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Abstract: The proposed system assists in the automatic creation of three-dimensional (3D) meshes for
all types of objects, buildings, or scenarios, using drones with monocular RGB cameras. All these
targets are large and located outdoors, which makes the use of drones for their capture possible. There
are photogrammetry tools on the market for the creation of 2D and 3D models using drones, but this
process is not fully automated, in contrast to the system proposed in this work, and it is performed
manually with a previously defined flight plan and after manual processing of the captured images.
The proposed system works as follows: after the region to be modeled is indicated, it starts the
image capture process. This process takes place automatically, with the device always deciding
the optimal route and the framing to be followed to capture all the angles and details. To achieve
this, it is trained using the artificial intelligence technique of Double Deep Q-Learning Networks
(reinforcement learning) to obtain a complete 3D mesh of the target.

Keywords: reinforcement learning; deep Q-learning; navigation; 3D reconstruction; monocular RGB
camera; surface reconstruction; point clouds; perimeter mapping; UAV; computer vision

1. Introduction
1.1. Context and Justification

The integration of UAVs with advanced Deep Learning (DL) techniques has rev-
olutionized autonomous navigation and the detection of structural damage in various
environments. These advances enable drones to operate autonomously and are used in
sectors such as the military, civil, and space sectors [1,2]. UAVs, which were tradition-
ally manually controlled, can now employ autonomous navigation systems and pattern
recognition to enhance their performance in complex environments, facilitating obstacle
avoidance and precise navigation [3,4]. Route planning is an essential component, as it
involves generating optimal trajectories that allow for efficient navigation while avoiding
obstacles in both indoor and outdoor environments.

In natural environments such as forests and rivers where obstacles include trees and
terrain variations, route planning becomes more challenging. In this context, advanced
Artificial Intelligence (Al)-based systems like reinforcement learning (RL) are required to
develop robust navigation strategies. Lee A. et al. [5] proposed the automatic creation of 3D
meshes of natural objects and buildings using drones, which can autonomously determine
the route and framing to capture all the necessary angles. Simulation experiments have
shown a 97.7% accuracy in locating navigation points in environments such as forests.

To overcome the challenges in river environments, Wang Z. et al. [6] developed
a realistic simulation environment in Unity, integrating advanced RL techniques and
Learning from Demonstration (LfD) with Proximal Policy Optimization (PPO). The system
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achieved high levels of accuracy in autonomous navigation while adapting to adverse
conditions [7]. Additionally, the use of geometric shape detection techniques and binary
transformations enables precise obstacle avoidance [3,4], overcoming the limitations of
GPS-based systems, which are vulnerable to interference [8].

Modern UAVs also employ advanced imaging capabilities to generate detailed terrain
maps, such as orthophotos and multispectral maps, which are crucial for safe navigation in
dynamic environments [9]. Deep learning algorithms like Generative Adversarial Networks
(GANSs) and Convolutional Neural Networks (CNNs) have revolutionized real-time object
detection and semantic segmentation, which are essential in applications like precision
agriculture and disaster responses [10,11].

Recent studies have also demonstrated the effectiveness of UAVs in inspecting critical
infrastructures through visual and thermographic methods [10], reducing inspection times
and improving the analysis of structural changes in challenging environments [12]. Addi-
tionally, deep learning techniques have been applied in crack segmentation and structural
damage detection, improving the frequency and efficiency of inspections [13,14].

1.2. Motivation and Problem Definition

In a previous study, 3D meshes were generated in real time through a drone’s manual
piloting, and the results can be seen in Figure 1, where the image captured by the drone
and its reconstruction as a 3D mesh in real time are shown [15]. The challenge has been to
complete the autonomous navigation aspect, which receives feedback from the generation
of the 3D mesh as well as from environmental perception. This requires real-time effort for
short- and medium-term planning of the next actions to be executed by the aircraft.

Figure 1. (a) Frame of the video captured by the drone. (b) Textured three-dimensional model.
(c) Three-dimensional mesh with triangles [15].

This work is particularly interesting as it introduces a multidisciplinary approach
that integrates photogrammetry using UAVs and advanced Artificial Intelligence (AI)
techniques. In previous work we described the development of a real-time 3D reconstruc-
tion system that uses Artificial Intelligence techniques to achieve precise and efficient
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reconstructions of 3D environments using drones, combining unmanned aerial vehicles
(drones) with sophisticated Computer Vision (CV) techniques such as Curvature-guided
Dynamic Scale Multi-view Stereo Networks (CDS-MVSNets) and Deep Visual Odometry
and Implicit Differentiable Simultaneous Localization and Mapping (DROID-SLAM) to
design and develop a system that automatically generates high-quality point clouds and
3D meshes. This approach significantly reduces the time needed to create 3D models and
improves their quality, facilitating an elevated level of automation through the constructive
interaction between drone technology and CV [15].

This functionality is, therefore, of great interest and utility for industry. In fact, the
obtained meshes could be used to create models of buildings and heritage assets, monitor
unauthorized constructions/changes in any environment, observe changes in land in
situations of natural disasters such as the eruption of the La Palma volcano (Spain) in
2021 [16] or the devastating fires in 2022 (Spain) [17], and assist in carrying out accident
investigations in multiple traffic accidents by creating a mesh of the scene, among many
other examples.

The increasing utilization of drones for 3D reconstruction through photogrammetry
has brought forth significant challenges that hinder their efficiency and effectiveness.
Key issues include limited battery life, prolonged flight times, and suboptimal flight
paths, which collectively impact the quality and timeliness of image capture. For instance,
drones like those equipped with DJI Terra [18,19] offer some commercial solutions for
photogrammetry, allowing users to adjust certain parameters manually. However, it has
been observed that an overall satisfactory output can often be achieved using default
settings, which may not be optimal for every scenario.

One of the primary motivations behind our work is the short lifespan of drone batteries
during flights. As the battery drains, the drone’s operational capabilities diminish, leading
to potential incomplete data capture of the target area. This underscores the necessity for
efficient path planning that minimizes flight distance while maximizing area coverage,
particularly when documenting complex structures such as buildings.

Moreover, while commercial solutions enable automatic path calculation based on the
designated area—often employing Boustrophedon patterns with interleaved distances, as
shown in Figure 2—these paths are not always optimal. This inefficiency reaffirms another
critical motivation: the time-consuming nature of covering an entire area. The reliance on
predefined patterns often leads to longer routes, further draining battery life and extending
operational times.

Figure 2. Boustrophedon trajectory applied to a perimeter of an olive field [20].
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Another important motivation is that LIDAR-enabled equipment is expensive and not
as widely available in the public domain.

1.3. Objectives of This Study

The initial hypothesis of this research line suggests that the automatic creation of
3D meshes of objects, buildings, or scenarios using drones is a valuable tool for multiple
professional disciplines, as well as for industry in general. This work is the continuation
of the line of research and work previously published by the authors [15], where the
hypothesis was partially validated by developing a system that allows real-time 3D mesh
generation. However, navigation could not be automated at that moment and required the
intervention and participation of a pilot to carry it out.

