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ABSTRACT

The paper presents a new reinforcement learning method, called Adaptive Q-learning with Dynamic
Reward (AQDR), for efficient route planning of mobile robots operating in a partially known and
unknown environment. Traditional Q-learning techniques are often limited in their adaptability due to
slow convergence in dynamic environments. To overcome these limitations, AQDR combines an adaptive
reward mechanism that adjusts in real time based on the distance of the robot to the obstacle and the
target position. This dynamic feedback allows for better informed decision making and reduces
unnecessary exploration. The proposed algorithm was evaluated against the Q-learning method based on
static rewards by performing simulated experiments in different environmental configurations. The results
show that AQDR consistently exceeds the baseline in terms of convergence speed, path efficiency, and
adaptability. These results highlight the potential of dynamic reward design to improve learning
performance and robustness of reinforcement learning navigation systems.
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I.  INTRODUCTION

Path planning is a key challenge for the safe and efficient
navigation of mobile robots, especially in unknown or dynamic
environments that may include unexpected obstacles. There is a
wide range of path-planning strategies, and the best approach is
often determined by the specific characteristics of the robot and
the operating environment [1]. Unlike fully known
environments, where the previously mapped route selection is
simplified, partially known environments are more complex
due to incomplete spatial data and uncertainty surrounding
hidden obstacles. The most challenging scenario occurs in an
entirely unknown environment, where the robot must cross
unknown territory without prior environmental knowledge.
Each scenario requires specialized path-planning technology
that adapts to the level of environmental knowledge and
associated uncertainty. In a known environment, path-planning
is relatively simple [2]. However, under partially or completely
unknown conditions, the robot must first construct or improve
its environmental map in real time before calculating a
collision-free trajectory [3]. Mostly known environments are
often the most applicable in real-world scenarios, enabling the
integration of previous knowledge with real-time perception,
thereby facilitating adaptive navigation in unknown areas.

The selection of appropriate path planning algorithms is
crucial to determine the ability of mobile robots to navigate
safely, efficiently, and reliably. These algorithms are generally
divided into two main types: static and dynamic. Static
planning uses the assumption that the environment is

unchanged and a predetermined path can be calculated before
the robot begins movement. On the other hand, dynamic route
planning is designed to handle changing environments,
including moving obstacles, and requires robots to adjust.

In general, static methods are easier to implement, but they
are often insufficient for dynamic or unpredictable
environments where real-time adaptability is essential to
efficient navigation. To overcome these challenges, this study
presents the Adaptive Q-learning with Dynamic Reward
(AQDR) algorithm that strengthens traditional Q-learning by
incorporating a contextually sensitive and adaptive reward
framework. This framework allows robots to navigate
unknown environments by learning from interactions and
adjusting to environmental changes during execution.
Experimental evaluations show that AQDR surpasses classical
Q-learning in terms of convergence speed, path optimization,
and adaptability. This work contributes threefold. First, the
introduction of dynamic rewards uses partial environmental
information to guide exploration, static rewards represent
internal node characteristics, and dynamic rewards vary in
proximity to targets, reducing inefficient exploration. Second,
the AQDR learning process is moving through three stages,
initial, mixed, and final exploration, to overcome the stagnation
observed in traditional Q-learning. Third, experimental
validation shows the effectiveness of AQDR in managing
complex path-planning tasks in different unstructured
environments.
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A wide-ranging study of existing research revealed that
mobile robotics navigation strategies are divided into two
major categories: classical approaches and reactive techniques.
Traditional approaches to robotic path planning include
algorithms such as cell decomposition [4], road mapping
planning [5], and Artificial Potential Field (APF) methods [6].
Despite their basic state, these techniques have several
limitations, including computational overhead, tolerance to
local minima, and reduced robustness in uncertain or dynamic
environments. Their dependence on accurate sensors and static
mapping data makes them less practical for real-time
deployment in unstructured or evolving scenarios. In contrast,
reactive strategies provide more adaptable solutions and excel
in real-time navigation in a non-local environment. These
methods are robust under uncertainty and are characterized by
a simple and rapid response, often exceeding traditional ones in
practical implementation.

