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Abstract— In this paper, we present a novel study on a BEV
(bird’s eye view) image-based lane tracking control system for
an autonomous lane repainting robot. Our research introduces
a cutting-edge lane detection method based on BEV images,
leveraging row-anchor techniques to enhance precision and
provide detailed error information for lane tracking algo-
rithms. By utilizing real-time sensor data and advanced deep
learning processes, we have successfully implemented a high-
performance lane repainting system that minimizes errors and
ensures accuracy. Our proposed position-based visual pure
pursuit algorithm (PV-PP) plays a crucial role in guiding the
lane repainting process with precision and efficiency, ultimately
improving the functionality and feasibility of the linear actuator
responsible for paint spraying in the real indusrial fields.
Through our contributions, including innovative lane detection
methods, real-time sensor utilization, and robot control algo-
rithm design, we aim to advance the field of autonomous lane
repainting robots and enhance the safety and effectiveness of
road maintenance operations.

I. INTRODUCTION

Roads serve as crucial infrastructure for passengers and
freight transportation, promoting various services on trans-
port and reducing trade costs. However, roads are susceptible
to damage from various natural disasters or wear and tear
over time. Therefore, continuous maintenance is necessary to
sustain the benefits of roads, involving activities such as lane
painting, crack sealing, road paving, and signage installation,
and so on [1]–[3]. Meanwhile, road maintenance process
should ensure the safety of all road users, requiring ongoing
efforts to meet specific requirements.

As aforementioned, road maintenance is essential for
smooth and safe road usage. However, due to the inherently
high risks associated with such tasks, careful consideration
for the safety of surrounding traffic and workers is neces-
sary. Recent studies indicate an increasing trend in injuries
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Fig. 1. The images obtained from two camera equipped at the front wheel
and the actuator, respectively. Once an image is captured from each camera,
our novel lane detection method preprocess the image into row-anchors and
perform lane detection on the processed row-anchors. This contributes to
precise distance computation for error derivation.

and fatalities on highways and construction sites [4]–[6].
Also, existing method on road marking process in Korea
has traditionally been fully manual manner, resulting in
frequent casualties. According to statistics from the Korea
Road Traffic Authority [7], there have been 170 accidents in
highway work zones over the past five years, resulting in 50
fatalities, with a fatality rate three times higher than general
traffic accidents (31% versus 9.9%). On the other hand, our
unmanned road painting robot autonomously performs lane
repainting tasks, reducing job hours compared to manual
methods. The proposed robot can ensure worker safety and
minimizes traffic congestion time by automating the lane
repainting process based on its mobility and autonomy.

Lane maintenance robots with mobile robots have been
developed and used in various manners. There are robots by
industrial companies such as STiM [8] and TinyMobileR-
obot [9], which simultaneously paint lanes while driving
on a given route. However, they mainly use GPS-based
autonomous driving, and such driving method implies that
the limitations of GPS sensors could almost render au-
tonomous driving impractical, potentially hampering overall
work efficiency. The GPS signal lost problem usually occurs
in areas blocked by building and in tunnel [10]–[12]. These
problems are primarily cause of the decreased accuracy
in the operation of GPS-based lane maintenance robots.
Although GPS-based lane maintenance robots operate well in
expansive areas such as open fields and highways, they have
limitations that cannot perform in certain urban and tunnel
environments [13]. Therefore, lane maintenance operations
cannot be performed in locations where precise positioning
data like RTK-GPS is not received.

The limitations of GPS can restrict the applicability and
capacity of lane repainting robots, and potentially diminish
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Fig. 2. The system architecture of our lane repainting robot (LP-BOT). The integrated control system is built on ROS and operates at 20Hz, enabling the
our robot to perform real-time lane repainting tasks. This system receives image inputs from camera sensors, processes perception and decision tasks, and
controls the our robot and repainting device (linear actuator).

operational efficiency of the workflow on the roads. Thus, we
have conceived a lane repainting robot that operates based on
vision sensors to track existing lanes for lane maintenance,
repainting, and lane marking repair tasks. Our proposed robot
utilizes image data and their belonging lane information
to implement a versatile position-based visual servo con-
trol system, which encompasses vehicle navigation control
and actuator control for paint spraying during maintenance
process. To take advantage of image data and pixel-based
rich information, the BEV-like camera sensor configuration
is constructed and contributes to the precise detection and
tracking of road lanes [14], [15]. Fig. 1 shows an operational
scene of our lane repainting robot and the roles of each image
according to the camera configuration.

