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The usage of mobile robots (MRs) has expanded dramatically in the last several years across a wide 
range of industries, including manufacturing, surveillance, healthcare, and warehouse automation. To 
ensure the efficient and safe operation of these MRs, it is crucial to design effective control strategies 
that can adapt to changing environments. In this paper, we propose a new technique for controlling 
MRs using reinforcement learning (RL). Our approach involves mathematical model generation and 
later training a neural network (NN) to learn a policy for robot control using RL. The policy is learned 
through trial and error, where MR explores the environment and receives rewards based on its actions. 
The rewards are designed to encourage the robot to move towards its goal while avoiding obstacles. 
In this work, a deep Q-learning (QL) agent is used to enable robots to autonomously learn to avoid 
collisions with obstacles and enhance navigation abilities in an unknown environment. When operating 
MR independently within an unfamiliar area, a RL model is used to identify the targeted location, and 
the Deep Q-Network (DQN) is used to navigate to the goal location. We evaluate our approach using 
a simulation using the Epsilon-Greedy algorithm. The results show that our approach outperforms 
traditional MR control strategies in terms of both efficiency and safety.

As Artificial Intelligence (AI) technology rapidly advances, MRs are evolving and becoming more proficient at 
performing tasks that were previously too complex and hard, including space exploration, heavy-weight carriage, 
security, and many more. By integrating AI and robotics, robots might become intelligent and autonomous, 
performing tasks without assistance from humans1. MRs are becoming more proficient by virtue of AI technology 
and can be employed in a wide range of domains, including defense, freight, infrastructure development and 
inspection, postal delivery, security, healthcare, customer support, and more. MR utilizes the sensors along with 
additional technologies to recognize its surroundings and execute its assigned assignment2. The diversity of 
fundamental problems, which extend from difficult computational challenges to others that are exceptionally 
logical, is certainly among the most significant and fascinating features of MRs that allow them to solve these 
problems easily3. To complete a predetermined work, the MR generally goes through three phases: perception 
(sensing), path planning and synthesis (process), and motion (action). Finding the optimal routes to reach the 
target while avoiding obstacles is an important step in the navigation of MRs4. For a navigational system, one 
of the most important factors is determining how long and how much energy a robotic device needs to travel 
a given course5,6. Since artificial intelligence (AI) approaches are accurate for generating findings, numerous 
researchers are employing them to automate the trajectory formulation method7. One of the most challenging 
areas of robot development continues to be path modeling. One of the main driving forces behind the analysis 
and study of mobile robots is the algorithm’s broad range of applications and the complex nature of its design 
and development8. For researchers, the most important part of the development of MRs for implementation in 
the real world is how they operate in tropical environments.

The capability of autonomous learning is not present in the conventional MR navigation technique. MRs 
must be able to navigate unknown areas autonomously while avoiding both static and moving obstacles. 
Classical and heuristic approaches are both utilized for developing the operating technique of MRs. Traditional 
approaches can become tiresome and may stop producing the best results whenever environments become more 
complex. Nowadays, researchers choose heuristic methods more and more because of the extent to which they 
imitate the way humans acquire behavior9. Among the most well-known heuristic methods is reinforcement 
learning (RL), which is often used in MR navigation. The observed rotation angle around obstacles is refined 
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using the RL-based controller10. The RL approach allows MR to identify the route based on past behavior. The 
MR, additionally known to be an agent, recognizes the environment, makes a choice, and gets rewarded or 
penalized in accordance with the environment, allowing the successful use of the RL approach. Whenever the 
MR ultimately receives a higher reward, it subsequently modifies its technique, and the agent might acquire 
various behavioral patterns through the development of an extensive number of rules11.

RL has received interest from researchers for being able to overcome the fundamental navigation challenges 
faced by MRs, because of its powerful illustration and capacity for learning from experience. Experts have 
developed two distinct learning techniques, including Monte Carlo and Temporal-Difference (TD) learning 
because full flexibility of data and substantial use of memory are essential in programming with variables that 
aren’t feasible. The Bellman equations and the Markov decision process (MDP), among other concepts, were 
integrated with TD learning to create the Q-learning approach in12. After that, the RL technique made immense 
advancements, and RL concepts are implemented in a range of real-world problems, especially MR navigation. 
Due to its strong visualizations and flexibility over experiences-based Q-learning, RL has attracted a lot of 
attention for its ability to overcome the fundamental navigation difficulty encountered by MRs. When mobile 
robots are used in crowded circumstances, they must be able to move safely and interact socially amid people and 
different barriers13. Some of the key issues with deep learning in robots are that it does not ensure the reliability 
or accuracy of a learned policy, which presents an additional barrier to learning-based collision prevention14 
Since it is challenging to produce training data for physical robots in an efficient and secure way, and due to 
the quantity and quality of the training data acquired has a significant impact on robot learning efficiency, the 
collision-avoidance policy used in this study is trained via simulations instead of in the real environment.