Therefore, this study proposes the hypothesis that this activity can be fully automated,
equipping drones with intelligence that allows them to capture the complete mesh based
on autonomous and real-time navigation and image capture decisions according to their
perception of the environment to be processed.

This study focuses on optimizing the autonomous navigation of drones to facilitate
the efficient capture of images (using RGB cameras) necessary for the generation of 3D
meshes. While creating high-quality meshes is a future objective, the primary focus of this
work is to design a navigation system that enhances the effectiveness of data capture in
outdoor environments. More specifically, the following objectives are proposed to validate
this hypothesis:

1.  Identify a suitable drone for the project equipped with a high-quality monocular
RGB camera and programmable via a Software Development Kit (SDK), ensuring the
ability to optimize its navigation.

2. Design an autonomous navigation system that enables real-time image capture, aimed
at covering large outdoor areas while optimizing the drone’s trajectory based on its
perception of the environment to fully capture the targets with the shortest possible
path, with the consequent battery saving.

3. Integrate and validate the 3D mesh generation subsystems with the navigation sub-
system, creating a demonstrative prototype that showcases the system’s effectiveness
in data capture for subsequent mesh processing.

1.4. Contributions of This Work

Importantly, it should be noted that photogrammetry is typically regarded as a post-
processing task. Yet, our approach integrates photogrammetry in a manner that enables
real-time point cloud reconstruction, addressing the limitations of current methodologies.
A key contribution of this work is the application of Deep Q-Learning (specifically, a Deep
Q-network or DON for short) in the navigation of drones, allowing for the efficient capture
of data during flight.

Using a DQN is particularly relevant in this context, as it provides a well-established
framework for reinforcement learning that has shown promising results in various do-
mains, including robotic navigation. While alternative techniques, such as Proximal Policy
Optimization (PPO), exist, our choice to implement a DQN was driven by its robustness
and proven effectiveness in tackling complex decision-making problems in dynamic envi-
ronments. This choice not only aligns with current research trends but also enhances the
reliability of our system.

By developing a system that is not only more accessible but also optimized for resource
management, our work aims to offer significant improvement over existing commercial
solutions. The proposal seeks to enhance the operational capabilities of drones in 3D recon-
struction, making a relevant contribution to the field. Through the integration of a DQN, we
expect to achieve more effective path planning and data collection, ultimately facilitating a
more efficient reconstruction process. Another important aspect is the possibility of using
low-cost drones that, using only their RGB camera (without LIDAR), allow the task of mesh
generation with total autonomy.
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2. Related Work

The following subsections review the literature related to this work, which covers
the use of drones for detection, as well as 3D reconstruction. To this end, a review of Al
techniques known as reinforcement learning (RL) is conducted, as these are used in the
proposed method.

2.1. Autonomous Drone Navigation

The number of applications based on Al, Machine Learning (ML), or CV techniques
is constantly increasing, and interest in the use of these techniques continues to grow
across multiple areas. These applications require large volumes of information to train
and fine-tune new models. These datasets typically consist of thousands of records with
multiple associated data points, including several types of data and formats, as well as
multimedia elements such as photographs and audio.

The usefulness of drones in this context lies in their ability to capture images. This
image capture can be used for building datasets [21-23], for training algorithms [24], and
for real-time object detection [25] through an artificial intelligence algorithm. This capability
can be applied to simple tasks such as crowd management or more complex tasks like
traffic management and communication with autonomous vehicles for safe driving.

Thanks to the onboard equipment of the drones, as well as the possibility of adding
additional equipment, it is possible to collect not only photographs but also other types of
information and data such as geolocation, temperatures, accelerations, distances, angles,
and a wide range of other measurements. Additionally, equipment can be installed that
allows decision-making based on the drone’s perception of its surroundings, enabling it to
conduct complex tasks autonomously.

Autonomous robot navigation has advanced significantly, playing a fundamental role
in environmental map generation and the enhancement of robotic autonomy. Autonomous
exploration methods are divided into two main categories: sampling-based methods, which
focus on sampling viewpoints to efficiently build maps, such as the Next Best View (NBV)
algorithms and its Receding Horizon Next Best View (RH-NBV) variant, and frontier-
based methods [26,27], which group unknown and adjacent voxels to guide robots to
unexplored areas.

Both approaches tend to prioritize immediate rewards over long-term efficiency, which
can increase computational load. To address these limitations, different authors have
proposed different solutions. Cao Z. et al. [28] suggest an autonomous exploration method
based on topological maps. This method integrates frontier information with prior maps to
plan paths that prioritize long-term exploration benefits, using a hierarchical framework
that begins with global path planning using the Priority-Constrained Asymmetric Traveling
Salesman Problem (PCATSP) to avoid revisiting explored areas.

Simulation experiments, including benchmark comparisons in maze environments,
demonstrate the superiority of the proposed method over state-of-the-art methods such as
FUEL and FAEP in terms of exploration time, flight distance, and computational efficiency.
Real-world experiments further validate their effectiveness, highlighting its potential for
large-scale autonomous exploration tasks.

The need to make decisions in dynamic and complex environments has led to the use
of RL to instruct robots in autonomous navigation. However, standard RL algorithms face
difficulties with complex decision-making tasks and high-dimensional sensor inputs. As a
solution to these limitations, Deep Reinforcement Learning (DRL) has emerged, capable of
handling complex decision-making problems and learning directly from high-dimensional
inputs.

Siraj Khan S. et al. [29] discuss the use of DRL in autonomous robot navigation through
investigations of various algorithms, such as DQN, DPG, and DRQN, demonstrating that
they can successfully navigate complex environments and perform tasks such as three-
dimensional mapping, obstacle avoidance, and target tracking. DRL is a better option
for autonomous navigation due to its ability to manage high-dimensional sensor inputs
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and complex decision-making tasks compared to traditional RL algorithms. The article
emphasizes the development of new algorithms, the integration of various modalities, and
the exploration of practical applications as future research paths for DRL in autonomous
robot navigation.

Another approach proposes UAV path planning guided by the quality of the model
generated during the 3D reconstruction of buildings [30], ensuring a complete and accurate
reconstruction of complex structures by dynamically adapting the routes based on real-
time model quality. This strategy enhances the efficiency of the 3D reconstruction process,
ensuring more detailed and accurate results. It is a pre-flight planning method that uses an
initial approximate model to optimize the trajectory and additional viewpoints necessary
for achieving a complete and precise 3D reconstruction of complex buildings. Deep learning-
based autonomous UAVs have proven effective for structural monitoring with obstacle
avoidance [14]. These UAVs utilize advanced deep learning techniques to navigate and
avoid obstacles, ensuring safety and efficiency during monitoring. By employing precise
localization based on fiducial markers, these drones can operate independently, reducing
human risk and improving the coverage and frequency of structural inspections.

