor and a neural network (SegNet algorithm) to perform traffic lane
segmentation was demonstrated in the study [66]. Influences of different input datasets
and network layers on the segmentation performance was also analyzed, and methods and
directions for improving the segmentation results were proposed (using Bayes' theorem).
A prototype frequency modulated continuous wave (FMCW) radar was used which can
measure: distance, relative speed, angle and reflection magnitude of objects.

O

: > .. #
————— ° A °
' 0%
/ / o O
e ——
IMAGE SEGMENTATION ANALYSES SVM TRAFFIC LANE IDENTIFICATION

Fig. 20. Image segmentation for the area with bands and the area that does not contain relevant
information (without bands) (adapted from [66])

Fig. 21. The way to determine the lanes by establishing the points associated with the traffic lanes

in different environmental situations, by the method proposed in [66]
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A two-dimensional fast Fourier transformation (FFT) is applied to the signals obtained from
the radar to obtain the reflection points from the base signal. A clustering algorithm is also
used to group points into objects and label them. The SegNet algorithm used was connected
to a CNN which consists of an encoder and a decoder. The neural network is trained with
synthetic data generated by a radar simulator and the results obtained are compared with
real data collected from a highway and test circuits. It was found that the proposed method
can determine the driving corridor (the area between the road barriers, but attention! not the
traffic lanes) and the vehicles in traffic on a highway with high accuracy (Figure 22).

Two other researchers, Pihlank and Riid, developed and applied a new method for deter-
mining traffic lanes and road edges, also based on the use of neural netwaorks [67]. A specific
combination of encoder, residual network and densely connected network architectures was
proposed. The actual method consists of using three identical neural networks that process
RGB images of road surfaces and produce binary masks for determining road edges and
markings (traffic lanes). The method was evaluated on a dataset of orthoframe photos of
Estonian highways and shows high accuracy (over 90%) for both road edges and road surface
marking detection.

Fig. 22. Results obtained regarding the detection of the driving corridor and the vehicles on a highway
according to the method proposed in [67] (a) for close-up image and congested traffic,
b) for distant image)
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5. Conclusions

The most important conclusion that can be drawn following the study carried out and previ-
ously presented on the methods and methodologies for detecting traffic lanes, is that based
on current research in the future it is necessary to continue, develop and apply new algo-
rithms, methods and methodologies that to improve the virtual transpaosition of the road
and traffic conditions into mathematical models to help the vehicle control system to unde-
stand the traffic situation. The need to increase the degree of complexity of ADAS systems,
in parallel with the increase in their reliability and ease of integration within the vehicle's
control and command systems, leads to the increase and diversification of research on the
vehicle systems to better and highly accurately understand every traffic situation. Within
the traffic lane detection process, it can be observed that the research follows two specific
directions: the first being related to the geometric modeling of traffic lanes and their related
markings and the 2nd through the implementation of specific artificial intelligence tech-
niques applied to images captured over from traffic. The last example has limitations related
to image capture performance, image capture technologies, and the need to remove poten-
tial errors resulting from the vehicle's external environment of use (traffic volume, unigue
features of the road infrastructure, weather, and environmental conditions, etc.). The main
issue that still needs to be resolved is striking a balance between the functionality of ADAS
systems for identifying traffic lanes and the hardware required to carry out the necessary
command and control functions, considering factors like costs, implementation possibilities,
reaction time and decision-making speed, etc.

6. Nomenclature

Al Artificial Intelligence DL Deep Learning

AP Automated Parking ESC Electronic Stability Control

ABS Anti-Lock Braking System FAOAM Fully Automated On-demand
ACC Adaptive Cruise Control Mobility

AEB Automatic Emergency Brake FAPV Fully Automated Personal Vehicle
ADAS Advanced Driver Assistance Systems FFT Fast Fourier Transformation

APA Angled Parking Assist EMCW Frequency Modulated Continuous
AVP Automated Valet Parking Wave