The emergence of metaheuristic algorithms brought a new
dimension to robotic path planning [7]. These techniques
iteratively generate several candidate paths and optimize for the
most appropriate paths. Remarkable approaches include
Genetic Algorithms (GA), Simulated Annealing (SA), Tabu
searches, Particle Swarm Optimization (PSO), Ant Colony
Optimization (ACO), Bacterial Foraging Optimization (BFO),
and bee algorithms. These methods often yield better results
than conventional ones, but they also present remarkable
challenges. For example, GA [8] is computationally intensive
and can be less efficient in high-dimensional spaces. SA [9]
can have slow convergence due to the coolness factor. The
Tabu search [10] may be ineffective in navigating complex
topologies due to dependence on memory-based mechanisms.
PSO [11] tends to preconverge and limits exploration. ACO
[12] is biologically inspired but struggles with scalability in
large environments. Similarly, the BFO [13] and Bee
algorithms [14] can face problems in dynamic or real-time
applications due to slow convergence and fixed communication
models, respectively.

Other soft-computing methods have also been extensively
studied. Fuzzy logic systems, known for their ability to manage
uncertainty and enable adaptive decision-making [15], face
challenges related to the complexity of the rule base, the
dependence on expert knowledge, and the reduction of
performance in dynamic contexts. Neural networks [16]
provide strong pattern recognition capabilities, but often
require large datasets, are susceptible to over- or under-fitting,
and are difficult to interpret, especially in real-time navigation
tasks. Among graph-based methods, the A* algorithm [17] is
widely recognized for its almost optimal performance in static
environments. However, because of the increase in
computational demands and the sensitivity to heuristic
accuracy, it is no longer effective in high-dimensional or
dynamic scenarios. Reinforcement Learning (RL) has attracted
a lot of attention in recent years, especially in the field of
robotic navigation planning [18]. Q-learning is one of the most
well-known RL algorithms, and agents associate actions with
expected rewards through repeated interactions with the
environment [19]. This learning process balances exploration
and exploitation to improve policy over time, rewards safe
paths for discovery, and penalizes collisions.

Although Q-learning shows great potential to navigate
dynamic and unknown environments, its practical application
is hampered by computational complexity, high parameter
selection sensitivity, and slow convergence during the initial
learning phase [20]. In summary, although there is a variety of
path-planning algorithms, each with distinctive strengths, there
are still important challenges in the navigation of unknown
environments. These include maintaining safety under
uncertainty, reducing redundant calculations, achieving rapid
convergence, and ensuring real-time adaptability. To overcome
these limitations, algorithms must have strong generalizability,
adaptive dynamic learning, and computational efficiency. To
address these challenges, this study proposes AQDR, an
advanced reinforcement learning framework designed to
improve robotic navigation performance in complex
environments, including parts or entirely unknown ones.

II. DESIGN OF THE ENHANCED Q-LEARNING
FRAMEWORK

Q-learning is a core RL method that operates based on four
key elements: state, action, reward, and Q-value functions.
These components are defined according to the specific
application context and the environment the algorithm operates.
The core components of Q-learning are defined as follows:

1. State (s): A representation of the current configuration of
the environment as perceived by the agent. It encapsulates
all the relevant information necessary to make informed
decisions at a given time.

2. Action (a) is a set of possible operations that agents can
perform in each state. As a result of executing an action,
the current state changes to a new one, and the
environment changes.

3. Rewards (1) involve a scalar feedback signal that the agent
receives after acting in a particular state. It serves to
evaluate the immediate utility of the action, encouraging
positive rewards to perform desired behavior (e.g.,
achieving goals) and deterring negative rewards to achieve
undesirable outcomes (e.g., collision with obstacles).

4. Q-function (Q): A value function that estimates the
cumulative reward expected for an action in a particular
state under an optimal policy. The Q-function guides
agents to select actions that maximize long-term rewards
through iterative updates based on experiential learning.

The RL process is inherently iterative, including repeated
cycles of interaction. The agent monitors its current state,
selects and performs actions, receives feedback in the form of
rewards, and updates the Q-values accordingly. Over time,
agents converge on an optimal policy that produces the highest
cumulative return through exploration (new actions to find
better solutions) and exploitation mechanisms (using existing
knowledge to maximize rewards). To illustrate this process,
consider the example shown in Figure 1, where an agent (a
mobile robot) navigates through a 4x4 grid environment. The
robot initiates its traversal at position (1, 2) to reach the target
location at (4, 4). The robot can go in four directions: up, down,
left, and right. The environment is structured as a grid
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consisting of different state categories, including initial
position, barriers that cannot be crossed, targets, and free cells
that can be reached. The obstacles are visualized as black cells,
and the numbering of state nodes reflects the sequence in which
the robot explores the environment. During this simulation,
robots must learn from their environmental interactions to
develop a collision-free trajectory. The Q-learning model is the
basis for the proposed improvements described in the following
sections, which introduce dynamic reward adjustment and
structured learning phases to improve convergence and
adaptation in complex or unknown environments.