In this paper, we present the lane repainting robot equipped
with only camera sensors and independent of the intrinsic
limitations followed by the usage of GPS sensors. To facili-
tate the maintenance and re-striping of existing lanes, our
robot demonstrates a simple, yet highly precise detection
and tracking control performance based on BEV image data
obtained from downward-facing camera settings. The main
contributions of this study are as follows:

• To fully take advantage of BEV image, we propose a
novel lane detection method based on row-anchor that
differentiate specific areas from BEV image. Through
this method, the perception model can primarily reduce
the lateral error, and transmit more informative and
precise errors to the lane tracking algorithm.

• From the image plane of the cameras, we extract the
real-world distance information for PV-PP and actuator

compensation algorithm. Through these algorithms, we
successfully reduce the lane tracking error for high
performance lane repainting process (with 4.23mm and
2.70mm of RMSE in each scenario).

• Our novel BEV image-based lane tracking control sys-
tem is achieved with real-time sensor data and deep
learning task processing in the ROS environment [16].
It enables fast and precise lane repainting operations on
embedded computing board.

• To enhance the performance of lane repainting, we have
developed and adapted actuator error compensation al-
gorithm for the linear actuator that moves the sprayer
of the painting robot.

II. METHODOLOGY

In this study, we design novel position-based visual pure
pursuit algorithm to execute precise lane repainting task.
The overall flowchart of our work is depicted in Fig. 2.
All cameras are mounted downward to accurately perform
lane detection/tracking and image-to-real world mapping has
been conducted to convert pixel units from image plane to
meter unit in the real environment. The estimated position
of lane obtained by row-anchor lane detection is utilized for
setting goal point of PV-PP. And then, minimizing errors
during lane paint spraying by controlling the linear actuator
through an actuator error compensation algorithm. Details of
the variables are summarised in Table 1.

A. Novel Lane Detection for BEV Image with Row Anchor

Our robot is designed for lane repainting tasks, utilizing
BEV images to achieve higher precision in lane position error
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TABLE I
PARAMETER DEFINITIONS AND THEIR CORRESPONDING VALUES.

Parameter Definition [Unit] Value

fw
x

Focal length of the wheel camera
along the x-axis[m] 132.44

fw
y

Focal length of the wheel camera
along the y-axis[m] 132.37

fa
x

Focal length of the actuator
camera along the x-axis[m] 132.40

fa
y

Focal length of the actuator
camera along the y-axis[m] 132.31

(cwx , cwy )
Principal point for 336×188
wheel camera image [pixel]

(164.9,
95.5)

(cax, c
a
y)

Principal point for 336×188
actuator camera image [pixel]

(166.6,
96.2)

zw Depth value of front wheel camera [m] 0.592
za Depth value of actuator camera [m] 0.306
Wb Wheelbase [m] 1.9

h′ Vertical distance from wheel
camera to front wheel [m] 0.7

h
Vertical distance from rear wheel

to actuator camera [m] 0.5

G(XG, YG)
The goal point in

real-world coordinates [m] (varies)

S(XS , YS)
Desired spraying point in
real-world coordinates [m] (varies)

A(at, 0)
X-coordinate and Y-coordinate of
the current actuator position [m] (varies)

δPV −PP PV-PP steering angle [deg] (varies)

at
Position of the spraying actuator

in translated coordinate [m] pw - pt

ea Lateral error of the spraying actuator [m] XS

ya
PID output of the actuator

control input value [m] (varies)

ȳa Actuator error compensation input [m] (varies)

calculation for driving and lane repainting operations. For
lane detection, the robot obtains BEV images from wheel
cameras, as illustrated in Fig. 3. For real-time application, we
attempted to employ state-of-the-art (SOTA) deep learning-
based lane detection methods such as UFLD [17], LaneATT
[18], and CLRNet [19]. However, the majority of existing
lane detection algorithms often define anchors or conduct
segmentation using images obtained from forward cameras
[20]–[22]. In BEV images shown in Fig. 3(a), front-view
image-based methods lead to mispredictions caused by the
assumption that lanes locate on the anchors optimized to
lane positions in front-view images. Therefore, we present
novel lane detection method with a preprocessing technique
satisfying high precision, given by the BEV image.