As seen in Fig.  1, the conventional navigation strategy maps an unknown region using simultaneous 
localization and mapping (SLAM), determines MRs present location using an orientation localization technique, 
and employs a path planning mechanism to navigate it to its target. The conventional navigational framework’s 
inability to control an unfamiliar and unpredictable setting stems from its reliance on high-precision global 
mapping, which is highly sensitive to sensor noise. The designated complexity of multimodal situations 
constitutes a challenge for the traditional DRL approach, where the computation stress increases substantially 
as the diversity of inputs rises. Through the training process of a deep neural network (DNN), the deep learning 

Fig. 1.  Illustration of the MR navigation using traditional technique, based on15.
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(DL) approach models functions that are nonlinear while learning the underlying rules and characteristics of the 
original data. Deep reinforcement learning (DRL) has been generated by fusing RL with a DNN. The traditional 
navigation method is currently being supplemented or replaced in several experiments by DRL-based MR 
navigation. Professionals from across the world have worked to find a solution to the navigation challenge for 
the last 20 years. Integrating many distinct techniques is a widely utilized method.

The phenomenal modeling capabilities of deep neural networks and the robust interaction, exploration, and 
self-learning features of RL have led to the widespread use of deep learning, particularly DRL-based techniques, 
enabling map-free navigation in recent times. In DRL, the agent automatically explores the surroundings by trial 
and error and then adapts the action based on the rewards received. Therefore, regardless of previous experience, 
including maps, autonomous navigation might be conducted with DRL. Deep Q-network (DQN), introduced 
by16, is an early method to integrate DL with DRL, and while it considerably increases the practical skills of DRL, 
the actions taken by this technique are only discrete. In17, a novel learning framework for DRL is suggested that 
drastically reduces the time of training. This study is enhancing the capability of visual navigation with a camera-
equipped robot. The navigation difficulties can be separated into multiple manageably simple assignments using 
a distributed training strategy using the DRL that is proposed in18 to ensure the robot might successfully navigate 
in a substantial and complicated interior region without requiring the use of a map.

The remaining article is divided into the following ways: Section “Literature survey” contains a literature 
survey; Section “Background information” describes the contribution of this research; Section “Theoretical 
methodology” provides background information and proposed research techniques; Section “Simulation and 
experimental analysis” describes the theoretical concept of the proposed approach; Section “Main contributions 
of this research” discusses simulation and experimental analysis; and Section “Conclusion and future 
perspectives” provides the conclusion and future research trends of this research.

Literature survey
In recent years, many researchers have focused on the development of an effective framework based on the 
DDRL technique for the navigation of MR in a partially or fully unknown environment. Singla et al.19 explain 
a technique for allowing an unmanned aerial vehicle (UAV) quadrotor using a monocular camera to avoid 
obstacles by itself within unplanned and unexplored indoor environments. This study implements a memory-
based DDRL for the avoidance of obstacles for UAVs, considering partial information about the environment. Li 
et al.20 address the issue of automated exploration in a completely new environment, which is crucial when using 
a robotic system for various social activities. To improve the functional flexibility of the robot system, this study 
designs a generic exploring architecture by breaking down the methods of exploration in planning, decision-
making, and mapping categories. This research suggests a DDRL-based decision technique that relies on this 
structure, which makes use of a DNN to learn an exploration approach considering the partial map.

Cai et al.21 propose a Linear Temporal Logic (LTL) formula-based deep policy gradient technique for directing 
a robot with uncertain dynamics working in a crowded environment. This paper presents a unique route-
planning-guided reward system that incorporates sampling-based methodologies for successfully completing 
target-reaching tasks and tackles the sustainability issue of exploration in training. Yan et al.22 suggest a multi-
robot navigation architecture that uses option-based hierarchy DDRL, enabling quick and secure navigation. 
Two control schemes are included in this architecture: a lower-level version that utilizes sub-policies to produce 
actions and a higher-level version that autonomously develops a reliable and steady behavior selection policy. Ali 
et al.23 present a technique to utilize DDRL to enable autonomous exploration of unfamiliar environments. In 
this study, the environment is explored using external and curiosity-driven reward mechanisms. By anticipating 
future states, the curiosity-based reward mechanism encourages an agent to search for previously unexplored 
areas, while the external incentive function helps the agent avoid collisions.