AHWC Automated Highway Cruising HT Hough Transformation

BAS Brake Assist System IMU Inertial Measurement Unit

BSW Blind Spot Warning IPM Image Perspective Mapping

CNN Convolutional Neural Network I5A Intelligent Speed Adaptation

cw Collision Warning LDwW Lane Departure Warning

DAS Driver Assistance Systems LEVELI Attention and warning

DM Driver Monitoring LEVELIl  Assistance
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LEVEL Il Partial/conditional automation RNN Recurrent Neural Network
LEVEL IV Total automation/Autonomy ROI Region of interest

LiDAR Laser imaging, detection, and ranging  SBBOA Heuristic optimization algorithm
LKA Lane Keep Assistance TCS Traction Control System

ML Machine Learning TJA Traffic Jam Assist

NV Night Vision TSD Traffic Sign Detection

PD Pedestrian Detection V2X Vehicle-to-Everything

PAS Parking Aid System V2| Vehicle-to-Infrastructure

PPA Parallel Parking Assist V2V Vehicle-to-Vehicle

PPHT Probabilistic Progressive Hough VMD Vertical Mean Distribution

RANSAC

(1]

(2]

(5]

(6]

(7]

(1ol

M

Transformation

Random sample consensus
algorithm

7. References

Holden E. Achieving Sustainable Maobility: Every day and Leisure-time Travel in the EU Transport
and Mobility. Routledge. New York, NY 10017, USA, 2016:1-3. https://doi.org/10.4324/9781315565491

Golias J, Yannis G, Antoniou C. Classification of driver-assistance systems according to their
impact on road safety and traffic efficiency. Transport Reviews. 2002;22(2):179-196. https://doi.
org/10.1080/01441640110091215

Gietelink 0OJ. Design and validation of advanced driver assistance systems. PhD thesis, TRAIL
Research School, Delft, 2007. Available at: http://resolver.tudelft.nl/uuid:b2f0e7f6-6255-4932-
8b5e-d3ef67cd8lec (accessed on 09 Aug 2023)

Abdelgawad K, Abdelkarim M, Hassan B, Grafe M, GraRler |. A Scalable Framework for Advanced
Driver Assistance Systems Simulation. 6th International Conference on Advances in System Simu-
lation (SIMUL 2014), 2014:43-51. Available at: https://hni-old.uni-paderborn.de/en/publications/
publikationen/?tx_hnippview_pi1%5Bpublikation%5D=8734 (accessed on 09 Aug 2023)

ETSC Road Safety Performance Index (PIN]. Available at: https://etsc.eu/projects/pin/." (accessed
on 09 Aug 2023)

Europe on the Move: Commission Takes Action for Clean, Competitive and Connected Mability.
Available at: https://ec.europa.eu/transport/modes/road/news/2017-05-31-europe-on-the-
move_en (accessed on 09 Aug 2023)

The European New Car Assessment Programme. Available at: https://www.euroncap.com/en
(accessed on 09 Aug 2023)

RTAD Road Safety Annual Report 2018. Available at: irtad-road-safety-annual-report-2019.pdf
(itF-oecd.org) (accessed on 09 Aug 2023)

Simon JH. Learning to drive with Advanced Driver Assistance Systems empirical studies of an online
tutor and a personalised warning display on the effects of learnability and the acquisition of skill.
PhD thesis, 2005. Available at: https://core.ac.uk/download/pdf/153227967.pdf (accessed on 10
Sept 2023)

Masello L, Castignani G, Sheehan B, Murphy F, McDonnell K. On the road safety benefits of advanced
driver assistance systems in different driving contexts. Transportation Research Interdisciplinary
Perspectives. 2022;15:100670. https://doi.org/10.1016/j.trip.2022.100670

Teoh ER. Effectiveness of Antilock Braking Systems in Reducing Motorcycle Fatal Crash Rates.
Traffic Injury Prevention. 2011,12(2):169-173. https://doi.org/10.1080/15383588.2010.541308



44 The Archives of Automotive Engineering — Archiwum Motoryzacji Vol. 104, No. 2, 2024
https://doi.org/10.14669/AM/190157

[12] Young MS. Ergonomics issues with advanced driver assistance systems (ADAS). Automotive Ergo-
nomics: Driver-Vehicle Interaction. CRC Press, 2016:55-76.

