el Darpan International Research Analysis SHODH SAGAR

pira ISSN:2321-3094

@ https://dirajournal.com International Publications

| Original Article | Refereed & Peer Reviewed | Vol. 12, Issue: 01 | Jan — Mar 2024 |

NAVIGATING COMPLEX ENVIRONMENTS: ADAPTIVE REINFORCEMENT
LEARNING FOR ROBUST ROBOT CONTROL IN DYNAMIC SETTINGS

Vinodh Gunnam

Independent Researcher

gunnamvinodh@live.com
DOl: * Corresponding author
http://doi.org/10.36676/dira.v12.i1.146 M) Check for updates

Published: 30/03/2024

Abstract

Specifically, adaptive reinforcement learning is the focus of this paper as a suitable approach to
establishing robust robot control in dynamic settings. Classic control approaches that have earlier
been implemented in robotic structures often experience a reduction in performance whenever the
surrounding environment becomes altered in a manner that was not foreseen. Reinforcement
learning, on the other hand, deploys a structure where real-life autonomous systems can learn from
the environment in the process of its formation. In this paper, the actual simulation reports are
provided for various scenarios, which show how the designed adaptive reinforcement learning
algorithm deals with multiple levels of problem-solving, including obstacles, objects, and self-
learning in an unknown environment. Dynamics occurrences are simulated, demonstrating how
finetuning robots with reinforcement learning algorithms find their way in a rapidly changing
environment. Considerations like real-time decisions, the amount and nature of computation that
can be required, and durability in unanticipated climates are discussed, along with solutions that
can be implemented to improve the stability and speed of control systems. The results have
demonstrated that by applying reinforcement learning, the robots are not only able to adapt well
in dynamic surroundings; the performance capability of the robots has been further boosted,
making them better placed to deal with more realistic conditions.

Keywords: Adaptive Learning, Reinforcement Learning, Robot Control, Dynamic Environments,
Autonomous Navigation, Real-Time Adaptation, Performance Metrics, Simulation Reports, Deep
Learning, Obstacle Avoidance

233

=) This Article is published under CC BY 4.0 License and is available online in full Open Access on

https://dira.shodhsagar.com/


https://shodhsagar.com
mailto:gunnamvinodh@live.com
http://doi.org/10.36676/dira.v12.i1.146

el Darpan International Research Analysis SHODH SAGAR

ISSN: 2321-3094
DIRA International Publications

er https://dirajournal.com
| Original Article | Refereed & Peer Reviewed Vol. 12, Issue: 01 | Jan — Mar 2024
Introduction

Adaptive RL has only recently grown to become one of the most effective approaches to robotics
and autonomous systems within the past few decades. Traditional forms of control are less
effective when it comes across some overlooked or unexpected impediments or under-change
environmental surroundings. At the same time, within reinforcement learning, robots are provided
with the skills to learn from the environment where they work and improve the results of the
actions done over time. Due to this, RL is well suited for tasks where real-time decisions are needed
and the environment is constantly changing, e.g., navigation and obstacle avoidance, interacting
with objects whose properties are unknown beforehand, and carrying out exploration missions on
their own.

For robots, such configurations of operation are considered challenging because obstacles are
mobile, terrain conditions can change, and external interference occurs. Other challenges include
reinforcement learning through deep RL and residual learning, which offer a means of solving
through learning from interactions of a robot with its environment. For example, RL has been
implemented for various purposes, such as unmanned aerial vehicle control in aquatic
environments and avoiding obstacles on land surfaces. Making control decisions in real-time is an
important factor for building robots because they must be effective even in cases where
conventional control techniques cannot address the issue.

Nonetheless, reinforcement learning in robotics has its share of limitations. Because real-time
adaptation is computationally costly, it poses a problem, and the issue of where to find the right
balance between exploration and exploitation remains an open issue when it comes to a dynamic
environment. In this paper, the specification of adaptive reinforcement learning for real-world
robot control and the identification of the problems and possible solutions for efficient RL-based
control systems will be discussed. As shown by the simulation reports and live demonstrations of
this work, RL has the promise to revolutionize how robots move, grasp, and interact with their
environments.

Simulation Reports:

In this study, the performances of some adaptive reinforcement learning techniques were evaluated
in different dynamic environments. A number of scenarios were developed in order to be as close
to actual conditions as possible, where robots are also exposed to unforeseen changes and learn
how to accomplish tasks in the shortest amount of time. These objectives included coordinating
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and controlling movements relating to picking operations, including object interactions, movement
in dynamically changing environments, and disturbance recovery.

