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Abstract: The use of drones for various applications has become increasingly popular in recent
years, and machine learning has played a significant role in this trend. In this paper, we provide a
comprehensive survey of the classification and application of machine learning in drones. The paper
begins with an overview of the different types of machine learning algorithms and their applications
in drones, including supervised learning, unsupervised learning, and reinforcement learning. Next,
we present a detailed analysis of various real-world applications of machine learning in drones, such
as object recognition, route planning, obstacle avoidance, search area optimization, and autonomous
search. The paper also discusses the challenges and limitations of using machine learning in drones,
such as data privacy, data quality, and computational requirements. Finally, the paper concludes
with a discussion of the future directions of machine learning in drones and its potential impact on
various industries and fields. This paper provides a valuable resource for researchers, practitioners,
and students interested in the intersection of machine learning and drones.

Keywords: drones; machine learning; artificial intelligence; supervised learning; unsupervised
learning; reinforcement learning

1. Introduction

Due to their ability to carry out tasks that were previously difficult or impossible for humans,
drones, also known as unmanned aerial vehicles (UAVs), have seen a surge in popularity in recent
years. Drones are being used in a wide range of applications, including delivery, agriculture, and
infrastructure inspection, as well as military and surveillance operations [1]. However, the classification
and management of drones have also been complicated by the rapid advancement of drone technology.
In this paper, we will investigate how machine learning algorithms can be used to improve drone
technology in a variety of applications and conduct a survey on the classification of drones according
to their size, shape, and functionality. In addition to shedding light on the advantages and drawbacks
of employing machine learning in drone technology, we will go over the most recent cutting-edge
methods and approaches as well as any potential new developments in the near future [2].

Size, shape, and functionality are some of the factors that can be used to classify drones. Drones
can be categorized according to their size, which can range from nano drones, which are smaller than
a human hand, to large drones that are capable of carrying heavy payloads. The shape is another way
to categorize drones, which can range from conventional quadcopters to novel designs like the X-wing
and VTOL. Lastly, drones can be categorized according to their functions, such as delivery, agriculture,
surveillance, and search and rescue [3].

New opportunities for enhancing drone technology have emerged as a result of the rapid
development of machine-learning algorithms. One application of machine learning is object
recognition, in which drones have cameras that can identify people or objects on the ground. Drones
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can now perform tasks like traffic monitoring and animal tracks in the wild thanks to machine learning
algorithms that can be trained to recognize and classify specific objects in real-time [4].

Autonomous navigation, in which drones can fly without human intervention, is another
application of machine learning. Autonomous navigation is especially useful for tasks like inspecting
infrastructure or surveying large areas of land. Data from the drone’s sensors can be used to train
machine learning algorithms that can decide where to fly, how to avoid obstacles, and when to return
to the base [5].

Additionally, drone delivery, which is becoming an increasingly popular application for drones,
is being improved through the use of machine learning. Using machine learning algorithms, delivery
drones can optimize their flight paths and delivery schedules, shortening delivery times and costs.
During the delivery process, machine learning can also be used to identify and avoid obstacles,
ensuring that packages are delivered safely and effectively [6].

There are a number of potential future developments that machine learning could make possible
as drone technology continues to advance. The creation of swarming drones, in which multiple drones
collaborate to complete a task, is one area of study. Swarming drones could be used for things like
disaster response, surveillance, and even temporary communication networks in faraway places [5].

The creation of drones that are capable of operating in complex environments, such as indoors or
in urban areas, is another area of research. Analyzing the environment and making decisions about
how to get around and avoid obstacles could be done with the help of machine learning algorithms [4].

In this paper, we looked at how size, shape, and functionality can be used to classify drones and
how machine learning algorithms can be used to improve drone technology in a variety of applications.
We have talked about the most recent and cutting-edge methods and strategies as well as potential
future developments. We anticipate that this field will continue to expand and innovate in the coming
years because machine learning is an essential tool for improving drone technology. For those who are
interested in the relationship between drones and machine learning, this survey is a comprehensive
resource [7].

2. Classification of Drones

2.1. Fixed Wing/UAV

Drone aircraft with a fixed, non-rotating wing structure are referred to as fixed-wing drones,
aerial drones, and unmanned aerial vehicles (UAVs). Fixed-wing drones generate lift through the
aerodynamics of their wings, in contrast to rotary-wing drones, which rely on rotating blades to
generate lift. They are great for surveillance, mapping, and delivery because of their ability to fly over
great distances quickly and remain in the air for a long time [4].

Single or multiple engines are used to propel fixed-wing drones, which typically have a longer
wingspan than rotary-wing drones. Due to their reliance on aerodynamic forces and lack of vertical
takeoff and landing capabilities, they are typically more challenging to operate and control than
rotary-wing drones. However, the advantages of longer flight times, faster speeds, and more effective
power use outweigh this drawback [2].

There are two further types of fixed-wing drones: manned as well as unmanned Unmanned
fixed-wing drones are controlled remotely or autonomously by sophisticated navigation and control
systems, whereas manned fixed-wing drones are typically piloted on board the aircraft.

In general, fixed-wing drones have a variety of advantages and capabilities that make them ideal
for a variety of applications, such as surveillance, agriculture, and environmental monitoring. It is
anticipated that fixed-wing drones will become increasingly important in the future of unmanned
aerial systems as technology continues to advance [6].


https://doi.org/10.20944/preprints202306.1901.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 27 June 2023 doi:10.20944/preprints202306.1901.v1

30f29

2.2. Multirotors

Quadcopters, also known as multirotor drones, are aerial vehicles with multiple rotors for lift
and propulsion. They have increased in popularity over the past few years as a result of technological
advancements that have made them more readily available and less expensive. The delivery of goods,
aerial photography and videography, search and rescue operations, inspection and surveying, and
scientific research all make use of multirotor drones [4].

The ability of multirotor drones to hover in a stable position is one of their most important
characteristics, making them ideal for aerial photography and videography. They are highly
maneuverable because they can fly in any direction and are simple to control. A multirotor drone may
have four or six rotors, but the most common configuration is between four and six [2].

Multirotor drones’ design allows for excellent stability and control, but they also require
sophisticated control systems and sensors to maintain flight stability. To control the rotors” speed
and direction, the control systems make use of a combination of accelerometers, gyroscopes, and
barometers to detect shifts in the orientation and movements of the drone [1].

Multirotor drones can be used for a variety of purposes, including commercial and industrial
as well as recreational and hobby use. Photographers, filmmakers, and journalists use them to
capture stunning aerial footage, and logistics and delivery companies use them to transport goods to
far-flung locations. They are also used by search and rescue teams, inspection companies, and scientific
researchers to get into hard-to-reach places [7].

In conclusion, multirotor drones are now widely used in a variety of industries as a safe and
effective means of aerial data and image collection. They are likely to become even more widespread
and adaptable as technology advances, presenting new opportunities and solutions to numerous social
problems [6].

2.3. Flapping Wings

A type of aerial drone known as a "flapping wing drone," also known as an "ornithopter,"
resembles the flight of birds by flapping their wings. Flapping wing drones generate lift and propulsion
through the motion of their wings, in contrast to traditional drones, which rely on rotors to do so. They
are able to fly more effectively and more effortlessly as a result, much like birds do.

Alightweight frame and two flapping wings that are powered by small electric motors or actuators
make up the fundamental design of flapping wing drones. The flapping frequency and amplitude of
the wings are carefully controlled to generate lift and propulsion, mimicking the movement of bird
wings. Sensors like accelerometers and gyroscopes are used to control the drone’s flight. These sensors
detect changes in orientation and movement and adjust the flapping motion accordingly.

Drones with flapper wings have the potential to provide a number of advantages over conventional
drones. They can fly for longer periods of time than traditional drones and use less energy because
of their flapping motion. Additionally, they are quieter and less intrusive, making them ideal for
applications requiring minimal noise, such as aerial photography and wildlife monitoring. In addition,
when compared to conventional drones, the flapping motion of the wings can provide a higher degree
of stability and control, enabling more intricate and sophisticated flight patterns.

However, flapping wing drones aren’t without their drawbacks. They require sophisticated
control systems to ensure stable and controlled flight, making them more difficult to design and
construct than conventional drones. Additionally, they are typically smaller than conventional drones,
limiting their payload capacity.

In conclusion, drones with flapper wings are a fascinating advancement in aerial drone technology.
They have a lot of potential for a variety of uses, including wildlife monitoring, aerial photography,
and scientific research, even though they are still in the early stages of development. Flapping wing
drones are likely to become more common and versatile as technology develops, presenting new
opportunities and solutions to numerous social problems.
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2.4. Tilt-Rotor

A type of drone known as a tilt-rotor drone can tilt its rotors to switch between helicopter and
fixed-wing flight modes. In fixed-wing mode, the rotors are horizontal and provide forward propulsion
like a conventional aircraft, whereas, in helicopter mode, the rotors are vertical and provide lift for
hovering. Tilt-rotor drones can now combine the speed and efficiency of a fixed-wing aircraft with the
vertical takeoff and landing (VTOL) capability of a helicopter.