Xue et al.24 focused on the challenge of enabling efficient UAV navigation in large-scale unknown regions 
involving many obstacles utilizing DDRL techniques. In this study, a UAV through perception-constrained 
navigation is represented as a partially observable MDP and an actor-critic-based rapid recurrent stochastic 
valued gradient method has been developed for a real-time solution. Wang et al.25 present a hierarchical 
navigation system that integrates model-based control with DRL-based perception. A DDRL network built 
using the Long Short-Term Memory (LSTM) and Soft Actor-Critic (SAC) algorithms can be trained to estimate 
2D lidar inputs, goal locations, and the state of robots into a set of local checkpoints that are ideal in terms of 
avoiding collisions. Zeng et al.26 provide a unique DDRL technique that can maneuver non-holonomic robots 
into an uncertain, unfamiliar environment containing moving obstacles while maintaining constant control. 
Simulation tests demonstrate that the suggested strategy, by continuously issuing acceleration instructions, 
can achieve excellent robotic maneuvering in unfamiliar and difficult settings when compared to traditional 
approaches.

Zhu et al.27 provide a hierarchical DRL architecture for quick and secure navigation that has an excellent rate 
of sampling and sim-to-real transferring skill: The robot might follow toward the goal point while maintaining 
an adequate distance from obstacles thanks to the minimal DRL policy; additional a high degree DRL policy 
is added for further enhanced navigational reliability. With the goal of minimizing state space and preventing 
inadequate reward, this method chooses a waypoint that is on a trajectory that leads the robot toward the 
desired destination as the subgoal. Furthermore, the path is created using a regional or global map, which 
may greatly enhance the suggested DRL framework’s adaptation capacity, security, and sampling accuracy. To 
increase mobility accuracy and decrease action space, a target-directed illustration of the action space might 
additionally be developed from the subgoal. Xue et al.28 propose a novel technique for guiding the multi-UAV’s 
navigational activities depending upon the gradient algorithm of the depth deterministic policy, which is known 
as multi-agent recurrent deterministic policy gradient (MARDPG). To be more precise, every critic network 
trains centralized, enabling every UAV to determine the policies of different UAVs, and overcoming the delayed 
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convergence issue brought due to the uncertain surroundings. The requirement for resources to communicate 
between UAVs is eliminated by distributed operation. In critic’s network, sharing variables speeds up training.

Background information
To perform autonomous navigation while navigating through an unfamiliar area, MR acquires sensor data and 
simultaneously creates a map of its environment. The MR exploration algorithm is required to generate a map 
that looks more like the real world. In conventional navigation approaches, the MR creates an environment 
map by itself and finds its own location. DL and RL have progressed throughout the decades, and with their 
assistance, numerous end-to-end control techniques have been created. These technologies integrate sensor 
information and the environment into deep neural networks (DNN) as inputs and outputs for MR control. 
One major benefit of end-to-end approaches is their conciseness29. Despite this, there is a significant lag before 
using the method on an actual MR. Since end-to-end learning techniques require extensive trial and error, 
many academics have implemented this method of learning in simulation environments. Since the MR begins 
by acquiring the ability to navigate to discover a new environment, the algorithm takes a while to converge. It 
cannot be assured that the mapping that a DNN learns in a simulation setting will have a better generalization for 
the actual world because the two environments are not exactly similar. The relationship between surroundings 
and an agent might be represented by the MDP. MDPs apply several variables, such as the surroundings, agent 
action, and rewards, to decide what the optimum next action of the framework will take. An MDP describes an 
iterative decision-making problem in which an agent must select an array of actions to maximize reward-based 
criteria. Equation (1) is the abbreviation for an MDP (M)30,31.

	 M = (S,A, T,R)� (1)

Where S is the number of finite states, A is a set of possible actions, T (s, s′ ) = Tr(st+1 = s′ |st = s, at = a) is 
the transition probability that action a takes for state s at time t that will forward to state s′  at time t + 1, and 
R(s, s′ ) is the possible reward value after the transition between state s to state s′  because of action a.

To enable MRs to avoid obstacles and navigate safely in previously unknown complex environments, we 
developed an RL-based regional planner that translates acquired sensory information directly to robotic 
behaviors. Also, we divide the MR exploration strategies into three different parts: planning, mapping, and 
decision. Thus, as each component acts independently from the others, we can create the planning techniques for 
various MRs using a single decision segment. The MR’s abilities to navigate effectively in a familiar area without 
requiring any training are guaranteed by the planning algorithms. Utilizing conventional navigation techniques, 
the decision section concentrates on an effective exploration approach. Figure 2 depicts the interaction between 
all three parts that compose the exploratory architecture. The decision element gets information from the 
mapping element and forwards it through the planning element. The complete MR exploration technique is 
divided into subsections in the following ways:

Planning strategy
Finding a plausible path from the present location to the desired location is the main objective of this section. 
T﻿he planning strategy is abbreviated as Eq. (2)20:

	 Γt:t+T = fplan (l0:t, g,mt)� (2)

Where the planning trajectory is denoted by Γt:t+T , fplan is the planning function, positions of MR from time 0 
to t are denoted by l0:t, the target point is denoted by g, and mt is the map created in the environment at time t.