YOLOv7 [23] model is employed for lane detection,
enabling fast lane recognition on ROS-based embedded
computing boards. But if we use the object detection network
for lane detection task, the resolution of lane recognition
decreases as illustrated in Fig. 3(b). Therefore, as shown in
Fig. 3(c), we divide each image into multiple row anchors
to increase the resolution of error prediction and implement
a lane detection network trained on our custom dataset to
predict lane locations from the parsed image. The network
outputs two shallow bounding boxes in each anchor so that
it can deliver a pixel coordinate of the center of the current
location of lane by calculating the average values of the x

Fig. 3. The input BEV image obtained from the wheel camera and
different results from each lane detection method. (a) Conventional SOTA
lane detection fails to detection a lane on the BEV image. (b) YOLOv7
based lane detection approach detects the lane with poor error resolution.
(c) To improve the resolution of the control error terms, the input image is
preprocessed into multiple row anchors with smaller heights.

and y pixel coordinates.
In the lane detection process, two types of row anchors are

utilized and the pixel coordinates of the lanes obtained from
these anchors are transferred to image-to-real world distance
mapping module: the top anchor from the wheel camera,
which serves as the target point during vehicle operation; and
the mid anchor from the actuator camera, which is utilized
to compute errors for actuator compensation in PV-PP and
actuator error compensation algorithm. Algorithm 1 explains
how our system integrates YOLOv7 with ROS, publishing
pixel coordinates of target point obtained from each image.

Algorithm 1 Lane detection processing with YOLOv7 model
in ROS

1: Input: BEV camera image img
2: Initialize: lane bounding box Bimg , processed anchor

image img′, coordinates of bounding box u, v
3: Set: ROS publisher p, start row position r, height of row

anchor h
4: Require: pre-trained YOLOv7 lane detector L
5: while ROS is not shutdown do
6: img′ ← img[r:r+h, :, :]
7: Bimg ← L(img′)
8: if Bimg is not empty then
9: u, v ← Bimg

10: else
11: u, v ← last u, last v
12: end if
13: ros publish msg ← (u, v)
14: p.publish(ros publish msg)
15: last u, last v ← u, v
16: end while

115



B. Image-to-Real World Distance Mapping

To apply control algorithms using the lane position ob-
tained from each anchor, it is necessary to convert the
pixel-based coordinates of lane positions obtained in the
image coordinate system to real-world coordinates in meters
[24]–[26]. We perform image-to-real world distance mapping
based on camera matrix to utilize the lane information in the
real world domain by the following equation:

Z

UV
1

 =

fx 0 cx
0 fy cy
0 0 1

XY
Z

 (1)

where (U, V ) represents the image coordinate, and (X,Y, Z)
denotes the real-world coordinate as shown in Fig. 4. Ex-
panding (1) with regard to the target point of the vehicle
and the desired spraying point, we can perform image-to-
real world distance mapping as follows:

Gimg(XGimg , YGimg) =

(
zw(uG − cwx )

fw
x

,
zw(vG − cwy )

fw
y

)
(2)

Simg(XSimg , YSimg) =

(
za(uS − cax)

fa
x

,
za(vS − cay)

fa
y

)
(3)

where Gimg(XGimg , YGimg) represents the goal point in image-
plane coordinates with meter unit, and Simg(XSimg , YSimg) de-
notes the desired spraying point in image-plane coordinates
with meter unit.

C. Position-based Visual Pure Pursuit Algorithm (PV-PP)

In this paper, the lane tracking task of the lane re-
painting robot is performed based on the position of de-
tected lane for BEV image with row anchor and image-to-
real world distance mapping. As depicted in Fig. 5., the
lane location (uG, vG) detected from the wheel image is
transformed to Gimg(XGimg

, YGimg
), and the lane location

(uS , vS) detected from the actuator image is transformed
to Simg(XSimg , YSimg ). And then, goal point G(XG, YG) is
defined by the following equation:

G(XG, YG) = (XGimg , h+Wb+ h′ + YGimg) (4)

Fig. 4. Image-to-real world mapping example with the lanes on the image
coordinate and on the real-world coordinate.

We propose a PV-PP to move the lane repainting point
to the goal point in a continuous curve. As shown in Fig.
5(a), the wheel camera is mounted at the front wheel of the
repainting robot, and the actuator camera is mounted at the
rear part of the repainting robot with its position being the
same as the lane repainting point. Since the objective of this
study is to minimize errors during lane repainting, the lane
repainting point A(at, 0) should be positioned at the goal
point G(XG, YG) during vehicle autonomous driving.