Most tilt-rotor drones have two or more rotors that are attached to articulated arms. Using a
mechanism that is controlled by the onboard computer of the drone, the rotors can be tilted between
the horizontal and vertical positions. As a result, the drone is able to switch between helicopter and
fixed-wing modes, allowing it to perform a wide range of tasks.

The ability of tilt-rotor drones to operate in a variety of environments and conditions is one of
their primary advantages. They are ideal for tasks that require precise maneuvering and stability, such
as aerial photography and videography, inspection and surveying and search and rescue operations
because they can hover in place and perform vertical takeoff and landing in helicopter mode. They are
able to fly effectively and at high speeds when in fixed-wing mode, making them ideal for long-distance
transportation and scientific research.

The plan and activity of slant rotor drones require progressed control frameworks and sensors
to guarantee a steady and controlled flight. To control the tilt of the rotors and detect changes in
the orientation and movements of the drone, the control systems make use of a combination of
accelerometers, gyroscopes, and barometers.

In conclusion, tilt-rotor drones are a novel option that provides a one-of-a-kind combination of
advantages and capabilities. They are ideal for a wide range of applications and environments because
they combine the best aspects of helicopter and fixed-wing flight. Tilt rotor drones are likely to gain in
popularity and versatility as a result of technological advancements, providing novel opportunities
and solutions to numerous social problems.

Figure 1. Examples of Drones, (a) Fixed Wing, (b) Multi-Rotors, (c) Flapping Wings, (d) Tilt-Rotor
drones [8-11].

3. Machine Learning Techniques in drone design

A new approach to designing low-Reynolds-number airfoils using deep-learning-based tailored
airfoil modes is proposed in [12] The authors suggest using a deep-learning algorithm to learn a
low-dimensional representation of the shape of an airfoil. This representation can then be used to
create new airfoil shapes that are optimized for particular characteristics of aerodynamic performance.
The low-Reynolds-number airfoils that are frequently found in small unmanned aerial vehicles (UAVs)
and micro air vehicles can be designed using the proposed approach. The findings demonstrate
that the proposed approach is able to design airfoils with improved aerodynamic performance when
compared to other approaches, achieving an improvement of up to 40% in the lift-to-drag ratio for
some design specifications. Small UAVs and MAVs, which are increasingly used in environmental
monitoring, search and rescue, and precision agriculture, could benefit from the proposed method’s
increased efficiency and performance.

A method for using deep learning to create a multi-fidelity surrogate model for aerodynamic
design optimization is presented in [13] A more accurate and effective surrogate model for the design
optimization process is created by combining low-fidelity models with high-fidelity computational
fluid dynamics (CFD) simulations in the proposed approach. From the combined data set, the deep
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learning algorithm is used to learn the mapping between the input parameters and the output response.
An unmanned aerial vehicle (UAV) wing’s aerodynamic design is optimized using the proposed
approach. The findings demonstrate that the proposed approach is effective in reducing the number of
high-fidelity CFD simulations required by 25% and increasing overall design performance by 10%,
both of which contribute to an increase in the process’s efficiency and accuracy in aerodynamic design
optimization. Beyond UAVs, the proposed method has the potential to improve the design process for
automotive and aerospace engineering, among other engineering fields.

A strategy for designing the trajectories and access control of aerial drones to optimize
communication performance is proposed in [14]. The authors suggest coordinating the drones’
trajectories and access control by employing a multiagent deep reinforcement learning (MARL)
algorithm. By optimizing the drones’ position and movement in relation to the ground base
station, the proposed method aims to improve communication performance. A scenario in which
multiple drones are utilized to provide communication coverage in a disaster area is the subject
of the proposed approach. The findings demonstrate that the proposed approach is successful in
increasing communication coverage and decreasing communication delay, with an improvement in
communication performance of up to 60% when compared to previous approaches. Communication
systems for disaster response and other crucial applications could benefit from the proposed approach’s
increased effectiveness and dependability.

[15] provides an in-depth analysis of how deep learning can be used in the control, dynamics,
and design of aircraft. The authors give an overview of the various deep-learning techniques that
have been used to design and operate various aspects of aircraft, such as flight control, autonomy,
structural design, and aerodynamics. Prediction, classification, optimization, and control are just
a few of the aircraft-related tasks that this paper examines in depth in its comprehensive literature
review. In addition, the authors identify a number of research directions for future work and discuss
the difficulties and limitations of utilizing deep learning in aircraft design. The paper concludes
by emphasizing the potential of deep learning to revolutionize the design and operation of aircraft,
enhancing sustainability, efficiency, and safety. The authors contend that ongoing research in the field
of deep learning is necessary to realize the full potential of this technology because deep learning has
the potential to change the way aircraft are designed, operated, and maintained.

The application of machine learning methods to aerodynamic shape optimization is mentioned
in [16] Aerodynamic design optimization, which can be challenging due to the complexity of the
underlying physics and the large design spaces involved, is highlighted by the authors as requiring
precise and effective methods. Neural networks, genetic algorithms, and other optimization techniques
are included in the review of the existing literature on the application of machine learning to
aerodynamic shape optimization. The authors highlight the potential of machine learning to enhance
the accuracy and efficacy of aerodynamic design optimization and discuss the advantages and
disadvantages of these methods. In the paper’s conclusion, several research directions for the future are
identified, such as the creation of more sophisticated machine learning algorithms and the integration
of machine learning with other methods of optimization. The authors argue that the advancement of
machine learning methods for aerodynamic shape optimization has the potential to revolutionize the
field and make it possible to design aircraft that are both more effective and better for the environment.

A novel deep reinforcement learning method for airfoil morphing is presented in [17] The authors
discuss the drawbacks of conventional approaches and draw attention to the significance of airfoil
morphing in the design of aircraft. To improve airfoil morphing, the paper suggests a novel strategy
that makes use of a deep reinforcement learning algorithm. The goal of the algorithm’s training is
to figure out the best morphing sequence for getting the desired aerodynamic performance from
a set of predefined airfoil shapes. The authors present the outcomes of a number of experiments,
demonstrating that the proposed method is capable of producing the best morphing sequences for
various airfoil shapes and performance goals. The paper concludes by highlighting the potential of
deep reinforcement learning in airfoil morphing and identifying a number of research directions for
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the future. These directions include the creation of more sophisticated algorithms and the integration
of the proposed method with other methods for design optimization. The authors argue that the
proposed method has the potential to significantly enhance the effectiveness and efficiency of airfoil
design, resulting in the creation of aircraft that are both more effective and better for the environment.

A novel approach to drone design that draws inspiration from the flight capabilities of birds and
insects is presented in [18]. The authors draw attention to the drawbacks of conventional multirotor and
fixed-wing drone designs, such as their limited speed, maneuverability, and endurance. Inspired by the
flight capabilities of insects and birds, the paper proposes a novel design that incorporates morphing
mechanisms for the tail and wings. The authors present the outcomes of a number of experiments
that show that the proposed design is effective at increasing the endurance, maneuverability, and
speed of drone flight. The paper concludes by highlighting the potential of bioinspired design in drone
technology and identifying several future research areas, such as the creation of more sophisticated
morphing mechanisms and the integration of the proposed design with other drone technologies.
According to the authors, the design that has been proposed has the potential to significantly enhance
the effectiveness and efficiency of drones, resulting in the creation of more sophisticated and adaptable
unmanned aerial vehicles.

A framework for combining machine learning and physics-based modeling to monitor the health
of a composite wing is presented in [19] The authors point out that it can be challenging to put into
practice and often requires a lot of computational power to monitor the health of composite structures.
By incorporating machine learning methods that can learn from the data and make predictions about
the health of the composite wing, the proposed framework aims to overcome these limitations. A
physics-based model of the composite wing is created using reduced-order models, low-fidelity
models are created using reduced-order models, and machine learning algorithms are used to learn
from the data and make predictions about the wing’s health are all described by the authors in their
implementation of the proposed framework. The proposed framework’s efficacy in monitoring the
composite wing’s health is demonstrated by the authors’ findings from a number of experiments. The
paper concludes by highlighting the potential of the proposed framework to improve the efficiency and
accuracy of composite structure health monitoring and identifying a number of research directions for
the future, such as the creation of more sophisticated machine learning algorithms and the integration
of the proposed framework with other health monitoring technologies.