Possible solution

Start position

(@)

Action space representation

State encoding

Target A

Q-Table
SleTd

Dynamic reward

+1

=
10
O 7

Fig. 1. Tllustration of Q-learning-based path planning with dynamic
reward in a grid environment.

A. Dynamic Environment Encoding

In the proposed framework, the state space is not static, but
dynamically generated based on the current available area of
the robot. Each state represents the immediate spatial
configuration of the robot within this adaptive region. As the
robot moves through the environment, the state is continuously
updated, accurately displaying its current position and direction
in real time. This dynamic modeling of the state space ensures
accurate and responsive path planning, accommodates real-
time changes in the operating environment of the robot, and
allows effective obstacle prevention and trajectory optimization
in a dynamic and partially known environment. The robot's
action space consists of eight different motion commands, each
corresponding to a specific movement direction in the
environment. These include the four main cardinal directions of
the left, right, forward, and backward actions from a, to ay,
allowing robots to choose from a wide range of paths, adapt to
obstacles, and dynamic environmental constraints more
flexibly:

A ={ay,a; a3 a4}

B. Reward Mechanism

A customized reward function was developed to evaluate
the performance of the agent based on its current state and
selected actions in the environment. The RL framework uses
the following components:

e tindicates the iteration step of the learning process.

e s, represents the current state of the agent in the ¢ iteration
and encodes the position of the agent and its environment.

o 1(s; a;) defines the scale reward received by the agent
when executing the action at state s;.

To improve learning efficiency and responsiveness, a
dynamic reward function is introduced that identifies both the
proximity of targets and the avoidance of obstacles. This
approach distinguishes between two major behavioral
scenarios:

e Scenario 1: If the agent moves towards the goal without
obstacles, it receives a small positive reward to encourage
the behavior directed toward the goal.

e Scenario 2: If the agent moves away from the goal and
avoids obstacles, it earns a small negative reward that
discourages ineffective but safe movements. The dynamic
reward is modelled by the following equation:

( Gy St =5
Cl! obs =0

I
7(S¢ ag) 4| C; * dHl yde <deyr, dops #0 M

d
4 dt > dt+1' dobs #0

where

o d,; is the straight-line distance from the target position
defined as s,. It is the distance between the agent and
the target position. As d; decreases, the agent receives
a higher reward.

o  d,ps is the spatial separation between the agent and
the nearest detected obstacle. Smaller d,,s are
punished because of increased collision risk.

o  sg: The state of the target or the goal that the agent
seeks to achieve.

o (;,C,: Static constants that scale the reward and
penalty components, ensuring that the reward for the
progress of the goal exceeds the penalty for the
proximity of obstacles (i.e., C; > C,). C; and C, were
empirically set to 10 and 5, respectively, to prioritize
goal proximity over obstacle avoidance.

This formula ensures that learning agents are encouraged to
reduce distances from the target while maintaining a safe
distance from obstacles, thereby achieving efficient and
accident-free navigation in complex environments.

C. Q-Table Representation and Learning Strategy

In the context of Q-learning frameworks, Q-tables are two-
dimensional data structures that encode the expected utility of
specific actions in corresponding states. Formally, the table is
organized into rows m and n, where m represents the total
number of discrete environment states, and n represents the
possible actions available to each state. Each entry Q(s¢, a;)
estimates the expected cumulative reward associated with the
action at state s;, considering the subsequent optimal policy.

www.etasr.com

Alshammari: Dynamic Rewards in Reinforcement Learning for Robotic Navigation



Engineering, Technology & Applied Science Research Vol. 15, No. 4, 2025, 25766-25771 25769
The Q value is improved by iterative refinement using the TABLE L. ALGORITHM PARAMETERS
Bellman optimality 'equation, a recursive formulation that Parameter Description
updates the value estimates based on the.expected value of the A threshold value in [0,1] that controls the trade-off between
observed reward and future state. This update process is §

mathematically expressed as:
Q(str1, 1) = (1 — @) * Q(spa) +
a * [r(span) +y * max a(Q(se,a))] (2

where a € [0, 1] is the learning rate of the new information,
y € [0,1] is the discount factor that determines the weight of
future rewards, r(s;, a;) is the immediate reward obtained after
the execution of the action in state s;, and max, Q(S;41, @) is
the highest predicted Q-value for the next state that reflects the
best choice of the agent.

