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Reinforcement Learning for Autonomous Drone Multi-Objective Navigation in Urban

Areas with Wind Zones

ABSTRACT

Drones can be used for tasks such as data collection and logistics in civil engineering. Current
research on autonomous drones mainly focuses on planning a safe path and avoiding obstacles in
a static environment. However, navigating a drone in complex environments like urban areas
involves many dynamic constraints, such as building layout, winds, and signal coverage, which
are interdependent. The wind factor is the most important among these environmental factors,
which may cause a drone to lose control or even crash. This paper presents a multi-objective
navigation reinforcement learning algorithm (MONRL) for the drone to navigate and avoid
obstacles in an unknown environment when dynamic wind zones present, with only imagery data
about the building layouts. Based on a deep reinforcement learning and memory architecture, the
drone develops policies to prioritize navigation decisions, optimizing the path while minimizing
negative impact of winds with only sparse sensor data, in our case, camera inputs. By leveraging
the advantages of the proposed method in estimating the environmental factors from previous
trials, no aerodynamic force sensors are needed for the drone to develop effective strategies to
navigate to target while counteracting to milder winds and dodging aways from stronger winds.
The proposed method was tested in a virtual environment, and a real model of New York City.
The method is expected to contribute to new automation algorithms for urban aerial logistics and

future automated civil infrastructure inspection.

KEYWORDS: Autonomous drones; Reinforcement Learning; Policy network; Wind simulation

1. INTRODUCTION

Unmanned Aerial Vehicles (UAVs), or drones, have gained increasing attention and popularity
in many industrial applications due to their flexibility, versatility, and efficiency in disaster
response [54], search and rescue [42], and environmental monitoring [15]. Most UAVs are
piloted by a human operator from a distance, while recent advances in control algorithms and

sensor systems have started to support autonomous drones in complex tasks and workplaces
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[24]. Autonomous drones can plan out their path and achieve the flying goals automatically
based on dynamic environmental conditions from the onboard or remote sensors, enabling them
to reach distant areas or access difficult or dangerous locations that would be challenging or
impossible for humans to access [51]. In addition, autonomous drones can free human pilots
from repetitive tasks such as logistics delivery, helping the growth of industries despite the
shortage of human pilots [59]. Especially, it is expected that the scaled adoption of autonomous
drones in the logistics industry can help reduce traffic congestion and carbon emissions by
delivering goods through the air instead of on the ground [53]. These drones can also be
equipped with a variety of sensors and cameras, such as thermal imaging and LiDAR, to collect
high-quality data and imagery on the fly, supporting future tasks such as aerial mapping,

surveying, and monitoring [22] [65] [21].

The key to the safe and effective implementation of autonomous drones in logistics is
path planning, i.e., determining the optimal route for a drone to follow from its starting point to
its destination while satisfying various requirements, such as avoiding obstacles and minimizing
travel time [34]. Most existing path planning methods for the drone’s navigation system mainly
focus on identifying the shortest route and avoiding obstacles [39]. While in real-world
applications, dynamic environment conditions (e.g., weather conditions) could have unexpected
impacts on the navigation controls of autonomous drones. For example, in urban areas
surrounded by tall buildings, the changing aerodynamic conditions can significantly impact the
desired outcomes of drone navigation. Another example is that unexpected turbulences
occurring between two close buildings may influence the stabilization of a drone [12]. On a
larger scale, the layout of buildings in a region, such as a metropolitan district, can affect the
wind zone distribution in a complicated way, making a pre-determined drone path plan less
optimal [11]. Dynamic winds happening anywhere in a large region, including strong gusts of
wind, can cause the drone to lose control or even crash. Even milder winds can affect the
maneuverability of the drone, causing it to drift away from its intended path. Lastly, headwinds
can impact the drone’s battery life and flight time, as the drone requires using more power to
compensate for the wind resistance. All of these dynamic environmental conditions make the