The use of neural networks in the design of unmanned aerial vehicles (UAVs) for the fitting and
classification of computational fluid dynamics (CFD) data is proposed in [20] The authors point out
that the traditional method of designing UAVs requires a lengthy process of trial and error, which can
be significantly sped up with the help of machine learning methods. Neural networks are used in
the proposed method to predict the CFD results for a specific UAV design and classify it according
to various performance metrics. The collection of CFD data, the creation of a neural network model,
and the utilization of the model to optimize the design of a UAV are all components of the method
presented by the authors for putting the proposed strategy into practice. The authors present the
outcomes of a number of experiments, demonstrating that the proposed strategy is effective in reducing
the amount of time required for design optimization and improving the performance of unmanned
aerial vehicles. The use of reinforcement learning to improve the design of unmanned aerial vehicles
(UAVs) in dynamic environments and the incorporation of additional performance metrics into the
classification process are two potential areas for future research that are identified at the conclusion of
the paper.
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Table 1. Comparison table with different ML approaches in drone design.

Paper Main Contribution Applications Key Findings
Proposed an approach for Smallunmanned aerial Achieved up to 40% improvement
esigning optimized airfoils using  vehicles s) and inlift-to-drag ratio for some design
[12] designing optimized airfoils using hicles(UAVs) d inlift-to-drag ratio f desig
deep learning algorithms micro air vehicles specifications
Developed a method for creating Reduce the number of high-fidelity
[13] a more accurate and effective UAVs, automotive and simulations required by 25%
surrogate model for design aerospace engineering and increased overall design
optimization performance by 10%
Introduced a strategy for Communication . o
optimizing drones using systems for disaster .AChleVE‘d up'to 6.0 /o improvement
[14] . . in communication performance
multiagent deep reinforcement response and other .
. . . S compared to previous approaches
learning algorithm crucial applications
. . . Flight control, Ident.lfled potential ~ folr deep
Provided an in-depth analysis of learning to revolutionize the
[15] how deep learning can be used in autonomy, - structural design and operation of aircraft
. I & . design, and &1 peratior L
aircraft design and operation . enhancing sustainability, efficiency,
aerodynamics
and safety
Highlighted potential for ML
Reviewed the literature on the Aerodynamic design to enhance the accuracy and
[16] application of ML to aerodynamic  optimization for efficacy of aerodynamic design
shape optimization aircraft optimization, and identified future

research directions

4. Machine Learning Techniques in Drone Control

In [21] presents a novel strategy for maximizing communication coverage while minimizing
energy consumption by optimizing the flight path of unmanned aerial vehicles (UAVs). To accomplish
this, the authors suggest using deep reinforcement learning, which involves training a neural network
in a simulation environment to learn the best policy for UAV control. The authors propose a novel
reward function that takes into account the fairness and quality of the UAV’s communication coverage.
In order to prevent an excessive concentration of resources in particular locations, the reward function
is intended to encourage the UAV to prioritize areas with poor coverage while avoiding areas with
good coverage. The authors present the outcomes of experiments that were carried out in a simulated
setting. These results show that the proposed method is capable of increasing communication coverage
while also ensuring that coverage is distributed fairly. The authors also look at how well the proposed
method works in different situations like when there are different demands on communication and the
environment is different. The paper comes to a close by talking about how the proposed method could
be used in different areas, like disaster response, public safety, and military operations.

A system for social distancing monitoring in public places that makes use of a deep learning
algorithm is proposed in [22]. In a public setting, the system detects individuals and their distances
using a camera mounted on a drone. Two parts make up the proposed deep learning algorithm:
estimation of distance and object detection The You Only Look Once (YOLO) algorithm is used in the
object detection portion, and the SD (Single Shot MultiBox Detector) algorithm is used in the distance
estimation portion to estimate how far apart the individuals are. Multiple people can be tracked by
the proposed system, which can be used in real-time to make sure social distance rules are followed.
The system can be used to effectively maintain social distance in public places and shows promising
results in identifying individuals and their distances.

The research paper [23] involves analyzing drone data using machine learning methods. The three
stages of the proposed framework are as follows: data processing, data analysis, and data acquisition
The collection of evidence from drones using a variety of tools and methods, including digital forensics
tools and a physical examination of the drone, is part of the data acquisition phase. Preparing and
extracting data from the acquired evidence is part of the data processing stage. Machine learning
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methods are applied to the extracted data during the data analysis phase to find patterns, anomalies,
and potential evidence related to the incident.

A case study is also included in the paper to show how well the proposed framework works. The
crash of a drone that caused damage to property is the subject of the case study. The collected evidence was
analyzed using machine learning methods and the proposed framework was applied to it. The findings of
the analysis provided valuable evidence for the investigation and revealed the incident’s likely cause.

In general, the proposed forensic framework and machine learning methods provide an efficient
and effective method for continuing the investigation into drone-related incidents.

For controlling unmanned aerial vehicles (UAVs) [24] in a variety of tasks, including navigation,
tracking, and obstacle avoidance, the various reinforcement learning and deep learning algorithms
are evaluated in this paper. The authors compare the algorithms based on accuracy, speed, and
generalizability using a simulated environment and various metrics. Q-learning, SARSA, and
Actor-Critic are examples of the reinforcement learning algorithms that were tested, while CNNs and
DBNs are examples of deep learning models.

While the speed of the reinforcement learning algorithms is superior, the accuracy and
generalization of the deep learning models are generally superior to those of the reinforcement learning
algorithms. However, each algorithm performs differently depending on the task and environment at
hand. The authors also mention the possibility of enhancing the overall performance of UAV control
by combining reinforcement learning and deep learning.

Overall, the study demonstrates the control potential of deep learning and reinforcement learning
algorithms for unmanned aerial vehicles (UAVs) and emphasizes the need for additional research to
tailor these methods to specific tasks and environments.

A method for controlling a drone in virtual reality using machine learning and MEMS sensor
technology is proposed in [25]. In order to predict the drone’s motion, the authors use an IMU (Inertial
Measurement Unit) to capture the drone’s motion in three-dimensional space. The authors discovered
that the machine learning algorithm could accurately predict the motion of the drone, which could be
utilized for virtual reality drone control. They also talked about how this technology could be used for
training and simulation, as well as for making autonomous drones. Overall, the paper shows that it
is possible to control drones in virtual reality with MEMS sensor technology and machine learning,
which could have an impact on the development of more advanced drone technologies.

Agent

State S 4

Reward .,

Action a,

Figure 2. Reinforcement learning architecture in Drone control.
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Author [26] makes a deep learning-based approach to using radio frequency (RF) signals to find
and identify drones. In order to train and evaluate their deep learning models, the authors present a
dataset of RF signals gathered from various drone models. There are two main steps in the proposed
method: classification and detection A deep convolutional neural network (CNN) is used in the
detection step to find a drone signal in the RF data. A recurrent neural network (RNN) is used in
the classification step to divide the detected signals into various drone models. The collected dataset
serves as the basis for the authors’ evaluation of the proposed method, which yields encouraging
results with high detection and classification accuracies. They also talk about how their method could
be used to identify and detect drones in a variety of settings, like safety and security.

Using machine learning models, the paper [27] proposes a framework for the autonomous
detection of malicious events in drone networks. Analyzing the network traffic data and identifying
abnormal traffic patterns that could indicate an attack or malicious event, the authors make use of the
power of artificial intelligence, particularly deep learning techniques. The experimental results show
that the framework is effective at accurately detecting and classifying a variety of malicious events,
including reconnaissance attacks, denial-of-service attacks, and malware infections, on a custom drone
network dataset. By making it possible to detect malicious activities in a timely and accurate manner,
the proposed framework can help to improve the security of drone networks, preventing potential
damage and maintaining the network’s integrity.

A cooperative multi-agent deep reinforcement learning (RL) framework is proposed in [28] to
achieve effective and reliable surveillance through autonomous multi-UAV control. By allowing
each agent to learn from and work with other agents to improve the global objective function, the
proposed framework addresses the difficulties of autonomous multi-UAV systems. The four main
components of the proposed framework are as follows: 1) the module for observation extraction; 2)
the module for communication; 3) the module for action selection; and 4) the module for learning and
cooperation. The experimental results of the proposed method’s testing in a simulated environment
demonstrate that, while maintaining a robust and dependable surveillance system, it is capable of
successfully detecting and tracking moving targets with a high success rate. The proposed method
looks promising and could be used in real-world situations like disaster management, search and
rescue, and surveillance.

The paper [29] proposes a circulated calculation for improving a PID regulator for a heterogeneous
group of UAVs utilizing AL The calculation intends to limit the deviation of the genuine direction of
the UAVs from the ideal direction. The proposed approach depends on the utilization of a versatile
pundit plan strategy, which joins a pundit brain network that gauges the expense capability with an
activity network that produces the control activities. The pundit network is prepared internet utilizing
the information produced by the UAVs during the flight, while the activity network is refreshed
utilizing the approach inclination strategy. The creators show that the proposed calculation outflanks
conventional strategies and accomplishes better intermingling and following execution.

