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Abstract. Among the many fascinating and useful aspects of AI, 
reinforcement learning performs well. Using the principles of action and 
reward, reinforcement learning makes it easier to learn new tasks. The issue 
of robot navigation is tackled by motion planning. The ability to 
automatically react in real-time to changes in the environment is currently 
missing from motion planning methods. An intricate setting full of 
impediments exacerbates the situation. As a result of the capabilities of the 
reward system and feedback to the environment, robotic systems can be 
enhanced through reinforcement learning. Managing a complicated setting 
may get easier by using this. Current path planning algorithms converge to 
a solution late because they are computationally expensive, less responsive 
to the environment, and slow. Additionally, because of the need for post-
processing, they are not as effective for task learning. The problem-solving 
capabilities of reinforcement learning lie in its action feedback and reward 
policies. This study introduces a new reinforcement algorithm that combines 
deep learning with Q-learning. The suggested method is tested in a space 
with limited space and a lot of obstacles. Additionally, we handle ways to 
improve the merging of collision avoidance and motion planning based on 
reinforcement learning. At the 640th and 690th episodes in a crowded and a 
small route environment, the agent of the suggested method converged. 
Based on the amount of turns and the planner's ability to converge the path, 
a state-of-the-art comparison reveals that the suggested strategy beat existing 
alternatives. 

1 Introduction  

Motion planning were process of determining best route for robots to take, when moving 
from one location to another.  
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Autonomous operation of mobile robots including those engaged in unmanned pursuit, 
rescue, agricultural, alien roving, and medical assistive robots relies on this crucial and 
fundamental quality. To make mobile robots operate autonomously, motion planning is 
essential. This problem has been solved using multiple planner approaches. For smaller-scale 
issues, grid-based methods have been employed, for example, A*, D*, and MEA* (Memory 
Efficient A*). However, for complicated problems with many dimensions, sampling-based 
techniques like RRT and RRT*-AB demonstrated outstanding performance. Also, path 
planning algorithms as ACO (Ant Colony Optimization), PSO (Particle Swarm 
Optimization) and GA (Genetic Algorithm) have been enhanced using heuristic-based 
evolutionary planners. The service industry is growing at a far faster rate than traditional 
manufacturing. A highly adaptable system that can keep energy consumption low is essential 
in today's industrial environments, especially in the age of Industry 4.0. The capacity to 
handle various environmental variables is particularly important in the motion planning area. 
It is computationally and energetically costly for a robot to refresh their sensors to acquire 
new information, which were necessary for its mobility plan. Feedback from the environment 
and human contact have recently been the basis of a great deal of effort. But in real-time 
navigation settings, existing motion planning methods cannot handle automated responses to 
the environment fast enough. Additionally, traditional path planning approaches like 
heuristic-evolutionary planners, grid-based approaches, or sampling-based approaches are 
computationally costly, less responsive to the environment and slow. In addition, owing to an 
inefficient path, post-processing is often necessary. Reinforcement learning's (RL) feedback 
capability potential has lately attracted attention in the motion planning sector as a means to 
address these limitations Soft growing robots inspired by plant movement, are designed to 
navigate tight spaces and hazardous terrain. The study introduces a deep reinforcement Q-
learning algorithm for enabling effective navigation of these robots in cluttered environments 
[1]. RL's action feedback and reward mechanisms make it quick to fix these problems. 
Agents, environments, reward signals, policies, and value functions are the typical key 
components of RL. The same way that people learn and adjust to different situations, its 
learning framework works. The agent is not given concrete instructions about how to act in 
every given situation; instead, it is left to its own devices to figure out what is expected of it 
through trial and error. A scalar reward is provided to the learning agent after each state 
update; the agent strives to maximize the return over time as the reward increases in relation 
to the quality of the transfer. RL's long-term return maximization and trial-and-error nature 
are two of its important qualities. However, recent advances in artificial intelligence and 
machine learning including autonomous robotics, self-driving cars, and image recognition 
systems are built around deep neural networks (DNNs). The remarkable accuracy and self-
learning capabilities of deep learning methods have contributed to their meteoric rise in 
popularity. Novel approaches to the issue of motion planning have emerged as a result of 
recent developments in RL that make use of deep learning. Nevertheless, delayed 
convergence is a problem with these algorithms. Regarding this matter, the following are the 
contributions made by this study. One reason for deep learning technologies' skyrocketing 
popularity is their incredible accuracy and ability to learn on their own. The application of 
deep learning in RL has recently led to novel approaches to problem of motion planning. One 
issue with the algorithms is that they have delayed convergence. That being said, this study 
does contribute in the following ways. 
 We provide a deep reinforcement learning approach to motion planning at complex 

environment with several obstacles. Using Q for motion planning, suggested method 
were simplified deep reinforcement learning strategy [2]. 