Local planning and global planning techniques are two of the most extensively studied frameworks for 
several strategies that carry out the planning function. For turning the route into a trajectory and modifying it 
according to the real-time data collected from sensors, the objective of this research is to find the shortest route 
over the map between the current location and the target location.

Mapping strategy
The mapping section, which is additionally referred to as simultaneous localization and mapping (SLAM), 
generates the MR position and environment mapping at every moment by systematically processing the sensor 
data. The SLAM function is expressed as in Eq. (3)20:

	 mt, lt = fmap (lt−1,mt−1, ct, ot)� (3)

Where control and observation are ct and ot consecutively, fmap is the mapping function, the location of MR is 
denoted by lt−1 at time t− 1, and mt−1 is the map created in the environment at time t− 1.

The two main types of SLAM techniques are filter-based and graph-based. Filter-based techniques modify 
the predicted value of both landmark and MR positions using a Kalman filter as well as the expanded Kalman 
filter. The graph-based techniques use nonlinear optimization for predicting the MR location by building a 
position graph using both control and observation data. We use a graph-based approach in this study because 
it is easy to apply and performs well in most scenarios. The graph-based technique can minimize errors and 
reliably provide the obtained answer when compared with the filter-based technique32.
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Decision strategy
This component selects the target point, or the location, that the MR needs to reach based on past observations. 
The map for the surrounding area generated by the mapping section serves as the input for this work. The 
decision strategy can be expressed as in Eq. (4)20:

	 gt = fdec (l0:t, mt)� (4)

Where the goal point at time t is denoted by gt, the position of MR from time 0 to t is represented by l0:t, the 
surrounding map generated at time t is mt, and the decision function is fdec.

These techniques lead to significant reliance on knowledge, as they are necessary to build extensive rules for 
complicated contexts. The primary goal of this study is to determine the simplest and most common function 
fdec. Our approach addresses more complicated scenarios and learns the workable technique by trial and error, 
as compared to stacking the rules for study.

Theoretical methodology
Mobile robots must have the ability to discover how to travel independently in unfamiliar interior scenarios 
while avoiding both dynamic and static obstacles. By finding the ideal Q-value function that produces the best 
outcomes across every situation, RL seeks to educate the agent on how to act in a strange setting. After choosing 
action over every state, the agent adopts rewards from the surroundings to modify Q-values towards optimality 
convergence. For an RL algorithm, there is a conflict between exploring and exploiting when the surroundings 
are unknown. By choosing the course of action with the highest assessed value, the agent makes use of its existing 
understanding. If the agent chooses any of the remaining actions, on the other hand, it suggests that the agent is 
exploring to refine and enhance its assessment of the act’s values.

Developing a surroundings map that is as close to replicating the real-world scenario as possible is the aim 
of MR Exploring. In Fig. 3, the agent, and surroundings within the DRL-based system of navigation are shown 
collaborating with each other. The DRL agent drives toward the intended destination while avoiding static and 
dynamic obstacles, substituting the localizing, map-generating, and planning of local paths that make up the 
traditional navigation approach. The global route planning element in Fig. 3 establishes a series of landmarks 

Fig. 2.  Relationship between planning, mapping, and decision.
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to act as transitional locations of references throughout DRL-based MR movement, enabling an integrated 
navigation system for carrying out extended-distance movement through challenging terrain.

The MR can navigate through the environment and avoid obstacles while achieving its goal on time in this 
study. Now, we explain the objective function and DRL for the proposed technique in detail.

Objective function
When exploring the area, MR is meant to take the shortest route possible to conserve battery life. Next, we 
provide the subsequent objective function in Eq. (5)20:

	
Z(m̂, yt=0:T ) = D(yt=0:T ) + min

ut=0:T

∥m− m̂∥2� (5)

Where the real map is m, the estimation map is m̂, and D () is the distance between the starting point to the 
target point.

However, it is challenging to regulate the objective function and determine an optimal approach because 
the real map is unavailable because of the unknown surroundings. Our utilization of the occupancy grid map 
to depict the environment is motivated by the application of the Shannon entropy during the estimation of the 
exploration33. The cross-grid occupied probability is p (mi,j) for column i and row j. The mapping entropy is 
expressed in Eq. (6)20:

	
E (m) = −

∑
i

∑
j

p (mi,j) logp (mi,j)� (6)

There are three states that can occur on every grid in the map: occupied, free, and uncertain. This objective 
function assesses the constructed map’s uncertainty. The proposed DRL technique used for this study is explained 

Fig. 3.  Illustration of the MR navigation technique using DRL, based on15.
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in subsection A; the strategy of action space and state space for the experiment is explained in subsection B; and 
the proposed model is illustrated in subsection C of this section.