For obstacle avoidance in unmanned aerial vehicles (UAVs) with limited environmental
knowledge, the paper proposes a memory-based deep reinforcement learning (DRL) strategy. The
proposed approach [30] stores the current state of the UAV and its environment in memory by encoding
it using a recurrent neural network (RNN). The decisions regarding the UAV’s trajectory to avoid
obstacles are then made using the stored information.

A DRL algorithm known as proximal policy optimization (PPO), which optimizes the UAV’s
policy for obstacle avoidance, is used to train the RNN. In a simulation, the proposed strategy is tested
against other obstacle avoidance strategies that are based on rules and DRLs.

According to the findings, the success rate and path efficiency of the proposed memory-based DRL
method are superior to those of the other approaches. The authors conclude that the memory-based
strategy is a promising approach for UAVs with limited environmental knowledge to avoid obstacles.
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Table 2. Comparison table with different ML approaches in drone control.
Paper Main Focus Methodology Key Findings
Proposed  Reward function
Maximizing communication encourages UAVs to prioritize
. S Deep Reinforcement areas with good coverage;
[21] coverage while minimizing energy . . ..
consumption of UAVs Learning increases communication coverage
while ensuring coverage is
distributed fairly
Social distancing monitoring Deep learning Sys.tem can detecti 1nd1v1du.als and
. . . . their distances in real-time to
[22] in public places wusing a algorithm (YOLO . .
drone-mounted camera and SD) ensure social distance rules are
followed
) Proposed framework and machine
. . Threg . §tages. data learning methods provide an
Analyzing drone data wusing acquisition, data - .
[23] . . . efficient and effective method for
machine learning methods processing, and data . . S
analysis continuing the investigation into
drone-related incidents
Deep learning models generally
Evaluating reinforcement learning ~ Simulated have higher accuracy and
[24] and deep learning algorithms for ~environments and generalization, but each algorithm
controlling UAVs in various tasks ~ various metrics performs differently depending on
the task and environment
Machine learning algorithm
Controlling a drone in virtual IMU to capture drone accurately predicts drone
[25] reality using machine learning and motion in ?I?Ds ace motion, could be utilized for
MEMS sensor technology P virtual reality drone control and
training/simulation
Proposed method yields
encouraging results with high
Using RF signals to find and Deep learning models detection and classification
[26] g g p 8

identify drones

(CNN and RNN)

accuracies; could be used in a
variety of settings for identifying
and detecting drones

5. Machine Learning Techniques in Drone Energy Management

A deep reinforcement learning strategy for coordinated multi-agent unmanned aerial vehicle
(UAV) systems is presented in [31] In order to achieve energy awareness in UAV-based big-data
platforms, which are used for data collection and analysis in large-scale environments, the authors
propose a system that employs deep reinforcement learning. The system is intended to reduce the
amount of energy used by multiple UAVs for data collection and analysis. To achieve energy efficiency,
the actions of multiple UAVs are coordinated using the deep reinforcement learning algorithm. The
findings demonstrate that the proposed system is capable of maintaining the performance of data
collection and analysis tasks while simultaneously reducing energy consumption. The limitations
of using deep reinforcement learning in UAV-based big-data platforms, as well as the need for
additional research and development in this area, are also discussed by the authors. Overall, the
study demonstrates the importance of continuing progress in this field and the potential of deep
reinforcement learning to enhance energy efficiency in big-data platforms based on UAVs.
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Table 3. Comparison table with different ML approaches in drone energy management.

Paper Key Technologies Key Findings

The proposed system can reduce energy consumption
[31] Deep Reinforcement Learning while maintaining the performance of data collection and

analysis tasks

The proposed system outperforms existing interference
[32] Affinity Propagation, Machine learning management strategies in terms of reducing interference

and improving overall performance

Orchestrated Scheduling, Multi-Agent The proposed system outperforms traditional charging

[33] Deep Reinforcement learning methods .m terms of charging time and energy
consumption
The proposed strategy can improve the performance
[34] Deep Reinforcement Learning of UAV communication systems by outperforming

conventional methods in terms of energy efficiency and
communication fairness

The proposed method can accurately predict drones’
[35] Deep Learning energy consumption based on flight time, altitude, speed,
payload, and weather conditions

An integrated affinity propagation and machine learning approach to managing interference
in drone base stations (DBSs) is presented in [32] A system with machine learning for interference
management and affinity propagation for clustering DBSs is proposed by the authors. The clustering
is used to determine the best configuration for each cluster and is based on the communication
characteristics of DBSs, such as the location and frequency of communication. The information is then
used by the machine learning algorithm to improve the interference management between DBSs in
the same cluster. In terms of reducing the number of DBSs that are interfering and improving DBSs’
overall performance, the findings demonstrate that the proposed system performs better than existing
interference management strategies. In addition, the authors discuss the drawbacks of incorporating
affinity propagation and machine learning into DBS interference management, as well as the need for
additional research and development in this field. In general, the study emphasizes the significance
of continuing progress in this field and demonstrates the potential of an integrated approach for
enhancing the performance of DBSs in the presence of interference.

A multi-UAV charging system that makes use of orchestrated scheduling and multi-agent deep
reinforcement learning (MARL) is presented in [33] In order to provide UAVs with charging that
is both efficient and effective, the authors suggest a system that combines charging stations, UAVs,
and a cloud platform. The charging of the UAVs is orchestrated by the system using a scheduling
algorithm that takes into account the battery levels, flight plans, and charging availability of the UAVs.
After that, the scheduling results are used by the MARL algorithm to improve efficiency and shorten
the charging time by optimizing the charging procedure. The study demonstrates the potential of
orchestrated scheduling and MARL for improving the efficiency and effectiveness of UAV charging
systems by demonstrating that the proposed system outperforms traditional charging methods in
terms of charging time and energy consumption. The authors also talk about the problems with
these kinds of systems and where they should go in the future, like how more research and testing
in real-world situations are needed. Overall, the study demonstrates the potential of cloud-assisted
systems in this context and the significance of integrated approaches for enhancing the performance of
UAV charging systems.

The research paper [34] describes a deep reinforcement learning (DRL) strategy for allocating
frequency bands and designing 3D UAV trajectories in order to ensure fair and energy-efficient
communication. By optimizing the UAV’s flight path and frequency band allocation, the authors
hope to boost the efficiency of UAV communication systems. Based on real-time communication
requirements and energy consumption, the proposed strategy makes use of a DRL algorithm to learn
and optimize the UAV’s trajectory and frequency band allocation. The study demonstrates that DRL


https://doi.org/10.20944/preprints202306.1901.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 27 June 2023 doi:10.20944/preprints202306.1901.v1

12 of 29

has the potential to improve the performance of UAV communication systems by outperforming
conventional methods in terms of energy efficiency and communication fairness. The authors also talk
about the problems with these kinds of systems and where they should go in the future, like how more
research and testing in real-world situations are needed. Overall, the study highlights the potential of
DRL in this context and the significance of optimizing the trajectory and frequency band allocation of
the UAV for energy-efficient and fair communication.

A deep learning approach to predicting drone energy consumption is discussed in [35] The
authors model the drones’ energy consumption based on flight time, altitude, speed, payload, and
weather conditions using a deep neural network. The findings demonstrate that the proposed method
is applicable to real-world scenarios and can accurately predict drones’ energy consumption.

6. Machine Learning Techniques in Drone Navigation

An investigation into the use of reinforcement learning (RL) for the autonomous navigation of
unmanned aerial vehicles (UAVs) is presented in [36] For UAV navigation in unknowable environments,
where a UAV must learn to fly from one location to another while avoiding obstacles, the authors
propose an RL-based method. The authors compared their proposed method to more conventional
approaches to navigation and evaluated its efficacy in a simulation environment. According to
the findings, the RL-based approach performs better than conventional methods in terms of speed,
accuracy, and efficiency. The authors come to the conclusion that RL can be a promising method
for autonomous UAV navigation and recommend that future research concentrate on adapting the
strategy to environments that are more realistic.

A study on using deep reinforcement learning (DRL) for autonomous drone navigation is
presented in [37] For drone navigation in complex environments where the drone must use sensor data
to avoid obstacles and reach its destination, the authors propose a DRL-based strategy. The authors
compared their proposed method to more conventional approaches to navigation and evaluated its
efficacy in a simulation environment. The findings demonstrate that the DRL-based approach is able
to effectively deal with complex environments with multiple obstacles and outperforms conventional
methods in terms of efficiency, speed, and accuracy. The authors conclude that DRL is a promising
method for autonomous drone navigation and recommend that additional sensor data and real-world
testing be the primary focus of subsequent research.