traditional path planning of autonomous drones less effective in achieving goals in a safe way.
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This paper proposes a multi-objective navigation reinforcement learning (MONRL)
algorithm for the drone’s path planning while safely across the normal wind zones and dodging
the strong wind zones. A strong wind zone refers to an area where the wind speed exceeds the
safe allowance of a particular drone, which could cause clashes, while the normal wind zones
would cause drafting problems and affect the ability of the drone to maintain the desired path.
The goal is for an autonomous drone to develop a successful strategy to adapt to aerodynamic
conditions while accomplishing navigation tasks with a learning approach. To simulate a more
realistic scenario, in our investigation, we consider only an onboard camera as the sole sensor for
autonomous drones to sense the environment and learn from the errors. The rationale is that
there is a latent relationship between the layout of buildings and the distribution of wind zones,
and we hope that the proposed MONRL can still learn effective strategies based on only sparse
information about the environment (i.e., visual information). During the MONRL training, we
implemented curriculum learning to train the model and used a 3D bounding box algorithm to
detect the obstacles based on the picture captured by the camera. Curriculum learning is a
machine learning technique that involves training a model on increasingly complex or difficult
examples over time. The idea is to gradually increase the difficulty of the training data so that the
model can learn more efficiently and effectively. Besides, we develop a conversion algorithm to
quantify the wind zone distribution around tall buildings based on computational fluid dynamics
(CFD) results. After the training, the drone should be able to sense multiple environmental and
physical conditions of the near field, and develop dynamic policies for prioritizing the
navigational decision to optimize the path while minimizing the negative environmental impact.
The remainder of this paper introduces the point of departure of our study, the proposed method,

case studies of the MONRL training, and a validation case based in Manhattan, NYC.

2. RELATED WORKS

2.1. Autonomous Drones Navigation

Autonomous drones have gained significant attention due to their ability to operate without
direct human intervention [24]. The versatility of autonomous drones has resulted in a wide
range of applications across industries, including agriculture, disaster management, infrastructure

inspection, and wildlife monitoring [50] [4] [18] [38]. Autonomous drones employ various self-
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navigation methods, such as GPS-based, vision-based, and sensor-based navigation for path
planning and flying controls. GPS-based drone navigation is considered the most common and
mature method, which relies on GPS data for navigation through pre-defined waypoints [35]. In
most cases, a global map that provides a high-level representation of the navigation mission
space is available, allowing the drone to plan its trajectory and avoid obstacles more efficiently
[57]. Even for partially unknown and dynamic 3D environments, access to GPS data can still
enable hybrid navigation methods to facilitate self-governing drone operations, such as rapid

reflexive reactions to newly detected obstacles [20].

However, many drone missions are performed in GPS-denied environments characterized
by tall buildings or dense plants, limiting the use of GPS-based navigation [64]. As a result,
vision-based or sensor-based techniques are explored. Vision-based navigation utilizes computer
vision algorithms and onboard cameras to perceive and analyze the environment, enabling
drones to avoid obstacles and follow paths [5]. Examples of vision-based navigation systems
include Simultaneous Localization and Mapping (SLAM) [66] and Visual-Inertial Odometry
(VIO) [61]. Sensor-based navigation techniques leverage sensors like LiDAR, radar, and
ultrasonic to measure distances between the drone and surrounding objects, which is useful in
environments with limited or impaired visual navigation [13]. These techniques often employ
sensor fusion, combining data from multiple sources to enhance the accuracy and robustness of
the navigation system [36]. Recently, the use of machine learning has greatly improved the
capabilities of autonomous drones in complex environments [37]. For example, deep learning
techniques, such as Convolutional Neural Networks (CNNs) [6] and Recurrent Neural Networks
(RNNs), have been applied to enhance vision-based navigation by enabling more accurate object
recognition, segmentation, and tracking [71]. Despite these advances, challenges remain for
autonomous drones’ navigation in complex and dynamic environments. Obstacle detection and
avoidance in areas such as urban settings or dense forests is critical, but developing effective
algorithms remains challenging due to the variety of objects and their proximity [40]. The
following section unfolds the details of challenges related to drone navigation in dynamic
environments and introduces the existing efforts in addressing the self-navigation in dynamic

environments.
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2.2. Self-Navigation in Dynamic Environments