 An environment with tight congested corridors and another with structural impediments 
is used to test the suggested method. 

  STAAAR 2025
, 01006 (2026)EPJ Web of Conferences https://doi.org/10.1051/epjconf/202635501006355

2



 
 

 Presented a more convergent approach that uses less energy and has fewer turns, leading 
to a more efficient path with less path following time and less energy consumption 
overall. 

2 Related Works 

Improvements in the field of path planning for commercial and residential robots have been 
made possible by recent advances in learning-based methodologies. Field of mobile robot 
continues to expand path planning as fundamental yet challenging task. Traditional path 
method performs poorly in uncertain environments. A novel Deep Spiking Q-Network 
algorithm, which integrates global and local information, enhancing path planning 
performance [3]. Optimizing robotic arm path planning and control is critical for precision 
and efficiency. An innovative method to integrate the deep Q-learning (DQL) and 
reinforcement learning to solve the problems such as collision avoidance and dynamic 
control. The simulated results reveal that the performance has been greatly improved with a 
98.76% index of accuracy in path optimization and minimized the computational expenses 
by 22.4%.[4]. Snake robots which can replicate the movement patterns of animals can be 
used to explore areas that regular robots cannot reach. Our suggestion is to use autonomous 
obstacle avoidance technique, which is based on deep and SLAM reinforcement learning of 
snake robot. It has been demonstrated in experiments that the robot is capable of planning 
routes and avoiding obstacles in dynamical environments [5]. Multi-goal deep reinforcement 
framework to enhance needle insertion accuracy has been proposed in this research since it 
is critical in invasive surgeries. The framework is applied to quick re-plan and risk 
management with the help of universal distributional Q-learning (UDQL) and universal value 
function approximation. The high accuracy and robustness of the method in terms of insertion 
is confirmed by simulation and experimental results as opposed to the former methods [6]. 
In this paper, the proposed deep reinforcement learning algorithm is a better improvement on 
the existing algorithm to overcome low learning efficiency and slow convergence of robot 
path planning. It uses Dueling DQN, a priority experience replays strategy and Artificial 
Potential Field (APF) algorithm to speed up convergence and improve exploration. The 
technique is more efficient in terms of learning speed, path planning and convergence rate 
when compared with the conventional algorithms [7]. In this paper, I propose a generalized 
coverage path planning algorithm based on the deep reinforcement learning methods. It has 
adopted an observation space with varying map sizes, an action masking scheme, and a 
special purpose rewarding scheme to make sure it is robust and adaptable. The framework 
has almost optimal performance in zero-shot learning and outperforms state-of-the-art 
algorithms in a variety of situations, which demonstrates its ability to achieve generalizable 
and versatile path-planning solutions [8]. The modified Deep Deterministic Policy Gradient 
algorithm is used to enhance path planning of unmanned robots at unknown environments. 
The process separates experience pool and a guided reward function is applied to promote 
obstacle avoidance and increased convergence. The outcomes of the simulation and real-life 
experiments indicate that the algorithm works quite well in the complicated, unknown 
environment, with higher target point localization [9]. Path planning in dynamic multi-agent 
setting is a complex task due to agent-obstacle interactions. The current paper presents a Deep 
Q-Network (D3QN) that is a Double Dueling network employed in collaborative path 
planning that includes multi-agent positional constraints and CNN-LSTM sensor fusion 
network. The results of the simulation indicate that D3QN algorithm is superior to deep 
learning and it can be chosen in situations when a rapid convergence is needed, as well as it 
has a greater success rate under the conditions of dynamic character. [10].  
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Deep reinforcement learning and Deep Deterministic Policy Gradient method of a large-scale 
