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Abstract—Traffic accidents are caused by driver faults and
non-compliance with traffic rules mostly. It is aimed to reduce
the accident rates by preventing driver-related accidents was
the developments in electric and autonomous vehicle
technologies by the studies carried out in recent years. Lane
tracking systems for autonomous vehicles are critical to
reducing these kinds of risks in accidents. Within the scope of
this study, a test environment was created in the Gazebo
environment for lane detection and tracking. In addition,
segmentation process and object detection algorithms were used
for lane detection by utilizing Mask RCNN and Faster RCNN.
The software developed within the scope of the study has been
successfully tested in the created simulation environment.

Keywords— lane detection, mask RCNN, faster RCNN,
autonomous vehicle

I. INTRODUCTION

With the developing technology, unmanned systems have
started to appear in all areas of our lives to facilitate our daily
life and to provide time efficiency. The rapid development
unmanned systems technology, combined with electric
vehicle technology. The growing experience and production
of this technology have become widespread in recent years.
Thus, it pushes autonomous vehicle technology. There are
many automotive and technology companies working in this
field all over the world. The main reason for this rapidly
developing technology is to increase safe driving rates and
thus to reduce traffic accident rates. Looking at the 2019 data
of the World Health Organization, it has been reported that
more than 1.35 million people die every year due to various
traffic accidents [1]. %94 of the accidents are caused by risky
driving and mistakes made by drivers at the wheel [2].
Considering the 2019 data of the Turkish Statistical Institute,
it was revealed that %91.04 of the traffic accidents that
occurred were caused by drivers [3]. The main purpose of all
studies is to reduce the current rates by preventing driver-
related accidents with the developments in electric and
autonomous vehicle technology.

With today’s technology, we come across an improved
driver assistance system (ADAS), which increases driving
quality in terms of driver and pedestrian safety and is used to
prevent possible accidents. ADAS systems come with many
different features. Features such as distance sensors, adaptive
speed control, collision warning system, and lane departure
warning systems are common in today’ s vehicle [4,6]. One

978-1-6654-8894-5/22/$31.00 ©2022 IEEE

Emrah CETIN
Electrical and Electronics Engineering
Yozgat Bozok University

Yozgat, TURKEY
emrah.cetin@yobu.edu.tr

of the important features of ADAS systems that have come
toa the fore in recent years is computer vision assisted
systems in which cameras are used [7]. Lane detection and
tracking system, which is one of them, has a critical
importance in ADAS systems. Lane tracking systems for
autonomous vehicle are critical to reduce the risk of
accidents. Violation of the road border lane on the roadside
or incorrect crossings account for this high rate. For this
reason, road boundary lanes have a very important place for
safe driving.

The development of lane tracking systems has a critical
place in minimizing traffic accident rates, especially due to
lane violations and incorrect overtaking. When the literature
is examined for lane tracking, it is seen that there are different
studies that use image processing techniques and machine
learning algorithms. Image processing methods are
frequently used for lane detection operations. Within this
method, the first thing to do is to provide the color space
conversion of the image from incoming camera image and
define the Region Of Interest (ROI). ROI process is the
process of selecting the area to be studies on the image by
entering the pixel values and removing the remining part
from the image. After this process, it is seen that basic image
processing techniques such as the application of different
edge detection filters on the area to be processed and the
threshold value are used [8]. In addition, it has been seen that
the Hough method is frequently used together with machine
learning algorithms in the studies. This method is mostly used
to detect known and obvious geometric shapes such as
ellipses, circles or lines in the image [9].

Another working example shows a 3-step road lane
detection process. It is seen that these stages are the
separation of road and sky with the horizon line detection,
then the analysis of lane region by marking color space
transformations, and finally the determination by the Hough
method [10]. In another study, for lane detection, first of all,
the world is considered as a flat area, the image coming from
the camera is converted into a bird’s eye view, and then
Canny edge detection algorithms are used. Thus, a clean
image is obtained by getting rid of unnecessary information
and pollution that may occur in the image. However, this
method is insufficient in cases where the vehicle turns or
where the road is inclined such as intersections. In addition,
it was observed that power spectra and Fast Fourier methods
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were applied to the images [11]. most of the current lane
detection studies show that features are extracted manually.
This means that the extracted manually. This mean that the
extracted features are weak. These weak features, which are
manually extracted, cannot be successful in lane detection in
the face of possible complex scenarios that the vehicle will
encounter [12,13]. Machine learning algorithm approaches
put forward the necessity of dataset. In different studies,
datasets were created with different methods. In the studies,
cameras placed on the vehicle were used to create the dataset
[14]. Huval et al. revealed a large dataset of highway images.
Afterwards, he introduced the use of deep learning method in
vehicle and lane detection [15]. In another study, it was seen
that lane detection was achieved by combining different types
of convolutional neural networks [16]. In some studies, a
dataset was created by directly taking human behaviors to use
imitation learning methods [17]. There is segmentation
process as the method used in the literature [18]. In another
study, it was seen that certain colors or a part of the image
were used to segment an image. This study paves the way to
work only with the information of the segmented area [19].
The success of computer vision technology is basically
directly proportional to the success of image processing and
pattern recognition. Because in this area, it is expected that
the driver’s vision, perception and correct decision-making
mechanisms will be realized by image processing and pattern
recognition techniques. However, since the basic image
processing techniques are directly affected by the basic
physical conditions such as bad weather conditions or the
difference in the lighting condition of the environment, it
cannot be fully efficient [20]. Liu et al. another study he made
used the Mask R-CNN model to embody the lane line [21].
Yet another study showed that aerial road images were
segmented with Mask R-CNN [22]. In another study carried
out in China, it was reported that some traffic markers and the
Mask R-CNN model on road lane lines were applied to a
ready-made dataset, but it could not be fully met in a real-life
traffic scenario [23]. In another study, it is seen that the
convolutional neural network model was used for lane
detection [24].