[13] Ziebinski A, Cupek R, Grzechca D, Chruszczyk L. Review of advanced driver assistance systems
(ADAS). Proceedings of the international conference of computational methods in sciences and
engineering. AIP Conference Proceedings. 2017;1906:120002. https://doi.org/10.1063/1.5012394

[14] LiuWw, Li Z LiL, Wang F. Parking Like a Human: A Direct Trajectory Planning Solution. IEEE Trans-
actions on Intelligent Transportation Systems. 2017;18(12):3388-3397. https://doi.org/10.1109/
TITS.2017.2687047

[15] Cahyadi EF, Hwang MS. An improved efficient anonymous authentication with conditional priva-
cy-preserving scheme for VANETs. PLoS One. 2021;,16(8):e0257044. https://doi.org/10.1371/journal.
pone.0257044

[16] Wang Z. Research on Lane Detection Method Based on Machine Vision. Academic Journal of Engi-
neering and Technology Science. 2023;6(8):37-43. https://doi.org/10.25236/AJETS.2023.060806

[17] Muhammad K, Ullah A, Lloret J, Del Ser J, Albuguerque VHC. Deep Learning for Safe Autonomous
Driving: Current Challenges and Future Directions. IEEE Transactions on Intelligent Transportation
Systems. 2021,22(7):4316-4336. https://doi.org/10.1109/TITS.2020.3032227

[18] Rateke T, Justen KA, Chiarella VF, Sobieranski AC, Comunello E, von Wangenheim A. Passive
Vision Region-Based Road Detection. ACM Computing Surveys (CSUR). 2019;52:1-34. https.//doi.
org/10.1145/3311951

[19] Pan J, Sun H, Xu K, Jiang Vv, Xiao X, Hu J, Miao J. Lane-Attention: Predicting Vehicle Moving
Trajectories by Learning Their Attention Over Lanes. |IEEE International Conference on Intel-
ligent Robots and Systems (IRQS), Las Vegas, USA. 2020:7949-7956. https://doi.org/10.1109/
IR0S45743.2020.8341233

[20] Rin V, Nuthong C. Front Moving Vehicle Detection and Tracking with Kalman Filter. IEEE 4th Inter-
national Conference on Computer and Communication Systems (ICCCS), Singapore. 2013:304-310.
https://doi.org/10.1108/CCOMS.2019.8821772

[21] Cattaruzza M. Design and Simulation of Autonomous Driving Algorithms, PhD Thesis, 2019. Available
at: https://webthesis.biblio.polito.it/11650/ (accessed on 10 Sept 2023)

[22] Juang LH, Zhang JS. Robust visual line-following navigation system for humanoid robots. Artificial
Intelligence Review. 2020;53(1):653-670. https://doi.org/10.1007/s10462-018-9672-9

[23] Mancini A, Frontoni E, Zingaretti P. Mechatronic System to Help Visually Impaired Users During
Walking and Running. IEEE Transactions on Intelligent Transportation Systems. 2018,19(2):649-
660. https://doi.org/10.1109/TITS.2017.2780621

[24] Xing Y, Lv C, Chen L, Wang H, Wang H, Cao D, et al. Advances in Vision-Based Lane Detection: Algo-
rithms, Integration, Assessment, and Perspectives on ACP-Based Parallel Vision. IEEE/CAA Journal
of Automatica Sinica. 2018;5(3):645-661. https://doi.org/10.1109/JAS.2018.7511063

[25] Du X, Tan KK. Comprehensive and Practical Vision System for Self-Driving Vehicle Lane-Level Local-
ization. IEEE Transactions on Image Processing. 2016;25(5):2075-2088. https://doi.org/10.1108/
TIP.2016.2539683

