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Abstract—This article introduces a vision system of an autonomous vehicle scaled to detect the lane lines in the AutoModelCar category of robotics tournaments. The system is
developed in C++ using a modular integration architecture in
ROS (Robot Operative System) and OpenCV as a computer
vision library, embedded in an NVIDIA Jetson Nano card. The
system applies image processing, inverse perspective mapping,
feature extraction, filtering and modeling of the lane lines by first
and second order polynomial regression. The tests that validate
the performance of the system are presented.
Index Terms—vision, lane line detection, autonomous vehicle.

I. I NTRODUCTION
Currently, there is a technological race for the development
of the autonomous car, which has captured the attention of
the industry and researchers. Tesla’s Autopilot System [1], the
Waymo cars [2], and the Spirit System for the DARPA Urban
Challenge [3] are examples that technology will soon take
control over from cars.
A fundamental function in the autonomous driving of vehicles is the detection of the road and lanes, so current proposals
combine multiple sensors, such as cameras, LIDARs (Light
detection and Ranging), IMUs (Inertial Measurement Unit),
GPS and employ vision techniques, mapping and artificial
intelligence. Several approaches for automatic lane detection
have been reported in the state of art [4], [5], [6], [7].
In [4] the authors apply image processing and feature point
location detection to detect lanes. However, they report an
execution time of 0.12 s (8.3 Hz), then it is advisable to reduce
the processing time in real applications.
In [5] the authors face the lane detection problem by a
Neural Network with Ellipsoidal with Dendritic Processing.
They test their proposal and present good results, however the
elliptical filtering stage consumes 40% of the total processing
time.
In [6] the authors describe a method for Lane Recognition
using Active Contours Model. In general, the method is
based on image processing, Inverse Perspective Mapping and
Active Contours Model technique adding a parameter related
to features of road. They report good results by testing carried
out with an autonomous model car, however they got some
false positives points due to light reflecting in the road.
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In a more recent paper [7], the authors present a lane
line detection algorithm based on histogram statistics and
sliding window. The autors demonstrate the superiority of
their method with respect to other proposals that use Hough
transform or feature extraction, which report problems with
the detection of curves. They show the performance of their
algorithm on straight lane lines and curves.
Due to the high costs and size of these systems, different
proposals are also reported in the literature that validate the
vision systems using scale models [8], [9], [10] and some
present them in International competitions [11] and [12].
In Mexico, the Mexican Robotics Tournament presents
the AutoModelCars category, which has its antecedent in
the project “Visions of Urban Mobility ” of the dual year
Mexico-Germany 2016-2017, promoted by Dr. Raúl Rojas to
promote the training of human resources and research in the
area of autonomous vehicles [13]. In this competition, the
autonomous driving capabilities of a model vehicle are tested
within a controlled environment. The vehicles presented in
this type of competition mainly use cameras, mounted on the
vehicle, to detect the lines and intersection of the track and
apply some steps in common: image processing, extraction of
characteristics and modeling of the lane lines [14], [15] and
[16].
This work presents a vision system to detect the lane line
for the AutoModelCar category in robotics tournaments. The
proposed system uses a modular integration system in ROS
(Robot Operative System) and OpenCV as a computational
vision library. The vision system is programmed in C++
language, embedded in a Jetson Nano NVIDIA card, which
runs a GNU/Linux distribution, Ubuntu 18.04. The artificial
vision algorithm is based on the proposal [4], using Inverse
Perspective Mapping, histogram statistics and sliding window
for the lane lines detection, but other image processing operations are added to improve the performance of line detection
by sliding window, such as the white areas filter. Finally the
lane lines are modeled using polynomial regression.
II. H ARDWARE DESCRIPTION
The platform consists of a scale model car-based chassis
RC Car WLtoys 12428 4WD, a 15 kg-cm servomotor and

three HC-SR04 ultrasonic sensors. The servomotor and sensors
are controlled through an Arduino-Nano board. For image
acquisition and processing it was used a Sony Camera model
IMX219 and NVIDIA’s Jetson Nano development board,
which runs a GNU/Linux distribution (Ubuntu 18.04). The
electrical supply system is implemented using a High Integrate
JetBot expansion module, which provides constant 5V output
voltage and current up to 3A. The hardware configuration for
the AutoModelCar platform is presented in Fig. 1.

Fig. 3. a) The vanishing point distortion is observed. b) The new image with
the correction of the vanishing point.

B. White areas filter
The white areas filter allows filtering undesirable pixel areas
that were not removed in the image segmentation and could
generate problems when detecting lane lines. An example of
these kind of images is presented in Fig. 4a. The objective of
this filter is to eliminate areas smaller than a certain width of
pixels, which have a color intensity non-zero. According to
an average of 100 images captured during the car driving over
different test track areas, a width of 16 pixels was proposed,
plus 8 pixels of tolerance for distortion effects, leaving a width
of 22 pixels. The result of applying the white width filter is
shown in Fig. 4b.