One of the primary challenges in autonomous drone navigation is operating in dynamic
environments. The challenge roots from the difficulty of environmental sensing to incorporate a
large amount of dynamic information and the corresponding information processing and
computational demands. On the one hand, dynamic environments with moving objects (e.g.,
vehicles and pedestrians) and adverse environmental conditions (e.g., poor lighting conditions)
require advanced sensing methods to enable real-time adaptation and accurate movement
prediction [41]. On the other hand, with the increasing input of sensor data, robust data
processing, and control algorithms are needed to convert the external information about the
environment into safe and effective drone navigation and path planning decisions. As for the
sensing techniques for autonomous drones, a popular solution is the use of LiDAR-based
sensors. Bolognini and Fagiano [13] developed a real-time algorithm for LiDAR-based drone
control, enabling navigation in unknown environments. El-Sheimy and Li [19] proposed an
innovative algorithm to reduce computational cost and energy consumption for indoor LiDAR
target detection. Aldao, Gonzdlez-de Santos and Gonzdlez-Jorge [2] evaluated LiDAR’s ability
to detect dynamic obstacles’ location and speed with positive results. Patrik, Utama, Gunawan,
Chowanda, Suroso, Shofiyanti and Budiharto [48] used course-over-ground information and an
IMU sensor for outdoor drone navigation without obstacles, relying on GNSS data. In addition,
camera-based methods provide a more detailed visual representation of the environment,
allowing drones to respond to a broader range of obstacles. Chakravarty, Kelchtermans, Roussel,
Wellens, Tuytelaars and Van Eycken [16] used a single front-facing camera and trained a CNN
for depth perception, guiding the drone to avoid obstacles. Sani and Karimian [55] proposed a
complete solution for indoor drone navigation using two cameras, a Kalman filter, and an inertial
sensor. Garcia Carrillo, Dzul Lépez, Lozano and Pégard [25] placed a stereoscopic camera on a
drone and trained a CNN to process depth maps, detecting and locating drones up to eight meters
away with a 10% error rate. Jung, Hwang, Shin and Shim [32] introduced a new CNN to
estimate the locations of key objects in drone navigation, applying a line-of-sight guidance
algorithm for drone direction, validated on cost-efficient hardware. Baskar and Gorodetsky [9]
proposed a new dataset of wind simulation to validate the fixed-wing UAV route choice when

considering the energy efficiency. Nathanael, Wang and Low [47] used steady-state RANS
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simulation generated by Open FOAM to simulate the wind field in Singapore and then

researched its impact on the flight of the Unmanned Aerial Systems (UAS).

