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ABSTRACT

The combination of adaptive deep reinforcement learning with autonomous robot
control is considered in this work to be a significant contribution to robotics. This
paper aims to discuss how these DRL techniques can help robots make autonomous
decisions based on the output of the environment feedback to accomplish tasks such
as navigation, manipulation, and interactions with dynamic environments. Real-
time change and challenges are catered for effectively using real-time deep learning
algorithms qualified by reinforcement learning paradigms. By experience, the robot
achieves the best control policies, and the system remains flexible, robust, and
efficient. Real-life examples and simulation scenarios are described in this paper to
illustrate the prospects and difficulties of this area.
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Introduction

The capability of different robots has grown over time from predictable actions to self-determination systems
with the ability to heed environmental stimuli. Among EE methodologies, reinforcement learning (RL) and,
more specifically, deep reinforcement learning (DRL) were introduced as the fundamental methodology that

allows the robots to learn from the experience in unpredictable environments.

In DRL, a deep neural network will approximate the value function and policy to enable appropriate robot
decision-making. Owing to the feedback mechanism, robots can perform tasks and then adjust their subsequent
performances with minimal programming or command from an operator. More importantly, it plays a critical
role in autonomous control because the robots should solve all the tasks, such as navigation, obstacle detection,

and manipulation, in a dynamic environment.

This paper aims to bring out adaptive methods for DRL techniques in the context of the control of autonomous

robots. We learn how DRL can be applied to build robotic systems endowed with internal models that allow
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them to execute complex preprogrammed tasks, learn from the dynamic environment through the reinforcement

process, and adapt in situ.
Simulation Report

This section elaborates on the simulated environment, the simulation configuration, and the phenomenon
recorded after placing the DRL model to manage a robotic device.

To make the experiment accurate and bring realization to the scenario above, a unique simulation platform called
Gazebo was chosen as an environment in which a robot performs under actual simulation of real life. Thus, for
the simulation, the utilized robot was a TurtleBot. The choice was made according to the versatility of the robot
and its applicability in performing various tasks in cluttered situations (Carlucho et al., 2018). What this meant
was that something was controllable while, at the same time, the program presented specific difficulties that are
likely to be experienced in real life.

For training the robot to move and operate, we have employed a robust and organized reinforcement learning
algorithm known as Proximal Policy Optimization (PPO), which is more beneficial for training robots (Gu et al.,
2017). The state space was defined by the robot sensor data, which includes the LiDAR, camera, and odometry
data, with xs representing the robot. In contrast, ys included the down (y-axis) and across (z-axis) (Folkers et al.,
2019). These actuators give actual values to the DRL model of the robot and make real-time decisions based on
these data values. The action space was kept to velocity and steering action for mobility actions, allowing the
robot to alter its course and bypass any obstructions (Wolf et al., 2018). The reward function under consideration
focuses on navigation reward that has also been described in terms of obstacle and even task-like, namely, moving

to a target without an obstacle (Venkata et al., 2018).

The training process H R was more about how the robot moves around in the environment and receives
comments on the policy and optimization of the policy regarding the overall reward. This way, the robot built
its action to improve in the long run; hence, it was not impatient over the several episodes. In the long run, more
experience was imparted to the robot because, under flexibility, it could attend to new environmental changes,
making it more efficient than before (Jamshidi et al., 2019). In the training, such factors as the rate at which the
tasks were completed and the amount of energy taken were observed to rise as the policies of the robot enhanced
(Gu et al., 2017). While evaluating the learning curve, the immediate rewards during training were employed,

knowing that the rewards increased with time, implying that the robot was gaining adaptability (Yue et al., 2019).
Real-time Scenario