To overcome the shortcomings of conventional Q-learning
in dynamic and partially observable environments, this study
introduces AQDR, which is specially adapted for path planning
in mobile robotics. AQDR incorporates an adaptive exploration
and exploration strategy along with a context-sensitive reward
mechanism that adapts to the robot's relative position regarding
both the target and the surrounding obstacles.

Adaptive Q-Learning with Dynamic Rewards
for Mobile Robot Navigation
Inputs:

Syt Target goal state

0]- : Environmental information

Output:
Qmxn: Learned Q-values
Procedure:

1. Initialize Q(s;a;) =0 for all state-
action pairs.
2. For each episode:
a. Randomly initialize the current state
St .
b. Set iteration counter i=0.
c. Generate two random values &, x € [0,1].
3. While s; # S, and i< N:
a. Evaluate the safety of the current
state s;.
b. If near obstacle — choose obstacle-
avoidance action.
c. Else:
i. If x <& — choose a random action
(exploration) .
ii. Else — select optimal action using
Q(se, ae) -
d. Execute action a;, observe reward r,
transition to new state S;4q.
e. Update Q-value using the Bellman
update rule.
f. Set St = Sty1s
4. End loop and return Quxn-

increment i.

exploration and exploitation.

A randomly generated number in [0,1] used to determine the
x action selection strategy. If x < &, exploration is triggered;

otherwise, exploitation is preferred.

AQDR incrementally refines the Q-table by taking into
account dynamic rewards, obstacle proximity, and adaptive
exploration, ultimately enabling the robot to identify efficient
and safe paths. As the learning process progresses, the Q-
values converge, allowing the robot to autonomously generate
near-optimal trajectories in real-time.

III. SIMULATION SETUP AND COMPARATIVE
EVALUATION

To evaluate the performance of AQDR, a comparative
analysis was performed against a traditional Q-learning model
utilizing a fixed, static reward scheme. This section presents
the method adopted to define the static reward structure and
provides a comprehensive overview of the parameters applied
across different experimental configurations.

A. Static Reward Formulation

The static reward function is defined using a set of fixed
conditions that evaluate the agent's progress toward the goal
and its interaction with surrounding obstacles. The reward
assignment is governed by the conditions outlined below and
encapsulated in:

€, 8 =S,
—Cy,dops =0
Cy,de < di_q,dops 0
_Cz, dt > dt—l' dObS ¢ 0

3

T'(St, at) =

e Goal Achievement Condition: If 5:=Sg, i.e., the agent's
current state S, coincides with the goal state Sy, a positive
reward of magnitude C; is assigned. This condition signifies
successful goal achievement in the absence of obstacle
proximity.

e Collision Condition: If the agent's distance to the nearest
obstacle d,,¢ = 0, indicating a collision, a negative reward
of magnitude —C; is applied to penalize unsafe navigation
behavior.

e Progress Condition: If d; < d;_; and d,,s # 0, where d;
and d,_, are the current and previous distances to the goal,
respectively, a moderate reward C, is granted. This reward
encourages movement toward the goal while maintaining a
safe distance from obstacles.

e Deviation Condition: If d; > d,_; and d,,; # 0, the agent
is penalized with a small negative reward —C, ,
discouraging regressive actions away from the target
despite maintaining obstacle clearance.

This static reward structure provides a rule-based
framework that promotes efficient pathfinding and collision
avoidance based on discrete state evaluations.
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B. Learning and Decision Parameters

The simulation employs specific hyperparameters to control
the learning process, including the learning rate «, the discount
factor y, the maximum number of learning episodes N, and the
greedy exploration parameter . These parameters are detailed
in Table II. The values were tuned using grid search on a small
subset of environments.

