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Abstract: - This research proposes an autonomous navigation algorithm for the ROS-based F1 Tenth racing
platform, designed to excel in dynamic and challenging racing environments. It utilizes LiDAR data
downsampling and a custom Gym environment to enable reinforcement learning-based control. The novelty in
this research is the development of an efficient LIDAR data downsampling algorithm. Unlike traditional methods,
this novel approach ensures computational efficiency, retaining essential information and preserving the graph’s
geometric shape. Comparative computation analysis with normal sampling and polyline approximation
demonstrates that the proposed approach is 217 times faster than polyline approximation and is efficient in
preserving the valley and peak points despite a slightly higher RMSE. This algorithm is effective as downscaled
data also needs to be of a fixed size for RL model training. The algorithm easily integrates with the F1/10 simulator
through ROS2, enabling rapid algorithm development and testing in a simulated environment. This integration
speeds up development and enables thorough testing before real-world deployment. After training for 700
thousand timesteps, the best trained model was able to successfully navigate 80% of the track length. The project
contributes to advancing autonomous technology and its application in dynamic, fast-paced environments, where
quick decision-making and precise navigation are crucial.
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1. Introduction

Autonomous cars, a revolutionary advancement in automotive technology, have transformed the way we perceive
transportation. The expected global valuation of self-driving vehicles is estimated to reach $615 billion till 2026
[1]. Beyond everyday applications, autonomous racing has emerged as a thrilling extension of this technology.
Automated racing aims to challenge autonomous car boundaries by demonstrating the power of artificial
intelligence in the field of racing. It holds the promise of transforming the motorsports landscape and delivering
positive impacts to the economy and society [2]. In these races, advanced autonomous software replaces human
drivers, drawing upon the perception, planning and control pipeline which is a vital framework that involves but
not limited to sensor data interpretation, planning dynamic trajectories, decision-making and adjusting
performance for high-speed racing on the track, including self-assessment based on tire wear, temperature, and
weather [3], [4]. Among these competitions, one notable example is F1/10, which stands as a distinctive form of
autonomous racing dedicated to small-scale, 1/10th-scale self-driving cars. The F1/10 simulator has been
developed with a focus on modularity and scalability, utilizing exclusively open-source technologies such as the
Gazebo simulator Robot Operating System (ROS) as its foundational components because in this competition
simulator is preferred over physical testing due to its cost-effectiveness, safety, accessibility, rapid iteration,
scalability, controlled environment, data collection, and time efficiency advantages [5]. There is a diverse range
of algorithms employed in the domain of autonomous racing. These cutting-edge algorithms encompass
perception, planning, and control strategies that enable autonomous vehicles to navigate racetracks with precision
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and speed. These algorithms must be capable of making high level decisions, selecting optimal racing lines, and
executing manoeuvres while ensuring safety and efficiency.

Employing point-to-point trajectory planning, the author guided the ego vehicle for optimal racing while
prioritizing safety, resulting in a 3rd place collision-free finish in the 1AC, just 0.44 seconds behind the winner
[6]. A new LiDAR-based algorithm distinguishes curved and straight track walls, seamlessly integrating
preprocessing with driving tasks. It employs clustering for object detection and achieved a 0.11-meter RMS lateral
offset error across 200 data frames [7]. As compared to traditional SLAM methods, Dynamic Deep Learning
SLAM (DDL-SLAM) addresses occlusion, robustness, and stability issues in dynamic environments. Experiments
showed DDLSLAM significantly outperformed ORB-SLAMZ2, reducing S.D. and RMSE by 98.2% and 98.6% ,
respectively [8].