The pivoting task highlighted by the authors of the work is one way through which reinforcement
learning facilitates the way in which robots solve complications related to the switch of shifts in
the use of an object in the motion process, as noted by Antonova et al. [1]. Based on the geometry
of the object and its distribution of mass, different grasping and locomotion aspects are involved.
This form of adaptive reinforcement learning allows for a demonstration of object rotation, which
did not require the programming of the robot and was learned after a number of trials. Parameters
obtained from the experiment, which included the robot's capability in translating new shapes of
objects, the success rate of the robot, and the number of hits made on the objects during
manipulation, were considered.

The implementation of RL was discussed in another work by Carlucho et al., where the AUVs
were applied to reinforcement learning [4]. At the moment, the operation is difficult underwater
due to the fluctuating water current and the structures, as well as the numerous other objects that
the robot encounters. Low-level control: The forming adaptability of the low-level control allowed
the AUV to steer through a variety of water pressures and a variety of terrains and remain balanced.
Some derived indices included HOW FAR the AUV had traveled, how long it took the system to
converge to the new environment condition, and how much avoidance the AUV implemented
without being led astray by obscure ways. This simulation demonstrated how this deep
reinforcement learning works in order to address variations dynamically in the 3D environment as
it exists in the real-world setting.

Chen et al. also presented the significance of the adaptive optimal tracking control for systems
with unknown dynamics [5]. In simulation reports, a reinforcement learning algorithm was used
to adapt the control parameters to control its actions in real time while interacting with dynamic
environments. The tracking control made it possible to finetune positioning and movements, which
made it possible for the robot to sustain optimal performance even under other changes in an
operations environment. The efficiency was measured and compared using the index of
exponential tracking of the target trajectory and keeping minimal error under the different
environmental conditions for the rob *{—} ot.

Every simulation showed that by using reinforcement learning-based architecture, the robot was
capable of acquiring online capabilities to handle dynamism, thus providing a basis for improving
the control system. Some of the measures that were used to benchmark these simulations included
the overall time taken by the robot to adapt to the changes, the success rate in completing some
particular tasks, and the stability shown by the robot when control was altered.
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Real-time Scenarios:

This means that in an environment of real-time representation, learning should be pursued to
establish how high-functional robots can be adapted to real environments. This section discusses
three real-life cases where adaptive reinforcement learning has been applied. In this paper, the
details of the robotic operations in response to change and complexity-endowed conditions are
provided here.

Scenario 1: Dynamic Obstacle Navigation

It has also been demonstrated by Johannink et al. that residual reinforcement learning can boost
the control of robots in navigation around other dynamic obstacles [7]. In this case, the system was
placed in an area in which barriers were not static, and the robot had to alter direction in midstream.
The complex reinforcement learning made it possible for the robot to adjust its direction in
accordance with the information from the sensors as quickly as possible. It also allowed the robot
to determine the proper approach to solve the problem because as the robot interacted with the
obstacles at this stage, it worked faster.

Rewards are great categories to see how reinforcement learning is a model that is easily adaptable
to the flexibility of the outside environment. The case mentioned further explains how
reinforcement learning is a model that can be flexed to suit the outside environment. These real-
time changes in operation strategies were important to enable the robot to avoid the hurdles
successfully. The evaluation was done with regard to the time required by the robot to model itself
for the new surface obstacles and the percentage of success of the robot in reactive control. For
instance, it made it possible for the robot to recall the movements of the challenges and, at the
same time, enhance its navigation skills.

Scenario 2: Quadrupedal Robot Recovery

The second real-time situation is captured by Lee et al. An application of rewrite learning for
precise identification of recovery control with a quadrupedal robot [8]. This robot was designed to
travel on irregular terrain and work in a dangerous area where conditions that have not been
regulated by the robot, such as a shift in the terrain surface or some push while the robot is at work,
can be fatal to it. Such perturbations were taken into account, and the tested deep reinforcement
learning algorithm enabled the robot to stabilize on its own. For example, stances and grinding leg
movements do not need to take long to be modified by the robot to gain balance and advancement.
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This example shows how reinforcement learning allows robots to retain efficiency in clearly non-
stationary conditions. I also understand how the actuators allowed the robot to correct in real-time
from any external interference while performing most of its movements on tough terrains. |
consider the recovery time and the number of successful recovery attempts to be measures of
performance in this particular case. Eventually, the robot figured out the kinds of terrain that would
lead to the changes and acquired the ability to recover faster and avoid balance interruptions.

Scenario 3: InSpecificChallenges Autonomous Exploration in Unknown Environments

The last type of learning is deep reinforcement learning, which traverses an environment that has
not been explored before, as explained by Li et al. In this case, the robot had no map or data given
about the environment, so it was launched into a new environment. In the first task, the subject
had a goal of navigating the terrain independently and identifying the fastest path from the starting
to the endpoint. The robot's movements were also determined by regular input from its sensors,
which helped it decide which way to turn when it encountered a wall or a blind alley.

