{.-t.' 1Y
¢ TISREM 3

hn 7 International Journal of Scientific Research in Engineering and Management (IJSREM)

Volume: 10 Issue: 03 | March - 2026

5

SJIF Rating: 8.659 ISSN: 2582-3930

A Survey on Robot Arm Movement Optimization With Q-Learning

rs. K. Swetha Shailaja, abulgav Swathi, odurupaka Varshini, edugani Surya
1stMrs. K. Swetha Shailaja, 2"Babulgav Swathi, **Kodurupaka Varshini, “"Yedugani Sury
I'"CSE(AI & ML), Assistant Professor at ACE Engineering College, Hyderabad, India
234CSE(AI & ML), Student at ACE Engineering College, Hyderabad, India

Abstract—In Optimizing robotic arms' motion and
control is essential for improving productivity,
accuracy, and versatility in a variety of applications. In
order to enable robotic arms to learn optimal
movements on their own rather than by following
predetermined, fixed paths, this study investigates the
use of Q-learning, a model-free reinforcement learning
algorithm. The robotic arm is viewed as an agent that
interacts with its surroundings; it is penalized for
ineffective or collision-prone movements and rewarded
for actions that bring it closer to a target. The Q-learning
algorithm finds actions that maximize accuracy and
minimize energy consumption over time by updating a
Q-table. In dynamic and uncertain environments, this
adaptive learning approach facilitates self-learning,
intelligent decision-making, and real-time adaptability.

Index Terms— Reinforcement Learning, Q-Learning,
Robotic Arm Control, Motion Optimization.

I. INTRODUCTION

Reinforcement Learning (RL) has emerged as a
powerful approach for enabling intelligent decision-
making in robotic systems. Unlike traditional control
strategies that rely on predefined mathematical models
or fixed programming, RL allows a robot to learn
optimal behavior through trial-and-error interactions
with its environment. In the context of robotic arms, RL
enables the system to autonomously explore different
movement strategies and gradually improve
performance by maximizing cumulative rewards. This
capability makes RL particularly useful for complex
tasks such as object manipulation, path planning, and
adaptive motion control where the environment may be
uncertain or constantly changing.

Among the various RL algorithms, Q-learning is one of
the most widely used model-free learning techniques.
Q-learning allows an agent to learn the value of taking
a specific action in a particular state without requiring

prior knowledge of the environment. By maintaining a
Q-table that stores state-action values, the robotic arm
can iteratively update its knowledge based on the
rewards received after performing actions. Over time,
the algorithm converges toward an optimal policy that
guides the robotic arm to select actions that lead to
efficient and accurate task completion. This learning
process enables the robotic arm to adapt to different
scenarios while minimizing errors and avoiding
collisions.

The integration of reinforcement learning with robotic
arm control opens new possibilities for intelligent
automation in industries such as manufacturing,
healthcare, and logistics. With the ability to learn from
experience and adapt to new situations, RL-based
robotic systems can perform tasks with higher
autonomy and flexibility compared to traditional
control systems. As research in machine learning and
robotics continues to advance, reinforcement learning
is expected to play a crucial role in developing next-
generation robotic arms capable of operating
efficiently in complex and dynamic environments.

A Role of Robotic Arms in Modern Automation
Systems

In today’s rapidly advancing industrial landscape,
robotic arms play a crucial role in modern automation
systems where precision, efficiency, and reliability are
essential. They are widely used in sectors such as
manufacturing, healthcare, logistics, and space
exploration for tasks including assembly, welding,
material handling, and surgical assistance. Robotic
arms enable industries to perform repetitive and
complex operations with high accuracy and
consistency, reducing human effort and improving
productivity. Traditional robotic arm control systems
often rely on predefined trajectories and controller-
based approaches that are effective in structured and
predictable environments. However, these
conventional methods struggle to adapt when operating
conditions change or when the system encounters

unexpected obstacles. As industries increasingly
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require flexible and intelligent automation systems, the
limitations of fixed programming approaches have
become more apparent. Therefore, there is a growing
need for adaptive control methods that allow robotic
systems to operate efficiently in dynamic and uncertain
environments.