Mobile robot learning
A standard robotics issue with multispectral applications across many industries is MR navigation. Numerous 
industries, including healthcare, robotics, smart surveillance systems, human-computer interfaces, and 
several more, employ human activity recognition extensively34,35, or RL. Rather than attempting an extensive 
investigation for a space this vast, we just address the issue of indoor navigation. Getting to a target on a 
collision-free path in the least amount of time is often the goal of navigation. Perhaps the most crucial ability 
that an autonomous MR must possess is the practice of localization learning, as determining the robot’s position 
is necessary to decide what to do next. In various mapping-based robot systems of navigation, an environment 
remains available for the robot since it was originally specified in a metric map. Here, MR learns its surroundings 
using the RL algorithm using DQN and Double Deep Q- Network (DDQN) techniques. RL algorithms enable 
MR to learn the environment without predefined mapping. Nowadays, most RL-based techniques are used by 
robotics to perform navigation tasks that establish a mapping link between the control strategy and raw sensor 
inputs.

To learn how to select either discrete or continuous navigation activities for movement utilizing internal 
sensory input in an area with either a known36–38 or unidentified39 flat surface, DRL has been the primary 
learning approach used to teach robots to navigate. However, most of these initiatives concentrate on navigation 
in stationary environments, making them impractical for most real-life applications as different types of moving 
items need to be considered.

Deep Q-networks
A model-free RL technique called Q-learning is implemented to determine the worth of some action in each 
situation. It can address issues with stochastic transitioning and reward despite the need for modifications, and it 
doesn’t demand environment modeling. To simulate the impacts of receptive fields, the DeepMind approach uses 
a deep convolutional neural network (DCNN) comprising layers of convolutional filtering. The trained network 
might achieve a level comparable to the level of human beings shortly after playing 49 games, according to 
research done in 2015 and originally published in Nature by Mnih et al.16. DQN is dependent upon Q-learning, 
where the action value function is represented by DCNN, and the reward feedback received from the game is 
responsible for training the network. Gradient descent is used for updating the neural network’s parameters. The 
DQN’s loss function is indicated in Eq. (7)15:

	
L(θi) = F

[(
R + λmax

A′
Q
(
S ′, A′; θ−i

)
−Q(S,A; θi)

)2
]

� (7)

Where the discount factor is denoted by λ ∈ [0,1] , S is the state, R is the reward, A is the action, S ′ = St+1

, A′ = At+1, and θi is the parameter for the current Q-network Q(S,A; θi) is replicated to θ −
i  for the goal Q-

network Q
(
S ′ , A′ ; θ −

i

)
 at each step of n-time.

Double deep Q-networks
Although DQN’s introduction aided in the general adoption of DRL, it has several drawbacks, one of which 
is that it overestimates the action value function. Van Hasselt et al.40 noted that overestimating occurs for the 
value function whenever the DQN computes the temporal-difference (TD) error and an identical Q network 
is used to choose actions and compute value functions; therefore, they have suggested the DDQN technique. 
For the goal Q function, a dual network architecture is used by DDQN, where the goal Q network estimates the 
specified optimal action and the current Q network is responsible for the selection of optimal action. The action 
decision and assessment of policy activities are divided into two sets of variables, which lowers the chance of 
overestimation. The DDQN’s loss function is indicated in Eq. (8)15:

	
L (θi) = F

[(
R + λQ(S ′, arg max

A′
Q
(
S ′, A′; θi; θ

−
i

)
−Q(S,A; θi)

)2
]

� (8)

Reinforcement learning-based navigation
DL is basically a set of frameworks enabling non-linear function estimations by using DNNs to abstract 
characteristics that are buried in inputs, which is now frequently employed in the field of robotics, including 
indoor navigation and robot manipulation. Aerial vehicles, autonomous vehicles, and two- or three-dimensional 
moving ships are examples of MRs. Finding the best or least undesirable route between the starting point and a 
destination while avoiding obstacles is the purpose of MR navigation. We have limited our attention to a two-
dimensional (2D) space navigation issue with the objective of simplifying this assignment. The mobile robot 
navigation problem essentially consists of obstacle avoidance and point-to-point (P2P) motion: (1) The target 
point’s location in relation to the initial location is necessary to complete the P2P assignment41, and (2) The three 
types of obstacles that are susceptible to detection by cameras, ultrasonic sensors, laser rangefinders, and other 
sensors involve those characterized as static, dynamic, and physically consistent. A hallway or wall are examples 
of natural environmental structures that are referred to as physically consistent obstacles in this study. These 
obstacles create an interior or labyrinthine setting. With its significant representation and knowledge-based 
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learning skills, RL has received considerable interest as an alternative solution to the fundamental navigation 
problem faced by robotics systems42.