Literature has also been investigating advanced algorithms capable of processing
additional sensor information and functioning effectively in diverse conditions [68]. Sun, Li,
Wang and Zhao [62] proposed the use of the Rapidly-exploring Random Tree (RRT) algorithm
for path planning in complex environments. RRT has become a popular choice for UAV path
planning due to its ability to quickly explore search spaces and generate feasible paths. Later,
Wen, Su, Ma, Zhao and Zhang [69] presented an enhanced version of RRT, called Safe-RRT,
which guarantees safe and optimal paths for UAVs in cluttered environments. Optimization-
based methods have also gained traction for addressing path planning problems. Albert, Leira
and Imsland [1] applied mixed-integer linear programming (MILP) to generate collision-free
paths for multiple UAVs simultaneously. Their method demonstrated the ability to handle
complex scenarios with multiple UAVs and obstacles efficiently. Similarly, Huang, Zhou, Ran,
Wang, Chen and Deng [28] investigated the use of particle swarm optimization (PSO) for drone
path planning, showing its effectiveness in generating optimal paths in real-time. Recent
developments in machine learning have led to new approaches for UAV path planning and
navigation. Fan, Chu, Zhang, Song and Li [23] explored the use of imitation learning to transfer
expert knowledge for drone navigation, leveraging human demonstration data for improved
performance. In addition to path planning algorithms, sensor fusion, and localization play a
crucial role in autonomous drone navigation in a dynamic environment. Cadena, Carlone,
Carrillo, Latif, Scaramuzza, Neira, Reid and Leonard [14] provided a comprehensive review of
simultaneous localization and mapping (SLAM) techniques for drones, emphasizing the
importance of integrating vision, inertial, and other sensors for accurate localization.
Furthermore, Baca, Hert, Loianno, Saska and Kumar [8] demonstrated the effectiveness of
vision-based navigation for UAVs, enabling them to operate in GPS-denied environments.
Collision avoidance and obstacle detection are essential components of safe drone navigation.
Imrane, Melingui, Mvogo Ahanda, Biya Motto and Merzouki [29] utilized a bio-inspired
approach based on the artificial potential field (APF) method for obstacle avoidance, showing its
effectiveness in real-world scenarios. Meanwhile, Andersson, Wzorek, Rudol and Doherty [3]
developed a predictive collision avoidance algorithm using Bayesian methods, which offered

improved performance of drone navigation in dynamic environments.
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What is worth noting, many of the advanced control algorithms and machine learning
techniques for autonomous drone self-navigation require excessive data from the sensing
systems about the dynamic environment [63]. We consider a more realistic scenario where not
all relevant sensor data is available or very limited, while the primary source of data is still from
imagery sensors [40]. For example, for an algorithm that can control a drone through heavy wind
zones (aerodynamic optimization), we consider the situation when wind sensors or similar
pressure sensors are not accessible, but only onboard RGB cameras are available. The following
section introduces the potential of reinforcement learning in tackling issues with only sparse

data.

2.3. Reinforcement Learning for Self-Navigation with Limited Data

Reinforcement learning (RL) is a branch of machine learning methods that involves training an
agent to make decisions based on interactions with an environment [33]. The agent learns to
maximize a numerical reward signal that it receives from the environment in response to its
actions. This trial-and-error process allows the agent to discover the optimal policy for achieving
its goal [43]. Compared to other machine learning approaches, RL does not need a training set,
and the agent will adjust the action based on continuous feedback to maximize the final reward.
One key advantage of RL is its ability to learn from experience and adapt to changing
environments, which is key to autonomous drone navigation in dynamic environments. Pham et
al. used a PID+Q-learning algorithm as the training strategy to train the drone to navigate in an
unknown environment without any obstacles [49]. They created a simulation environment for the
drone to learn, then tested the navigation system in the real world. The method’s validation and
simulation yielded comparable outcomes, indicating that the drone could adeptly learn to
navigate through its surroundings without relying on any pre-established model. Hodge et al.
built a 2D training environment in Unity and tried safely training the drone to arrive at the
destination while avoiding all the obstacles [27]. They used LiDAR sensors to obtain the
obstacle information near the drone and then combined RL with the Proximal Policy
Optimization algorithm to train the drone navigation system. Mufioz et al. used the DDQN to
train a drone in the 3D simulation environment and proposed a new neural network named JNN
to learn obstacle information based on depth cameras [45]. Shin et al. created a virtual

environment for drone training and applied the U-Net as the reinforcement learning network
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during the training [60]. To test the model’s validity, they transferred it to the real drone, then
tested it in a reconfigurable maze that was similar to the virtual maze. They used only one RGB
camera as the model’s input, which still performed well in the real-world test. Xue and
Gonsalves suggested a novel deep reinforcement learning approach that used Variational
Autoencoder (VAE) for image data preprocessing [70]. This approach facilitated fast and
effective learning for UAVs to avoid obstacles without depending on sensors other than the
depth camera. The advantage of this method over other visual obstacle avoidance algorithms was
that it allowed for obstacle avoidance in a continuous action space and eliminated the need for
complex image recognition networks during RL training. Tong et al. proposed an enhanced Deep
Reinforcement Learning (DRL) approach to address the inherent limitations of UAV navigation
in dynamic environments [63]. The proposed method involved a distributed DRL framework that
breaked down the navigation task into two simpler sub-tasks, each tackled by a Long Short-Term
Memory (LSTM) based DRL network using a portion of the interactive data. Additionally, a
clipped DRL loss function is introduced to seamlessly integrate the two sub-solutions into a

single comprehensive solution for UAV navigation.