2.2. Reconstruction Using Drones

Three-dimensional (3D) meshes are models that can later be manipulated using design
and editing software for various purposes, such as Building Information Modeling (BIM)
in Architecture and Civil Engineering, AutoCAD, or other 3D editors in Industrial Engi-
neering, or even for use in designing and creating scenes or characters in the animation and
video game industry, among many others. There are photogrammetry tools on the market
as well as tools for creating 2D and 3D models using drones. However, none of these tools
operate full-automatically in real-time during flights as proposed in this work; instead,
they are performed manually with a pre-defined flight plan followed by post-processing
with the manual assistance of the captures. Figure 3 shows some examples of 3D meshes.

© | @

Figure 3. Examples of various 3D meshes: (a) family vehicle, (b) trailer truck, (c) scooter motorcycle,
(d) well shed and tank. Sources: (a) 3D Baza, (b) Free 3D, (c,d) Cujo Balsco J. et al. [15].

There is a wide range of photogrammetry tools in the industry that allow for the
creation of 2D and 3D models using drones. The general operation of these tools involves
defining the regions to be covered in advance, and after designing a flight plan—conducted
manually—proceeding to conduct flights to capture images. An example of this process
can be seen in Figure 4a, where a user, using the Pix4D suite tool, manually defines the
work area. This suite uses photogrammetry and CV algorithms to transform images into
maps and three-dimensional models. Currently, it is a standard in this field due to its high
integration with drones and is used in numerous industries.
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The use of these captures will allow for the construction of the point cloud or 3D mesh
for later use. Once again, this process requires manual assistance in assembling the captures,
where a lack of information in certain areas or the complete absence of data can be observed,
especially in difficult-to-access or “shadow” zones, as seen in the constructed point cloud
in Figure 4b, where there is a significant amount of “uncertainty.” These point clouds are
the starting point for software tools to create meshes. Some of the most interesting and
innovative products in the industry are developed by Pix4D, Agisoft, ReCap Pro, ArcGIS
Drone2Map, COOLMAP, or Context Capture [31-33]. A reconstruction tool from the latter
is shown in Figure 4c.

3D reality mesh courtesy of
Brown University

Figure 4. (a) Drone flight polygonal programming using the Pix4D Capture tool. (b) Resulting
point cloud using COLMAP based on photographs of a building. The red dots represent the camera
trajectory. (c) Three-dimensional model of Brown University using ContextCapture software [34].

The highlighted difficulties and challenges show that once the capture and assembly
work is completed, it may require corrections and redesigns of the missions to achieve
the complete data capture needed to create closed and complete meshes. This process is
tedious and complex due to its “artisanal” nature, requiring experts to design flight plans
and manually correct the shortcomings of the constructed models. It should be noted that
this problem can impact the costs and durations of missions, leading to initially unforeseen
difficulties, as well as other time-consuming tasks.

In the field of Light Detection and Ranging (LiDAR) technology and its application in
measuring structures and biomass, two recent studies have made significant advances. On
the one hand, [35] research on SLAM scanners NavVis VLX and BLK2GO demonstrated
their effectiveness in indoor and outdoor environments, achieving accuracy of 5 mm indoors
and between 10 mm and 60 mm outdoors. The study highlights the versatility and speed of
SLAM scanners for 3D data acquisition. On the other hand, an innovative method [36] was
developed to accurately calculate the aboveground biomass of individual trees using LiDAR
point cloud data. This technique, which separates and models the tree trunk and canopy
independently, achieved an average accuracy between 0.01 m and 0.49 m in estimating tree
dimensions, demonstrating its potential for forestry and environmental applications.

2.3. Reinforcement Learning in Autonomous Navigation

ML is a sub-discipline of Al divided into three main categories: supervised, unsu-
pervised, and reinforcement learning. Each has specific characteristics and applications
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that distinguish them in solving complex problems. Specifically, reinforcement learning
is a paradigm where an agent learns to make decisions through interaction with its en-
vironment. Through a process of trial and error, the agent receives rewards or penalties
based on its actions, which allows it to learn policies that maximize long-term accumulated
rewards. This approach is prominent in the development of autonomous systems and
games, where reinforcement learning algorithms have managed to surpass human players
in complex games such as Go and chess [37]. The essence of reinforcement learning lies
in the formulation of problems as Markov Decision Processes (MDPs), providing a solid
mathematical foundation for sequential decision-making [38]. Within RL, there are various
strategies, such as Q-Learning (QL), Deep Q-Learning Networks (DQNs), or Double Deep
Q-Learning Networks (DDQNs). The following sections review each of them.

2.3.1. Q-Learning (QL)

Q-Learning is a reinforcement learning algorithm based on temporal difference learn-
ing. Its objective is to learn an optimal policy that maximizes the total accumulated reward
for an agent in a specific environment. In QL, an agent interacts with the environment
through a series of episodes, taking actions and receiving rewards based on its behavior.
The algorithm uses a Q function, Q(s, ), which represents the expected value of taking an
action g in a state s. The update of this function is conducted using the formula:

Q(s, a) = Q(s, a) +ar+ 7 max Q(s', a) = Q(s, a)] ©)

where « is the learning rate, r is the reward obtained, vy is the discount factor, s’ is the next
state, and a’ is the next action.

One of the strengths of QL is its guaranteed convergence towards the optimal policy
under certain conditions, such as adequate exploration of the state space and a properly
decreasing learning rate. QL is effective for small-scale problems with discrete state and
action spaces, but its performance declines as the dimensionality of the state space increases
due to the combinatorial explosion [38,39].

2.3.2. Deep Q-Learning Networks (DQNis)

To address the limitations of QL in complex and high-dimensional environments, the
Deep Q-Learning Network (DQN) method was introduced. This method uses deep neural
networks to approximate the Q function, allowing the algorithm to manage continuous
and large state spaces. The DQN architecture involves using a neural network to estimate
Q(s, a;0), where 0 represents the network parameters [40]. DQNs incorporate two key
techniques to improve stability and performance:

1.  Experience Replay: Stores the agent’s experiences in a replay memory and updates
the neural network using minibatches of these experiences selected randomly. This
reduces the correlation between consecutive samples and improves learning efficiency.
This improvement is reviewed in more detail at the end of this section.

2. Fixed Target Network: Uses a copy of the Q-network that is periodically updated to
calculate target values, reducing oscillation and divergence during training.

2.3.3. Double Deep Q-Learning Networks (DDQNs)

Despite the improvements, DQNs tend to overestimate Q values, which can lead to
suboptimal policies. To mitigate this issue, the DDQN method was developed. DDQNs
separate action selection and action evaluation into two different networks: (1) The current
Q-network is used to select the action that maximizes the Q value. (2) The target network is
used to evaluate the Q value of the selected action. The update of the Q function in DDQNs
is conducted using the formula:

Q(s, a) = Q(s,2;0) + afr +7Q (S’, max Q(S’,a’;G);Q_) —Q(s,a;0)] (2)
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where 6 represents the parameters of the current Q-network and 6~ represents the parame-
ters of the target network [41].