[26] Meuter M, Muller-Schneiders S, Mika A, Hold S, Nunn C, Kummert A. A Novel Approach to Lane
Detection and Tracking. 12th International IEEE Conference on Intelligent Transportation Systems,
St. Louis Missouri, United States. 2009:1-6. https://doi.org/10.1109/1TSC.2009.5309855

[27] Veit T, Tarel JP, Nicolle P, Charbonnier P. Evaluation of Road Marking Feature Extraction. 11th
International IEEE Conference on Intelligent Transportation Systems, Beijing, China. 2008:174-181.
https://doi.org/10.1109/1TSC.2008.4732564

[28] McCall JC, Trivedi MM. Video-based Lane estimation and tracking for driver assistance: survey,
system, and evaluation. IEEE Transactions on Intelligent Transportation Systems. 2006;7(1):20-37.
https://doi.org/10.1109/TITS.2006.8695395



The Archives of Automotive Engineering — Archiwum Motoryzacji Vol. 104, No. 2, 2024 45
https://doi.org/10.14669/AM/190157

[29] Dorj B, Lee D. A Precise Lane Detection Algorithm Based on Top View Image Transformation and
Least-Square Approaches. Journal of Sensors. 2016:1-13. https.//doi.org/10.1155/2016/4058093

[30] Yeniaydin Y, Schmidt KW. Sensor Fusion of a Camera and 2D LIDAR for Lane Detection. 27th Signal
Processing and Communications Applications Conference (SIU), Sivas, Turkey. 2019:1-4. https://doi.
org/10.1108/51U.2019.8806579

[31] Fakhfakh M, Chaari L, Fakhfakh N. Bayesian curved lane estimation for autonomous driving. Journal
of Ambient Intelligence and Humanized Computing. 2020;11:4133-4143. https://doi.org/10.1007/
s12652-020-01688-7

[32] Barmpounakis E, Sauvin GM, Geroliminis N. Lane Detection and Lane-Changing Identification with
High-Resolution Data from a Swarm of Drones. Transportation Research Record: Journal of the
Transportation Research Board. 2020;2674(7):1-15. https://doi.org/10.1177/0361198120920627

[33] Aly M. Real time detection of lane markers in urban streets. |IEEE Intelligent Vehicles Symposium.
2008:7-12. https://doi.org/10.1109/1V5.2008.4621152

[34] Zhou S, Jiang VY, Xi J, Gong J, Xiong G, Chen H. A novel lane detection based on geometrical model
and Gabor filter. 2010 IEEE Intelligent Vehicles Sympaosium, La Jolla, CA, USA. 2010:59-64. https.//
doi.org/10.1109/1VS.2010.5548087

[35] Wang Y, Shen D, Tech EK. Lane detection using spline model. Pattern Recognition Letters.
2000;21(8):677-688. https://doi.org/10.1016/50167-8655(00)00021-0

[36] Deng J, Han Y. A real-time system of lane detection and tracking based on optimized RANSAC
B-spline fitting. Proceedings of the 2013 Research in Adaptive and Convergent Systems, RACS 2013.
2013:157-164. https://doi.org/10.1145/2513228.2513280

[37] Li Q, Zhou J, Li B, Guo VY, Xiao J. Robust Lane-Detection Method for Low-Speed Environments.
Sensors. 2018;18(12):4274. https://doi.org/10.3390/s18124274

[38] Caraffi C, Cattani S, Grisleri P. Off-Road Path and Obstacle Detection Using Decision Networks and
Stereo Vision. IEEE Transactions on Intelligent Transportation Systems. 2007,8(4):607-618. https.//
doi.org/10.1109/TITS.2007.908583

[39] Tang J, Li S, Liu P. A review of lane detection methods based on deep learning. Pattern Recognition.
2021;111:107623. https://doi.org/10.1016/j.patcog.2020.107623

[40] SunY, Wang L, Chen Y, Liu M. Accurate Lane Detection with Atrous Convolution and Spatial Pyramid
Pooling for Autonomous Driving. IEEE International Conference on Robotics and Biomimetics
(ROBIQ). 2019:642-647. https://doi.org/10.1109/R0OBI043542.2019.8961705