path-planning algorithm of underwater robots. This model is developed with the help of 
TensorFlow to plan the path of the robot by uniting exploration and exploitation strategies. 
Experimental findings indicate that the algorithm is useful towards the enhancement of 
accuracy and efficiency in underwater navigation [11]. This paper proposes a decentralized 
path planning system of multirobot that uses deep reinforcement learning, namely 
Asynchronous Multi-Critic Twin Delayed Deep Deterministic Policy Gradient method. The 
strategy does not require any shared state and intention information, increasing scalability 
and flexibility. The outcomes of the simulation indicate that the model is superior to the 
conventional centralized approaches to dynamical conditions with a different population of 
robots [12]. A new algorithm named KAI-DDPG that incorporated the use of both the 
kinematics analysis and the immune optimization to enhance the efficiency of the DDPG 
algorithm in path planning. The approach will maximize the reward feature as it includes 
various performance measures including the orientation angle, linear velocity, and safety. The 
findings show that KAI-DDPG can solve the negative aspects of the use of traditional DDPG 
as it provides better training efficiency and application [13]. A better Double DQN (DDQN) 
path planning algorithm is suggested to overcome the problem of dimensionality, model 
convergence, and sparse rewards. The approach combines the dimensionality size reduction 
and expertise knowledge to optimize the reward statistic and speed up training. It has been 
experimentally demonstrated that the suggested approach enhances convergence, stability, 
and path quality that lead to smoother and shorter paths in the virtual and real-life scenarios 
[14]. A footstep tracking algorithm based on deep reinforcement learning to allow robots to 
move in dynamic complex 3D settings. The strategy takes into consideration periodic and 
symmetrical information in the rewarding program. This is evidenced by the experimental 
outcomes which reveal that reinforcement learning supplemented by real time footstep 
planning shortens training and eliminates redundant path-planning knowledge [15]. The 
paper describes a local planning technique using a deep reinforcement learning model known 
as RND3QN that is an integration of reward-based exploration and n-step dueling double 
DQN algorithms. The approach enhances the navigation by minimizing bias and adding 
auxiliary reward to increase reward allocation in sparse spaces. The results of simulation 
proves that the proposed method is more efficient with a success rate doubling to 174 percent 
in comparison to D3QN. The Deep Q-Network (DQN) model of the global path planning of 
Automatic Guided Vehicles (AGVs) is suggested in order to optimize a number of starting 
and end points. The model enhances convergence and generalization through manipulating 
the input state and reward functions where as well as integration of alternative AGV states in 
the course of training. The algorithm is better than a A + and RRT algorithm in a multi-target 
environment as shown by the simulation results. In this paper, a path planning strategy of 
manipulator in dynamic settings is presented based on the Soft Actor-Critic (SAC) algorithm. 
The approach involves extensive reward of target approach and active obstacle deterrence. 
Findings exhibit better sample use and performance in real time obstacle avoidance as the 
simulation experiments indicate. The article discusses the optimization of self-planning paths 
of mobile robots in interior decoration based on Proximal Policy Optimization (PPO) 
algorithm. It introduces an adaptive loss function and a Credit Assignment Problem (CAP) 
model to improve path planning and learning efficiency. The outcomes indicate 
improvements at path planning success rates with good adaptability to dynamic 
environments. Deep reinforcement learning-based path planning for picking robots at 
dynamic environments is proposed. The method utilizes a directional penalty obstacle 
avoidance function and a reward system based on target attraction and obstacle rejection. 
Simulation results show a 97.5% success rate in picking tasks, outperforming traditional 
methods in both obstacle avoidance and planning efficiency. 
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3 Proposed Approach 