2.3.4. Prioritized Experience Replay

The Prioritized Experience Replay method is an improvement over the traditional
Experience Replay scheme. Instead of selecting experiences randomly, this method priori-
tizes experiences with higher prediction errors (ID error). The idea is that experiences with
high errors are more informative and useful for the agent’s learning. The algorithm adjusts
the selection probability of each experience according to its importance, using a weighted
sampling strategy. The probability calculation for an experience i is performed using:

p¥
P(i) = = 3)
® Yk Pk
where p; is the TD error of experience i plus a small value ¢ to ensure that all experiences
have a positive probability of being selected and « is a hyperparameter that adjusts the
degree of priority [42].

3. Materials and Methods

For the implementation of the proof of concept, the following tools and algorithms
were used: OpenCV [43], MVSNet [44], DROID-SLAM [45], Meshroom [46], and Open3D [47].
In addition, the Poisson Surface Reconstruction (PSR) algorithm was used for exporting 3D
meshes, the Flask framework for creating a web interface to control the drone, and FFmpeg for
decoding the video signal emitted by the drone. Furthermore, new algorithms were designed
and coded, which, together with the integration of the other ones, form the system: a DDQN
algorithm with Prioritized Experience Replay for autonomous navigation and the point cloud
distance calculation module. The combination of a DDQN with Prioritized Experience Replay
provides an optimal balance between stability, accuracy, and efficiency in learning, allowing
the agent to develop effective policies in complex and high-dimensional environments. The
use of the DDQN mitigates the overestimation problem of DQNs, while Prioritized Experi-
ence Replay accelerates the learning process by focusing on the most significant experiences.
This technological choice has been fundamental to the success of this study, enabling the
implementation of robust and scalable solutions in the applied domain.

3.1. System Architecture Overview

The authors designed the system to implement the DDQN algorithm in a drone’s
environment with the scope of enabling autonomous flight to generate 3D meshes. All the
system components can be observed in Figure 5, which is also described below.

The system manages the continuous input of video data from the drone’s RGB camera,
which is essential for creating a dynamic and up-to-date map of the environment. The
system produces a 3D mesh as the final output, representing a detailed and continuous
model of the environment. This mesh is created from the point cloud using the Poisson
surface reconstruction algorithm.

The DROID-SLAM module performs SLAM to create a map of the environment based
on the video stream. This module utilizes the video stream to construct a 4D correlation
volume, which helps to understand the spatial relationships between the captured images.
The system performs iterative updates of the camera positions and depth maps using a 3D
correlation volume adjustment (DVA) [15].

The CDS-MVSNet module processes the environment map and video stream to gener-
ate a point cloud. The point cloud represents the 3D structure of the recorded environment.
This module employs a multi-view stereoscopy (MVS) approach to reconstruct 3D scenes
by calculating the depth of each point in the environment based on images captured from
different angles [15].
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Figure 5. Architecture of the proposed system with its main elements. HUB. Given an input video
stream, it can construct a closed mesh as output.

The distance computation model calculates the distance between the drone’s current
location and each point on the surface generated by the module. For the Q-learning model,
the system will retain only the shortest distance. More details on this component will be
provided later in Section 3.2.4.

DDOQON learning is an Al model that uses reinforcement learning to optimize a drone’s
flight path based on the data received from the environment. This model interacts with the
drone’s controller to send movement commands. The model takes input from the calculated
distance, the CDS-MVSNet module, and the DROID-SLAM module to decide the optimal
movements for the drone and then sends these commands to the drone’s controller for
execution. More details on this component will be provided later in Section 2.2.

The event handler in our system processes events generated by an RL Al model to
manage and execute commands for a drone. It begins by collecting data from the drone’s
sensors and cameras, which the Al model analyzes to detect remarkable events like obstacle
detection or the need for image capture. Once an event is identified, the event listener
triggers the corresponding handler function. The event handler then translates these high-
level events into actionable commands, such as changing the drone’s flight path or capturing
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images, and sends these commands to the drone’s controller to execute the necessary actions.
This integration enables the drone to autonomously navigate and respond to its environment
effectively.

The Controller HUB functions as the drone’s SDK, designed to be modular and
adaptable for any drone on the market. By separating the Controller HUB, we ensure
that our system can easily integrate with different drone models, providing a flexible
and standardized interface for drone operations. This modular approach simplifies the
process of adding new drones to the system, allowing for seamless compatibility and ease
of development across various platforms.

The Poisson surface reconstruction algorithm processes the point cloud to create a
continuous 3D mesh. This algorithm uses the points to reconstruct a surface that represents
the environment more coherently and is useful for visualization and subsequent analysis.

3.2. Design of the DDQN Algorithm with Prioritized Experience Replay

As outlined earlier, this study employs the DDQN algorithm with Prioritized Ex-
perience Replay due to its optimal balance of stability, accuracy, and learning efficiency.
This approach allows the agent to develop effective policies in complex, high-dimensional
environments. Some design decisions were made, the two most relevant being the re-
ward design as well as the discrete action space. The reward design prioritizes collision
avoidance, which enables the UAV to navigate around objects effectively, allowing it to
collect the most sampling data with the shortest flight path to capture the target. A discrete
action space was chosen even though PX4-type controllers (free hardware) support more
complex actions, such as angular velocities of the pitch, yaw, and roll axes. The reason for
using this discrete action space is portability to other simpler controllers and facilitating
proof-of-concept experiments. The following subsections provide a detailed description of
the algorithm’s design and all its components.

3.2.1. Environment

The training environment was simulated using Python. In this environment, a drone
starts from an initial position and can move within a defined area. The drone must avoid
leaving this area and prevent collisions with an object within the environment. If either
event occurs, the training episode ends. The drone’s objective is to navigate around the
object while maintaining a specific distance. This is achieved by utilizing a polar coordinate
system centered on the closest point of the object to guide its movements.

In Figure 6, the eight scenarios used by the DDQN algorithm are presented, aiming to
learn to navigate around them while maintaining a constant distance from the shapes as
much as possible. The design of these perimeters and trajectories plays a key role in the
learning process of the algorithm to ensure that the drone can generalize its behavior to
new configurations of obstacles or spaces once training is complete.

Each of the subplots, a-h, represents several types of geometric challenges for the
drone. The trajectories range from simple shapes like horizontal and vertical rectangles to
more complex figures such as inverted “L,” “U,” and “T” shapes. Also included are some
concave and convex shapes with angles other than 90/270°, such as those in Figure 6h.

The diversity in the shape and arrangement of these perimeters is crucial for the model
to learn not only to navigate around specific geometric figures but also to recognize general
patterns for moving around an obstacle, regardless of its orientation or geometry. The use
of these trajectories allows the drone to be trained in a varied state space, increasing the
algorithm’s ability to abstract general rules about movement. By including perimeters with
different angles, the drone learns to manage direction transitions and “corner” situations,
where decisions must be made with greater precision to avoid collisions and maintain
a safe distance. Similarly, simpler rectangular perimeters (Figure 6¢,d) allow the model
to refine its ability to navigate along prolonged and linear trajectories, which can also
be encountered in real-world environments. A key advantage of this approach is the
generalization capability it provides for the drone.
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Figure 6. Figures (a-h) show the perimeters used by the Double Deep Q-Learning Network (DDQN)
algorithm as training scenarios. They consist of geometric shapes that the drone must navigate
around while maintaining a constant distance from their perimeters.