When utilizing the DRL technique for autonomy in navigation, the goal is to determine the optimal path of 
action for directing MR toward its destination by interacting with its surroundings. The conventional navigational 
system might be merged with or replaced by DRL-based navigation. Because RL utilizes a trial-and-error 
learning system, it is forbidden for MR to crash into surrounding obstacles during the physical training phase. 
Before being implemented in an actual MR for navigation and making decisions in real-time, the DNN is often 
trained in a simulated setting. The mechanism of agent-environment interaction in the DRL-based navigation 
system is depicted in Fig. 3. The DRL agent proceeds in the direction of the destination location while preventing 
dynamic, static, and basic physically constant obstacles. Subsequently substitutes both the localization and map-
building modules along with the local route planning section of the standard navigation system. Nonetheless, the 
agent could encounter a local trap in a setting with excessively complicated, structurally persistent obstacles43. 
The process of acquisition is continuous, with an agent gaining knowledge of the policy through interactions 
with its surroundings. Figure 4 illustrates how the agent determines what to do after determining the current 
situation. After carrying out the decision-made action, it gets feedback—that is, the reward—and monitors the 
subsequent state to decide on its subsequent course of action.

The global planning of paths section, as seen in Fig. 3, creates a sequence of touchpoints that serve as middle 
objective points for DRL-based navigation, which allows the combined navigational system to do long-range 
movement into a complicated structural domain. Depending on whether RL employs an explicit policy or not, it 
might be either active or passive. Only the set policy’s effectiveness is the focus of passive learning. Considering 
the surroundings are unknown, the agent’s main problem is that it remains unaware of both the transitional 
model and the reward function. To determine the expected outcome of every state, the agent uses the predefined 
policy to carry out a series of experiments. Active learning, as opposed to passive learning, also tries to learn 
how to behave in the environment. The agent needs to comprehend the transition model to be able to identify 
the best policy because it is ignorant about the surroundings and the policy. The operational scenarios and the 
RL algorithm’s effectiveness are significantly determined by three essential components, including state space, 
action space, and reward function, of the DRL-based MR navigational framework.

State space
The initial point, objective point, and obstacles are the state-space configurations that are typically implemented. 
The MR’s initial and target coordinates serve as the initial position and target position representations, 
respectively. Many studies transform global Cartesian positions into regional polar positions and then define the 
goal point location using the angle and distance with respect to MR. The state of an obstacle can be expressed as 
the velocity, location, and dimension of the dynamic obstacles (agent leveling), or it can be expressed as a state 
of sensor-level through treating sensor information, such as depth camera data, lidar/ultrasonic range data, or 
monocular camera images. The state space is denoted by S.

Action space
There are mainly three types of actions in the DRL based MR navigation, including discrete moving actions 
(turning left, turning right, moving forward, moving backward, and many more), motor speed commands (the 

Fig. 4.  Relationship between agent, decision, and environment.
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required speed of the right and left motor), and continuous velocity commands (the angular and linear velocity 
of the MR). The sensor-level states might be used to accomplish end-to-end commands through motor velocity 
commands, although the corresponding training is substantially more challenging. Proportional-integral-
derivative (PID) or equivalent lower-level controllers are often needed to generate control of mobility commands 
for MR and operate the MR to accomplish the required motion for discrete motions and continuous velocity 
instructions. The action space is denoted by A. Robots move and change directions by using several components 
including actuators, control algorithms, and sensors.

Reward function
The RL agent is trained to do a task using the reward function. The rewards are given positive or negative only, 
when MR hitting obstacles or reaching the goal, which means this reward is small. The agent cannot rapidly 
converge when rewards are few. Most research employs dense reward-shaping techniques to increase training 
efficiency. A positive reward is always given to MR when it reaches the target and is close to the target point. 
When an MR reaches or collides with obstacles, it usually gets a negative reward. A time-stepping penalty 
represents a penalty that MR receives at every step in order to motivate it to travel toward the goal more quickly. 
The reward function is denoted by R.