Planning determines the trajectory and manoeuvres of the racing vehicle. The planning algorithm is responsible
for making high-level decisions, such as selecting the best racing line, determining when to accelerate, brake, or
steer, and calculating the optimal path to follow on the racetrack. An innovative approach to trajectory planning
for autonomous racing vehicles utilizes mixed-integer optimization (MIO). This method efficiently handles
obstacles and rewards, achieving computation times as low as 0.4 seconds in Bedford race circuit simulations. [9].
A game-theoretic planner (GTP), enables the vehicle to strategically predict other vehicles’ behavior to avoid
collisions and advance on the track. The GTP car wins 98% of the time by planning its trajectory ahead of the
MPC car, blocking its path. However, it requires the trajectory to be represented as a piecewise polynomial, which
may restrict its applicability in certain scenarios [10]. Another approach employs embedded nonlinear model
predictive control (NMPC) input-output data to train an ANN controller for miniature autonomous vehicles
(AVs).Over the course of 5000 epochs, the training culminated in an impressive 98.7% overall training accuracy
[11]. Enhancing driving control for vision based-based autonomous driving, authors introduce deep-MCTS. Two
neural networks predict actions and probabilities for multiple trajectories, thereby improving steering control
stability training efficiency, driving trajectory stability by 66.30%, 50% and 59.06% respectively [12].

The integration of deep learning has been a game-changer, improving the efficiency, safety, and adaptability of
autonomous vehicles on the racetrack. Reinforcement learning agents learn from trial and error, iteratively refining
their control strategies to achieve high-speed racing while adhering to safety constraints. Viability Theory-based
supervision ensures safe training, preventing crashes and maintaining friction limits. While minimal risk planners
have increased likelihood of success, ordinary planners are quicker on every trial map. In a particular test case,
100% success rate is achieved by the minimal risk agent while a traditional planner achieves 45% success rate.
[13]. Another deep reinforcement learning system achieves superhuman performance in Gran Turismo Sport by
defining a reward function and using an off-policy training having an experience replay buffer. Using two different
cars on the same track, it outperforms the quickest lap time set by humans by 0.15 and 0.04 seconds, respectively.
[14]. The Trajectory-aided Deep Reinforcement Learning (TAL) approach improves DRL agent performance in
high-speed autonomous racing. At 4 m/s, the baseline agent’s completion rate is 100%; at 6 m/s, it declines to
50%.0n the other hand, the completion rates of TAL agents are higher; the TAL planner having a speed of 6
metres per second reaches 60%, while the agent having a speed of 8 metres per second reaches 40%. [15]. By
leveraging the vast capabilities of deep learning, the field of autonomous racing is advancing towards more
sophisticated and competitive autonomous racing systems.

2. Objectives
The primary objective was to employ a novel lidar downscaling approach for efficient RL training. The aim was
to preserve the ‘Key Points’ of the LIDAR data while reducing the overall sample size to a fixed length. This

algorithm was planned for integration into a ROS2 Node to modify the LIDAR scan. The integration was targeted
to work within the F1-Tenth Gym ROS simulator and Gymnasium Environment for Reinforcement Learning.
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The second goal was to develop an autonomous navigation algorithm by utilizing reinforcement learning
techniques involving creation of a customized Gymnasium Environment for integration with Stable Baselines 3
and ROS2 (Robot Operating System 2) on Ubuntu 20.4 with necessary dependencies installed.

The third objective aimed at developing a planning and decision-making module for optimal racing trajectory
generation using Stable Baselines 3 for model training with parameter tuning and reward policy.The goal here
was to optimize reward policy to motivate survival time and collision avoidance.

3. Methods

The designed algorithm aims to downscale LiDAR data empowering the race car to make informed decisions in
the F1/10th Simulator. The racecar’s abilities are enhanced using Reinforcement Learning (RL). The racecar is
considered the agent, and the racetrack and surroundings are the environment. Based on the agent’s interaction
with the environment, it learns to make optimal decisions to maximize a predefined reward.

Reward Downscaled Scan Step
I l _______________ A
! Stablebaseline Package !
| |
i Reinforcement Learning Model |
| |
e . J

Fig. 1: Framework of simulation environment

Subscribing to topics is pivotal for enabling real-time communication and data processing within the F1/10th
Simulator in ROS2 (Robot Operating System). This was achieved by initializing nodes with rclpy, setting up data
processing callbacks, and creating subscriptions through ‘create subscription‘ which ensured nodes maintained
responsiveness and proficiently managed data exchanges within the simulator’s dynamic environment.