3.2.2. DDOQN Agent

The agent controlling the drone is based on a DDQN model with Prioritized Experience
Replay. This approach allows the agent to prioritize the most significant experiences during
the learning process, thereby improving its efficiency. The agent’s action space is discrete,
enabling it to modify its polar coordinates centered on the point of the object closest to the
drone to adjust its trajectory based on the distance to the object and the error concerning the
desired distance. Throughout the process, the drone continuously recalculates its position in
polar coordinates, acts, and converts these to Cartesian coordinates to update its movement
and position in the environment.

The Double Deep Q-Network (DDQN) employs a neural network with a sequential
architecture designed to approximate Q values. The network begins with a dense layer
containing 32 units and a ReLU activation function to process the input state, followed by a
batch normalization layer to normalize activations. Next, it includes a dense layer with 64
units and ReLU activation, followed by another batch normalization layer. A third dense
layer with 128 units and ReLU activation is added, complemented by a dropout layer with
a rate of 0.2 to mitigate overfitting. Finally, the output layer is a dense layer with a number
of units equal to the action size, using a linear activation function to predict Q values for
each possible action. The network is trained using the Mean Squared Error (MSE) loss
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function and the Adam optimizer with a specified learning rate. Table 1 shows the DDQN
agent configuration parameters.

Table 1. DDQN Agent parameters.

Parameter Value  Description

Dimension of the input state, defined by the distance to the

State Size current position and the deviation from the desired distance.
. . The number of possible actions, corresponding to adjustments
Action Size 6 . . ) .
in polar coordinates centered on the closest point of the object.
Gamma 0.95 Discount factor for future rewards, typically set between 0.9
and 1.0.
Epsilon 1 Initial exploration probability for random action selection

versus policy-based exploitation.
Minimum Epsilon 0.01 Lower limit for exploration probability.
Epsilon Decay 0.9992 Rate at which eP5110n decreases per episode to gradually
reduce exploration.

Optimizer Adam  Optimization algorithm used by the neural network.
Learning Rate 0.001 Learning rate for the Adam optimizer.
Memory Size 2000 Maximum number of episodes stored in the replay buffer.
Tau 0.1 Soft update parameter for the target model.
Alpha 0.6 Exponent for sample prioritization in experience replay.

3.2.3. Reward Function

The reward function is designed to encourage behavior that maintains the desired dis-
tance from the object while penalizing undesirable situations such as collisions or leaving
the allowed area. Additionally, the drone is incentivized to make efficient movements. The
penalties and rewards are calibrated so that the agent learns to maintain the optimal dis-
tance, with additional incentives related to the distance traveled at each step of the episode.
This reward and penalty structure allows for stable and efficient learning, enhancing the
agent’s ability to achieve its goal. Being between the desired distance and the object incurs
a heavier penalty than being further away from the desired distance.

Let d be the distance to the object at a given moment and d;, the desired distance.
The error is defined as x = dy, — d. Let y be the distance traveled in a step. Let “done”
be a Boolean variable indicating whether the episode has ended, meaning that the drone
has gone out of bounds or collided with the object. Thus, the reward function is defined
as follows:

0.1y — 100, if done =1
r=1{-05x*+01y+10, ifx <0 4)
—5x2 4+ 0.1y + 10, if x >0

The constant factors in the reward function were determined experimentally and
empirically to ensure the function met several specific objectives. First, the aim is to penalize
it more significantly when the agent is between the object and the desired distance x > 0
compared to when it is outside this zone x < 0, which is why the coefficient for x is larger
in magnitude (—5 versus —0.5). Additionally, the constant term +10 was chosen to facilitate
the interpretability of the accumulated reward per episode, as it allows its maximum to be
approximately proportional to the product of the number of steps by ten. Finally, the term
proportional to y encourages the agent to move around the object without being overly
dominant, thanks to the moderate coefficient of 0.1.

In Figure 7, the reward function can be visualized in relation to the variable ‘x" omitting
the episode termination case. In Figure 8, the reward function can be visualized concerning
both variables, also omitting the episode termination case.
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Figure 8. Two different views of the reward function ‘7’ in 3D. Warm colors represent higher and

positive rewards while cooler colors represent lower and even negative values. (a) View 1. (b) View 2.

3.2.4. Point Cloud Distance Calculation Model

The proposed algorithm calculates the average distance between a reference point and

its nearest neighboring points within a three-dimensional point cloud. Given point p and a
point cloud C:

p€R3, C:{cl,cz,...,cN}CR3 (5)

the goal is to find the k nearest points to p in C and compute the average distance to those
neighbors. To achieve this, a k-d tree (KD Tree) is first constructed using the point cloud C,
allowing for efficient searching of the nearest neighbor points. By querying the tree, the
indices of the k closest points are identified with k = 30:

17 AR ’ =
{ci, iy ¢}, k=30 (6)

Now, the interquartile range (IQR) method is applied to the set of nearest points to
remove potential outliers that do not belong to the object.
Let us define the following:

- Q1 is the first quartile (25th percentile) of the dataset.
- Qs is the third quartile (75th percentile) of the dataset.
- IQR = Q3 — Qg represents the interquartile range.
- Lower Bound = Q1 — 1.5 x IQR.
- Upper Bound = Q3+ 1.5 x IQR.

Any point outside these bounds is considered an outlier and will be removed from
Ysthe dataset.

Let k' be the number of points in the set of nearest points after the cleaning pro-
cess and {cil, Ciyr s Ciy } the set of nearest points after the cleaning process. Then, the
corresponding Euclidean distances are calculated as:
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dj:Hp_Ci]'”Z/ j:1,2,...,k/ (7)
where ||-||, denotes the Euclidean norm. Finally, the average distance is computed:
_ 1k
j=

which is the value returned by the algorithm. This approach is computationally efficient
due to the structure of the KD Tree, allowing for fast searching even in large point clouds.

3.2.5. Flight Instructions

To correctly generate the commands that “translate” the movement in polar coordi-
nates to a movement that the drone can perform while being oriented toward the object for
precise movement, two key steps were implemented, as developed in the following para-
graphs: (1) rotation about the Z-axis and (2) movement toward the desired position. This
method ensures that the drone first orients itself in the necessary direction to subsequently
move laterally (to the right) to the correct position, always keeping focus on the object. It is
assumed that the drone starts aligned with the object.

