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ABSTRACT

This paper presents a deep reinforcement learning (RL)
approach for training mobile robots to navigate complex envi-
ronments using the Twin Delayed Deep Deterministic Policy
Gradient (TD3) method, which is known for its stability in
continuous control tasks. The robot model simulates real-
world bicycle kinematics with nonholonomic constraints and
tackles three key navigation tasks: point tracking with obstacle
avoidance, linear path following, and circular path tracking.The
study focuses on enhancing tasks like point tracking, linear
path following, and circular path tracking, aiming to reduce
the distance to the goal, minimize tracking errors, and lower
control effort over time. This approach replaces traditional
methods and significantly improves upon them, enabling the
system to reach targets even at points it hasn’t been trained
on before, thereby boosting efficiency and adaptability. Syn-
thetic environments with obstacles are created using the MAT-
LAB® Reinforcement Learning toolbox for realistic simula-
tions. The system employs an actor-critic neural network that
processes occupancy map data and outputs continuous velocity
commands. Evaluations show the approach’s effectiveness in
teaching robots collision-free navigation, achieving human-
level competency in complex environments through iterative
learning. This work demonstrates the potential of model-free
deep RL for real-world mobile robot navigation. Keywords—
Deep Reinforcement learning (DRL), mobile robots, environment,
TD3, MATLAB®/Reinforcement Learning toolbox.

I. INTRODUCTION

In recent years, there has been significant growth in the field
of robotics, with robots now being commonly deployed across
various domains, including social interactions, agriculture,
logistics, manufacturing, medicine, and education [1]–[4].For
autonomous navigation, mobile robots need effective path
planning, motion control, and obstacle avoidance. Traditional
path-planning algorithms, such as A*, Dijkstra’s , RRT, and
PRM [5]–[8], have limitations including slow processing times,
high computational requirements, and challenges in complex
environments. These limitations highlight the need for im-
proved methods in robotic path planning. Recently, researchers
have turned to biologically inspired algorithms like Artificial
Neural Networks (ANNs), Genetic Algorithms (GAs), Particle
Swarm Optimization (PSO), and Reinforcement Learning (RL)
to address the limitations of traditional path-planning meth-
ods [9]–[12]. These algorithms consider various optimization
criteria such as path length, cost-effectiveness, and collision

avoidance. This study tackles these challenges by integrating
innovative methodologies to enhance path length, efficiency,
robustness, and obstacle avoidance, aiming to advance path-
planning techniques and improve navigation systems.

The literature review examines reinforcement learning (RL)
techniques for mobile robot path planning and motion control
[13]. RL is a method where robots are trained through rewards
and penalties to develop desirable behaviors. Key components
of RL include an agent, environment, reward function, and
policy [14]. RL algorithms are categorized into model-free
and model-based methods [15]. Model-free algorithms, like Q-
Learning [16], SARSA [17] and temporal-difference methods
[18], rely on agent-environment interactions to improve the
policy or value function. Model-based algorithms use an
environment model for training. The Q-Learning algorithm,
using the Q-function, helps robots learn optimal actions based
on feedback. Several prior studies have applied deep learning
techniques for mobile robot navigation in environments with-
out predefined targets, successfully using deep reinforcement
learning (DRL) [19]–[21]. However, the effect of including
targets remains underexplored.For example, Nakamura [22]
used a Deep Q-Network for mobile robot path planning in
a narrow 2m x 3m road environment with a width of 0.35m.
A target was included, but it took 15,000 episodes to reach
the goal in 39.78 seconds and 20,000 episodes to reduce time
to 35.8 seconds. These times seem long, given the simplicity
of the environment. Quiroga et al. [23]compared DDPG and
Deep Q-Learning to traditional control algorithms for mobile
robot navigation between a start point of (-0.4,0) and a target
at (0.8,0) with no obstacles. The deep learning techniques
outperformed traditional methods but still took significant time,
even increasing in a static obstacle environment. Furthermore,
the environments used were quite simple. These findings sug-
gest that DRL holds promise for target-based navigation, but
training times can be long, motivating further research into the
effect of targets on learning performance. This paper evaluates
the Twin Delayed DDPG (TD3) algorithm for mobile robot
navigation in static obstacle environments. TD3 improves on
DDPG by using two critic networks to reduce overestimation
bias and delaying policy updates for better performance [24],
[25]. The study trains a robot to navigate between set points
while following a predefined trajectory.
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