TRANSPORT PROBLEMS 2024 Volume 19 Issue 1
PROBLEMY TRANSPORTU DOI: 10.20858/tp.2024.19.1.04

Keywords: lane tracking, visual SLAM, neural network application

Maciej KOZLOWSKI'*, Andrzej CZEREPICKI?, Piotr DZIDO?

A LANE TRACKING ALGORITHM FOR LOW-COMPUTATIONAL-POWER
MICROCONTROLLER-CONTROLLED AUTONOMOUS VEHICLE
MODELS

Summary. At work, three tasks were presented: road lane detection and trajectory
estimation, environment mapping, and the application of a neural network. All these tasks
are based on the results of the lane detection method. The presented lane detection method
stands out due to the execution of an interpolation transformation for all previously detected
edge points. This transformation transfers these points to a “bird’s-eye” coordinate system
and distributes them on a grid. Road lanes are identified by a lane feature filter based on
the analysis of the distances between unique points. This allows lane views to be obtained
in a coordinate system while preserving the distance condition. The road environment map
is constructed from the obtained images using a probabilistic algorithm called Distributed
Particle-SLAM (DP-SLAM). Based on the map result, a method for representing
characteristic points describing the path of road lanes in each incoming camera image has
been developed. These points are then used for training the neural network. The neural
network solves a regression task for the coordinates of the points on the road lanes, enabling
the identification of coefficients for parabolic fitting. Validation has been performed.

1. INTRODUCTION

Since the second half of the 20th century, we have witnessed an increased interest in mobile robot
technology. The foundation of these technologies undoubtedly lies in the theoretical works on robot-
agent positioning using optical SLAM (Simultaneous localization and mapping) systems or GPS
navigation. These theoretical solutions, supported by the development of sensor technologies such as
laser sensors, RGB or RGB-D cameras, and GPS receivers with RTK (Real-time kinematic positioning)
corrections, now enable the localization of mobile vehicles in the field with an accuracy of
approximately 2 cm. In this context, road lane detection systems play a significant role in the operation
of mobile systems, as they determine the lanes on which the robot should navigate.

The systematic development of these initial achievements has enabled the autonomy of mobile
robots. In a short period, these technologies have been transferred to automotive applications, and
currently, we have what is known as “connected cars” or connected autonomous vehicles [1], which
operate at level L4 or L5 according to the SAE (Society of Automotive Engineers) classification [2]. In
this class of vehicles, we can distinguish two fundamental technologies: automated vehicles that rely on
infrastructure support (e.g., V2I - vehicle-to-infrastructure communication and others) [3] and intelligent
vehicles that operate using deep neural networks (end-to-end technologies). Many research institutions
are involved in development and industrial work in these knowledge areas. As a result, there is a wide
range of educational laboratory robots supported by open-source robot operating system software on
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Linux-based systems (e.g., Ubuntu). There are also proprietary developments, often with significant
innovative potential.

The goal of this article is to present a theoretical and system-level solution for a car-robot platform
developed with the involvement of supervisors and members of the KNEST (scientific students’ club)
operating at the Faculty of Transport of the Warsaw University of Technology. In this work, we present
our original solutions to three basic problems: course control based on lane detection, road environment
mapping (monocular simultaneous localization and mapping (SLAM), and the design of a deep neural
network for lane detection. Our solutions are entirely based on our proprietary lane detection algorithm.

Initially, lane detection algorithms were based on tracking methods using sampling and particle
filters [4], the B-snake method for energy minimization and spline fitting [5], and edge detection
methods using the Canny filter and Hough transform [6]. However, these methods are not suitable for
real-time analysis. The first method that enabled real-time lane detection was IPM (Inverse Perspective
Mapping) and RANSAC (random sample consensus), which involved transforming the road image into
a bird’s-eye view [7]. Nowadays, shallow and deep neural networks are also used for lane detection.
Deep learning-based methods include semantic segmentation [8], instance segmentation [9], and end-
to-end approaches [10]. Fig. 1 presents a block diagram of the lane detection method presented in the
article, along with block diagrams of classical methods.
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Fig. 1. Block diagrams of the compared lane detection methods