Rotation About the Z-Axis

The angle of rotation necessary to turn the drone in the right direction, either clockwise
or counterclockwise, must be determined. This process begins by identifying the vector
that connects the drone’s current position with the position it wants to reach, called vector
v = (a,b). Then, a perpendicular vector to this is calculated; if v is (a, b), the perpendicular
vectors are (b, —a) and (—b, a). Next, the drone’s current Z-rotation, a1, is compared with
the Z-rotation of the perpendicular vector a;. The angle necessary to turn the drone toward
the new direction, a3, is calculated as a3 = ap — a3. If a3 is negative (a3 < 0), the drone
must turn clockwise, and the generated command will be ‘cw a3’. If a3 is positive (a3 > 0),
the turn must be counterclockwise, and the command will be ‘ccw a3’. This process can be
graphically visualized in Figure 9.

4
/
a

-3 -2 -1 0 1 2 3 4

Figure 9. Step 1 begins with the orientation of vector a, that is, oriented toward the closest object to
the drone (red perimeter). A perpendicular vector to v, b is calculated. Finally, the rotation from a to
b is made, i.e., the green angle.

Movement Toward the Desired Position

Finally, the distance the drone must travel in the direction of vector v is calculated,
which is always to the right of the object, as the drone has learned to move. This command
is expressed as ‘right ||v||” or ‘right v a? + b?’. This process can be graphically visualized in
Figure 10.
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Figure 10. Step 2, where after rotating, the drone advances to the right, from vector a to vector b, the
size of vector v.

3.2.6. Training and Flight Algorithm
The training algorithm is described in Algorithm 1:

Algorithm 1: Double Deep Q-Learning Network with Prioritized Experience Replay training
Algorithm

Initialize replay memory D to capacity N.
Initialize prioritized sampling mechanism D’ to capacity N/.
Initialize action-value functions Q and Q/ with random weights 6 and 6.
Initialize target network Q7 with weights 67 < 6.
Initialize the environment.
forepisode=1,..., M do
Initialize randomly the desired distance d,p;sog, in the defined range.
Choose a random scenario from the set of scenarios.
Reset the environment with the chosen scenario.
Initialize the state to sq.
fort=1,..., Tdo
With probability € select a random action ;.
Otherwise select a; = max, Q(s¢, ;).
Execute action a; in the environment and observe reward r; and next state s; 1.
Store the transition (s¢, 4y, 74, 5¢11) in D assigning a maximum priority.
Set s t = St41-
Sample a minibatch of transitions (s, a¢, 1¢, 5¢41) from D using prioritized sampling.
for each sampled transition j do
Sety; = rj, for terminal s;q
] rj+ 7Q’ (sj+1,maxa Q(sj+1,a;9);9’), for non — terminal sj,4
Update the priority of the transition j in D based on the updated TD-error.
end for
Perform a gradient descent step on the loss function

2
(]/j - Q(Sj+1,aj; 9)) :
Set € = €, where ¢ is the exploration decay parameter.
Update the target network Q7 using the soft update mechanism, defined by:
0+ 10+ (1—1)6r.
end for
end for

The flight algorithm, which makes all decisions by applying the previously discussed
techniques, is described in Algorithm 2.
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Algorithm 2: Flight loop

Load the weights 6 of the trained model in a new agent.
Initialize the environment.
Initialize the desired distance ;5,40 in the defined range.
Reset the environment with the flight scenario.
Initialize the state to s7.
Save the initial position p; = (x1, y1) and the initial Z-rotation, ¢; = 0.
fort=1,..., Tdo
Select an action a; = max, Q(s¢, a;0) given by the trained agent.
Execute action a; in polar coordinates.
Save the desired position p; = (x2, ¥2).
Generate the movement command from p; to pp.
Generate the rotation command to refocus on the object.
Observe reward r; and next state s, 1.
Set St = S¢41-
end for

3.3. Drone and Workstation

The drone used in the experiments is a Tello Robomaster TT, a small quadcopter
drone (measures 18 x 5 x 18 cm. with guards and weight 135 g.) developed by DJI for
educational purposes. This open-source drone supports software scalability via its SDK
and hardware scalability through I2C (inter-integrated circuits), SPI (Serial Peripheral
Interface), UART (Universal Asynchronous Receiver-Transmitter), and GPIO (General
Purpose Input/Output) interfaces. It features a 5 MP HD camera installed in the nose,
sensors like time-of-flight, a barometer, an IMU (Inertial Measurement Unit), brushless
motors, and a lithium-ion battery providing up to 10 min of flight time. Figure 11 shows
two views of the aircraft.

Figure 11. (a) Overview and (b) zenithal view of the mini drone DJI Tello Robomaster TT with its
battery charger and a visual size reference.

The autonomous drone includes a camera and a controller. The camera captures real-
time video streams and images of the environment. This video stream is crucial for SLAM
processes. The camera sends the video stream to the “Al Models” for further processing.
This video stream is used by the DROID-SLAM module to generate an environmental map.
The drone’s controller is responsible for the drone’s stability and control. This component
ensures that the drone maintains its position, manages environmental disturbances such
as wind, and follows the flight path according to the instructions from the Q-learning
algorithm received via radio from the “Controller Hub”. Other aircraft could be used if
they are equipped with a programmable SDK and an RGB camera.
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A land-based workstation (can be a laptop) with a dedicated graphics card as well as a
reasonable amount of RAM and processor is required. The specifications of the workstation
computer used in the experiments are shown in Table 2.

Table 2. Specifications of the computer used in the prototype.

Component Details
oS Pop! OS 22.04 LTS x86_64 (Linux family OS)
Kernel 6.0.12
Shell bash 5.1.16
CPU Intel i7-6950X (20) @ 4.100GHZ
GPU NVIDIA GeForce GTX 1080 8 GB
RAM 16 GB
Network card TP-LINK TL-WN722N
Compilers gec-9 y nvee (CUDA Toolkit 11.3)

4. Results

The presentation of the results is divided into three parts, according to the sub-subjects
of the project. All the results were obtained with the hardware described in Table 2, which
contains the specifications of the computer used for the training and executions of the
prototype.

4.1. Training of the DDQN Model

The presented model was obtained through training over 2500 episodes, each with a
maximum limit of 500 movements, taking nearly 10 h to execute in the hardware described
in Table 2. More specifically, the developed model is the one that achieved the best perfor-
mance in the accumulated episode reward. This was obtained in episode 2480, as shown
in Figure 12. During training, the model faced eight different scenarios represented by
eight distinct 2D geometric shapes (see Figure 6). In each episode, a different figure was
randomly selected so that the model could learn to maneuver around various shapes. This
approach allowed the agent to generalize its behavior and improve its ability to handle
different situations in the environment. Figure 12 shows the evolution of the rewards over
the episodes, with the maximum possible value for an execution being approximately 5000.
Once training was completed, a model capable of adequate generalization for the present
problem was obtained.

Cumulative reward per episode

5000 1 —— Cumulative reward
@ Max Value at Episode 2480

2500 A

—2500

Score

—5000 -

—7500

~10,000

~12,500

E) 5(;0 10’00 15‘00 20’00 25‘00
Episode
Figure 12. Graph of reward evolution during training with an upward trending moving average. The
maximum Score, obtained in epoch 2480, highlights the best model that the algorithm is capable of
learning in 2500 epochs.