TABLE II. LEARNING PARAMETERS
Variable Value Description
Learning rate @ 0.02 Controls the 1nﬂuenci ;)11; rel;:w information on Q-

Discount factory | 0.9 Weighs the importance of future rewards

Iterations N 1000 | Maximum allowed learning iterations per episode

Probability of selecting a random action

Greedy factor ¢ 0.1 (exploration)

C. Experimental Evaluation and Comparative Results

To ensure the statistical reliability and reproducibility of the
simulation results, each experimental configuration was
executed over 20 independent trials. The results were then
averaged to derive meaningful performance metrics, including
the number of movement steps and the average cumulative
reward. This method minimizes the influence of stochastic
variation inherent in RL processes.

1) Movement Efficiency: Step Count Comparison

Figure 2 illustrates the learning performance of two RL
algorithms, AQDR and SRQL (Standard Reward Q-learning),
in terms of the number of steps required to reach the goal
across 50 episodes. ADQR (green curve) shows a consistently
decreasing trend, indicating that the agent using the dynamic
reward mechanism learns more efficiently, reducing the
number of steps needed to reach the goal more rapidly and
stabilizing at a lower step count. This suggests better
convergence and path optimization. In contrast, the SRQL (red
curve) shows a slower decrease with higher overall step counts
and more fluctuation, reflecting slower learning and suboptimal
path decisions due to reliance on static rewards.

Steps to Goal over Episodes

100 —— AQDR

- SRQL
95 4

85

80

75

Number of Steps

70

65

60

] 10 20 30 40 50
Episode

Fig. 2. Comparison of learning efficiency: AQDR vs. SRQL based on
steps to goal.

The dynamic reward strategy implemented in AQDR
significantly enhances learning efficiency and path planning
performance compared to the static reward method used in
SRQL. This shows that incorporating adaptive reward
mechanisms enables the agent to learn faster and execute more
efficient trajectories in fewer steps. In rare scenarios where
obstacles fully encircle the goal, AQDR may fail to converge.
Future work will integrate backtracking mechanisms.

2) Reward Learning Dynamics

Figure 3 shows that both algorithms exhibit an upward
trend, indicating progressive learning and performance
improvement over time. AQDR, represented by the blue line,
consistently achieves higher average rewards compared to
SRQL throughout most episodes, especially in the later stages.
This performance suggests that AQDR benefits from faster
convergence and superior adaptability, largely attributed to its
dynamic reward mechanism that offers more informative
feedback. In contrast, SRQL, shown by the orange line, also
improves over time, but at a slower pace and with a lower
reward ceiling, reflecting less efficient learning dynamics.

Reward Evolution over Episodes

4.0 { —— AQDR
SRQL \/N
5% /\/\,J\/\
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Episode
Fig. 3. Comparison of average reward accumulation: AQDR vs. SRQL

over training episodes.

IV. CONCLUSION

This study presented an enhanced RL strategy, AQDR, that
aims to address critical limitations associated with conventional
Q-learning in the context of mobile robot navigation,
particularly in  unknown or dynamically changing
environments. The AQDR framework integrates the traditional
Q-learning algorithm with a context-aware adaptive reward
mechanism, allowing more efficient path planning by reducing
reliance on exhaustive environmental exploration. By
dynamically modulating the reward signal based on the robot's
proximity to the goal and nearby obstacles, the AQDR
algorithm accelerates convergence toward an optimal policy
and minimizes unnecessary exploration. Extensive simulation-
based evaluations across multiple test scenarios demonstrate
that AQDR consistently outperformed the static reward-based
Q-learning variant. The results highlight faster convergence,
shorter path lengths, and higher efficiency in obstacle
avoidance, thus validating the robustness and generalization
capabilities of the proposed approach.
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AQDR consistently achieved higher average rewards and
lower step counts, indicating enhanced learning performance
and decision-making efficiency. These findings confirm the
effectiveness of using dynamic feedback mechanisms in RL to
support intelligent autonomous navigation. The modular
structure of the AQDR framework allows for its extension to
larger multi-agent systems and more complex environments
with minimal modifications. Furthermore, as the algorithm
relies on local observations and adaptive rewards, it can operate
efficiently in decentralized settings where full environmental
knowledge is not available, making it suitable for deployment
in real-world scenarios such as robotic swarms, disaster
response, and autonomous vehicle coordination. These aspects
underscore the practicality and generalizability of the proposed
method beyond simulation.

Future work aims to enhance AQDR by developing
adaptive parameter tuning strategies, particularly for the
learning rate a and discount factor y , allowing these
parameters to evolve dynamically in response to real-time
agent performance. This advancement will further strengthen
the algorithm's adaptability and responsiveness in complex and
partially observable environments.
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