As shown in in Fig. 5(b), we assume a virtual lane by
translating the lane repainting point and the goal point into
translated coordinates centered on the middle of repainting
robot with a parallel translation of T. The lane repainting
point A(at, 0) translates to A′(at′ , 0), and the goal point
G(XG, YG) translates to G′(XG′ , YG′). In this case, it makes
sense that when A′ reaches G′, A also reaches G. The
traditional pure pursuit algorithm [27] is designed for the
center of rear wheels to reach G′, which differs slightly from
the objective of this study. It cannot reflect of the current
position of the actuator, thereby causing unnecessary errors
at the actuator. Thus, considering the relative position of the
current actuator position to the desired lane repainting point
captured by the actuator camera, we propose PV-PP to move
the lane repainting point A to the goal point G.

Through PV-PP algorithm shown in Fig. 6, the steering
angle of the vehicle is computed as follows:

sinα =
e

Ld
(5)

2sinαcosα

Ld
=

cosα

R
(6)

h′′ = h+Wb, h′′′ = h+Wb+ h′ + YG (7)

e =
|h′′XG + ath

′′′ − ath
′′|

L
(8)

1

R
=

2sinα

Ld
=

2e

Ld
2 (9)

δ = arctan(
L

R
) = arctan(

2L

Ld
2 e) (10)

In the traditional pure pursuit, assuming the repainting robot
as a bicycle model, the grey rectangle representing the center
of rear wheel moves to goal point in Fig. 6. To address error
of lane tracking, we translate the center of rear wheel into
the lane repainting point, and then used modified kinematic
model for pure pursuit considering time-varying position of
the actuator. The lane repainting point moves towards the
goal point following the curvature R of the arc, and the
steering angle δ is calculated as in eq (10). The blue rectangle
represents the image plane obtained from the wheel camera,
and XGimg

, YGimg
are the coordinates of the image converted

to real-world coordinates using eq (1). By applying the
proposed PP-PV algorithm, the lane repainting point (at, 0)
moves to (XGimg , h + Wb + h′ + YGimg ), reducing lane
repainting errors through vehicle operation.
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Fig. 5. The architecture of our lane repainting robot (LP-BOT). (a) provides an camera image information of LP-BOT. The wheel camera and actuator
camera are mounted at differnet positions on the vehicle. Lane detection for BEV images from both cameras with row anchor is performed to estimate
the lane positions. Subsequently, image-to-real world distance mapping is conducted to estimate error distance in the real-world coordinates. (b) shows the
path calculated by PV-PP algorithm.

D. Actuator Error Compensation Algorithm

Although we can reduce the actuator error by considering
the relative position of the actuator and the wheel BEV
camera, there is an intrinsic bias due to the disturbances
that occurs during the vehicle operation. To compensate the
error caused by large variation and delay of the sensor data,
we propose the actuator error compensation algorithm. As
depicted in Fig. 5(a), the repainting error ea is defined as a
distance from the current position of the spraying point to
the detected lane in actuator camera. ea can be represented
by following equation:

ea = ||A− S||2 =
√
(XS − at)2 + Y 2

S (11)

ya(t) = Kpea(t) +Ki

∫
ea(τ) dτ +Kd

dea(t)

dt
(12)

The actuator camera is mounted on the same position
as repainting point, and repainting point is controlled by
PID-based position controller in the linear actuator. Thus,
proposed PV-PP based driving performance contributes to
an initial decrease in ea, while the linear actuator’s operation

R

R

𝐿

𝐿𝑑

𝛿

𝛼

2𝛼

𝛿

X

Y

𝑎t, 0

Image plane

Wb

ℎ′

ℎ

𝑌𝐺𝑖𝑚𝑔

𝑋𝐺𝑖𝑚𝑔

(𝑋𝐺𝑖𝑚𝑔
, ℎ +𝑊𝑏 + ℎ′ + 𝑌𝐺𝑖𝑚𝑔

)

𝑒

0, ℎ′′

Time varying position of actuator

𝛿

ℎ′′

Fig. 6. Position-based visual pure pursuit algorithm.

enabling simultaneous compensation of ea to minimize the
repainting error distance. PID-based position controller is
constructed in eq (12), which reduce the actuator error
successfully.