In all algorithms, the camera image is converted to a grayscale image and reduced in resolution. In
the IPM & RANSAC algorithm, a perspective transformation is performed to change the “fisheye”
perspective to a “bird’s-eye” perspective. After this step, edge detection is performed using the Gabor
transform [11]. The final step usually involves fitting Bézier curves. In the case of the Canny-Hough
algorithm [12], the Canny transform is applied to detect all edges in the image. Then, the Hough
transform detects line segments from the detected edges. These line segments are grouped so that they
can be assigned to either the left or right lane line. Similar to the previous algorithm, the last step in the
custom algorithm involves fitting approximation coefficients.

In the custom algorithm, the reduced grayscale camera image undergoes edge filtering. Then, the
edge points are transformed to a top-down view plane in front of the vehicle (referred to as the “bird’s-
eye” view) and placed on a grid of points (known as discretization). The edges are identified using a
simple filter based on characteristic distance features. This filter searches for pairs of points that satisfy
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lane marking criteria, such as minimum marking thickness and average lane width. The filter does not
perform functional fitting for the detected points but determines a single centreline point representing
the road, which is used to determine the desired vehicle trajectory (located on a specific horizontal line
in the image). This algorithm is characterized by low computational complexity since the analyzed
matrices have reduced dimensions. The matrix of detected edge point coordinates has an average size
of 650x2, and the homographic matrix used for image transformation to the bird’s-eye view has
dimensions of 131x4. Furthermore, typically, only one line of the image needs to be processed to detect
lane edge points.

The algorithm was tested on a 1:10 scale model car (shown in Fig. 2). This prototype vehicle is
equipped with a control unit consisting of a Raspberry Pi 3 Model B microcomputer (2015) and a
subordinate unit - Arduino Uno microcontroller. A wide-angle OV5647 camera with a 1/4" 5 MPx CCD
sensor, a resolution of 1080 px, and a viewing angle of 170 degrees (fisheye) was used to capture images.
The control circuit diagram is presented in Fig. 3. The chassis of the racing car Maverick Strada served
as the platform. A low-speed MM-80 5400 RPM motor, along with an additional planetary reduction
gearbox with a gear ratio of 1:3, was employed to reduce the speed. In this case, the speed can be adjusted
within the range of 6 cm/sec to 30 km/h.

Fig. 2. Car model used in research

As mentioned, the computer system has low computational performance, and this characteristic
affects the solutions used in the algorithm for the second task (map construction). To build the map, we
only utilize edge images transformed into a bird’s eye view. We apply a probabilistic algorithm
consisting of two steps: prediction and correction. Prediction involves using the Ackerman model to
predict the images seen from the car’s successive positions (right propagation of errors - time update),
while correction involves the application of Bayesian inference after obtaining a new measurement
(image) based on maximum likelihood (measurement update).

In the third task, we determine the prediction of lane lines using a deep neural network. We apply
transfer learning, which involves using a pre-trained network. The network is trained with the
coordinates of three points for each lane line (a total of six numerical values representing the coordinate
values of the left and right lanes). In this solution, we use the “Alex” network, from which we remove
the last four layers and replace them with an output layer that solves the regression task. The main part
of the article is divided into the following sections: lane detection (where we discuss the author’s
algorithm), map construction (in which we present the method used to assemble registered lane edge
images seen from a bird’s eye perspective), and network design (where we present the results of applying
transfer learning to the “Alex” network).
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Fig. 3. The control diagram with the master microcomputer (Raspberry Pi) and the slave microcontroller (Arduino
Uno) and peripherals: servo, motor, camera

2. LANE DETECTION

2.1. Transformation of detected image edges from a “fisheye” to a “bird’s eye” perspective

In the method we have developed for lane detection, obtaining a top-down view (also known as a
“bird’s-eye view”) is particularly crucial. Fig. 4 illustrates three different perspectives (presented as
point grids): a) a “fisheye” perspective (barrel distortion projected onto an inclined plane), b) a classical
perspective, and c) a “bird’s-eye” perspective.