In summary, RL methods offer significant advantages for autonomous drones in self-
navigation, particularly when certain sensor data is missing. These advantages stem from RL’s
ability to learn from experience, adapt to dynamic environments, exhibit inherent robustness,
generalize knowledge across environments, incrementally learn, and scale with deep learning
techniques [46]. Through trial-and-error interactions with the environment, RL enables drones to
develop navigation policies that account for missing data. RL’s adaptability ensures effective
navigation in dynamic and unpredictable scenarios, even with limited sensor data. The inherent
robustness of RL algorithms allows drones to prioritize actions leading to successful navigation,
compensating for missing information. Additionally, RL’s generalization capabilities enable
drones to apply learned navigation policies to similar environments without extensive retraining
[17]. Incremental learning allows RL-based drones to continually refine their navigation policies
in response to changing or missing sensor data, while the integration of deep learning techniques,
such as Deep Q-Networks (DQNs) and Proximal Policy Optimization (PPO), ensures scalability
and the ability to learn complex navigation policies in various environments [7]. Overall, RL
provides a powerful solution for autonomous drones to overcome challenges posed by

incomplete or missing sensor data and achieve successful self-navigation.
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2.4. Multi-Objective Reinforcement Learning for Self-Navigation

In recent years, Multi-Objective Reinforcement Learning (MORL) has emerged as a pivotal
approach to tackle complex decision-making problems involving multiple conflicting objectives.
MORL techniques offer a framework to optimize agents’ policies in environments where
multiple objectives must be simultaneously considered and balanced. At its core, MORL seeks to
find a balance between different objectives by exploring the trade-off space. Algorithms within
the MORL framework aim to generate policies representing diverse solutions, each offering a
distinct compromise between objectives. This set of policies is known as the Pareto frontier, and
it empowers decision-makers to choose the most suitable policy according to their priorities.
Ramezani Dooraki and Lee [52] built a multi-objective reinforcement learning network to train
the drone navigation system in a dynamic environment, which includes static and moving
obstacles. Shantia, et al. [58] proposed a two-stage training methodology for drone navigation
based on visual input and proved that the performance for the multi-objective training network
was better than the single-objective. MORL addresses scenarios where a single optimal solution
may not suffice due to competing goals or trade-offs. This is particularly relevant in our context,
where our problem involves optimizing drone navigation while minimizing wind impact and
maximizing safety. MORL provides a robust methodology to navigate these challenges and
derive policies that lead to a Pareto-optimal set of solutions, allowing decision-makers to make
informed choices based on their preferences. By incorporating MORL into our study, we
leverage its capabilities to tackle the intricate trade-offs inherent in our multi-objective drone
navigation problem. MORL equips our approach with the flexibility to handle conflicting
objectives, ensuring that our solution is not only technically robust but also practically adaptable

to real-world scenarios.

In summary, Multi-Objective Reinforcement Learning offers a well-established framework to
address multi-dimensional optimization challenges, making it an ideal choice for our problem of
optimizing drone navigation while considering wind fields in urban environments. The adoption
of MORL empowers us to explore the trade-off space and present a set of solutions that cater to a

spectrum of decision-makers preferences.

3. METHODOLOGY

10
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3.1. Overview

This paper proposes a MONRL method for drones to autonomously navigate through dynamic
wind zones while reaching the given target and avoiding obstacles only based only on local
information obtained from the RGB cameras and GPS equipment. Unlike previous studies that
assume that global information about the environment is known, or relevant sensors are available
for obtaining all necessary information, our approach assumes that only GPS equipment and
limited imagery sensors, such as RGB cameras, are accessible. The dynamic and complex
interactions between the built environment and the wind zones would be captured by the system

while learning.