Reinforcement learning is taken into account, the difficulty of goal-directed agent dealing 
with uncertain environment.  
The agents with an unpredictable environment are typically modeled by Markov decision 
process (MDP). The typical parts of a Markov decision process (MDP) include state space S, 
action space A, reward space R, transition probability, and the discount factor. The one that 
was released employs RL and contains a less advanced DNN, which is different from the 
existing approaches. These assumptions informed the development of proposed deep 
reinforcement learning technique. 
 The quantity of hazards in setting should be limited. 
 The setting is secluded. 
 It is imperative that, the robot can detect any and all nearby impediments. 
 Everything is fine with the localization sensors. 
 What follows is an explanation of the basic ideas behind the proposed technique and 

the whole procedure. 

3.1 Preliminaries 

 The agent. The component responsible for making decisions in RL is known as the 
agent. In making its choice, the agent is unrestricted in its use of both internal rules and 
environmental observations. 

 The reward. RL, the agent is rewarded with a scalar value after carrying out action. 
Agent receives reward of 1 value if they reach the target; if they encounter obstacles or 
fail to reach the target location, they receive a reward of -1 value. 

 Actions. It is possible to classify the activities in RL-based algorithms as continuous or 
discrete. An agent's position can change in a discrete action by going up, down, left, or 
right, but in a continuous action, the value of the action remains constant. In RL, the 
agent-environment interaction is illustrated in Fig. 1. As a result of the agent's actions, 
the environment responds by rewarding them and providing them with information 
about the future stage. 

 

Fig. 1. Reinforcement Learning Framework: Agent–Environment Interaction 
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3.2 Q-Learning 

When it comes to reinforcement learning algorithms, Q-learning is among the most 
fundamental. Even most basic Q learning could point grid world in right direction by solving 
state problem and discrete action. The safe navigation of mobile robots amidst dynamic 
obstacles is a critical challenge. Deep Q-Network (DQN) algorithm with inflated robot 
reward functions for collision-free path planning. It gives a Q table, where each state is 
represented by a row and the actions performed at that state are represented by columns. At 
state s, when an action is completed, grid, Q, represents discounted reward. Agent should 
respond in line with the greatest value at all column if data in the table resembles reality. The 
Q table needs to be started with a fixed value begin. Agent then makes a decision time t, 
shows a reward at time rt, moves on to state st+1, and modifies Q. The procedure is a direct 
value iteration update as shown in Eq 1. 
𝑄new(𝑠௧ , 𝑎௧) = (1 − 𝛼)𝑄odd(𝑠௧ , 𝑎௧) + 𝛼൫𝑟௧ + 𝛾max𝑄(𝑠௧ାଵ, 𝑎)൯                                               (1) 
𝑄new(𝑠௧ , 𝑎௧) : In state 𝑦-𝑍., this stands for the revised Q-value for action 𝑎-𝑍. 
 𝑄old(𝑠௧ , 𝑎௧) : Prior to the change, this was current Q-value for action at state 𝑦-𝑍. 
 𝛼 : The pace of learning, which controls the extent to which fresh data supersedes 

previously stored data. Between zero and one is its range. More weight is given to new 
information when 𝛎 is higher 

 𝑟௧ : The benefit gained from an action in a state where it is performed. 
 𝛾 : The weight of future benefits is determined by the discount factor. Between zero and 

one, it falls. Future rewards are more substantial with a greater 𝛾. 
 max𝑄(𝑠௧ାଵ, 𝑎) : The highest Q-value, out of all conceivable actions 𝑎, for the following 

state 𝑏-𝑍+1. In terms of future rewards, this is the best that next state can offer. 
Explanation of equation. The calculation takes into account both the previous Q-value and 
the new value, which is sum of reward and discounted maximum Q-value for future. 
Presented below is a detailed explanation: 
Current Q-value: 
(1 − 𝛼)𝑄old(𝑠௧ , 𝑎௧)                                                                                                                              (2) 
 A part of the current Q-value is retained by this term. 
 As 𝛽 grows, the impact of the previous Q-value is diminished by the factor (1−𝛼). 

Learned Value (New Information): 
𝛼൫𝑟௧ + 𝛾max𝑄(𝑠௧ାଵ, 𝑎)൯                                                                                                                    (3) 
 The immediate benefit of the activity is represented by the reward, 𝑎𝑏. 
 The largest anticipated future reward from next state, yt+1, before discounting by γ is 

denoted as γmaxQ, yt+1., a 
Update Rule: 
 Q-value, 𝑄-new yz, 𝑎𝑡 an amalgamation of previous Q-value and updated data. 
 The ratio of old to new knowledge is controlled by the learning rate 𝛎. Update is more 

dependent on existing Q-value when 𝛽 is near to 0 and on fresh information when it is 
close to 1. 

3.3 Environment Formulation 

In the research, motion planning issue were modeled as Markov decision process, denoted as 
combination (S, A, T, R), here S is state space of the system and A is its action space. The 
procedure moves action 𝜖A from one entity to another at each time stage. The probability that 
function will remain at state S following the execution of action were 𝑃(𝑠ᇱ ∣ 𝑠, 𝑎) ⋅
𝑅: 𝑆 × 𝐴 → 𝑅. The 𝑅: 𝑆 × 𝐴 → 𝑅 uses reward function R.  
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The mechanism receives reward with monetary value at each time step based on its current 
state and its actions. The performance of current rewards relative to future ones is reflected 
by the 𝛾∈ [0,1] discount factor. For each state 𝑒∈𝑆, the agent's 𝜋: 𝑆→𝐴 describes action a 
∈𝐴. By definition, a policy is optimum if and only if it maximizes the expected return from 
the starting point. When policy 𝜋 is continually followed, value function 𝑎𝜋(𝑦) were defined 
as an anticipated return starting states, i.e., 𝑆=𝑦.  
Although v×(s) were defined as maximum acceptable value of 𝑎𝜎(𝑦). Specifically, state s, 
action a, and policy 𝜎, action value of pair (s, a) under 𝜎 were q𝜎 (s, a), and stellar action-
value function were referred to as q× (s, a). In model-based setting, MDP problem can be 
solved using dynamic programming techniques if the probability of state transition (P). Since 
the likelihood of a transition is not known in a model-free setting, RL works well there. The 
approach is tested in simulation and real-world environments, demonstrating higher success 
rates and optimal task completion compared to other DRL algorithms. 