The study [38] provides an overview of the state of deep learning for drone navigation research at
the present time. The authors, Thomas Lee, Susan Mckeever, and Jane Courtney, look at the various
methods used to make it possible for drones to navigate on their own and talk about the problems
that still need to be solved. They look at how deep learning techniques like reinforcement learning,
convolutional neural networks, and recurrent neural networks can be used in drone navigation. The
authors also talk about how obstacle avoidance, flight planning, and landing are affected by deep
learning in drone navigation. They conclude by highlighting the potential for profound comprehension
to revolutionize drone navigation and provide research avenues for the future.

A novel method for using deep reinforcement learning for drone navigation and obstacle
avoidance is proposed in [39] Using a deep neural network to make decisions about what to do
based on observations of the environment, the authors have created a system that lets a drone navigate
through complex environments. The neural network is trained by the system using reinforcement
learning to learn to avoid obstacles and get to a desired location. In a simulation, the authors evaluate
their strategy and demonstrate that the drone can successfully navigate and avoid obstacles in difficult
environments. The findings indicate that real-world drone navigation and obstacle avoidance systems
could benefit from using deep reinforcement learning.
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Table 4. Comparison table with different ML approaches in drone navigation.
Study  Approach Main Focus Key Findings
- . RL-based approach outperforms
[36] RL UAY navigation in  unknown conventional methods in terms of speed,
environments -
accuracy, and efficiency
DRL-based approach effectively deals
Drone navieation in complex with complex environments with multiple
[37] DRL-based . & P obstacles and outperforms conventional
environments . . .
methods in terms of efficiency, speed, and
accuracy
DRL-based approach successfully
Drone navieation and obstacle navigates and avoids obstacles in difficult
[39] DRL-based . & environments, indicating potential for
avoidance I
real-world drone navigation and obstacle
avoidance systems
DRL and UAV navigation and obstacle Proposed method performs better than
[40] massive avoidance in complex conventional approaches in terms of
MIMO-based environments stability and accuracy for UAV navigation
UAV navigation in high-dynamic ~ DRL-based approach performs better than
[41] DRL-based . . .
environments conventional methods in terms of accuracy
Deep learning has the potential to improve
Deep . . s .
[42] . Autonomous indoor drone racing  capabilities of autonomous indoor drone
Learning-based racing
Radio mapping and navigation Proposed DRI strategy performs better than
[43] DRL-based in cellular-connected UAV  conventional methods in terms of radio
environment mapping efficiency and navigation accuracy
RL-based Incorporating function approximation into
[44] with function UAV navigation RL algorithm improves speed and accuracy
approximation of navigation process

Deep reinforcement learning and massive MIMO technology are used to propose a novel strategy
for navigating unmanned aerial vehicles (UAVs) in [40] These two methods have been combined
by the authors to create a system that can avoid obstacles while navigating UAVs through complex
environments. A deep neural network is used in the system, which is trained through reinforcement
learning to decide what to do based on what it sees around it. The vast MIMO technology is utilized to
enhance the quality of communication between the control system and the UAV. In simulations, the
authors evaluate how the proposed method performs and demonstrate that, in terms of stability and
accuracy for UAV navigation, it performs better than conventional approaches. The findings point to
the possibility of putting massive MIMO technology and deep reinforcement learning together in UAV
navigation systems.

[41] suggests a deep reinforcement learning strategy for navigating high-dynamic environments
with unmanned aerial vehicles (UAVs). A system that uses a deep neural network that has been trained
through reinforcement learning to make decisions about what to do based on what it sees around it
has been created by the authors. The system is built to deal with the problems of high-dynamic
environments, like sudden changes in the environment or obstacles in the way of the UAV. In
simulations, the authors evaluate how well their method performs and demonstrate that, in terms
of UAV navigation accuracy and stability in highly dynamic environments, it performs better than
conventional approaches. The outcomes demonstrate the usefulness of deep reinforcement learning
for navigating UAVs in difficult environments.

The application of deep learning to autonomous indoor drone racing is investigated in [42] Using
perception, guidance, and navigation systems based on deep learning algorithms, the authors hope to
create a system that can effectively guide a drone through an indoor racecourse. A deep learning-based
approach to overcoming the various obstacles encountered in indoor drone racing is presented in the
paper. The results show that the system is able to successfully navigate the racecourse and maintain
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a stable flight trajectory. The system is trained using a combination of visual and sensory data from
the drone. The study’s results show that deep learning has the potential to improve the capabilities of
autonomous indoor drone racing.

A method for simultaneous navigation and radio mapping for cellular-connected unmanned
aerial vehicles (UAVs) is presented in [43] To address the issue of radio mapping and navigation in a
cellular-connected UAV environment, the authors suggest using deep reinforcement learning (DRL).
The UAV is able to fly to areas with strong signals while avoiding areas with weak signals thanks to
the DRL algorithm’s training to make decisions based on the quality of the cellular signal. In terms of
radio mapping efficiency and navigation accuracy, the study’s findings demonstrate that the proposed
DRL strategy performs better than conventional methods. The results show that cellular-connected
UAUVs can use DRL for simultaneous radio mapping and navigation.

A reinforcement learning (RL) strategy for the autonomous navigation of unmanned aerial
vehicles (UAVs) is presented in [44] In order to boost both the speed and accuracy of the navigation
process, the authors suggest incorporating function approximation into the RL algorithm. Based on
the UAV’s current state, the function approximation is used to estimate the expected reward for each
action. The study shows that, in terms of speed and accuracy for navigation, the proposed RL approach
with function approximation performs better than conventional RL methods. The results show that
autonomous UAV navigation with RL and function approximation is possible.

A deep reinforcement learning (DRL) strategy for distributed energy-efficient multi-UAV
navigation for long-term communication coverage is presented in [45] The authors want to reduce
the amount of energy each UAV uses while simultaneously increasing the network’s communication
coverage. The proposed DRL algorithm is taught to decide how to navigate each UAV, taking into
account the network’s energy efficiency and communication coverage. In terms of both communication
coverage and energy efficiency, the study demonstrates that the proposed DRL approach performs
better than conventional methods. The results show that DRL can be used to provide long-term
communication coverage for distributed energy-efficient multi-UAV navigation.

7. Machine Learning Techniques in Drone Mappings

A method for mapping soil pollution using drone image recognition and machine learning is
presented in [46] The authors suggest taking pictures of an arsenic-contaminated agricultural field
with a camera on a drone. Machine learning algorithms are used to look at the images and figure out
which parts of the field are contaminated with arsenic. A dataset of images that have been labeled as
either contaminated or uncontaminated is used to train the machine learning algorithm. The findings
demonstrate that the proposed method is successful in accurately locating arsenic-contaminated fields.
The method has the potential to boost soil pollution mapping’s efficiency and accuracy, which are
crucial for ensuring the safety of agricultural products and human health.

Table 5. Comparison table with different ML approaches in drone mappings.

Study Methodology Application

[46] Drone image Recognition and ML Mapping soil pollution

[47] ML, Visual interpretation, and pixel classification =~ mapping vegetation on small island ecosystem
[48] UAV imagery and ML Mapping shallow water bathymetry

[49] UAV imagery and DL Identifying and mapping individual plants
[50] DL Mapping plastic waste

[47] compares three approaches for using UAV images to map vegetation on small island
ecosystems. In order to evaluate the precision and efficacy of each method, the authors compare
machine learning, visual interpretation, and pixel classification approaches. The outcomes demonstrate
that the machine learning approach performs better than the other two because it achieves high
accuracy while necessitating less manual labor. The dataset of labeled images used to train the machine
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learning algorithm can classify vegetation types based on patterns in the images. The proposed method
has the potential to make vegetation mapping on small island ecosystems more effective and accurate,
which is important for ecological and conservation research.

A method for mapping shallow water bathymetry using the unmanned aerial vehicle (UAV)
imagery and machine learning is presented in [48] Based on the reflectance values in the UAV imagery,
the authors suggest using a machine learning algorithm to estimate the depth of the water. Using a
dataset of labeled images and depth measurements, the algorithm is trained. The findings demonstrate
that the proposed method is successful in accurately mapping the bathymetry of shallow water, with
an average error of less than 0.5 meters. The method has the potential to boost bathymetry mapping’s
efficiency and accuracy, which are crucial for coastal management and marine conservation.

A method for identifying and mapping individual plants in a high-elevation ecosystem by
utilizing unmanned aerial vehicle (UAV) imagery and deep learning is presented in [49] The authors
suggest utilizing a deep learning algorithm to identify specific plants from the UAV imagery. A set
of labeled images with information about plant species are used to train the algorithm. The findings
demonstrate that the proposed method is successful in mapping and identifying individual plants in a
highly diverse high-elevation ecosystem with an overall accuracy of more than 90%. Plant mapping is
crucial for ecological and conservation research, and the proposed method has the potential to boost
both efficiency and accuracy.