Simulation and experimental analysis
Researchers are concentrating on autonomous interaction with surroundings and self-learning methodologies, 
notably on RL systems, to enhance the ability to generalize while preventing manually gathering supervised 
information. The following is a description of the intended navigation challenge in this article: A mobile robot 
with scattered regional distance sensors provides all that is needed to go reliably to a goal controlled by constant 
guidelines over an initially unfamiliar area with broadly dispersed topography, such as lengthy hallways and 
dead corners. The MR can build an independent environmental model through exploration because, initially, it 
does not know anything about its surroundings. The dynamic and unpredictable nature of surroundings with 
dynamic obstacles adds significantly to their complexity. We implement into operation an RL-based regional 
plan that interprets observable sensory information into activities for secure navigation and avoiding obstacles 
in dynamic, previously unexplored areas. We add several frequent patterns to the basic RL approaches to allow 
navigation in complicated situations and improve performance. We also anticipate better navigation performance 
in more complicated situations, including alleyways, long hallways, and concave regions, because the memory 
section can think about several sensor perceptions instead of depending only on the present perception. Figure 5 
shows a binary occupancy grid map containing different types of obstacles and the start and target positions for 
robot path planning., which is used for the simulation to demonstrate the starting and final positions for the 
navigation of MR.

The ability for autonomous learning is absent in the conventional robot navigation strategy. MRs must be 
able to navigate unknown areas independently and avoid static and dynamic obstacles. Navigation is the capacity 
of the robot to make decisions based on its internal skills and sensor data with the objective of achieving its 
goal locations as quickly and effectively as feasible, providing a partial understanding of its surroundings and 
a desired location or set of locations. A virtual robot is used for the simulated environment to carry out the 
chosen actions at every stage of the episodes. The training process for a neural network can be extrapolated into 
a dataset of accessible training instances, enabling the acquisition of viable answers for comparable conditions 
that might not have been observed in demonstrations. To assess this proposed approach, simulation tests are 
performed. The dimensions of an environmental mapping are 250  m by 250  m. The obstacles are dispersed 
arbitrarily around the surroundings. The robot’s starting point coordinate is shown on the map as a red triangle, 
which is located at (10, 10), and the goal location is shown as a green circle, which is located at (240, 240). The 
robot’s task is to begin at the starting point and choose the best route to take for the purpose of reaching the goal 
without hitting any obstacles. Table 1 illustrates the list of hyperparameters and their descriptions, which are 
used in this experiment.

The robot is sent to perform a navigation task within an unfamiliar and novel environment. The simulation’s 
primary goal is to produce an ideal Q-value matrix. In contrast to the tests, the robot is initially unaware of the 
quantity, dimensions, and locations of the obstacles. It is also noticed that, although the pathways the robot 
selected may not have been the optimal routes since it did not completely understand its surroundings, they 
were nevertheless perfectly adequate and met standard reference. The algorithm for the navigation of MR based 
on RL is abbreviated in Table 2.

The process of training an MR involves placing it in several unpredictable scenarios, referred to as episodes. 
Every episode assumes a distinct goal direction. Every episode uses a variable quantity of obstacles as well. 
It is considered that some of these obstacles are stationary while others are considered to be dynamic. The 
more episodes that are utilized to train the robot, the more skilled it will become at maneuvering its dynamic 
surroundings44. The proposed approach has been developed to operate in simulation environments. We are 
examining how the pathways differ from one another since they are not the most effective routes. Figure  6 
shows four different environments for the navigation of mobile robots, where the starting and goal location is 
predefined. Blue curved lines represent the normal route for navigation while red curved line represents the 
optimal or shortest path.

The suggested system generates a state collection with dynamic variables such that, once it successfully 
navigates a specific situation, it might be effective within another, wherever the barriers and goals are situated at 
different positions. How to characterize the reward function—the way the environment reacts to the cognitive 
agent’s actions—is another criterion for making decisions.

The number of successful learning episodes for every 50 episodes is shown in Fig. 7. This quickly increasing 
pattern of successful episodes in Fig. 7 with respect to the number of episodes demonstrated that the proposed 
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Description

System configuration

 Python version 2.9.1

 TensorFlow version 2.9.1

 NumPy version 1.24.3

Learning rate 0.001

 RAM 8GB

Activation function ReLu

 Gym version 0.26.2

 Processor Intel(R) Core (TM) i3-4005U

Table 1.  List of hyperparameters.

 

Fig. 5.  Binary occupancy grid map for navigation tasks.
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DRL algorithm improved the robot’s intelligence. An epsilon-greedy algorithm is used in simulation. Figure 8 
shows the variance graph for reward and epsilon during simulation. The score of reward and epsilon with respect 
to the number of episodes has been shown in Fig. 8.