Drones 2024, 8, 725

19 of 26

In reinforcement learning (RL), traditional metrics such as accuracy and loss are not
directly applicable. Instead, the performance of the model is evaluated based on the
cumulative reward achieved during training. In our case, the maximum reward obtained
during training was approximately 5000, as depicted in Figure 12. This reflects the model’s
ability to generalize and execute optimal trajectories in diverse scenarios. To provide a clear
overview of the training setup and parameters used for the development of the DDQN
model, Table 3 summarizes the key aspects of the training configuration. These parameters
were chosen to balance computational efficiency and model performance, ensuring the
agent’s ability to learn effective navigation policies in a variety of scenarios.

Table 3. Training parameters and key metrics for the DDQN model, including the action space,
reward function, and performance indicators.

Parameter Value
Training Episodes 2500
Maximum Steps per Episode 500
Training Time ~10h
Hardware Shown in Table 2
Action Space Discrete (polar coordinates)
Reward Function Distance-based reward
Maximum Cumulative Reward Achieved ~5000 (episode 2480)
Scenarios Used Eight distinct 2D geometric shapes

Batch Size (number of experiences used each

time it passes through the learning function) 32

4.2. Generation of Flight Instructions

Regarding the integration of the different subsystems, navigation was validated
through the generation of directly executable instructions or commands for the drone.
These were created according to the format accepted by the SDK of the device used in the
experiments, the Tello Robomaster. In Figure 13, the sequence of commands is presented
and organized into waypoints (steps). For each step, a rotation (left or right), a movement
to the right, and a second rotation are generated. This is performed to circle the point of
interest (POI) while maintaining the camera’s orientation toward that object, following its
perimeter. Table 4 shows some of the commands from the SDK used in the experiments.
These commands are the ones displayed in the output captured in Figure 13.

1: ccw 14.58°, right 6.07m, ccw 21.42°.
2: ccw 20.53°, right 6.19m, ccw 15.47°.
3: ccw 20.93°, right 6.14m, ccw 20.72°.
4: ccw 17.33°, right 6.13m, ccw 20.21°.
5: ccw 17.67°, right 6.20m, ccw 18.33°.
6: ccw 19.75°, right 6.23m, ccw 18.06°.
7: ccw 20.27°, right 6.28m, ccw 21.13°.
8: ccw 17.24°, right 6.30m, ccw 18.76°.
9: ccw 19.62°, right 6.23m, ccw 17.20°.
Steps: 9

Figure 13. Generated instructions for capturing a cylindrical-shaped building.

Table 4. Command subset used in the experiments from Robomaster TT SDK3.0 [48].

Command Description Possible Response
takeoff Auto take off
land Auto landing K/
streamon Turn on the video stream. oK/error

streamoff Turn off the video stream.
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Table 4. Cont.
Command Description Possible Response

up x Fly upward by x cm. x = 20-500
left x Fly leftward by x cm. x = 20-500 "

right x Fly rightward by x cm. x = 20-500 ok/error
CW X Rotate clockwise by x°. x = 1-360 *
CCW X Rotate counterclockwise by x°. x = 1-360 error status

speed x Set the current speed to x cm/s. x = 10-100

In Figure 14a, the drone’s movement around the object can be observed, starting from
the bottom left corner (near the origin of coordinates) and moving counterclockwise. At
each step, it orients itself to reach the destination point, moves to the right, focuses on the
nearest point (POI), and then starts the cycle again. This allows the drone to encircle the
object without losing sight of it. The steps and instructions described in Figure 13 can be
seen in Figure 14a, where the blue line represents the path taken, each red vector indicates
the drone’s orientation toward the object before each movement, and each blue vector
shows the orientation the drone should take for each movement to then move to the right
and reach the desired position. The perimeter of the object that can be seen as the red line
in Figure 14a is generated as the distance calculation algorithm is applied to the points
generated in the point cloud shown in Figure 14b.

Trajectory

15.0 1

12,51

10.0 1

151

5.0

2.5

0.0

-2.54

T T T
-2.5 0.0 2.5 5.0 15 100 125 150

@) (b)

Figure 14. (a) Drone movement around the building (perimeter in red), with its movements (blue
line) and orientation corrections (blue and red arrows). (b) Point cloud generated during the flight.

In this specific execution of the DDQN model, the UAV completed its trajectory in
nine steps, achieving a cumulative reward of 90.0789. This result is consistent with the
structure of the reward function, where the term for x is approximately zero at each step.
Consequently, the reward closely matches the product of the number of steps and the
constant term in the reward function (9 x 10). The observed value of 90.0789 reflects
the UAV’s efficient adherence to the desired trajectory while maintaining the required
distance dy, from the object. The slight deviation above 90 arises from the combined effect
of the distance traveled (y) and the minimal penalties introduced by the quadratic term
(—0.5x% or —5x2) based on the error x = d,, — d. Since the UAV avoided collisions and
stayed within bounds, no termination penalties (—100) were applied, allowing the reward
to remain near its theoretical maximum. This result underscores the model’s ability to
execute near-optimal trajectories under the designed reward structure, achieving a high
cumulative reward over a short episode.
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4.3. Automatic Generation of 3D Meshes

In the presented results, three examples of 3D reconstructions using the autonomous
drone navigation system developed in this work are shown. The system could reconstruct
these three different structures: a shed (Target 1), a trailer (Target 2), and a dovecote (Target
3), using images captured by the monocular RGB camera of the Tello Robomaster TT drone
used in the experiments, as shown in Figure 15.

Target 1 Target 3

Target 2

(a) | G ©

(8) (h) (@)

Figure 15. Three examples of 3D reconstructions using the system presented in this work for different
structures are shown. These structures are the targets 1-3 (shed, trailer, and dovecote), sorted by
columns. Images (a—c) display frames from the actual video of the three targets. Images (d-f) show
the resulting 3D mesh reconstruction of each target. Images (g—i) present the final textured 3D
reconstruction of the three targets.

Figure 15a—c display frames extracted from the actual videos of the three targets during
the drone’s flights. Based on these images, the system employed the DDQN algorithm to
learn how to fly around the structures and capture the necessary information to generate
the 3D reconstructions. Figure 15d—f illustrate the initial meshes generated during the
reconstruction process, while Figure 15g-i present the final texturized 3D reconstructions.

It is important to highlight the case of Target 3 (dovecote), where a significant limitation
was observed. Due to the lack of information about the interior of the cylinder that makes
up the dovecote, the 3D reconstruction carried out using the Poisson surface reconstruction
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algorithm failed to generate an adequate mesh, resulting in an incorrect representation
of the structure, specifically the “dome” built on top of the cylinder. Regarding Target
3, Figure 14a shows the navigation decisions made and the point cloud Figure 14b that
motivated these decisions by the RL algorithm. The specific instructions that were sent to
the drone in the form of commands are presented in Figure 13.