A deep learning-based approach to automatically mapping plastic waste is proposed in [50]
A deep learning algorithm, according to the authors, could be used to identify plastic waste from
UAV imagery. A dataset of labeled images with information about plastic waste is used to train the
algorithm. With an overall accuracy of over 90%, the outcomes demonstrate that the proposed method
is successful in accurately identifying and mapping plastic waste. The plastic waste mapping process,
which is crucial for environmental management and conservation, has the potential to become more
effective and accurate with the proposed method.

8. Application of Machine Learning Techniques

8.1. Search for an Object

The research paper [51] describes a reinforcement learning strategy for using unmanned aerial
vehicles (UAVs) to locate ground objects. An autonomous navigation and object detection system
for a UAV has been developed by the authors. A deep neural network that has been trained through
reinforcement learning is used by the system to decide what to do based on what it sees around it. In a
simulation, the authors evaluate their strategy and demonstrate that the unmanned aerial vehicle can
precisely locate ground objects while avoiding obstacles in its path. In real-world applications, the
findings demonstrate the potential of reinforcement learning for autonomous UAV navigation and
object localization.

A deep learning strategy for human target search and detection using unmanned aerial vehicles
(UAVs) is proposed in [52] A system designed by the authors makes it possible for an unmanned aerial
vehicle (UAV) to search for and identify human targets in challenging environments. A large dataset
of human targets is used to train the system’s deep neural network, which is used to make decisions
about what to do based on environmental observations. In simulations, the authors evaluate how
well their method works and demonstrate that the unmanned aerial vehicle can accurately identify
human targets while avoiding obstacles in its path. In real-world UAV applications, the outcomes
demonstrate the potential of deep learning for human target search and detection.

A deep reinforcement learning strategy for object tracking in drone images is proposed in [53] A
method devised by the authors enables a drone to simultaneously take pictures and track objects in
real time. Based on observations of the environment, including the captured images, the system makes
decisions about what to do with a deep neural network that has been trained through reinforcement
learning. In simulations, the authors evaluate their strategy and demonstrate that the system can
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accurately track objects in real-time while avoiding obstacles in the path of the drone. The outcomes
demonstrate the practical application potential of deep reinforcement learning for object tracking in
drone images.

A study on the potential of deep reinforcement learning for vision-based autonomous drone
navigation with a mission in real-world scenarios is presented in [54] For drone navigation, the authors
propose a method based on deep reinforcement learning that decides what to do based on visual
observations of the environment. They talk about the difficulties and things to think about when
putting their method into practice in the real world and evaluate how well it works in simulations.
The findings emphasize the need for additional research and development to address the difficulties
of putting deep reinforcement learning to use in the real world for mission-related vision-based
autonomous drone navigation.

Table 6. Comparison table with different ML applications with the search for an object.

Study  Objective Methodology

Autonomous UAV navigation and object RL-based decision making using a Deep
localization Neural Network
DL-based decision-making using a Deep NN

[51]

[52] Human target search and detection using UAVs trained on a large dataset of human targets

[53] Object tracking in drone images Rl-based decision-making using a Deep NN

[54] Vision-based autonomous drone navigation in RL-based decision making using visual
real-world scenarios observations of the environment

[55] Human detection in real-time UAV applications ;Dlgz};itl:g-based YOLO-v2 object detection

Suggests using drones and cutting-edge
Use of drones for search and rescue in natural technologies like computer vision DL to
disasters enhance drone capabilities in search and
rescue operations

[56]

A deep learning strategy for human detection in the real-time unmanned aerial vehicle (UAV)
applications is proposed in [55] The authors detect humans in UAV images by employing the deep
neural network-based YOLO-v2 (You Only Look Once version 2) object detection algorithm. The
system’s speed and effectiveness make it ideal for use in real-time UAV applications. On a dataset
of UAV images, the authors evaluate their method and demonstrate that the system can accurately
identify human targets while maintaining a high processing speed. The outcomes demonstrate that
real-time human detection in UAV applications using YOLO-v2 and deep learning is feasible.

The use of drones for search and rescue in natural disasters is suggested in [56] The authors
talk about the challenges and benefits of using drones in these kinds of situations, like being able to
quickly survey large areas and get into hard-to-reach places. In addition, they suggest enhancing
the capabilities of drones in search and rescue operations by utilizing cutting-edge technologies like
computer vision and deep learning. The authors highlight the significance of collaboration between
stakeholders, such as government agencies, non-profit organizations, and technology companies, in
order to effectively utilize drones for search and rescue operations and provide examples of successful
drone surveillance during natural disasters. The findings of this study emphasize the significance of
further research and development in this field as well as the potential of drones as a useful tool for
responding to natural disasters.

8.2. Autonomous Landing

A study on how to use deep reinforcement learning for the autonomous landing of unmanned
aerial vehicles (UAVs) is presented in [57] An end-to-end deep reinforcement learning strategy for
landing UAVs that can handle the dynamic and complex nature of landing tasks is proposed by the
authors. In a simulation, they evaluate their strategy and demonstrate that the UAV is capable of
landing accurately and successfully while avoiding obstacles in its path. The findings emphasize the
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significance of continuing research in this field and demonstrate the potential of deep reinforcement
learning for autonomous UAV landing. The authors also talk about the difficulties that come with
putting the ideas into practice in the real world, the things to keep in mind, and the need for more work
to fix these problems. In general, the study presents a promising deep reinforcement learning-based
strategy for autonomous UAV landing.

Table 7. Comparison table with different ML applications with drone Autonomous landing.

Study  Main Focus Proposed Method Findings
Autonomous landing  of Successful and accurate landing
571 UAVs End-to-end DRL with obstacle avoidance
Autonomous landing of . More stable and accurate landing
(581 UAVs on a moving platform DRL algorithm than conventional strategies
Autonomous landing  of - High-precision autonomous
591 multi-copter UAVs Vision-based RL strategy landing even in difficult conditions
Autonomous tracking and PRL algor1thr~n. combining High stability and accuracy in
[60] . image recognition, control, . .
landing of UAVs . . autonomous tracking and landing
and decision-making
System combining
[61] Drone landing m.aker detect}on High precision and stability in
with super-resolution  drone landing
reconstruction

The use of deep reinforcement learning for autonomous unmanned aerial vehicles (UAV) landing
on a moving platform is suggested in [58] A deep reinforcement learning algorithm that can successfully
land the UAV and adapt to the shifting conditions of the moving platform is presented by the authors.
To guarantee a secure and precise landing, the algorithm takes into account wind, platform velocity,
and platform orientation. The findings demonstrate that, in terms of stability and accuracy, the
proposed algorithm performs better than conventional landing strategies. The authors also emphasize
the need for additional research in this area and discuss the difficulties and limitations of using
deep reinforcement learning for autonomous UAV landing on moving platforms. Overall, the study
highlights the significance of ongoing research and advancement in this field and demonstrates the
potential of deep reinforcement learning for autonomous UAV landing on moving platforms.

The use of reinforcement learning for the autonomous landing of a multi-copter unmanned
aerial vehicle (UAV) is the primary focus of the paper [59] To deal with the difficulties of landing
a multi-copter unmanned aerial vehicle (UAV), the authors propose a vision-based reinforcement
learning strategy that takes into account things like landing site detection, stability, and orientation. The
algorithm improves its accuracy over time through trial-and-error learning. The findings demonstrate
that the proposed strategy is able to carry out autonomous landings with high precision even in difficult
circumstances like strong wind or uneven landing surfaces. The limitations of using reinforcement
learning for autonomous UAV landing are also discussed, as is the need for additional research and
development in this area. Overall, the study demonstrates the importance of continuing progress
in this field and the potential of reinforcement learning for the vision-based autonomous landing of
multi-copter UAVs.

A deep reinforcement learning strategy for the autonomous tracking and landing of unmanned
aerial vehicles (UAVs) is presented in [60] To enable autonomous UAV tracking and landing, the
authors propose a reinforcement learning algorithm that combines image recognition, control, and
decision-making. The UAV’s camera’s image data are analyzed by the algorithm, which uses deep
neural networks to make decisions based on that information. The findings demonstrate that the
proposed algorithm is capable of autonomous tracking and landing with high stability and accuracy.
The authors also offer suggestions for future research and talk about the difficulties and limitations
of using deep reinforcement learning for autonomous UAV tracking and landing. Overall, the
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study demonstrates the importance of continuing progress in this field and the potential of deep
reinforcement learning for autonomous UAV tracking and landing.

A deep learning-based strategy for landing drones is presented in [61] To enhance the precision
and stability of drone landings, the authors propose a system that combines marker detection with
super-resolution reconstruction. In order to enable more precise marker detection, the system uses
deep neural networks to perform super-resolution reconstruction on the images captured by the
drone’s camera. The drone’s landing is then guided by the marker detection data. The findings
demonstrate that the proposed system is capable of landing drones with high precision and stability
even in challenging conditions. The limitations of using deep learning for drone landing are also
discussed, as is the need for additional research and development in this area. Overall, the study
emphasizes the significance of continuing progress in this field and demonstrates the potential of deep
learning to enhance the stability and accuracy of drone landings.