3.4 Action Selection 

There are four potential acts that the mobile robot can do. Robot can direct to backward, 
forward, left, or right. Whether it travels forward, left, right, or backward, the robot can only 
do one action at a time 𝑏. 

3.5 Reward Function Selection 

Eq. 2 shows the design of reward function for mobile robot. 

𝑅 = ൝
1, Reach  target
−1, Encountering obstacles
0, Otherwise

                                                                                      (4) 

A positive reward with a value of one is given to mobile robot if it reaches target. A negative 
reward of -1 is given to the mobile robot if it crashes into an obstacle, whereas in all other 
cases the reward is zero. Reinforcement learning enhances task learning through action and 
reward principles. Motion planning for robots often lacks responsiveness in complex 
environments. Q-learning-based reinforcement algorithm, evaluated in narrow and cluttered 
passage environments, outperforms existing methods in terms of turns and path convergence. 

3.6 Step Function 

We must transfer the issue into the DRL framework to integrate robot motion planning with 
DRL. The agent's interaction with its surroundings is illustrated in Fig. 2. Thus, an agent-
environment interaction was created. We shall begin with essential functionalities to 
comprehend the DRL configuration. Actually, the rules for the agent's interaction with its 
surroundings are determined by the render (), reset (), and step () functions. To clear the DRL 
environment and see how it looks, the render () and reset () methods were used. Initiating 
communication with its environment, the agent chose action A. The agent finds out, using 
the Boolean flag, whether there is a collision with barriers on a specific motion or not. If true 
or yes, environment will reset and returning values are the current reward. If it is not true, it 
will construct a new target position after the agent has already moved to it. 
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Fig. 2. Process Flow of step () Function 

3.7 Detailed Architecture of Deep Reinforcement Q-Learning 

An all-inclusive deep reinforcement Q-learning framework using the neural network to 
approximatively define Q-value function 𝑄 (𝑦, 𝑎), the DQN framework estimates the 
projected cumulative reward 𝑎 at state were no separate neural network representing the 
policy, unlike in an Actor Critic framework. Alternatively, the defined implicitly by Q-value 
estimations, with an epsilon-greedy strategy for action selection: 𝜌(𝑠)= argmax-𝑎 𝑄 (y, z). 
Fig. 3 shows that the network consists of two full layers, with a total of 128 neurons in each 
layer. Input consists of two-dimensional state data. The suggested method takes this two-
dimensional data and turns it into a numerically measurable model that the neural network 
can use for training. The total design becomes very lightweight for testing and training thanks 
to this simple pre-processing phase. The input consists of two-dimensional state data. The 
agent's action value, which it utilized to progress to the subsequent state is the output. In order 
to activate the buried layers, ReLU function were utilized. Adam utilized loss function, which 
is a mean square error as an optimizer function. 
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Fig. 3. Network architecture 

There is a suggested DQN shown in Fig. 4. We forecasted the optimal Q-values using feed-
forward neural network in suggested approach. The agent needs to remember past events for 
this method to function. In order train network, it makes use of previously stored experience. 
The idea of experience replay is used by deep Q learning to enhance performance. The 
training process is stabilized by employing this concept. 