In this study, a 3-stage method was applied for lane
detection and tracking. In order to eliminate the lane loss
problem in complex scenarios, studies have been carried out
on the detection of road detection with Mask-RCNN, mainly
due to the fixed ROI region encountered in image processing
techniques used in lane detection. Thus, it is aimed to
eliminate the ROI related restriction in path detection. As a
second step, studies have been carried out on the detection of
lane lines with Faster RCNN in order to eliminate the
possibility of being affected by changes that will occur
depending on the environment in which the vehicle is located,
or the precipitation conditions. After all these determinations
were made, image processing techniques were used to realize
the lane tracking as the third step.

This paper was created as follows. In section II, details
about simulation and dataset, Mask RCNN, Faster RCNN,
Lane Detection and Tracking are given together with each
simulation outcome. Afterwards, in section III, the results are
discussed in the conclusion.
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II. METHOD

A simulation environment has been developed for the
implementation and testing of the performed work. In
addition, within the scope of the study, Mask RCNN, Faster
RCNN algorithms as well as image processing techniques
were used to perform lane detection and tracking. The
workflow diagram of the processes carried out throughout the
study is given in Fig. 1.

*Creating The Simulation Environment

Y | *Image Acquisition Of The Simulation Environment

*Creation Of Dataset

*Mask RCNN

eFaster RCNN

w
—JJ o J o J

Y | <Image Processing

Fig. 1. Workflow Diagram
A. Simulation Environment and Dataset

To carry out the model training and test processes of the
developed software, a track design was made in the open-
source Gazebo environment, where a two-lane vehicle can
move. The visual of the track developed in the gazebo
environment is given in Fig. 2.

Fig. 2. Created Track Image

A dataset was created from 900 images obtained from the
created environment with the help of the camera placed on
the vehicle. An example of the image taken from the camera
used in the simulation environment is given in Fig. 3. After
the dataset was created, it is polygonally labeled for Mask
RCNN. The main reason for labeling it as polygonal is that
independent and as many points as necessary are needed for
the selection of the desired road inside the image. For this
reason, the polygonal selection is more appropriate for the
labeling to be made from the boundary line of the road. For
Faster RCNN, its labeling as a rectangle. The main reason for
using rectangular selection is due to that road lane images are
stable and rectangular selection is sufficient for their
selection. The road lanes are labeled as small zones. With the
small region selection, it is aimed to minimize the
unnecessary information on the label. One of the labeling
samples is given in Fig. 4.
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The collected dataset images are labeled with polygonal road
sections for Mask R-CNN and rectangular lane lines on the
road for Faster R-CNN. In this study, image dimensions are
used as 640*480. During the labeling process, the labeling
made for Mask R-CNN was also made polygonal labeling,
generally covering 210*160 and 400*300 dimensions. Three
different classes were used for labeling for Faster R-CNN.
These were created separately for 3 different lane lines on the
road. Since the right and left lane lines consist of a whole line,
they were divided into small parts and labeled. In general,
labeling processes ranging from 10*10 to 20*20 were used
for left lane labeling. For the right lane, labeling was done in
sizes ranging from 15*15 to 30*30. For the middle lane,
labeling was done in sizes ranging from 40*40 to 60*60.

The obtained data were separated as training and test data,
with %80-%20 as the optimum value.

Fig. 3. An Example of The Image Taken from Camera

a) Polygonal
Fig. 4. An Example of Labelling

b) Rectangle

B. Mask R-CNN

Mask RCNN, in the simplest sense, is formed by adding
mask output to Faster RCNN outputs. Faster RCNN has two
outputs as in all object recognition algorithms. The first of
these is label information, and the second is the bounding box
location information of the object [25]. By adding the mask
property with Mask RCNN, the pixels of the object within the
bounding box are defined. Thus, mask information takes
place. In the Mask RCNN algorithm, feature mapping is
provided from the images that will be used in model training
structurally. After this process, using this feature map, the
predicted objects in the image are surrounded by the Region
Proposal Network. Then the ROI pooling layer is applied to
the bounding boxes in the image to make all predictions of
the same size. After this process, the fully connected layer is
applied to classify the last bounding boxes in the image. In
the last case, the intersections of the bounding boxes that are
too many on the image are grouped and the highest ones are
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selected by looking at the prediction ratios. Mask operation
is performed on the identified object in the bounding boxes
with the highest predictive value selected [25,26]. The
structure information of Mask RCNN and Faster RCNN is
given in Fig. 5. Faster RCNN structure is given in the frame
shown in orange in the figure. The Mask RCNN structure,
on the other hand, is surrounded by green color. The
necessary procedure for all these operations has been
completed and the configuration settings have been arranged.
Polygonal labeling was done on the created dataset and model
training was carried out in 1000 iterations.
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Fig. 5. Mask RCNN and Faster RCNN Structures