[41] Chetan NB, Gong J, Zhou H, Bi D, Lan J, Qie L. An overview of recent progress of lane detection for
autonomous driving. In: 2019 6th International conference on dependable systems and their appli-
cations (DSA). IEEE. 2020:341-346. https://doi.org/10.1109/DSA.2019.00052

[42] Borkar A, Hayes M, Smith MT. Polar randomized Hough transform for lane detection using loose
constraints of parallel lines. IEEE International Conference on Acoustics, Speech and Signal
Processing (ICASSP). 2011:1037-1040. https://doi.org/10.1109/ICASSP.2011.5946584

[43] Son'Y, Lee E, Kum D. Robust multi-lane detection and tracking using adaptive threshold and lane
classification. Machine Vision and Applications. 2019;30(1):111-124. https://doi.org/10.1007/s00138-
018-0977-0

[44] Son J, Yoo H, Kim S, Sohn K. Real-time illumination invariant lane detection for lane departure
warning system. Expert Systems with Applications. 2015;42(4):1816-1824. https://doi.org/10.1016/j.
eswa.2014.10.024

[45] Chen PR, Lo SY, Hang HM, Chan SW, Lin JJ. Efficient Road Lane Marking Detection with Deep
Learning. IEEE 23rd International Conference on Digital Signal Processing, DSP 2018. 2018:8631673.
https://doi.org/10.1109/1CDSP.2018.8631673

[46] Lu Z XuY, Shan X, Liu L, Wang X, Shen J. A Lane Detection Method Based on a Ridge Detector and
Regional G-RANSAC. Sensars. 2013;19(18):4028. https://doi.org/10.3390/s19184028



46 The Archives of Automotive Engineering — Archiwum Motoryzacji Vol. 104, No. 2, 2024
https://doi.org/10.14669/AM/190157

[47] Zheng F, Luo S, Song K, Yan C-W, Wang M-C. Improved Lane Line Detection Algorithm Based on
Hough Transform. Pattern Recognition and Image Analysis. 2018;28(2):254-260. https://doi.
org/10.1134/51054661818020049

[48] Kang C, Lee SH, Kee SC, Chung C. Kinematics-based Fault-tolerant Techniques: Lane Prediction for
an Autonomous Lane Keeping System. International Journal of Control, Automation and Systems.
2018;16(3):1293-1302. https://doi.org/10.1007/512555-017-0443-8

[49] Borkar A, Hayes M H, Smith MT. Robust Lane detection and tracking with Ransac and Kalman filter.
In 16th IEEE International Conference on Image Processing (ICIP), Cairo, Egypt. 2009:3261-3264.
https://doi.org/10.1109/1CIP.2009.5413980

[50] Sun'Y, Li J, Sun Z. Multi-Stage Hough Space Calculation for Lane Markings Detection via IMU and
Vision Fusion. Sensors. 2019;13(10):2305. https://doi.org/10.3390/s19102305

[51] Park H. Implementation of Lane Detection Algorithm for Self-driving Vehicles Using Tensor Flow.
Advances in Intelligent Systems and Computing. 2019;773:438-447. https://doi.org/10.1007/978-3-
319-93554-6_42

[52] EL Hajjouji I, Mars S, Asrih Z, El Mourabit A. A novel FPGA implementation of Hough Trans-
form for straight lane detection. Engineering Science and Technology, an International Journal.
2020;23(2):274-280. https://doi.org/10.1016/j.jestch.2019.05.008

[53] Kim J, Lee M. Robust Lane Detection Based on Convolutional Neural Netwark and Random Sample
Consensus. Lecture Notes in Computer Science. 2014,8834:454-461. https://doi.org/10.1007/978-
3-319-12637-1.57

[54] Gurghian A, Koduri T, Bailur SV, Carey KJ, Murali VN. DeeplLanes: End-To-End Lane Position Estima-
tion Using Deep Neural Networks. IEEE Conference on Computer Vision and Pattern Recognition
Workshops. 2016:38-45. https://doi.org/10.1109/CVPRW.2016.12