Fig. 1. Hardware configuration for the AutoModelCar platform.

III. A RCHITECTURE D ESCRIPTION
The system was implemented in ROS mainly because it
allows for modularity and scalability. The ROS graph is
divided into 6 nodes, as shown in Fig. 2. However, image
acquisition and processing is performing on jetson bot, lane
detection and crossing detection nodes.

Fig. 4. a) Captured image example with an undesirable pixels area. b)
Captured image example after applying the filter.

C. Lane detection

Fig. 2. ROS nodes graph representation for the AutoModelCar architecture.

To identify the points that belong to a lane line, fist an image
histogram distribution is obtained. The histogram distribution
shows a peak pulse at the pixels position with the greatest
intensity along the image X-axis direction. Fig. 5 shows
an example of an image histogram, it is observed that the
maximum values corresponds to the left and right lane lines,
respectively.
D. Point grouping of lines

IV. D EVELOPMENT
A. Inverse perspective mapping
Images are acquired using a resolution of 288x492 pixels
in BGR format. Nevertheless, this image presents distortion
problems caused by the vanishing point, and what should be
seen as a projection of parallel lines, has a projection conical,
as seen in Fig. 3a. The Inverse Perspective Mapping (IPM)
method eliminates this problem. The results of applying IPM
is shown in Fig. 3b.

The objective of this stage is to group all the points that
correspond to the lane lines using the sliding window method.
In the Fig. 6, the center of the windows (green box) is located
at the initial points of the lane obtained through the histogram.
The total size of the window is an area of 52x24 pixels. The
sliding windows scan the rows searching the greater color
intensity pixels. The next sliding window middle point will
only update if the columns number average that containing
the maximum intensity is greater than 14. In the example of
the Fig. 6, a total of 12 vertical windows, indicated in green

The function that describes the left line and right line is
given by the equation (2) and (3), respectively.
columnL(row) = al0 + al1 row + al2 row2

(2)

columnR(row) = ar0 + ar1 row + ar2 row2

(3)

where al and ar correspond to the coefficients of the
polynomial of the left and right line, respectively.

Fig. 5. a) Filtered image showing the lane lines. b) Filtered image histogram
showing the peak pulse corresponding to the lane lines.

boxes, are necessary to scan the entire image and obtain the
points of each line.

F. Centerline angle
The AutoModelCar direction with respect to the lane is
given by the lane central line angle with respect to the
horizontal of the image. If it is considered that the camera
is right in the center of the AutoModelCar, also it is possible
to obtain the lane deviation from the image center, and so to
correctly direct the vehicle.
Equation (4) corresponds to the calculation of the deviation
from the center, where center cam and center lines are the
variables of the center of the image and center between the
lane lines.
deviation = center cam − center lines

(4)

The lane angle is calculated using the equation (5). Where
rows are the rows of the image.
rows/2 − rows
) · 57.2958 (5)
center lines − center cam
The value of the angle and the deviation from the center
are published in the topics of ROS /angle_line_now y
/distance_center_line respectively.
angle = tan−1 (

Fig. 6. Sliding window scanning.

E. Polynomial regression
To position the AutoModelCar within the track, it is necessary to have a mathematical model that allows to fit the data
set of the lane lines in a polynomial. This model is obtained
by solving the equations systems of the form A = B −1 X
expressed in (1) for each lane line.
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Where a0 , a1 and a2 are the second degree polynomial
coefficients, m, the number of points grouped in a line, x is
the grouped points column number and y is the grouped points
row. This system equations is solved by Gaussian elimination.

G. Intersection detection
The process to detect the track intersections is similar to
the lines detection, but with the difference that the images
processed in this stage are rotated 90°, and the polynomial
applied is of the first degree of the form A = B −1 X, given
by (6). The terms of this equation have the same meaning as
described in the section IV-E.
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The section of the crossing line is given by the equation
(7).
(7)
column c(row) = a0 + a1 row
The crossing distance to the vehicle is obtained with the
equation (8), where cols are the image columns and column1,
is obtained from the operation ac0 + ac1 ∗ (rows/2).
distance crossing = cols − column1

(8)

The angle in degrees is calculated with the equation 9, where
column2 is obtained from ac0 + ac1 ∗ (3rows/4).
angle = tan−1 (

(rows/2) − (3rows/4)
) · 57.2958
column1 − column2

(9)

It should be noted that for the detection of the crossing, the
angle of 90° plus a tolerance of ±15 ° was considered.
V. R ESULTS
To evaluate the vision subsystems performance, the validation tests were executed on a track divided into four sections:
straight line, curve A, curve B and crossing. These sections
are shown in Fig. 7, and present the most relevant characteristics of the racetrack that is evaluated in the AutoModelCar
category of the Mexican Robotics Tournament. For each test,
a video of approximate 300 s was captured, where an average
of 15000 frames are processed for each video. To obtain
the statistical data presented in Table 2, 6 different frames
were evaluated, however it is important to mention that the
algorithm is capable of processing all frames.