When the perspective is converted from configuration (a) to (b), a well-known mathematical
relationship is commonly applied to represent the fisheye camera distortion effect [13-15].
Implementations of source code for Python are available in the OpenCV library [16-18], as well as in
Matlab [19]. The operation can be expressed using the following formula [13-15]:

x =KX.=K(R|—Rc)X = HX (1)

X=H'x (2)

where: x — image plane, K — camera calibration matrix, X. — camera coordinate system, R — rotation, ¢ —
translation, H - homography matrix, X — Bird’s plane.

a) b) ©)



A lane tracking algorithm for low-computational-power... 47

100 - 100

150 - 150

200 200

20 Y% 250

300 - 300

350 - 350

400 - 400

450

450
0 100 200 300 400 500 500 -800 -600 400 -200 O 200 400 600 800 1000 -15 -10 5 o 5 10 15

Fig. 4. Perspective grids: a) “fisheye,” b) normal, and ¢) “bird’s eye”

However, in our work, we change the perspective from configuration (a) to (c) using a projection
method [20]. With the help of an interpolation function, this principle can be expressed using two
matrices: a pixel coordinate matrix (Fig. 4a) and a road point coordinate matrix (Fig. 4c). The method
of displacing points on the grids is illustrated in Fig. 5.

If we apply the aforementioned principle only to the points that describe the edges of the image
detected using the Canny filter, we can reduce computational overhead because the matrices have
smaller dimensions compared to the original images. The computation process is illustrated in Fig. 6.

As a result of the performed operations, we obtain a scaled plot of the image edges (in centimeters);
the camera position point is located at the origin of the coordinate system.
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Fig. 5. Principle of transformation of image perspective

2.2. Road lane edge filter and course setting

The detected edge points of the image provide information about the edges of all objects seen by the
camera, including the edges of the traffic lanes. The task of the lane edge filter is to determine which
edges should be assigned to the traffic lanes. This task is performed by a feature filter. The developed
filter operates in two steps. First, the coordinates of the edges are rounded to a specific format, which
corresponds to moving the points to the nodes of a defined grid (discretization). In the second step, the
filter examines the distribution properties of the points based on the criterion of mutual distances. The
input parameters include the X and Y coordinates of the object edges in the image, the distance of the
points from the camera for which the analysis will be conducted, the lane width, and the width of the
road between the lanes. Computational overhead is reduced by conducting the described analysis until
the points on a given level meet the conditions for belonging to the lane edges. The result of the
calculations is the midpoint of the road at a specified distance from the origin of the coordinate system
(the center of the front wheel axis in the so-called “motorcycle model”). The calculation result is
presented in Fig. 7. The points are marked as follows: O — the origin of the coordinate system, 4 — the
detected center of the lane at the analyzed distance from the front of the vehicle, L — the detected location
point of the left lane, R — the detected location point of the right lane. In this case, the steering angle can
be estimated from the following relationship:
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Q= atanj—y 3)
X

where: ¢ — the steering angle, Ay — the Y-coordinate of point 4, Ay — the X-coordinate of point 4.
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Fig. 6. Image transformations: a) edge detection using a Canny filter and b) the interpolation transformation of
image edge points to a bird’s eye view coordinate system (131x4 matrix)
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Fig. 7. Vehicle traffic control principle: a flat image with the grid of the interpolation matrix overlaid with pixel
density in the grid cells. The camera resolution is 240 x 320 pixels, with a viewing angle of 170 degrees

In the discussed control system, the obtained heading value is treated as the desired steering angle of
the car’s wheels. Considering control principles, the presented control system operates as a proportional
(P) steering controller with an adjustable value of the front wheel steering angle.
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2.3. Analysis of the control error using the vehicle model

The intended result of control should be the movement of the vehicle model such that point O, the
center of the front wheel axis, travels along the centerline of the road. Consequently, the control error is
defined as the deviation of the executed trajectory of the model from the points of the geometric center
of the road. In the presented method, among the most significant factors influencing the value of the
control error are the conversion error from the camera image to a flat image, the discretization error of
the lane edge filter, the error in determining the center of the road based on the position of detected
lanes, the error in determining the steering angle of the wheels, and the error in setting the desired value
by the executive system (actuator).