B Importance of Reinforcement Learning in Robotic
Control

Reinforcement Learning (RL) has emerged as a
powerful approach for enabling robots to learn optimal
behaviors through interaction with their environment.
Unlike traditional programming methods that require
explicit  instructions  for  every
reinforcement learning allows robotic systems to learn
through trial and error. In this approach, the robotic arm
acts as an agent that performs actions within an
environment and receives feedback in the form of

movement,

rewards or penalties based on its performance. Over
time, the system learns which actions lead to the best
outcomes and gradually improves its decision-making
ability. This learning-based approach allows robotic
arms to adapt to new situations, optimize their
movements, and perform tasks more efficiently.
Reinforcement learning is particularly valuable in
scenarios where the environment is unpredictable or
where manual programming of every possible
condition is impractical. As a result, RL has become an
important technique for improving the autonomy and
intelligence of robotic systems.

C Motivation for Developing a Q-Learning Based
Robotic Arm System

The need for intelligent, adaptive, and efficient robotic
control systems motivated the development of a robotic
arm system using reinforcement learning techniques,
particularly Q-learning. Traditional robotic control
methods often lack the ability to adapt to complex or
dynamic environments, which limits their effectiveness
in real-world applications. By incorporating Q-learning,
the robotic arm can learn optimal movement strategies
by interacting with its environment and receiving
rewards for successful actions and penalties for
undesirable outcomes such as collisions or inefficient
movements. This learning process allows the robotic
arm to gradually discover the most efficient trajectories
for reaching a target while avoiding obstacles. The
system reduces the reliance on manual programming

and enables the robotic arm to continuously improve its
performance through experience. As a result, the
proposed approach enhances the flexibility, efficiency,
and intelligence of robotic arm motion control, making
it more suitable for modern automation applications.

D Technology Stack and Development Tools

The development of a reinforcement learning-based
robotic arm control system requires a well-structured
technology stack to support simulation, learning
algorithms, and system integration. Programming
languages such as Python are commonly used due to
their strong support for machine learning and robotics
libraries. Reinforcement learning algorithms, including
Q-learning, are implemented using scientific
computing libraries such as NumPy and machine
learning frameworks. Simulation environments like
OpenAl Gym or robotics simulators are used to model
the robotic arm and its operating environment,
allowing the agent to learn optimal behaviors safely
before real-world deployment. Visualization tools are
also used to observe the learning process and analyze
the performance of the robotic arm. Additionally,
version control systems such as Git and GitHub support
collaborative development and project management.
These technologies together provide a robust platform
for developing, testing, and improving intelligent
robotic arm systems capable of adaptive and efficient
motion control.

II. LITERATURE SURVEY

This project will provide an overview of creating an
intelligent control system on a 3-joint robotic arm using
the Q-learning algorithm. The algorithm belongs to a
category of reinforcement learning models known as
model-free reinforcement learning models. The project
will predominantly work on teaching a robotic arm
how to move or reach a designated point on its own
without pre-programmed trajectory and mathematical
models of its movements. Prior knowledge of an initial
trajectory that the robotic arm will follow seems
outdated compared to creating an innovative idea of
enhancing the decision-making process of a robotic
arm by teaching it to learn on its own through
interacting with its environment and receiving rewards
or penalties based on its actions. Rewards are received
by taking actions that bring the robotic arm closer to its
target, whereas penalties are received through actions
that are less effective or less safer.
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Marius Sumanas, Algirdas Petronis, Vytautas
Bucinskas, Andrius Dzedzickis, Darius Virzonis, Inga
Morkvenaite-Vilkonciene [1] This study focuses on
improving the accuracy and repeatability of robotic
arm movements using Deep Q-Learning (DQL). The
research utilizes the KUKA youBot robotic arm to
optimize motion parameters through reinforcement
learning techniques. By applying deep neural networks,
the system learns to minimize positional errors without
relying on predefined control rules. Experimental
results demonstrate a significant improvement in
precision, reducing the average positioning error from
approximately 0.09 mm to 0.03 mm. Overall, the study
proves that Deep Q-Learning can effectively enhance
robotic motion accuracy and operational reliability.