The framework showcased in Fig. 1 provides a clear outline of the sequential steps that
constitute the proposed Multi-Objective Navigation Reinforcement Learning (MONRL)
technique, which is designed to enhance the navigation capabilities of drones. Here’s an in-depth

breakdown of the process:

The first step involves the sensing mechanisms employed by the drone agent. Equipped with
two core sensing devices, namely the RGB camera and GPS equipment, the drone gathers crucial
information from its environment. The RGB camera can offer a three-dimensional view of the
surroundings by applying bounding box algorithms. This facilitates the drone’s understanding of
the landscape’s geometry, helping it gauge the proximity of objects. The GPS equipment, on the
other hand, not only provides accurate positional data for navigation but also aids in determining

wind force.

In the second step, the drone utilizes the information it collects to estimate wind force
through drifting information. When subjected to wind forces, the drone deviates from its
intended trajectory. By comparing the anticipated position (based on movement commands) with
the actual position (from GPS data), the drone calculates the extent of drifting deviation. This
deviation information is then utilized to gauge the wind force acting upon the drone. Analyzing
the degree and direction of drift provides valuable insights into the magnitude and orientation of

the wind.

The third step involves the integration and pre-processing of data. The data acquired from the

RGB camera and the estimated wind force from GPS are merged and subjected to preparatory

11
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procedures. This ensures that the data is formatted in a manner conducive to its utilization within
the subsequent reinforcement learning network. Potential processes here include data

normalization and flattening, which streamline the input data.

In the fourth step, the integrated data is fed into a complex reinforcement learning network.
This network is characterized by its deep architecture, encompassing different layers designed to
handle diverse information. Convolutional layers process the depth information from the camera,
while dense layers manage drifting and wind force data. The core objective of this network is to
learn optimal navigation strategies for the drone across various environments, taking into
account obstacles derived from geometry information as well as environmental factors such as

wind.

The ultimate output of this network is a set of actions or decisions that guide the drone’s real-
time movement. These actions are carefully formulated based on the drone’s assimilation of data
and its understanding of the environment. In essence, the MONRL framework enables the drone
to navigate intricate landscapes, making informed decisions that optimize its movements by

intelligently adapting to the prevailing conditions.

12
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Fig. 1 Framework of proposed MONRL method

Among these inputs, the external inputs to the drone agent are solely processed camera data.
We use a 3D bounding box algorithm to convert the imagery data about the built environments
(such as buildings) captured by the front camera to 3D vectors [44]. The training can be divided
into two phases. The first phase is to train the drone in the simulation environment with no wind
zones by using the Proximal Policy Optimization (PPO) algorithm and the LSTM structure [26].
The PPO algorithm is a RL algorithm that offers advantages such as stability, efficiency, sample
efficiency, and robustness, making it a powerful and reliable algorithm for learning good policies
with relatively few samples [56]. In addition, LSTM is used to remember information from
previous time steps in a sequence. This recurrent model can capture temporal dependencies in