The most significant error is the error that can occur when converting the camera image to a flat
image. The process depends on the camera’s resolution and field of view. The conversion method is
determined by the interpolation matrix H. Fig. 7 shows pixel density in selected windows of this matrix
grid. Points L and R in Fig. 7 are used to determine the position of point A and are located in areas with
a density of 10 and 24 pixels. Since the side of the interpolation grid cell is 52.6 mm, the accuracy of
the position of point A can be determined at a level of 6 mm/pixel. Also, considering that the edge filter
operates on a discretization grid of 2 mm, the total error in the location of the center of the road point A
does not exceed 10 mm. Since the position of point A is determined at a distance of 150 mm, the
maximum steering angle error is 3.8 degrees. A significant improvement in accuracy will be achieved
for cameras with a higher resolution than the adopted one (240 x 320 pixels).

3. MAP CONSTRUCTION
3.1. Principle

The main problem in aligning images captured by a car during drives on specified road segments
arises from the lack of sensors (encoders) to measure the actual values of vehicle speed and front wheel
steering angle. The only quantities that can be utilized are the set parameters of these quantities that are
sent to the Raspberry Pi, which acts as the control system. Therefore, it is reasonable to construct a map
using a probabilistic algorithm that reflects the structure of the Kalman filter. The schematic of the
calculation method in a fixed time step is presented in Fig. 8.
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Fig. 8. Flow chart of the map construction method (based on [21])

The schematic refers to the physics of the motion process in which the vehicle changes its position.
The actual coordinates of the vehicle’s position are unknown. However, we can acquire views of the
road environment from these positions. The views are obtained using a camera that captures images with
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added noise. We estimate the probability distributions of the image coordinates using a camera model.
On the other hand, an estimate of the vehicle’s position from the previous iteration and the parameters
of the applied control allows us to obtain probability distributions of hypothetical vehicle positions.
From these positions, we can predict the images that would be captured by the camera mounted on the
vehicle. The choice of which view to select (and the associated predicted position) is determined by the
Bayesian inference rule - maximum likelihood.

3.2. The Ackerman model: Law of error propagation and time update

The Ackermann model is a simple vehicle kinematics model that allows for the description of motion.
The iterative form of the model equations enables easy application for predicting the position in the next
time step based on known control inputs. The time update equations of the model take the following
form [22]:

Xk = Xg—1 + Vi AT cos6, 4)
Yk = Yk-1 + Vi AT sinby (%)
O = Oy + L tg By (6)

where: @y — steering angle of the front wheels, Ok — rear axle alignment angle relative to the X-axis of
the absolute reference frame (turning angle, orientation), Vi — linear velocity of the vehicle, AT — time
increment, xx — X-coordinate of the absolute coordinate system’s X-axis, yx — coordinate of the absolute
coordinate system’s Y-axis.

We make the simplifying assumption that the probability distributions of the control uncertainties
(the set values of velocity and steering angle) follow normal distributions and are characterized by their
variances as follows: AV}> — variance of the velocity distribution, A @ * — variance of the front wheel
steering angle distributions.

3.3. Application of the dispersed particles method (DP-SLAM) for image prediction

This method is based on the concept of particle filtering, by which particles represent the trajectory
of the model’s motion under uncertain conditions. It allows us to generate hypothetical camera positions
consistent with the assumed distribution of position and control uncertainties. As a result, we obtain a
set of hypothetical scans that could be observed from the generated positions. These scans are treated as
conditionally independent, and they indicate potential “candidates” for the map [23]. The optimal scan
is chosen based on the principle of maximum likelihood, according to which the number of matched
points serves as a measure of matching quality [24]. The process of estimating the new position based
on this algorithm is illustrated in Figs. 9 and 10. Fig. 9 depicts the situation of the best match, while Fig.
10 represents the worst match. Figs. 9 and 10, labeled with index “1,” illustrate the camera motion
prediction using the Ackermann model. The black points represent the scan view from the previous
iteration (“prior” — Fig. 8). The green point denotes the camera position in the current iteration, and the
blue point represents the position predicted under hypothetical motion conditions. Figs. 9 and 10, labeled
with index “2,” show the matching result, where the red color indicates the prediction, and the green
color represents the new scan obtained from the subsequent observation. The better matching of scans
presented in Fig. 9 supports the selection of the trajectory point as the posterior estimate of the position