A. LiDAR Data Down-scaling

F1 Tenth Gym simulator enables a LIDAR scan comprising 1080 data points, aiding in understanding the vehicle’s
environment. However, to optimize RL’s data-intensive nature, downscaling LIiDAR data is essential. This
downscaling can be achieved through sampling at a fixed rate given by eq. (1) to extract 20 of 1080 points, though
it may lack adaptability. A more dynamic approach, feature selection relies on pre-labeled data but introduces
potential bias.

DS = {data[i - 54]ji € N} (1)

A Piecewise-Linear Function Approximation method using a fixed number of lines is used to tackle this. This
technique guarantees a minimal root mean square error [16]. In practical terms, processing a dataset of 1080 points
with the Python implementation of the algorithm took around 9.87 seconds, resulting in 10 optimal line segments.
To achieve a manageable processing time of approximately 0.093 seconds, the algorithm sampled every 10th data
point before application.
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A novel data downscaling algorithm proposed in this paper having linear time complexity, also incorporates the
addition of points with the minimum distance value in both the first and second halves of the LIDAR data. This
provides the necessary information for reinforcement learning (RL) application to avoid collisions within its
environment.

A reference value threshold needs to be tuned to take into account noise in the data. Let C be a set of all critical
points given by eq. (2)

(7, datalj])| ¥i, j,k where i # j #k :
datali] — datalj]| > threshold,

C = < |data[j] — data[k]| > threshold, 2)
sgn(datali] — datalj]) #
sgn(datalj| — datalk])

The following algorithm is applied to get the final downscaled data where n is the number of original data points.

Algorithm 1 Downscaling to & points

Input: Data sequence, k, threshold
Output: Critical points
Initialization dif f_list < [],i < 0,n,threshold
1: while : <n —2do
jeitl
dif f + data[i] — datal[j]
if |dif f| > threshold then
k<« j+1,dif f_2 <« data[j] — datalk]
while ¥ < n — 1 and |dif f_2| > threshold and
diff_2-diff >0do
k<« k+1,j < j+1,dif f_2 < data[j]—datalk]
end while
Append [j, |data[j] — datal[i]|]] and [z, |datalj] —
datali]|] to dif f_list
10: L4 g
11:  end if
122 t+1+1
13: end while
14: Sort di f f_list based on the second element in descending
order
15: Append min value points in the first and second halves of
data to eritical_points
16: Add the first £ — 2 points of dif f_list to critical_points
17: return critical_points

Dk w

o 3

B. System Design and Implementation

The project utilized the F1 Tenth Gym simulator with consistent topic names. ROS2 nodes are structured for rapid
planning algorithm changes. This control system issued Ackerman drive commands to control speed and steering
angle.

In this study, a custom Gym environment was crafted, using OpenAI’s Gymnasium interface. This environment
acts as a vital bridge between the Reinforcement Learning agent and the F1 Tenth Gym Simulator enabling the
issuance of control commands for steering and speed, along with resetting the car’s initial position. It offers a
structured platform for the RL agent to execute actions and receive LiDAR data observations.
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Fig. 2: Robot Operating System Communication Control

For the training of RL models, the project harnesses the Stable Baselines library, particularly employing the
Proximal Policy Optimization (PPO) algorithm and Multi Layer Perceptron (MLP) policy. During this training
phase, the RL model learns to establish associations between LiDAR observations and optimal control actions,
progressively enhancing its competence in autonomous navigation.