8.3. Drone Imaging

A method for recognizing diseased Pinus trees in images taken by unmanned aerial vehicles
(UAVs) is presented in [62] To locate diseased trees in UAV images, the authors employ a combination
of deep learning and the AdaBoost classifier. The findings demonstrate that, in comparison to more
conventional machine learning approaches, the proposed method is capable of accurately identifying
diseased Pinus trees. Monitoring and managing forests and preventing the spread of diseases in trees
can both benefit from this approach.

Table 8. Comparison table with different ML applications with drone Imaging.

Study  Objective Method Findings

. . o More accurate than conventional
[62] Identify diseased trees DL and Adaboost classifier

ML approches
[63] D1fferent1ate matur.e and DL Accuracy classifies maturity
immature strawberries
[64] Assess disaster damage DL Effective and efficient approach
[65] Find disease in plants ML and hyperspectral imaging  Effective at detecting diseases
[66] Identity vine diseases pL segme?tatlo'n and optimized Eff1c1'er'1t . an('i . accurate
image registration identification of vine diseases

The purpose of [63] is to use deep learning methods to classify the maturity of strawberries
in images taken by near-ground imaging and unmanned aerial vehicles (UAVs). The goal of the
authors is to create a classification model that can tell the difference between mature and immature
strawberries in the images. This could be useful in agriculture for predicting yields and harvesting
fruit in an effective way. The results demonstrate that the deep learning model can accurately classify
strawberries” maturity when trained on a dataset of UAV and near-ground images.

A method for estimating the damage caused by a disaster using aerial images captured by
unmanned aerial vehicles (UAVs) and deep learning algorithms is discussed in [64] For the purposes
of disaster management, the purpose of this study is to provide an effective and precise method for
assessing disaster damage. The authors suggest using deep learning algorithms to look at UAV images
and figure out how much damage the disaster did. The findings demonstrate that the proposed
approach can provide useful information for disaster management systems and is both effective and
efficient in estimating disaster damage.

The use of unmanned aerial vehicles (UAVs) for remote sensing to detect citrus canker disease
is investigated in [65] The authors analyze the data they have collected and use machine learning
algorithms and hyperspectral imaging to find the disease in the plants. The findings demonstrate that
the proposed method is effective at detecting the disease, which can aid in early treatment and prevent
further spread.
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A method for detecting vine diseases in UAV multispectral images using optimized image
registration and deep learning segmentation is proposed in [66] A deep learning segmentation
technique is used to identify the diseases, and an optimized image registration method is used
to precisely align the multispectral images taken by the UAV. When compared to more conventional
approaches, the outcomes of the proposed strategy are evaluated and found to be promising for
efficiently and accurately identifying vine diseases.

8.4. Detection of Other Drones

8.4.1. Detection of Other Drones Using Sound

The creation of a real-time sound detection and analysis system for unmanned aerial vehicles
(UAVs) is the primary focus of [67] This system aims to use unmanned aerial vehicles (UAVs) to detect
and analyze sounds in real time, which can be useful for a wide range of applications, including search
and rescue, environmental monitoring, and surveillance. The system’s design and implementation, as
well as its hardware and software components, are described in detail, and the system’s performance
is evaluated through experiments and analysis.

The development of a system for detecting and identifying drones based on their audio is the
primary focus of [68] The system processes the drones’ audio signals and uses deep learning algorithms
to identify them based on the distinctive sound patterns they produce. The research aims to develop
an efficient and effective method for real-time drone detection and identification.

A novel method for detecting drones based on their sound is presented in [69] To improve drone
detection accuracy, the paper proposes a system that combines result-level fusion of multiple audio
features with deep learning. To identify drone sounds, the deep learning model is trained on audio
data from various drone types and ambient noise. The outputs of multiple audio feature extraction
models are then combined with the result-level fusion to further enhance the drone detection system’s
performance. The proposed system was put through testing and evaluation in a real-world setting,
and the findings demonstrated that it is capable of accurately identifying drones in real time with low
false alarm rates. The authors conclude that security and surveillance applications requiring real-time
drone detection may benefit from the proposed method.

A drone detection system that uses multiple acoustic nodes and machine learning models to
detect unmanned aerial vehicles (UAVSs) is presented in [70] Multiple microphones are used by the
system to collect ambient acoustic signals, which are then analyzed by machine learning algorithms to
see if they come from a UAV. Additionally, a decision-level fusion mechanism is incorporated into the
system to combine the results of multiple acoustic nodes to enhance overall detection accuracy. Using
real-world data, the authors evaluate the system’s performance and demonstrate that, in terms of
detection accuracy and response time, it performs better than conventional drone detection methods.
The findings show that the proposed system could be used in a variety of security and surveillance
scenarios where UAV detection is crucial.

A framework for using radio frequency (RF) signals to identify unmanned aerial vehicles (UAVs)
is presented in [71] To accurately detect and identify UAVs in real time, the authors suggest applying a
machine learning method to the RF signals gathered by multiple sensors. To classify the RF signals
into UAV and non-UAV categories, the system employs a combination of feature extraction, dimension
reduction, and machine learning algorithms. Using real-world RF data, the authors evaluate the
effectiveness of their framework and demonstrate that it detects and identifies UAVs with high
accuracy. This study’s findings can be used in a variety of real-world situations, like security and
surveillance, where accurate UAV detection is crucial.
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Table 9. Comparison table with different ML applications with drone detection.

Study  Technology Advantages Disadvantages
Real-time detection, useful
[67] Sound detection and for search and rescue, Limited range, may not work well in
analysis environmental monitoring, noisy environments
and surveillance
Efficient and effective method May have difficulty distinguishing
[68] Sound analysis with DL for real-time drone detection drone sounds from other ambient
and identification noises
Combinations of audio High detection accuracy,low Complex system design and
[69] - ) ;
features with DL false alarm rates implementation
. Better detection accuracy and Mult1p¥e acous.tlc nod.es may be
[70] Acoustic node and ML . expensive and impractical in some
response time .
solutions
(71] Radio frequency signal High accuracy in detecting May not work well in noisy
detection and ML and identifying UAVs environments
[72] MIMO-OFDM radar Effectl.ve solution for drone Limited range, requires line-of-sight
detection
(73] Phase-interferometric Accura’sely dett?cts and tracks Limited range, requires line-of-sight
Doppler radar drones in real time
[74] Passive radar Stealthy and Fost—effectlve Limited range and. sens1t1.v1ty, may
compared to active radar not work well in noisy environments
CNN-based drone High acctracy .and faster may have difficulty distinguishing
[75] . . . computation time than . .
detection using RF signals B drone signals from other RF signals
traditional ML approaches
Radar cross-section Dlstmgu:shes drones fror.n Limited range and sensitivity,
[76] . other objects based on their . . .
signatures and ML requires line-of-sight

shape and size

8.4.2. Detection of Other Drones Using Radar

The paper [72] focuses on using multiple-input multiple-output orthogonal frequency-division
multiplexing (MIMO-OFDM) radar system for detecting drones. The proposed system is based on the
MIMO-OFDM radar technology and aims to provide an effective solution for drone detection. The
paper presents the design and implementation of the MIMO-OFDM radar system and analyzes its
performance for drone detection. The results demonstrate the feasibility of using MIMO-OFDM radar
technology for drone detection and the effectiveness of the proposed system.

The paper [73] presents a drone detection and tracking system based on phase-interferometric
Doppler radar. The system utilizes the Doppler shift to detect the drone’s motion and determine
its location. The paper explains the design of the system and evaluates its performance through
simulations and experiments. The results show that the system is capable of accurately detecting and
tracking drones in real time, making it a promising solution for drone detection and tracking in various
applications.

The paper [74] investigates the feasibility of using passive radars to detect drones. Passive radar
systems rely on reflected signals from existing transmitters instead of emitting their own signals,
making them stealthy and cost-effective compared to traditional active radars. The study explores the
potential of passive radar systems to detect and track drones and analyzes the performance of different
passive radar configurations. The results indicate that passive radar systems have the potential to
detect and track drones in certain scenarios. However, the authors also highlight the limitations of
passive radar systems and suggest ways to improve their performance for drone detection

The paper [75] explores the use of convolutional neural networks (CNNs) to detect drones based
on radio-frequency (RF) signals. The authors collect a dataset of drone and non-drone signals and use
it to train and test the CNN. They evaluate the performance of the CNN-based drone detection system
and compare it with a traditional machine-learning approach. The results show that the CNN-based
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system outperforms the traditional approach in terms of accuracy and computation time. The authors
conclude that CNNs are a promising approach for drone detection based on RF signals.