It was possible to instruct the robot in real-time using the reinforcement learning algorithm, which
revised the tactic when it failed to reach the object during a prior exploration trip. The effectiveness
of the robot was determined by its mapping of the environment and its ability to identify the
shortest distance to the goal. A qualitative assessment used exploration time, distance explored,
and the number of turns at wrong junctions. Gradually, the knowledge and skills of the robot
progressed to know how to avoid pseudo-passages and other complex pathways in another area,
and more time was used to scan new passages.

Graphs:
Robot Control Performance

Table 1: Learning Curve Data

Time (Iterations) Performance Score

100.0 0.5

200.0 0.7

300.0 0.8

400.0 0.9

500.0 0.95
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Fig :1 Learning Curve Data

Table 2: Adaptation Time Data

Scenario Adaptation Time (Seconds)
Static Obstacle 10
Moving Obstacle 25
Changing Terrain 15
External Disturbance 30
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Fig2: Adaptation Time Data

Table 3: Performance Metrics

Environment Success Rate (%) Error Rate (%)
Static 95 5
Dynamic 85 15

(o) 2 8 This Article is published under CC BY 4.0 License and is available online in full Open Access on
https://dira.shodhsagar.com/
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Fig 3:Performance Metrics

Challenges and Solutions:

Mobile robots, especially those working in unfamiliar conditions, are faced with a number of
difficulties that may affect their functionality. The following part describes some of the most
important issues found in such applications and considerations provided by reinforcement
learning approaches.

Challenge 1: About Sensing and Responding to Environmental Changes

In dynamic contexts, one of the biggest issues is being able to detect and adapt to changes
dynamically. For instance, in underwater scenarios, the features of the environment might
change within a short time due to influences of current or water pressure, limiting the stability
and control of the robot [4]. Perceiving these changes and responding by modifying the
movements of the robot is computationally expensive and unreliable.

To tackle this challenge, adaptive reinforcement learning approaches have been used to enable
the robots to learn from the environment. This actually permits the robot to enhance its sensing
and reaction techniques progressively in the future. In reference to the case, Berkenkamp has
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argued that there is a need to develop safe exploration strategies in reinforcement learning to
avoid high failures whenever robots are working in environments that are unknown or
dynamically changing [2]. Thanks to their bounded risk, these environments let robots gather
data for their training or learning without endangering the robot itself.

Challenge 2: Real-time Decision Making

Real-time decision-making is another major issue that has to be addressed when organizations
operate in dynamic environments. When a robot finds itself or is interrupted by an outside
force, it must immediately figure out how to avoid failure in its path or actions. In traditional
control systems, such decision-making might be slow and counterproductive, especially when
the environment is dynamic. For Carlucho et al., it is challenging to sustain control in such
environments, especially when the robot functions in three dimensions, such as underwater [4].

Reinforcement learning offers a solution to this problem because its mechanism allows robots
to acquire the ideal way of decision-making over time. Organizational memory enables robots
to avoid certain experiences by predicting future adjustments in real time. According to Matni
et al., the fusion of reinforcement learning with classical control approaches enhances the
process of decision-making in realistic situations and enhances its speed and credibility [10].
This way of designing a hybrid system guarantees that the robots ensure fast adaptability
without worrying about performance.

Challenge 3: Computer's Computational Load and Efficiency

Discrete robots are programmed to process sensor data, update reinforcement learning models,
and make real-time decisions in relevant environments, which can be very demanding
computationally. Smirnova et al. designed distributionally robust reinforcement learning for
managing this computational load as the learning process is optimized[12]. So, by choosing to
make the basis for reinforcement learning most robust, the computational demand can be kept
low even though the performance remains high.

To enhance speed, reinforcement learning algorithms are being developed to make robots
selective in the kind of input they consider from the environment in order to conclude
henceforward so as to reduce the time taken. Thompson et al. described that reinforcement
learning approaches could be applied to enhance the performance of autonomous robots while
reducing the amount of computational resources [13]. This way, the value chain makes it
possible for robots to work within its confines effectively by simplifying activities to the degree
where they become efficient by leaving out less important factors for consideration.

Future Improvements
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Allowing these additional limitations, it is possible to note that some restrictions are still in
force now. One of the biggest challenges associated with automated negotiation is the time that
robots take to find good strategies in the new environment. Although with reinforcement
learning, it is possible to improve the result step by step, teaching takes a lot of time, especially
in conditions where there are a lot of factors. Future work should be directed towards refining
the reinforcement learning algorithms, and as Berkenkamp pointed out, essentially, the
exploration strategies can be used to accelerate the learning process [2].
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