Shaobo Zhang, Qinxiang Xia, Mingxing Chen, Sizhu
Cheng [2] This research proposes a Deep
Reinforcement Learning (DRL) approach for multi-
objective trajectory planning in robotic arms. The
system is designed to optimize multiple factors such as
accuracy, motion smoothness, and energy efficiency
during robotic arm operations. Experiments were
conducted using a 6-axis robotic manipulator, where
deep learning and reinforcement learning techniques
were integrated to handle complex state spaces without
relying on traditional mathematical models. The results
show that the proposed DRL model successfully
minimizes trajectory errors while maintaining smooth
joint movement and reducing energy consumption.
Overall, the study demonstrates that reinforcement
learning can generate more efficient and optimized
robotic trajectories compared to conventional control
methods.

Peijin Li, Gaotian Wang, Hao Jiang, Yusong lJin,
Yinghao Gan, Xiaoping Chen, Jianmin Ji [3] This
study presents a Q-learning-based control framework
designed to improve data efficiency and adaptability
for soft robotic arms. The proposed method uses a two-
stage training process in which the controller is initially
trained in a rough simulation environment and later
fine-tuned on a real soft robotic arm. By incorporating
physical characteristics such as elasticity and friction,
the model adapts more effectively to real-world
conditions. This hybrid training strategy significantly
reduces the need for large volumes of real-world
training data while accelerating learning convergence.
Experimental results indicate improvements in
accuracy, stability, and learning efficiency. Overall, the
research demonstrates that Q-learning is effective in

bridging the gap between simulation training and real-
world robotic control.

(ICGNC 2022 — SpringerLink) [4] This research
introduces a reinforcement learning strategy called
Guided Attenuation Reward Shaping (GAR) to
improve the efficiency of robotic arm movement
planning. The method initially provides dense rewards
to offer frequent feedback during the early stages of
learning. As training progresses, the reward system
gradually transitions to sparse rewards to encourage
long-term optimization of robotic movements. This
guided reward structure helps the learning algorithm
converge more quickly compared to traditional
reinforcement learning approaches. Experimental
results show that the GAR strategy significantly
reduces training time and computational cost while still
enabling the robotic arm to learn optimal movement
paths efficiently. Overall, the approach enhances the
speed and effectiveness of reinforcement learning-
based motion planning.

Reinforcement
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III. PROPOSED METHODOLOGY

In this project, a 3-joint robotic arm is trained, using the
Q-learning algorithm, which is a model-free
reinforcement learning technique, to efficiently reach a
desired target position. The system is designed so each
joint of the arm can move in small, discrete steps,
allowing fine-grained control over its movement. The
state of the arm is defined by the current angular
positions of its joints; the actions correspond to the
incremental adjustments made to these joints. As the
robotic arm interacts with its environment, it gets
rewards for movements that bring the end-effector
closer to the target and gets penalties for inefficient,
redundant, or unsafe movements that move it away
from the goal or risk collision. This feedback
mechanism helps the robotic arm learn which
movements are beneficial and which should be
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avoided-all without requiring an explicit model of the terms of efficiency of computation and implementation
system's dynamics. of methods.
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robotic arm movement optimization techniques based
on performance scores (0—10). Among the reviewed
methods, the Deep Reinforcement Learning approach
for trajectory planning shows the highest performance
due to its ability to optimize accuracy, smoothness, and
energy efficiency simultaneously. In contrast,
traditional robotic arm control methods record
comparatively lower scores because they lack
adaptability and learning capability in dynamic
environments.

V CONCLUSION

These aforementioned works have made it evident that
there is an increasing trend of using reinforcement
learning methods like Q-Learning and Deep
Reinforcement Learning in addressing issues of
conventional methods of controlling a robotic arm.
Unlike other conventional models based on pre-
programmed or simulated models of robotic arms, a
reinforcement learning method enables a robotic arm to
adapt dynamically and learn to move more accurately
and achieve efficiency in energy consumption without
any direct mathematical modeling. Deep Q-Learning
methods, multi-objective DRL, simulated-result
transfer methods of DRL, and reward shaping methods
have achieved remarkable convergence and accuracy
even in rigid and soft robotic arms. Nevertheless,
scaled models of small-sized arms are facing issues in
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