The paper [76] investigates the use of radar cross-section (RCS) signatures for the detection and
classification of drones. The authors propose a system that uses an RCS measurement to capture the
reflection of a drone’s electromagnetic signal, which can be used to distinguish the drone from other
objects in the environment. The system utilizes machine learning algorithms, specifically decision
trees and support vector machines, to classify the RCS signatures into different drone categories based
on their shape and size. The authors evaluate the performance of their proposed system through
simulations and experiments, showing that it can accurately detect and classify different types of
drones. The results indicate that RCS signatures are a promising technique for drone detection and
classification.

8.5. Swarm/Flock Drones

A deep reinforcement learning-based control strategy for the unmanned aerial vehicle (UAV)
swarms is proposed in [77] A control policy for coordinating the movements of the UAVs so that they
exhibit flocking behavior, including maintaining formation and avoiding collisions, is learned by the
authors using a deep neural network. Simulation is used to train the deep reinforcement learning
algorithm, and the results show that the proposed method works well for flocking control of UAV
swarms.

A deep neural network that maps the state of the UAVs to control actions could be trained using
a digital twin, a simulated representation of the actual UAV system, according to the authors. The
policy is optimized using the reinforcement learning algorithm so that the UAVs behave by flocking,
staying in formation and avoiding collisions. The findings demonstrate that the suggested method is
successful in achieving flocking control over multiple UAV systems [78].

An attention-based deep reinforcement learning strategy for collision-free flocking control of a
scalable fixed-wing unmanned aerial vehicle (UAV) swarm is presented in [79] A population-invariant
deep reinforcement learning algorithm is proposed by the authors to deal with changes in the number
of UAVs in the swarm while still maintaining efficient flocking behavior. An attention mechanism is
used to train reinforcement learning, allowing the UAVs to focus on relevant information in the swarm
state. The outcomes demonstrate that the proposed method is successful in controlling a scalable UAV
swarm without having to worry about collisions.

In [80] describes a method for large-scale multi-UAV flocking and navigation that uses deep
reinforcement learning. The authors recommend using an oracle to steer the reinforcement learning
process and boost training efficiency. The oracle informs the reinforcement learning algorithm of
the best course of action, reducing the number of trial-and-error iterations and accelerating learning
convergence. A policy that enables the UAVs to exhibit flocking behavior while avoiding collisions and
successfully navigating to a target is optimized using the deep reinforcement learning algorithm. The
findings demonstrate that the proposed oracle-guided strategy is successful in achieving multi-UAV
flocking and navigation on a large scale.

A modified adaptive formation strategy for the unmanned aerial vehicle (UAV) swarms based
on pigeon flock behavior in the local visual field is presented in [81] Each UAV keeps a specific
distance and orientation from its neighbors while avoiding collisions, according to the authors’ control
algorithm, which is inspired by pigeon flocking. The control algorithm takes into account each UAV’s
local visual field and is based on a modified version of the Reynolds flocking rules. The findings
demonstrate that the proposed strategy is successful in achieving a stable adaptive formation for
swarms of UAVs.
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9. Discussion

9.1. Challenges Using Machine Learning in Drone Industry

There are numerous advantages to using machine learning in the drone industry, including
increased automation, enhanced data processing and analysis, and increased situational awareness.
However, using machine learning in the drone industry also comes with a number of difficulties. These
difficulties include:

Data Quality: For effective training, machine learning algorithms need a lot of high-quality data.
However, drone applications can make data collection difficult, and factors like sensor limitations,
hardware failures, and adverse environmental conditions can affect the quality of the collected data.

Limited Computing Power: Drones typically have limited onboard computing resources, so
machine learning algorithms can be difficult for them to implement.

Flight Time: The flight time of drones is limited, and machine learning algorithms use a lot of
computing power, which can quickly deplete the drone’s battery. The amount of time the drone can
spend collecting data and processing it on board may be limited as a result of this.

Lack of Standardization: Standardization is lacking in the relatively new drone industry. For
drone data, there is currently no standardized format or protocol, making it challenging to compare
and combine data from various sources.

Regulation: The use of drones is governed by rules that can differ from country to country and
region to region. The use of drones for certain applications, such as beyond visual line of sight (BVLOS)
operations, may be restricted by these regulations, which may reduce the efficiency of machine learning
algorithms.

Safety: If not operated in a safe manner, drones may pose a threat to safety. Drones can be made
safer by using machine learning algorithms to identify and avoid obstacles; however, in order to avoid
accidents, these algorithms must be reliable and accurate.

Drone manufacturers, software developers, and regulators will need to put in a lot of effort to
find solutions that let the drone industry use Machine Learning safely and effectively.

9.2. Most Commonly Used Methods of Machine Learning in the Drone Industry

In order to enhance drones’ capabilities, safety, and efficiency, machine learning methods are
being rapidly adopted by the drone industry. Deep reinforcement learning is one of the most widely
used methods of machine learning in the drone industry.

Supervised learning: In the drone industry, supervised learning is a popular method of machine
learning in which algorithms are trained on labeled data to find patterns and make predictions.
Applications like object detection and recognition, image and video classification, and obstacle
avoidance make use of supervised learning in the drone industry.

Unsupervised learning: Another popular method for machine learning in the drone industry is
unsupervised learning, in which algorithms learn to recognize patterns and structures in unlabeled
data. Unsupervised learning can be used for anomaly detection and clustering in the drone industry.

Reinforcement learning: A method of machine learning called reinforcement learning involves
instructing an agent to take actions in a given setting in order to get the most out of a reward. In the
drone industry, applications like autonomous flight, in which the drone learns to navigate and avoid
obstacles in order to reach a destination, can benefit from reinforcement learning.

Deep learning: Neural networks are used in deep learning, a subset of machine learning, to
model complex data relationships. Applications in the drone industry that make use of deep learning
include autonomous flight, image, and video classification, and the detection and recognition of
objects.

Transfer learning: A method of machine learning called transfer learning involves applying a
previously trained model to a new task. Transfer learning can be used to adapt existing models for
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new environments or applications in the drone industry, thereby reducing the amount of data and
training time required.

Hybrid methods: Methods that combine The drone industry also frequently employ hybrid
strategies that combine multiple machine learning methods. For autonomous flight, for instance, deep
reinforcement learning can be used to teach the drone to navigate and avoid obstacles by combining
reinforcement learning with neural networks.

In general, a variety of machine learning methods, including deep reinforcement learning, are
being rapidly adopted by the drone industry to make drone operations safer, more effective, and more
efficient.
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Figure 3. Commonly used ML techniques in Drone Industry.
10. Conclusion

In recent years, a major area of research and development has been the integration of drone
technology and machine learning. A comprehensive overview of the current state of machine learning
methods and their applications to drone technology is provided in the paper "A Comprehensive
Review of Classification and Application of Machine Learning in Drone Technology."

The paper discusses a variety of machine learning methods for drone technology, including
reinforcement learning, supervised learning, and unsupervised learning, as well as their advantages
and disadvantages. While unsupervised learning techniques have been utilized for anomaly detection
and clustering, supervised learning techniques like deep neural networks have demonstrated
significant improvements in object detection and tracking. Autonomous navigation and mission
planning have utilized reinforcement learning.

The paper also discusses how drone technology uses machine learning for object detection,
tracking, mapping, and classification. Algorithms for object detection and tracking have been utilized
in a variety of industries, including agriculture, wildlife management, and search and rescue operations.
Machine learning has also improved terrain and vegetation mapping and classification, making it
easier for drones to collect and analyze high-quality data.

One of the main benefits of using machine learning in drone technology is that it can do
complicated tasks quickly and accurately. Drones are able to make educated decisions and adjust their
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behavior accordingly because machine learning algorithms can process a large amount of data in real
time. This is especially useful in autonomous navigation, where drones must immediately respond to
changing environments.

However, the application of machine learning to drone technology is not without its difficulties
and restrictions. Because the accuracy of machine learning algorithms is dependent on the quantity
and quality of data, one of the main obstacles is the requirement for training data of high quality. Due
to the limited processing power and memory of drones, the computational resources required to train
and deploy machine learning algorithms may also be a limitation. Another problem arises from the
fact that machine learning algorithms are frequently referred to as "black boxes," making it challenging
to comprehend the motivations behind their decisions.

In spite of these difficulties, the paper concludes that machine learning is a promising strategy for
enhancing drones’ capabilities and making it possible for them to carry out a wide range of tasks with
greater precision and efficiency. Agriculture, forestry, and environmental monitoring are just a few
of the industries that could benefit greatly from the combination of drone technology and machine
learning.

In conclusion, "A Comprehensive Review of Classification and Application of Machine Learning
in Drone Technology" is a useful resource for machine learning researchers and practitioners. The
paper discusses both the difficulties and limitations that must be overcome in order to fully realize the
potential of machine learning in drone technology. Drones’ capabilities and their ability to carry out
intricate tasks with greater precision and efficiency can continue to be enhanced by machine learning
algorithms with further research and development.
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