III. EXPERIMENT

In this study, we construct the lane repainting robot (LP-
BOT) to perform the autonomous driving lane repainting
task and conduct experiments accordingly. The systemic
architecture of the LP-BOT system is depicted in Fig. 2,
and two cameras are mounted at the right wheel and on
the linear actuator. Respectively, the robot obtains the target
point of PV-PP algorithm from the wheel image and the lane
repainting point from the image at the actuator. The overall
integrated control system is built on ROS (Robot operating
system) and enables to real-time repainting tasks using deep
learning-based lane detection.

A. Implementation Details

Our LP-BOT is a front-wheel drive vehicle that receives
speed and steering values via ROS for lane repainting task.

Fig. 7. Examples of lane repainting experiment. (a) represents the lane
repainting scenarios, where the lane repainting robot sprays paint along the
line within the yellow and sky rectangle. (b) depicts our repainting robot in
lane repainting operation.
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Fig. 8. Examples of lane repainting error in real-world and actuator camera
view. Lane repainting error ea is obtained by transforming image plane error
distance eaimg into real-world error distance.

All cameras are ZED2i, sending images with a resolution of
336x188 and an FPS of 30Hz. The embedded board utilized
for camera package operation and processing is Jetson Orin
AGX, with Ubuntu 20.04 OS and ROS Noetic adopted for
computing environment setup. The ROS-based integrated
control system is depicted in Fig.2, with the frequency of
all configured ROS nodes set to 20Hz.

B. Experimental Settings

In this work, experiments are proceeded within Elec-
tronics and Telecommunications Research Institute Daegu-
Gyeongbuk Research Center. As shown in Fig. 7(a), LP-
BOT conducts experiments performing lane repainting tasks
on scenario 1 and 2. Scenario 1 consists of long straight and
short curve lane sections and scenario 2 is composed of short
straight and long curve lane sections. Fig. 7(b) represents
LP-BOT equipped with a paint spraying devices, conducting
lane repainting tasks in real-world environments. The lane
tracking performance have been evaluated by measuring the
repainting distance error ea, demonstrating the effectiveness
of the proposed algorithms in this study.

C. Custom Dataset for Parsed YOLOv7 Lane Detection

We construct two custom BEV lane datasets for training
the parsed YOLOv7 lane detection model: one for wheel
BEV image lane detection and the other for actuator BEV
image lane detection. Each dataset includes 3200 training
samples, 400 testing samples, and 400 validation samples.
Additionally, each sample comprises a parsed real-world
BEV image at a resolution of 336x15 along with correspond-
ing lane bounding box label data.

D. Lane Repainting Task Results

As depicted in Fig. 8, the repainting distance error ea
represents the distance from the current position of the
spraying point to the detected lane in actuator camera. In this
experiment, we used ea as a metric for the evaluation of lane
tracking performance. For two scenarios above, we imple-
ment autonomous lane tracking system while minimizing the
lane repainting error, and finally evaluate the performance of

the overall driving behavior and lane repainting performance
based on ea.

Fig. 9 and Fig. 10 shows the lane tracking performance
and the driving behavior of our LP-BOT with different
kinds of driving algorithms including original pure pursuit
(PP), position-based visual pure pursuit (PV-PP), and PV-PP
combined with actuator error compensation (AEC). In the
straight section in Scenario 1, the repainting distance error
of PV-PP and PV-PP with AEC converges to zero, which
means that the robot can appropriately traces the lane that
should be maintained or repainted. The result verifies that our
proposed PV-PP based driving strategy works better than the
original pure pursuit algorithm which moves the rear axle
of the vehicle. By adjusting the gap of geometry that comes
from the movement of the actuator, we effectively reduced
the repainting error. However, when the robot goes through
the curved road section, its actuator hardly follows the lane
because of a larger curvature. To reflect this additional error,
AEC generates a control input for the linear actuator that
directly reduces the value of ea. When performing the lane
repainting tasks in scenario 1 using the PP, PV-PP and
PV-PP with AEC algorithms, the RMSE, mean, std., max.
values of ea are shown in Table. 2. It is observed that the
lane repainting distance error ea using the presented PV-PP
algorithm decreases more than when using the traditional
pure pursuit algorithm. Especially, when PV-PP and AEC
are used together, it shows a very lower error value, with an
RMSE error of 4.23mm, representing a significant decrease
of 92.42% compared to the traditional pure pursuit algorithm.

TABLE II
THE LANE TRACKING PERFORMANCE EVALUATED BY MEASURING THE

REPAINTING ERROR ea IN SCENARIO 1.