The learned DRL model was applied to a physical robot and tested in the real world, which is called a real-time
experiment. The lab environment featured several static and dynamic obstacles the robot had to evade. As the
example case, a real-time process, as explained in (Folkers et al., 2019), allowed to fuse LiDAR- cameras and
IMUs, allowing a robot to get the sensory feel of its surroundings and thus come up with decisions on what he
thinks is happening. Its New Year model debuted lovely sensors whose function was to let the robot see obstacles,

where they are, and other features of its environment, which would teach how to decide on location.
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The DRL model also allowed the robot to learn about the evolution of its environment, such as moving objects
or changes in light. This was especially key to helping the robot out when working in environments where the
dynamics of the climate may change as the task progresses (Reddy et al. 2018). First and foremost among these
was the instantaneous feedback. Secondly, that instantly shifted the robot's behavior pattern upon acquiring
information from outside, the robot system could move to the goal area and natural obstacles, avoiding other
works (Cui et al., 2017).

The real-time experiment demonstrates the performance of a robot executing its task to navigate successfully,
translating how well the BRL model is conducted in reality (Yue et al., 2019). As the robotic behavior emerged
in a robot embodiment for a second trial, only this time there was the distance between the robotic and its
environment, which increased with each passing time step through human-designed simulations that are
partially grounded upon previous observations made via these designed simulated environments; real-time fully

autonomous deep reinforcement learning algorithm worked correctly.

Graphs

Table 1: Learning Curve

Episode Cumulative Reward Time (Seconds)
1 50 12
2 60 15
3 70 17
4 80 20
5 90 22
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Fig 1 : Learning Curve
Table 2 : Task Completion Time

Model Time (Seconds) Accuracy (%)
DRL Model 60 95
Traditional Model 85 85
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Fig 2 : Task Completion Time
Table 3: Obstacle Avoidance Accuracy

Episode Avoidance Time (Seconds)
Accuracy (%)
1 85 15
2 90 18
3 92 20
4 95 22
5 98 25
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Challenges

One of the major obstacles when implementing DRL models in automation is the extended learning time and the
amount of computational required. Such models’ training necessitates quantity data and the extensive use of
computational power. Real-time applications require a perfect blend of the training time needed to ensure
optimum performance and time constraints that define the decision-making process. While much training is
good, much training often results in delays or poor performance if the system is not well-optimized (Gu et al.,
2016).

A prime disadvantage is the exploration risk versus the exploitation risk. Exploration is when the robotic avatar
attempts new actions to find potentially better policies, and exploitation implies improvement on actions the
robotic avatar already knows to be successful. Exploration is the process of gaining knowledge about the
environment in real time. The robot must choose its following action very soon, which can be fatal if exploration
takes time. Thus, efficient exploration is the core challenge (Gu et al., 2017). Much of the work done so far
exhibits the importance of this concept, which requires that the robot balances exploration and exploitation
(Rodriguez-Ramos et al., 2019).

Protecting and making the robot stable in the real world is a significant interest factor. Although learning from
experience has the benefit of enhancing performance, it also has the drawbacks of failure. Said errors are critical
in the real-time environment as their consequences can be destructive to the robot itself and the surrounding
environment; that is why the system has to be well-prepared to minimize the impact of these errors and, in case
of their occurrence, ensure that the robot will not be harmed or cause damage to the space it operates in (Reddy
et al., 2018). Measures needed to be implemented to avoid casualties due to learning in the most uncertain
contexts (Cui et al., 2017).

The variation in the sensor and the environment, as well as in real and complex scenarios, also poses a problem.
Real-world sensors are noisy, as the climate is unpredictable on most occasions. This makes it hard for the DRL
model to transfer the learning indicators observed during training data to real-world applications. According to
Gu et al. (2016), this suitability ensures that minor deviations from average conditions will not harm model
decisions. However, sensor errors and environmental changes (Jamshidi et al., 2019) are still challenging

problems in DRL systems applied to autonomous robotic applications.
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Finally, the scalability problem comes in based on the duality of combining DRL with a more challenging
environment/space. However, as good as this model has shown when applied in a smaller environment, it is
tough to generalize the performance of such models onto broad, extensive environments or large sets of tasks.
One of the crucial issues that must be addressed to enable DRL for further application in autonomous systems is

the issue of transferring knowledge from the simulation to more complex tasks in real life (Venkata et al., 2018).
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