[55] Zhang W, Mahale T. End to End Video Segmentation for Driving: Lane Detection for Autonomous Car.
Deep Learning' 18 Conference, Fall 2018, State College, PA, USA. 2018. https://doi.org/10.48550/
arXiv.1812.05914

[56] Pan X, Shi J, Luo P, Wang X, Tang X. Spatial as Deep: Spatial CNN for Traffic Scene Understanding.
Proceedings of Thirty-Second AAAI Conference on Artificial Intelligence. 2018;32(1):7276-7283.
https://doi.org/10.48550/arXiv.1712.06080

[57] Ghafoorian M, Nugteren C, Baka N, Booij O, Hofmann M. EL-GAN: Embedding Loss Driven Generative
Adversarial Networks for Lane Detection. Lecture Notes in Computer Science. 2018;11129:256-272.
https://doi.org/10.1007/978-3-030-11009-3_15

[58] Hinton G, Dean J, Vinyals O. Distilling the Knowledge in a Neural Network. NIPS 2014 Deep Learning
Workshop. 2014. https://doi.org/10.48550/arXiv.1503.02531

[59] Zagoruyko S, Komodakis N. Paying More Attention to Attention: Improving the Performance
of Convolutional Neural Networks via Attention Transfer. 2017. https:.//doi.org/10.48550/
arXiv.1612.03928

[60] Philion J. FastDraw: Addressing the Long Tail of Lane Detection by Adapting a Sequential Prediction
Netwaork. IEEE Conference on Computer Vision and Pattern Recagnition (CVPR). 2019:11574-11583.
https://doi.org/10.1109/CVPR.2019.01185

[61] Wu Z Qiu K, Yuan T, Chen H. A method to keep autonomous vehicles steadily drive based on
lane detection. International Journal of Advanced Robotic Systems. 2021;18(2):1-11. https://doi.
org/10.1177/17288814211002974

[62] Dawam E, Feng X. Smart City Lane Detection For Autonomous Vehicle. 2020 IEEE Intl Conf on
Dependable, Autonomic and Secure Computing, Intl Conf on Pervasive Intelligence and Computing,
Intl Conf on Cloud and Big Data Computing, Intl Conf on Cyber Science and Technology Congress.
2020: 334-338, DOI: 10.1109/DASC-PICom-CBDCom-CyberSciTech49142.2020.00065



The Archives of Automotive Engineering — Archiwum Motoryzacji Vol. 104, No. 2, 2024 47
https://doi.org/10.14669/AM/190157

[63] Muthalagu R, Bolimera A, Venkatesan K. Vehicle Lane markings segmentation and keypoint
determination using deep convolutional neural networks. Multimedia Tools and Applications.
2021;80(7):11201-N215. https://doi.org/10.1007/s11042-020-10248-2

[64] Yousri R, Elattar M, Darweesh M. A Deep Learning-Based Benchmarking Framework for Lane
Segmentation in the Complex and Dynamic Road Scenes. IEEE Access. 2021;9:117565-117580.
https://doi.org/10.1109/ACCESS.2021.3106377

[65] Alajlan A, Almasri M. Automatic Lane marking prediction using convolutional neural network and
S-Shaped Binary Butterfly Optimization. The Journal of Supercomputing. 2022,78(3):3715-3745.
https://doi.org/10.1007/s11227-021-03988-x

[66] Feng Z, Zhang S, Kunert M, Wiesbeck W. Applying Neural Networks with a High-Resolution Auto-
motive Radar for Lane Detection. Proceeding sof AmE 2019 - Automotive meets Electronics; 10th
GMM-Symposium. 2018:1-6

[67] Pihlak R, Riid A. Simultaneous Road Edge and Road Surface Markings Detection Using Convolu-
tional Neural Networks. Communications in Computer and Information Science. 2020;1243:109-121.
https://doi.org/10.1007/978-3-030-57672-1_9