5. Discussion

The autonomous drone navigation system based on the DDQN developed in this
study has demonstrated a remarkable generalization capability in creating closed and
complete three-dimensional meshes. This characteristic is essential for its application in
various scenarios and conditions, significantly expanding its practical utility in large-scale
mapping [49] and 3D modeling of objects, buildings, and large outdoor scenes.

5.1. Automation and Efficiency

One of the main advantages of the proposed approach is the ability to obtain 3D
meshes in real-time and autonomously, overcoming the limitations of existing photogram-
metry tools on the market. While current solutions require manual flight planning and
post-capture processing, our system operates entirely automatically. This automation not
only saves time and resources but also allows dynamic adaptation to the target and envi-
ronmental conditions. The autonomous process ensures that the video captured during the
drone’s flight possesses the necessary quality for subsequent high-resolution 3D mesh gen-
eration. By using reference tools like Meshroom in post-processing, high-quality 3D models
can be obtained, fully leveraging the data collected during the drone’s autonomous flight.

5.2. Training Optimization

The number of training epochs used in our DDQN model has proven to be adequate for
the complexity of the problem addressed. Although some degree of overfitting was initially
suspected towards the end of training, subsequent evaluations demonstrated that the
model retained its ability to generalize effectively to unseen scenarios. For instance, while
the training set included geometric shapes such as rectangles and trapezoids, the model
was successfully tested with significantly different shapes, such as circles as a dovecote
(Target 3 in Figure 15) and irregular forms (e.g., an “E”-shaped perimeter). This confirms
that the model does not rely solely on the specific configurations seen during training.

This phenomenon is manifested in the drone’s ability to “lock onto” the object by
centering the polar coordinates on the closest approximated point, efficiently enveloping
the target during its autonomous flight to capture all necessary angles and details [50].

During training, the DDQN algorithm optimizes the action policy to avoid overfitting
to a specific set of shapes. The use of Prioritized Experience Replay (PER) maintained
diversity in the sampled experiences and validated the model with a separate test dataset.
Additionally, the robustness of the trained DDQN algorithm was evaluated through its per-
formance on new geometric shapes not encountered during training, where it successfully
adapted and efficiently enveloped the targets. This generalization capability is crucial for
any application of reinforcement learning in robotics or autonomous navigation.

A real environment can rarely be defined by simple and predictable shapes; obstacles
and paths are dynamic and vary in complexity. Therefore, the drone’s ability to extrapolate
what it learned in these artificial trajectories to a more varied context is what makes it useful
in practical applications, such as infrastructure inspection, package delivery in urban areas,
or exploration of unknown environments.

5.3. Autonomous Decision-Making

The relevance of this work using a DDQN [51] is reflected in its ability to adapt to
the specific needs of autonomous navigation for 3D model creation. While the scope of
this study is limited to three objects of similar characteristics, the results demonstrate that
the learned policies enable the drone to efficiently navigate around perimeters and create
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detailed 3D models in a fully autonomous manner. This behavior is particularly promising
for applications requiring resource optimization, such as managing limited battery life and
operating in dynamic environments.

The success of this strategy suggests that using varied trajectories, combined with deep
learning based on reward and punishment feedback, is a suitable approach for enhancing
the generalization capability of autonomous agents. The proposed system demonstrates
a unique ability to autonomously decide the path and framing to follow in capturing all
angles and details of the target. This real-time decision-making ability based on the region
to be modeled and the tolerable assumptions represents a significant advancement in the
field of photogrammetry and 3D modeling assisted by drones.

5.4. Practical Applications

The system’s versatility makes it particularly valuable for a wide range of applications,
including precision surveying, archaeological documentation, infrastructure inspection,
urban planning, and cultural heritage conservation, among others. In all these fields, the
system’s ability to autonomously create complete and accurate 3D models can lead to
significant improvements in the efficiency, accuracy, and safety of mapping and modeling
operations [52].

5.5. Limitations

Using an indoor drone like the Tello Robomaster TT is a significant limitation, despite
its advantages in terms of SDK and ease of development. For creating closed and complete
3D meshes of large outdoor objects, more specialized drones are required. The main
limitations of the device include its limited range and autonomy, short flight time, and
restricted coverage, making it unsuitable for capturing large objects or extensive scenes.
Additionally, the lack of GPS and advanced sensors impedes precise navigation in outdoor
environments, while the low resolution and limited control of the camera affect the quality
of photogrammetry images.

Moreover, this drone is not designed to operate under varying weather conditions,
such as wind or low light.

Another significant limitation is the lack of detailed real-world testing in complex and
uncontrolled outdoor scenarios. Factors such as varying lighting, weather conditions, and
dynamic obstacles have yet to be fully explored.

6. Conclusions and Future Work

This study presents an innovative autonomous navigation system for drones based
on a DDQN for creating closed and complete three-dimensional meshes using monocular
RGB cameras. The results demonstrate that the system can generate 3D models of objects,
buildings, and large outdoor scenarios in a fully autonomous manner and in real time.

Our approach demonstrates significant advantages in real-time adaptability and ef-
ficiency over pre-defined flight patterns like Boustrophedon, which are commonly used
but lack flexibility in dynamic environments. While alternative reinforcement learning
algorithms such as PPO, DQN, and DDPG also show promise in UAV navigation, our
choice of a DDQN balances sample efficiency and generalization. In terms of 3D mesh
generation, our system emphasizes accessibility and cost-effectiveness compared to con-
ventional photogrammetry tools and LiDAR-based methods, which, while more precise,
require offline processing and expensive hardware.

However, the level of detail may vary depending on the complexity of the structure and
the specific requirements of certain applications. The system’s ability to dynamically adapt
to various environments and objectives, along with its capability to make autonomous
decisions regarding the optimal path and framing, represents a significant advancement in
large-scale mapping and 3D modeling.

The implementation of this system has the potential to revolutionize multiple fields,
from surveying and archaeology to urban planning and cultural heritage conservation. By
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eliminating the need for manual flight planning and post-capture processing, the system
not only increases operational efficiency but also enhances the accuracy and consistency
of the resulting 3D models. Furthermore, the system’s compatibility with professional-
grade multirotor drones equipped with high-resolution sensors and RTK/PPK (Real-Time
Kinematic/Post-Processed Kinematic) technology ensures the versatility and applicability
of the method across a wide range of scenarios.

Future developments could focus on optimizing the DDQN algorithm to further
improve energy efficiency and model quality, as well as integrating collaborative mapping
capabilities using multiple drones simultaneously. Future work will also include extending
experiments to uncontrolled outdoor environments and testing how flight altitude and
camera angles affect the quality of the generated meshes. Preliminary insights suggest that
altitude must be carefully adapted to the size of the target and the desired level of detail to
avoid occlusions or gaps in the 3D reconstruction.

Additionally, transitioning to an angular velocity action space is expected to yield
significant improvements in control precision and overall system performance. This modifi-
cation will enable smoother and more continuous flight trajectories, crucial for maintaining
stability and minimizing energy consumption. Future work will involve implementing and
evaluating this action space modification to quantitatively measure its impact on navigation
efficiency and 3D reconstruction quality in both controlled and real-world scenarios.
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