Within the scope of the study, Mask RCNN was applied
to the image taken from the simulation environment and the
detection process was carried out successfully. An example
image of this study is given in Fig. 6.

Fig. 6. Mask RCNN Applied Image

C. Faster RCNN

Faster RCNN, the most widely used and advanced version
of the RCNN family, is a deep convolutional network for
object detection introduced in 2015 that appears as an end-to-
end, unified network. The network can accurately and quickly
predict the positions of different objects. In the RCNN
family, first RCNN is followed by Fast RCNN and then
Faster RCNN.

R-CNN first divides the input image into about 2000
regions. The convolutional neural network is applied to the
separated independent regions, respectively. At this stage,
fixed-length feature vector extraction of each region is
performed. The features of each extracted region are
evaluated for classification by applying a linear Support
Vector Machine (SVM). After all the processes, the
classification process is carried out according to the results of
the evaluation by looking at the regions [27,28].
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Fig. 7. Faster RCNN Applied Image

While RCNN and Fast RCNN use selective search
algorithm, Faster RCNN uses the Region Proposal Network
algorithm [29].

The selective search algorithm is used to divide the image
into 2000 regions. The testing speed of the R-CNN model is
slow due to the application of the CNN algorithm, which will
be performed separately and sequentially for each region.
However, the region proposal network used in Faster R-CNN
caused a great improvement in the overall detection speed of
the model since it was applied directly after feature
extraction. Thus, the number of boxes suggested before the
bounding box that will be formed in the final image has been
reduced from approximately 2000 to 300 and has led to an
improvement in the quality of these boxes. Therefore, the
pattern detection rate is higher [30].

Since Mask RCNN is derived from Faster RCNN, the
model structures are very similar, the only difference is that
Mask RCNN also gives extra mask information as output.
Within the scope of the project, it is planned to use this model
for the detection of lanes on the road. For this reason, 3 lane
lines on the two-lane road image on the created dataset are
named and labeled separately. Then, after the necessary
configuration setting was made, the model training was
carried out. Within the scope of the study, Faster RCNN was
applied to the image taken from the simulation environment
and the detection process was carried out successfully. An
example image of this study is given in Fig. 7.

D. Lane Detection and Tracking

The model was trained with the Mask RCNN algorithm
and when it was applied to the image taken from the
simulation environment, the path detection process was
carried out successfully. After this process, it is aimed to
obtain a clean road image by removing the road detected in
the image from the entire image. For this purpose, the road
image masked by color filtering processes is separated from
the image coming from the camera. The visual expression of
the completed work is given in Fig. 8.

Fig. 8. Filtered Image Result

After these processes, the Faster RCNN algorithm, which
was modeled on the filtered image output, was applied. With
this process, it is aimed to determine the lane lines on the road
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image separated from the image. The visual of the process is
given in Fig. 9.

Fig. 9. Image with Mask RCNN and Faster RCNN Applied

Finally, in an image taken with the camera, the road and
the lanes on the road were determined. However, since it
would not be efficient for lane tracking in this way, after this
step, position information of the bounding box on each final
image was obtained by using image processing techniques.
According to received location information, the averages of
each bounding box location were determined. Based on this
information, straight lines were drawn on the road lanes in the
image. By changing the pixel distances of the vehicle’ s
position to these road lane lines, the approach to the road
lanes is determined. Based on these pixel’s distance
information received, vehicle steering control is provided.
The visual of this process is given in Fig.10.

Fig. 10. Result Image

III. CONCLUSION

This study, it is carried out to solution two basic problems
in the realization of lane tracking with image processing
methods. The first of this problem is realized due to the
problem of vehicle access lost during the masking process
based on the secure four-point call received in the ROI
process. The Mask R-CNN algorithm applied within the
scope of the study detects %99 correctly in the simulation
environment and realizes the solution of this problem. The
second problem is the color conversions and method used in
the road lane. The reason for this problem is that the values
of the color filters change due to the change in the basic
physical environment conditions such as lighting, shading,
clouding or reflection, such as changing weather conditions
or different sun angles in ordinary life. The difficulty of
detecting different filter values at different times of the day
by using Faster RCNN, direct detection of lane lines in the
simulation environment has been achieved with %99 success.
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If the vehicle approaches the right or left lane lines, the
approach amounts were determined by using the image
processing techniques used after this stage and the steering
control was carried out successfully. Simulation results have
promising result to apply these techniques for further studies
such as an autonomous vehicle in real-time.
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