 

 

Fig. 4. Data Flow and Key Elements of the Proposed Algorithm 

Just like any other memory, experience replay stores previous events as tuple (𝑦, 𝑦-′, 𝑎, 𝑟), 
where 𝑦 shows current state, 𝑦-′. a is the action, and 𝑟 reward. Many objectives of Q learning 
are network with environmental knowledge. Once the agent has chosen an action at random 
and taken the epsilon value into account, they will carry it out, watch for the reward r, and 
then proceed to the next state, 𝑦-′. The experience replays memory 𝑏, 𝑦-′, 𝑎, 𝑟 stores this data. 
In order to train the Q-Network, a selection of batches at random was taken from the 
experience replay memory. Table 1, shows the neural network's summary. There are 32,644 
total parameters that can be trained in the neural network. 
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Table 1. Summary of neural network architecture 

No. of Parameters Output Shape Layer (Type) 

0 (121) flatten (Flatten) 

15616 (128) dense (Dense) 

16512 (128) dense_1 (Dense) 

516 (None, 4) dense_2 (Dense) 

 
method 1 presents the pseudo-code for the suggested method that incorporates experience 
replay. 
Algorithm 1 A New Method for Robot Path Planning in Unknown Environments Based on 
Deep Reinforcement Learning to Avoid Collisions. 
 Input: Locations of the environment's source and target 
 Initialize: Memory ability for reliving experiences D up to N 
 Initialize: Random weights θ applied to the action function Q 
 Initialize: Weights θ− = θ, the target action function Q^ 
 Set: Rate of exploration 2 [0, 1], rate of decay, minimum per unit time min 
 Set: Learning rate α and discount factor γ 2 are both ranges from 0 to 1. 
 from the first episode to the last, do 
 Get the initial state s1 and set up the environment. 
 throughout the time interval from 1 to T, perform 
 Pick an arbitrary course of action at 
 Alternatively, choose at = argmaxa Q (st, a; θ). 
 Go to state st+1 after you have executed the action at and seen the prize rt. 
 Put the sequence (st, at, rt, st+1) into D for storage. 
 Minibatch of transitions (sj, aj, rj, sj+1) from D, sampled at random 
 Compute: 

 𝑦௝ = ቊ
𝑟௝ if terminal state

𝑟௝ + 𝛾max
௔ᇲ

 𝑄̂൫𝑠௝ାଵ, 𝑎ᇱ; 𝜃ି൯ otherwise  

 With regard to network parameters θ, execute gradient descent step on the square of (yj 
− Q (sj, aj; θ)). 

 C steps, Q^ ¼ Q (i.e., θ− = θ) 
 Change st to st + 1. 
 Bring it down to minimum by decaying 
 When target state was attained or maximum number of steps have been taken 
 Season finale 
 terminate when 
 conclude after 

4 Results and Discussions 

A personal computer is used to evaluate the algorithms that are written using Python 3. A 64-
bit version of Windows 10 is installed. From benchmark data sets, two distinct case studies 
of environment maps were taken into consideration.  In order to test suggested method's 
efficacy, a software simulator of a mobile robot agent operating in a two-dimensional 
environment is developed. The openAI gym framework is used to construct the 2-D 
environment.  
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4.1 Case Studies Environment 

An indoor setting is shown in the simulation experiments. The world in question is a 9 by 9 
grid. In scenario M1, there are many difficulties in the environment. Fig. 5 shows the agent's 
target position marked in M1, with its initial position at upper left corner. 

 
 
Fig. 5. Map M1: Obstacle-Rich Environment with Structured Layout 

The size of the occupancy grid in M2, a convoluted and narrow route is 11 × 11. Based on 
the information presented in Fig. 6, the M2 environment agent starts in the upper left corner 
and needs to move to the bottom right corner to reach its destination. 
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Fig. 6. Map M2: Obstructed Environment Creating a Narrow Pathway 

According to the environment maps, mobile robot starts out in top left corner. Occupied grid 
cells on the environment map represent impediments in this grid-based setting. Finding the 
route from its current location to the flagged destination is the objective of the mobile agent 
in this environment. As the white grid cells indicate, the mobile agent is free to move in any 
open location. The agent has no idea what the surroundings are like. 

4.2 Evaluation Measurement 

In order to measure success of suggested strategy, we employ following evaluation criteria:  
 How many times the agent was able to find the path to the target point is indicated by 

the number of convergence episodes. We prefer convergence with fewer episodes.  
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 Also, depending on the collision avoidance success rate and the determined location 
score, an episode can have more steps yet still be better than another. Therefore, the 
success rate is the determining factor in whether an episode is good, rather than the 
number of stages. 

 A robot's number of turns indicates the total number of turns it takes to go to a specific 
location. For the purpose of motion planning, it is a crucial metric. As the number of 
turns increases, the robot will need to slow down at each turn, change its angle and 
direction, and then speed up again. As a result, the robot will use more energy, have to 
work more, and spend more time following paths during application because of this 
entire procedure. The robot ages too quickly when its route includes unneeded turns. 