Fig. 8. Pre-processed images from the four test sections.

Fig. 9. Sliding window algorithm execution.

Fig. 7. Test track with the four sections.

The result of the image pre-processing stage is presented
in Fig. 8 where an image of each section is observed. Fig.
9 presents the execution of the sliding window algorithm to
search for points with greater color intensity. Fig. 10 presents
the grouping of these points, marked in green. For the first
three cases, the left and right lines that limit the track are
marked, and for the crossing case, the points that intersect the
track are observed.
The results obtained when applying the adjustment of
the lines by polynomial regression are presented in Fig. 11
illustrated in the blue lines. The second-order regression was
applied to the straight line and curved cases, while the firstorder regression was carried out in the crosses. In the image
identified as straight line, curve A and curve B, the red line
is the current direction of the car; for the red cross line it
corresponds to the distance between the car and the crossing
line. The green line in the first three cases is the center of the
image.
Fig. 12 and Fig. 13 present a density graph showing the
grouped points distribution according to the position column.
In the case of Fig. 12, it presents the one frame distribution

Fig. 10. Green points obtained using the sliding window algorithm.

in the lines of the right and left side for the first three cases
(straight, curve A and curve B). Fig. 13 presents the points
distribution density graph of a frame, in the case of detection
of crossing lines.
To evaluate the regression models obtained, two metrics are
used, the mean absolute error (MAE) metric and the root mean

Fig. 11. Line fitting after polynomial regression.

Fig. 13. Point distribution density graphics for crossing image.

Where n is the number of data grouped by lane line, yi is
the target variable given in the column position of the grouped
point, and yˆl is the estimation of the column position of the
grouped points, obtained by polynomial regression. Table I
presents the RMSE and MAE of the models that describe the
left and right lane lines for each image of the curve A case.
This was repeated for the cases: straight line and Curve B and
the average results are presented in Table II. Table III presents
the results for the crosses.
TABLE I
L ANE LINES MODELLING ERRORS IN THE CURVE A SECTION .
MAE Left
line
0.694737
0.485294
2.058537
3.182741
0.790850
2.981685

Image
0
1
2
3
4
5

MAE Left
line
1.310923
0.823646
1.012335
1.358732
2.891995
9.527013

RMSE Rigth
line
0.984084
0.696631
2.543284
4.773552
1.069482
3.473605

RMSE Rigth
line
0.970370
0.577889
0.691489
0.931174
2.181818
7.732919

TABLE II
AVERAGE CALCULATION OF MAE AND RMSE ERRORS .
Section
Fig. 12. Point distribution density graphics for the straight line, curve A and
curve B images.

Straight
line
Curve
A
Curve
B

MAE Left
line

MAE Left
line

RMSE
Rigth line

RMSE
Rigth line

1.211

0.598

2.025

0.847

1.699

2.181

2.256

2.821

3.748

1.953

5.587

2.469

square error (RMSE):
n

M AE =

1X
|yi − yˆl |
n i=0

v
u n
u1 X
RM SE = t
(yi − yˆl )2
n i=0

(10)

(11)

Previous tests were conducted on unobstructed rides, however, the lane line detection algorithm performance when obstacles are present on the ride, was also tested. Fig. 14 presents
visual evidence of this test, which prove the robustness of our
proposal in the presence of obstacles. Finally, regarding the
processing speed, the Table IV summarizes the artificial vision
algorithm nodes processing frequencies.

TABLE III
C ROSSING MODELLING ERRORS .
Image
0
1
2
3
4
5
Average

MAE
5.857143
2.946429
2.165644
2.666667
4.860465
5.515152
4.0012

RMSE
10.186359
5.855909
4.127567
4.314879
6.583983
6.776966
6.306

Fig. 14. Results of the lane line detection algorithm execution in the presence
of obstacles.

TABLE IV
P ROCESSING FREQUENCIES (H Z ).
Node
”/jetson camera/raw”
”lane detection”
”crossing detection”

Min. Frequency
25
16
19

Max. Frequency
40
34
37

VI. C ONCLUSIONS
A vision system for an autonomous scale car was presented,
the preliminary results prove its effectiveness. The vision
system is implemented in three nodes with ROS. The first
node ”/jetson camera/raw” is capable of capturing an image
from the camera, resizing it and publishing it with a frequency
of 25 to 40 Hz. The second and third node ”lane detection”
and ”crossing detection” are in charge of detecting lines and
intersections on the track using polynomial regession.
This work corresponds to the first stage of the AutoModelCar autonomous navigation system, the movement control
tests are in progress, as well as the comparison of the proposed
vision system with other techniques reported in the literature.
As future work, it is proposed to incorporate a clustering
algorithm such as DBSCAN, to perform a grouping of points
belonging to the lane lines and intersection with a lower
amount of noise than those obtained with the sliding window,
and thus reduce the error in the models of lane lines and
intersections.
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