(Fig. 8).
3.4. Resulting map

After the algorithm described above was applied, the process of image stitching resulted in a map of
road lane edges. Fig. 11 illustrates the road image and the generated map. The utilized microcomputer
system is capable of controlling and generating the map at a sampling frequency of 6 frames per second.
In this case, the lowest achievable driving speed is 6 cm/sec, which corresponds to 1 image captured per
1 cm of road distance.
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Fig. 9. Principle for determining the estimate of the new position (best fit): (1) — prediction of the new position of
the camera point relative to the road environment, (2) — prediction of the road scan relative to the measured
image

1

40

. \\:. 40
20 ‘%

°“JA§L/ 0 V i

-20
40 20 0 20 40
Fig. 10. Principle for determining the estimate of the new position (worst fit): (1) — prediction of the new position
of the camera point relative to the road environment, (2) — prediction of the road scan relative to the
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Fig. 11. Photograph of the route and results of the calculations: a) top view and b) the resulting map

4. APPLICATION OF NEURAL NETWORKS

4.1. Transfer learning and network task

Transfer learning involves utilizing a pre-trained deep neural network for new tasks. Typically, this
is achieved by replacing the last few decision layers of the network with new ones tailored to the specific
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project [25-27]. In our project, we use the “Alex Network™ and prepare it to solve the task of lane
detection based on the procedure outlined by [28]. This means that we modify the last four layers of this
network in the described manner so that it can tackle regression tasks.

In contrast to classical solutions, our neural network will utilize scaled edge images of the road
foreground presented in a “bird’s eye” perspective while preserving the distance function between
points. The objective of applying the network is to determine three characteristic points that approximate
the parabolic line of the road lane associated with a specific relationship:

x=f(y) = ay*+by+c (7)

[x1, %2, %3] = f(y1,¥2,¥3) (3)
where: x - represents the width, y - represents the distance from the camera position (in our method, it
is the origin point of the coordinate system), [a, b, c] are the coefficients of the parabolic fit of the road
lane edges, [yl, y2, y3] are parameters representing distances with predefined constant values: yl = 0,
y2 =15, y3 =30 [cm].

The situation is illustrated in Fig. 12. For two lanes of traffic, it is necessary to determine six
coordinates. Therefore, the trained network will perform the following function, which uniquely defines
the parabolic fit:

NETWORK(IMAGE) = COORDINATES OF CHARACTERISTIC POINTS )

This formulation distinguishes our method from others in which the network directly determines
coefficients based on camera images rather than the representation of lane edges.
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Fig. 12. The detected edges of the camera image, approximations of the road lanes, and the coordinates of the
characteristic points
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Fig. 13. The approximation of road lane edges on the map is achieved by using piecewise polynomial fitting of
third-degree (cubic) polynomials

4.2. Preparation of training and validation data

Preparing data for network training can be a time-consuming task. The Automated Driving
Toolbox™ includes an application called the Ground Truth Labeler app [29] that can be used for this
purpose. However, it cannot be directly applied in cases in which images describe only the lane edges.
Therefore, in our work, the traffic lanes were separated and approximated using polynomial functions
after assembling the map. Fig. 13 illustrates the results of the fitting process. Subsequently, these results
were automatically transferred to individual images, resulting in the effect shown earlier in Fig. 12. In
this way, we obtained a total of 4503 training samples from seven test drives conducted on different
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road segments (in two directions of travel). The training images presented to the network during training
were not rotated or additionally distorted. The remaining 1502 training samples obtained from two other
drives were used for network validation.