Method RMSE [mm] Mean [mm] Std. [mm] Max. [mm]
PP 55.80 42.50 52.76 158.60

PV-PP 48.94 25.96 48.61 141.26
PV-PP + AEC 4.23 2.46 4.23 19.36

Fig. 9. Lane repainting error ea of different approaches for Scenario 1.

Fig. 10. Steering angle by different driving algorithms for Scenario 1.
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TABLE III
THE LANE TRACKING PERFORMANCE EVALUATED BY MEASURING THE

REPAINTING ERROR ea IN SCENARIO 2.

Method RMSE [mm] Mean [mm] Std. [mm] Max. [mm]
PP 40.20 30.66 27.68 94.47

PV-PP 31.31 22.51 27.06 86.38
PV-PP + AEC 2.70 2.00 2.70 13.58

Fig. 11. Lane repainting error ea of different approaches for Scenario 2.

Fig. 12. Steering angle by different driving algorithms for Scenario 2.

Fig. 11 and Fig. 12 shows the lane repainting error and the
steering of our robot with different kinds of driving methods.
Different from the previous scenario, Scenario 2 is consisted
with relatively longer curve lane section. In this case, the
orginal PP driving suffers the intrinsic error in both straight
and curve road sections. Also, the repainting distance error
of PV-PP and PV-PP with AEC goes to zero in the straight
roads, but that of PV-PP becomes larger when the robot
enters the curved roads. To compensate the error generated
by the curvature, AEC attempts to move the actuator to the
desired spraying point and it effectively diminishes ea as
shown in Fig. 11. When performing the lane repainting tasks
in scenario 2 using the PP, PV-PP and PV-PP combined
with AEC algorithms, the RMSE, mean, std., max. values
of ea are shown in Table. 3. it is also shown that the
lane repainting distance error ea using the presented PV-PP
algorithm decreases more than when using the traditional
pure pursuit algorithm. In this case, when using PV-PP and
AEC are used together, RMSE error value is 2.70mm which
lower than scenario 2 case, representing a notable reduction
of 93.28% compared to the traditional pure pursuit algorithm.
The overall lane repainting error level using our algorithm
in two scenarios consists of low range with mm units, and
our algorithm has over 90% less error than the traditional
algorithm, demonstrating that our proposed PV-PP integrated
with AEC algorithm can perform very precise lane repainting
tasks. Fig. 13 depicts the qualitative result of our proposed
method, showing that the lane tracking error of the linear
actuator can be significantly reduced by applying AEC.

Fig. 13. Qualitative result of the PV-PP combined with AEC. The lane
tracking error of the linear actuator significantly decreases when applying
AEC.

IV. DISCUSSION AND CONCLUSIONS

In this paper, we describe the necessity for the devel-
opment of a lane repainting robot based on autonomous
driving technology, and conduct experiments to verify its
potential usage through systematic implementation. Given
the nature of lane repainting tasks, which require very small
error of less than 0.01m, we propose lane recognition and
robot control utilizing the advantages of Bird’s Eye View
(BEV) images instead of forward images commonly used
in conventional autonomous driving methods. In the process
of lane recognition using BEV images, we divide the images
into multiple row anchors to enhance the detection resolution
of errors used for driving information. We utilize the target
point of vehicle movement detected based on parsed lane
recognition, and develop a driving algorithm that keeps the
desired distance between the autonomous driving robot and
the target lane using the pure pursuit algorithm. Specifically,
our proposed PV-PP algorithm demonstrates highly accurate
lane repainting performance within 3mm, by considering not
only the movement of the vehicle but also the real-time
position variation of the spraying actuator. Our system is
designed based on the ROS middleware and conducts real-
time deep learning-based lane recognition, enabling fast and
precise lane repainting operations using detected driving and
repainting errors. With autonomous lane repainting robots, it
is expected to contribute to conducting unmanned lane re-
painting operations safely, thus enhancing safety at repainting
sites where fatal accidents occur without causing disruption
to surrounding traffic.

Though our robot successfully detects lanes and traces the
lane with small errors based on the BEV images obtained
from the downward camera, the limitation of this work is that
the performance of the system can be degraded when there
is a dashed lane line instead of a continuous lane. For future
research, our goal is to design a perception system which is
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robust under a temporal absence of lane in the image, and
a control system which can adapt to delayed observations
caused by dashed lane or unexpected situations.
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