The environment defines the action space and observation space for the reinforcement learning agent: Action
Space for the reinforcement learning agent is discrete and consists of three possible actions that the agent can take,
namely maintain the current state, accelerate or change steering action, corresponding to different control
commands for the car. Similarly, the observation space is represented as a vector with 10 values, which
corresponds to distances obtained from downscaled LiDAR sensor data and the reward policy correlates directly
with the time the vehicle operates without experiencing collisions, motivating the agent to prioritize collision
avoidance and efficient navigation. Reward is calculated using the following equation:

reward = prev reward +(10—action)—3(min distance) (3)

This equation takes the reward achieved in the previous episode and a baseline reward of 10 into account and
penalizes the agent for its chosen action, where ’action’ denotes the selected action. The penalty is if the agent
takes a turn (left or right), promoting the agent to go straight for optimal rewards. Similarly, the agent is penalized
based on its proximity to a wall, with *'min distance’ representing the distance from the wall. The penalty scales
with three times the distance, motivating the agent to keep a safe distance from the wall thus discouraging collision.
Following training, the RL model takes charge of autonomous vehicle control, using LIiDAR data and acquired
policies to steer the car in the simulator.

4. Results

The study conducted on the ROS-based F1 TENTH Gym employed three distinct LiIDAR scan data downscaling
approaches: normal sampling, piecewise linear approximation, and a novel downscaling method. These methods
were thoroughly analyzed and were integrated as preprocessing steps to downscale LiDAR data, serving as inputs
for the subsequent training of our reinforcement learning model.

Table 1 presents the computation time taken for downsizing data, while Table 2 displays the root mean square
error of downscaled data. The mean square error of downscaled data is presented in Table 3.
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TABLE I: Computation Time Taken to Downscaled Data

Approach Setting 1 Setting 2 Setting 3
Novel downscaling approach 0.000506 s 0.000403 s 0.000409 s
Polyline approximation 0.092464 s 0.090552 s 0.094992 s
Normal sampling 0.000013 s 0.000014 s 0.000015 s
TABLE II: Root Mean Square Error of Downscaled Data
Approach Setting 1 Setting 2 Setting 3
Novel downscaling approach 0.70 0.51 0.49
Polyline approximation 0.41 0.37 0.28
Normal sampling 0.36 0.44 0.22
TABLE I11: Mean Square Error of Downscaled Data
Approach Setting 1 Setting 2 Setting 3
Novel downscaling approach 0.49 0.26 0.24
Polyline approximation 0.17 0.14 0.08
Normal sampling 0.13 0.19 0.05

5. Discussion

Normal sampling resulted in the preservation of only one peak while failing to retain any valley points in Fig. 3
Setting A. In contrast, both the polyline approximation and the novel approach successfully preserved two out of
three peaks and a single valley point. The novel downscaling approach excelled in maintaining the overall
structural integrity of the graph. Comparable patterns were noted for Fig. 3 Setting B and Fig. 3 Setting C. In both
cases, the novel downscaling approach excelled in preserving the overall shape of the graph.
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Fig. 5: Mean episode reward over steps

The objective of the down-scaling techniques was to determine their efficacy in retaining vital data features. The
novel downscaling approach proposed in this paper is approximately 217 times faster than polyline
approximation when used on LiDAR data with 1080 points. Despite having a larger root mean squared and mean
squared error , the novel method is superior in terms of computational efficiency and its ability to maintain the
overall graph shape while preserving essential features. However during training, the RL model did not reach
convergence even after 700 thousand timesteps. The best trained model achieved the episode reward of 91,856
with episode length of 73 on the 493.6 thousandth time step shown in Fig. 4and 5.

The trained model when tested on the same race track completed 80% of the track length. On testing the model
on different tracks it was observed, the agent traversed the straight path effectively but struggled with sharp
curves. The proposed research developed an autonomous navigation algorithm for efficient use in F1/10 racing
scenarios. The novel LiDAR downscaling technique was tested and proven to maintain the shape and essential
features of the data. Another unique feature was the implementation of a custom Gym environment designed for
reinforcement learning. Rapid integration of these components was made possible through the use of ROS2,
which enabled development and simulated testing. Despite the advantages of this approach, such as improved
efficiency, accelerated development, and robust testing in a simulated environment, the RL model did not
converge even after 700 thousand time steps. Nevertheless, it was still able to effectively navigate through straight
patches and gentle curves. To enhance the system’s reliability and prepare it for real-world application on actual
vehicles, additional improvements are essential. Future scope will focus on fine-tuning the reinforcement model
to further enhance the algorithm’s performance.
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