the input data and help the drone make more informed decisions. The experiment was performed
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in multiple phases, gradually adding more environmental factors to the simulation. This is to test
how incorporating environmental factors could alter the original decisions made by the drone Al
Specifically, the purpose of the first phase was to validate the feasibility of the RL architecture
for identifying the shortest path from the starting point to the target point without considering
other conditions, such as environmental factors. It also supports a simulated navigation system
that grants the drone an obstacle avoidance ability in windless conditions. In the second phase,
after the drone’s basic navigation and obstacle avoidance system was built up (i.e., phase one),
the wind information was added to examine how MONRL could facilitate navigation decision-
making in an environment with more conditions, in our study, dynamic winds. Therefore, we
added a simulation of the wind dynamics to the MONRL training during the second phase, i.e.,
adding aerodynamic forces in the simulated environments to replace the windless condition in
the prior phase, especially when the drone approaches buildings. As will be shown later in the
results, we found that incorporating environmental factors indeed changes the decision of the Al
Such a comparison is only possible with a multi-phase study. Because MONRL in our study is a
multi-objective training, i.e., reaching the target, avoiding obstacles, and counteract the negative
effects of dynamic wind zones on the gesture and path stability of the drone, a multivariate
reward function is utilized for training the drone to learn to dodge the strong wind zones, react to
miler wind zones, avoid visible obstacles, in addition to finding a new route to the target when
needed. After the two training phases, real-world data is used to validate the training results. We
use OpenFOAM [30], an open-source computational fluid dynamics (CFD) software, to create
the CFD results for a metropolitan district in New York City. Once the CFD result is generated,

the data is transferred to Unity and used as the wind zone input in the test environment.

3.2. Deep Reinforcement Learning Network

The core of the proposed MONRL method is a deep reinforcement learning (DRL) network that
enables the robust learning of the drone to navigate in a dynamic environment. We designed a
DRL network with seven layers, as shown in Fig. 2. The first layer is the input layer with 87
inputs. Among the 87 inputs, 72 inputs are assigned to store the local geometric information. In
our case, it refers to the bounding box results from the drone-carried imagery sensor to represent
obstacles (mainly buildings) in the visible proximity of the drone. For each obstacle, the 3D

bounding box algorithm can return the 8 space positions of all its vertex, and each space position

14
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contains three values, which represent the XYZ position data, respectively. In this way, we can
use a short array to represent the key geometric features of a building (i.e., the contour of a
building). The other 12 inputs are used to record all the information related to the drone agent.
The information includes the distance between the drone and the target, the drone’s current speed,
the drone’s position, and wind data from a given aerodynamic map. Each of the inputs is a vector
that contains three values. To teach the drone to avoid the stronger wind zones, we allocated
three inputs to enable the drone to memorize the position of the last strong wind zone that can be

used in the reward function.
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i\\;l_‘]_ N, =1 ~|_LSTM cell
\ .
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— \ — Yy
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Fig. 2 Deep reinforcement learning network architecture

Moving forward from the input layer, there are two convolutional layers. Since the vertex
information of a bounding box is interdependent, using convolutional layers helps extract the key
features. Then there are 2 hidden layers, each with 256 nodes. These layers allow the network to
capture more complex relationships between the input features. A single LSTM layer is used
after the hidden layers. The advantage of this recurrent layer is that it can effectively capture
long-term dependencies and temporal patterns in sequential data, which can let the drone avoid
an infinite loop. The final layer is the outcome layer with three outputs. The output signifies the
intended direction for the drone’s movement along the x, y, and z axes. This vector comprises
three values spanning from 0 to 1. Given its adjustable magnitude, the drone’s behavior can be
altered by modifying this magnitude. The ultimate velocity will be determined by the product of

the output and the maximum speed of the simulated drone during the simulation.
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In the simulation, the wind force would directly affect the drone’s acceleration rate.
Therefore, the agent must consider the movement decision based on the wind information. In our
experiment, we assumed that the drone could fully follow the commands from the RL algorithm.
In addition, our model did not consider the modeling of sensor noises other than the visual
sensors, 1.e., the 3D bounding box recognition based on the virtual visual sensors. We admit that
this is a simplified assumption as in real world, drone controls could be affected by a variety of
factors and thus, the control could be off. Nonetheless, the scope of this study is to examine that
if the incorporation of multiple objectives at the same time, especially the aerodynamic forces, in
the drone navigation decisions, could yield paths that are different than a direct consideration of
shortest path. As a result, we focused on a more controlled experiment in the simulator while
ignoring the real-world control challenges. It is recognized as one of the limitations in the

discussion.
In general, its decision network can be defined as Eq (1):
D, = F (b, d¢, ve, Wi, Ppy De—1) Eq (1)

Where D; is the speed decision for this step, b, represents the obstacle data (relative
position, dimensions) from the 3D bounding box algorithm, d, represents the relative distance in
all directions between the agent and the target, v, represents the current speed of the drone, w; is
the wind data based on the drifting of the drone, p; refers to the local position of the drone,
which is used to control the drone fly in the designed scope, D;_ is the movement decision for

the last step, which is the velocity.