4.3 Results 

The results of suggested approach's experiments at two distinct settings are discussed in this 
section. From its starting point to the destination, the mobile robot navigates its environment 
to carry out motion planning. To determine the optimal values for the algorithm's 
hyperparameters, several experiments were carried out. To evaluate how various learning 
rates, exploration factors, and discount factors impact an algorithm's performance, 
simulations are run. We evaluated the suggested method on three fronts: path length, number 
of turns, and convergence episodes per iteration. Table 2 shows finalized parameters for 
suggested approach's success. 

Table 2. Final parameter for proposed approach after trend analysis 

Learning 
rate 

Activation 
Function 

Memory 
Exploration 

factor 
Batch 
Size 

Discount 
Factor 

Optimizer 

0.01 ReLU 20000 0.9 32 0.95 ADAM 

 
Results from various parameter settings for M1 and M2 are displayed at Tables 3 and 4. 
According to results, learning rate and exploration factor significantly affect the suggested 
method's performance. Following is a description of the effect parameters utilized in Tables 
3 and 4: 

Table 3. Impact of trend analysis parameter impact for M1 

Learning 
Rate 

Discount 
Factor 

Exploration 
Factor 

No. of 
Convergence 

Episodes 

Maximum 
Steps 

Minimum 
Steps 

0.4 0.4 0.5 640 108 18 

0.3 0.5 0.6 590 138 17 

0.2 0.6 0.7 No convergence 315 16 

0.1 0.7 0.8 No convergence 305 18 

0.01 0.8 0.85 No convergence 510 15 

 Discount rate reveals the significance of future benefits to the present situation. The 
algorithm converges as the discount rate is increased, as demonstrated in Tables 3 and 4. 

 Learning rate is a trainable hyperparameter for neural networks that can be calibrated with 
a tiny positive value, often between 0.02 and 0.42. 

 Exploration factor is an adjustable variable. As part of its exploration process, the agent 
made use of the exploration factor. When this value is close to 0, the agent does not 
investigate its surroundings, however when it is close to 1, it does so.  
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 The agent discovers the route to the destination as the exploration factor grows, as 
demonstrated in Tables 3 and 4. 

Table 4. impact of trend analysis parameter’s for M2 

Discount 
Factor 

No. of 
Convergence 

Episodes 

Exploration 
Factor 

Learning 
Rate 

Maximum 
Steps 

Minimum 
Steps 

0.6 No convergence 0.62 0.02 640 21 
0.7 No convergence 0.72 0.12 710 20 
0.8 690 0.81 0.22 780 18 

0.85 670 0.87 0.32 620 19 
0.9 640 0.91 0.42 320 22 

4.4 Comparison with Existing Approach 

Fig. 7(a) depicts a structured, congested, obstacle-filled environment, and Map M1 is the 
corresponding scenario. Results were better with the suggested deep Q-learning compared to 
Q-learning algorithm. The plots in Fig. 7(b) clearly demonstrate that the prior Q-learning 
agent needed a significant number of episodes after discovering path to target at 300th 
episode. Nevertheless, as illustrated in Fig. 7, the aim might be reached in the 640th episode 
by utilizing the suggested approach agent. 

 

Fig. 7. Comparison of Episodes by Steps for M1: (a) Proposed, (b) DQN 

For case M1 of the environment map, Fig. 8 displays the route planning of both the suggested 
method and the current Q-learning method. The simulation findings show that our method of 
robot motion planning outperforms the current method in M1, as agents learn more effective 
actions to reach the goal. 
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Fig. 8. Trajectory Planning in M1: Proposed & DQN 

Results were better with the suggested deep Q-learning compared to Q-learning algorithm. 
Plots in Fig. 9 clearly demonstrate that the target was reached in the 650th episode using the 
previous Q-learning agent, and stabilization required a significant number of episodes later. 
But as seen in Fig. 9, the 690th event was when the target was located by means of the 
suggested approach agent. 
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Fig. 9. Stepwise Episode Comparison in M2: Proposed & DQN 

For a robot in M2, Figure 10 shows path planning for both existing method and suggested 
approach. When compared to the current Q-learning method in M2, the suggested method 
for mobile robot motion planning also performed better in the simulations. Additional deep 
reinforcement learning methods exist, however they are computationally and resource heavy, 
employ complicated deep neural networks in 3D mode of operation, and so on. In contrast, 
the suggested method produces a 2-D deep net that is reasonably lightweight and has much 
better convergence. 
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Fig. 10. Planned Paths in Environment Map M2: Proposed Method & DQN Method 