4.3. Training and validation

The network was trained on a desktop computer using Matlab software with standard settings: a
learning rate of 10~ and a 10-fold increase in the learning rate of the last layers’ coefficients. The training
process was manually terminated after approximately 15 epochs due to minimal changes in the RMSE
error metric, which reached a value of 5 cm (for six coefficients determined in a single iteration).
Fig. 14 presents two scans with training result plots; the detected edges are marked with yellow lines.
Fig. 15 shows two scans illustrating the validation results. In Fig. 15a, only the left lane boundary is
visible, and there is a disturbing element present in the road’s illumination. Another disturbing element
with a different shape is visible in Fig. 15b. Despite these disturbances, the network accurately
determined the road lanes. Overall, during validation, a similar RMSE value was achieved at a
comparable level of 5 cm per iteration.
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Fig. 14. Scans with training result graphs
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Fig. 15. Scans with validation results

5. CONCLUSIONS

The paper presented novel solutions to three problems related to the task of lane detection for
autonomous vehicle models: control, map construction, and the utilization of neural networks.

The presented vehicle control method is a vision-based approach designed for systems with low
computational capabilities. Computational overhead reduction was achieved through edge analysis,
which was performed not as typical image analysis but as simple algebraic matrix transformations. After
edge detection, the detected points were transformed into a “bird’s eye” coordinate system using
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interpolation. This operation contributed to computational reduction since it involved transforming only

around 600 points and an interpolation transformation described by a 131x4 matrix. Subsequently, a

simple filter was applied to identify lane edges based on measurable morphological features. Lane

detection allowed us to determine the coordinates of the road center. The vehicle moved toward the
center using a “pursuit curve” approach by employing a proportional controller that maintained the
course (always toward the center of the road) by adjusting the appropriate steering angle. This
straightforward approach to lane detection and course-keeping sets our method apart from other
solutions. Calculations of the theoretical control error, taking into account the conversion principle from

a “fisheye” image to a “bird’s-eye” image, showed that the maximum error in the steering angle of the

model was 3.8 degrees. However, in practice, the deviation of the trajectory of the center of the front

wheel axis from the geometric center of the road was examined using a road map generated after a

specified route was driven. The results of this analysis reveal that the vehicle model stays within the

road area.

The second problem addressed was the construction of a road environment map. The map was
composed of road edge points detected at each iteration of the system’s operation. This solution also
contributed to computational reduction as it involved a smaller number of points compared to raw
camera frames. A classical algorithm called DP-SLAM was employed to solve this problem.

The third problem addressed was the application of a neural network for lane detection on edge
images. In contrast to classical approaches, our neural network was trained on scaled edge images
represented from a “bird’s eye” perspective, preserving the distance function between points.
Furthermore, the objective of the network was not to directly determine the coefficients of the parabolic
fitting. Instead, our network identified characteristic points of the approximation located at standardized
distances. This formulation sets our method apart from others in which the network’s task is to directly
estimate coefficients based on camera images rather than edge representations. During validation, it was
found that our trained network performed well in handling unforeseen issues, such as the absence of
lane edge points in one lane or the presence of additional unknown objects in the road’s field of view.

This outcome demonstrates the robustness of our trained network in dealing with unexpected
challenges, providing reliable lane detection even in complex scenarios. By training the network on
perspective-transformed and standardized edge images, we enhanced its ability to generalize and adapt
to varying road conditions.

Below, we provide several points regarding further directions for our work:

1. Refining network training: We can experiment with simpler network architectures than the currently
chosen “Alex Network.” We believe that our requirements are small, and the current network may
be too large for our needs. Utilizing a more optimized network architecture may yield better results
and improve the system’s efficiency.

2. Expanding the training dataset: To improve network fitting, we can expand the training dataset by
rotating, adding noise, or introducing edges of unknown objects to the images. Training on diverse
and varied data can help the network better cope with unpredictable situations on the road.

3. Detecting changes in road structure: By leveraging a neural network, we can attempt to detect
changes in the road structure, such as intersections and parking lots. This additional functionality
will enable our system to recognize more advanced road infrastructure elements and contribute to
further enhancing autonomous vehicle management.

Working on these aspects can refine our system, increase the accuracy of lane detection, and expand
its ability to recognize and respond to changing road conditions.
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