Initially, the simulation carried out for the experimental studies only used the Adam optimizer algorithm. 
We evaluate the three algorithms various performances using the simulation environment. This is necessary to 
demonstrate that finite state space algorithms might be an effective choice for robotics and to provide a consistent 
quantitative assessment of the technique. We compared this approach by using three different optimizers 
including the Adam optimizer algorithm, SGD optimizer algorithm, and RMSprop optimizer algorithm to 
validate the proposed technique for 100 episodes. Figure 9 shows an illustration of the reward value comparison 
between the Adam optimizer, SGD optimizer, and RMSprop optimizer. As shown in Fig. 9, the Adam optimizer 
receives the highest reward during simulation.

We conducted relevant research and compared the findings with other optimization algorithms to validate 
the produced RL technique’s better sampling performance, speedy mobility, substantial target-reach success rate, 
and greater extrapolation with regard to diverse motion situations and surroundings. The proposed algorithm 
is compared with Proximal Policy Optimization (PPO) to analyze the effectiveness of our approach. PPO is 
an RL technique that trains the cognitive role of a computer agent or robot to complete challenging tasks45. 
Figure 10 shows a comparative reward value assessment between the proposed approach algorithm and the PPO 
algorithm. The Q-learning algorithm approach outperforms the PPO algorithm as shown in the comparative 
graph.

Main contributions of this research
The proposed approach has several advantages when compared with the above techniques. First, it does not require 
explicit modeling of the environment or the robot’s dynamics. Second, it can adapt to changing environments 
and tasks without requiring manual tuning of control parameters. Third, it can learn from experience and 
improve its performance over time. This approach has a higher rate of accuracy compared to the traditional 
MR control strategy. However, most of the such DRL-based movement control strategies are primarily effective 
in plain indoor environments. To the best of our knowledge, only some research has successfully controlled 
MR in an unknown environment. We are presenting an end-to-end mobility control technique based on DRL 
to make it easier for MR to operate effectively in an unknown and complicated environment to get beyond the 
constraints of the earlier techniques that were discussed. The proposed approach is carried out in a simulation 
environment, so there is a possibility of variation in the real-world application scenario. The tracking challenge 
for non-holonomic robots in unpredictable circumstances with constant control of movement is the primary 
subject of this research. Our goal is to present a DRL method that can quickly and safely navigate through 
complicated settings while also having excellent training and adaptation capacity across different settings and 
robotic systems.

Table 2.  Algorithm for navigation based on RL.
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Conclusion and future perspectives
For continuous-state problems, sampling every possible solution is impractical, and in the absence of a specific 
instructor, RL algorithms are the preferred method in supervised learning for the DL domain. This paper 
presents a comprehensive methodology for DRL-based regional plan training and deployment in extremely 
complex and dynamic contexts for the navigation of MR. We have tested the proposed autonomous navigation 
approach for four different environmental settings, where each environment contains different obstacles shapes, 
and positions. The optimal path while avoiding obstacles between the start point to the goal point has been 
explored in the simulation. In conclusion, our approach shows promising results for intelligent MR control using 
DRL. In this approach, to carry out its collision-free navigation, the MR is using the DRL to gather background 
information about its surroundings from the sensor data. The proposed technique has been validated by using 
the Adam optimizer and a comparative analysis has been carried out using three different optimizers including 
Adam, SGD, and RMSprop optimizers. The proposed approach is a very simple but effective simulation system 
that demonstrated quick and effective training rates as well as the ability to transmit the frameworks to the 
actual robot. The outcomes demonstrated an apparent increase in the dependability and safety of navigating in 
complicated surroundings, but at the expense of effectiveness due to an extended exploration phase. Simulations 

Fig. 6.  Illustration of RL-based autonomous navigation results in various scenarios.
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Fig. 8.  Illustration of Reward and Epsilon variance score per episode during simulation.

 

Fig. 7.  Illustration of the number of successful learning episodes in simulation for every 50 episodes.
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Fig. 10.  Comparison between the reward of the proposed algorithm and the PPO algorithm.

 

Fig. 9.  Illustration of comparative graph for reward value when using Adam, SGD, and RMSprop optimizers 
in simulation.
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demonstrated the effectiveness of our complete learning framework, as there is a significant likelihood that the 
robot might be able to navigate freely in an unfamiliar area.

The proposed approach has been delivered promising outcomes, it can continue to be improved to improve 
its learning and performance rate. To enhance the learning approach and raise the rate of accuracy of completely 
autonomous navigation in an unfamiliar environment, the reward function can be modified in future studies. 
The experiment carried out in this study is in a simulation environment, so the outcomes can be slightly different 
in the real-world implementation. Future work will focus on applying our approach to real-world MR systems 
and evaluating their performance in various applications.

Data availability
Correspondence and requests for materials should be addressed to the corresponding author on reasonable 
request.
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