Fig. 10 shows the proposed approach stacks up against the existing methodology using the 
M1 assessment matrices. The results show a comparison between the present strategy and 
our suggested one utilizing evaluation matrices for M1 and M2. An earlier version of Q-
learning required the agent to maintain a table rows showing columns and states representing 
actions. Agent advances to the next state by earning rewards for all action. The system utilizes 
the database to record the benefits it obtains for different acts as it wanders around. There are 
noticeable improvements in convergence episodes and number of turns when comparing the 
suggested approach's performance to that of the classic DQN. In contrast to the conventional 
DQN, which needed 300 episodes and 7 turns to attain convergence for environment map 
M1, the suggested technique only needed 640 episodes and two turns. In the same vein, the 
conventional DQN takes 650 episodes and 7 turns to converge in environment map M2, while 
the suggested method takes 690 episodes and 6 turns. It is evident from these data that the 
suggested method guarantees faster convergence and uses less turns than the traditional DQN 
method. In place of the table, the suggested method has incorporated a deep neural network 
go to next stage. Neural network takes 2-dimensional array as input and returns an action size 
as output; agent selects action at random to the epsilon value, and then receives a reward and 
moves on to the next state. We use mini-batch and experience replay memory in our suggested 
method. Just like a memory saves the agent's experience, experience replay does the same. 
To train a neural network, we use the mini-batch method, which involves selecting random 
specimens from experience replay memory. 

  STAAAR 2025
, 01006 (2026)EPJ Web of Conferences https://doi.org/10.1051/epjconf/202635501006355

17



 
 

4.5 Comparative Significance of Proposed Algorithm over Traditional DQN 

We emphasize the following points to address the novelness of the suggested algorithm in 
comparison to classic Deep Q-Network technique: 
 Simplified structure: The strategy relies on a deep learning architecture that was 

initially developed to move through obstacles motion planning. This makes 
computation simpler and training and execution more efficient in comparison to 
conventional DQN that may be unsuitable in such jobs. 

 Enhanced Environment Handling: The algorithm is tested in two challenging 
conditions, the first one is structural barriers, and the second is tight, crowded pathways. 
The standard testing environments of the classic DQN algorithm are simpler grid-based 
environments. The strength and flexibility of the suggested method is evidenced by the 
fact that it was tested under more complicated conditions. 

 Improved Convergence and Path Efficiency: The suggested method streamlines the 
process of reaching an optimal policy by prioritizing the creation of straight pathways. 
This makes for most efficient and realistic solutions real-world robotic uses by reducing 
energy consumption and the time necessary to discover the path. 

 Experience Replay Optimization: The experience replay mechanism is more 
effectively fine-tuned to the diverse and dynamic nature of the environment to create a 
stronger and more efficient process of learning. Such optimizations make the algorithm 
more generalizable and perform better than more traditional DQNs that use more basic 
experience replay. 

 Energy-Efficient Path Planning: The proposed approach is different to the traditional 
DQN algorithms, as it aims at generating a less-turn heavy, less-consumption-intensive 
route. This breakthrough is even more significant in the given sphere because the energy 
efficiency of robotic systems directly relates to their operating life and usability. 

5 Conclusions 

To investigate the profound reinforcement learning algorithms, this study explores this topic 
in order to plan motion in a given environment. We offer a reinforcement learning method 
based on a deep neural network, which is not overly complicated. It is feed-forward in nature 
and takes input in the shape of a 2D array. The experiments are conducted in both static 
crowded and narrow path 2D environments which are obstacle filled. The effectiveness of 
the proposed approach is evaluated with the help of parameters like (0.95) discount factor 
(0.01) learning rate and (0.9) exploration factor. The proposed approach is better in terms of 
convergence rate and stability rates, as compared with the state-of-the-art approaches, based 
on the experimental results. The results show that it requires the agent 640 training standards 
on cluttered environment and 690 standards on restricted route environment to find a path 
based on the recommended strategy. Moreover, the proposed route is also energy saving 
compared to the previous mechanism since it has less possible turns. The next step that this 
research will take is to investigate the capability of robots to plan their movements in a three-
dimensional space where there are moving impediments. The use of continuous action is 
another research possibility in this direction. Integrating the suggested reinforcement strategy 
with sampling-based methods, including such RRT*-AB, and subsequently extending it to 
cover an area issue would be a challenging part of the future research. 
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