3.3. Reward Function

According to the proposed MONRL, the goal of the agent is to learn a policy that maximizes its
cumulative reward with a series of sub-objectives over time by taking actions in an environment
and receiving feedback in the form of rewards. The reward function design is based on the
project goal, previous experience, and the drone’s performance during the experiment. The

reward system that we designed in this experiment is as Eq (2).

R = Tdistance + rtarget + Twind + Teollision + Tstuck + Ttimeout + Ttime Eq (2)
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Where R represents the total reward that the drone can receive. It is a linear combination
of a set of award terms: 7y;s¢ance represents the reward depending on how close the drone moves
towards the target, 1;4rger 18 @ binary reward if the drone safely arrives at the target, 1,4 refers
to the reward if the drone successfully avoids the strong wind zone, 7,,;ision represents the
cumulative penalty when the drone has a collision with any obstacle, 74,k 1S @ penalty when the
drone is stuck at an infinite loop in navigation, 73;;, 1s a penalty term based on the total time
spent on the navigation task, and 73;meont 1S @ binary term to represent penalty when the drone
uses out all the time. To simplify, we did not assign any weight to the sub-objectives. It deserves
future investigations into how changing the priorities of each of the sub-objectives would affect
the overall performance of the MONRL in drone navigation. The followings provide more

detailed information about each of the sub-award terms.

The first reward term encourages the drone to move towards the target. It is a continuous
reward that can guide the drone at every step in one epoch. In our experiment design, the
positions of the drone and target change every epoch. In order to normalize the distance reward

for every epoch, we design the distance reward function as Eq (3).

T
diSt - diSt_1
Tdistance = Z di x 100 Eq (3)
is
1
Where 74istance represents the rewards the drone can receive, dis; is the distance
between the drone and the target at this step,dis;_; is the distance between the drone and the
target at the last step, disy is a fixed value that represents the distance between the drone and the

target at the start of the current epoch.

The second reward term provides a positive reward for reaching the target quickly and
safely while avoiding stronger wind zones and obstacles, as shown in Eq (4). This can be a
comprehensive approach to incentivize the drone to learn to navigate effectively in the wind
zone.

_ (+10 if arrives target

= Eq (4
Ttarget {0 otherwise Q)
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The third reward term encourages the drone to find alternative routes to avoid the
stronger wind zones. For every epoch, if the drone encounters a strong wind zone and avoids it, it
will receive a positive reward, as indicated in Eq (5).

+10 if avoids strong wind zone

Eq (5
0 otherwise a(5)

Twina = {

The fourth reward function is a negative term that penalizes the drone once there is a
collision. In the real world, collisions with obstacles can be disastrous for the drone. Besides, the
epoch will stop immediately if a collision occurs, thus the drone will not receive any further
rewards and will receive a very low total reward. By providing a significant penalty for
collisions, the drone will learn to avoid them (see Eq (6)).

-10 if collision occurs

Yeollision = { 0 otherwise Eq (6)

The fifth reward term is a penalty for the drone flying around a strong wind zone, as
shown in Eq (7). It is a negative reward for every step the drone spends in a strong wind zone.
This will encourage the drone to minimize the time it spends in those areas and encourage it to
find a route around them. We set this function as a linear function. The closer the drone is to a
wind zone, the larger the penalty it will have. This will encourage the drone to move away from
the strong wind zones.

diSyind

Fetuck = —-0.1 x —  Per step if in strong wind zone Eq (7)

0 otherwise

Where 7,0, represents the penalty the drone will receive, disy,nq is the distance

between the drone and the stored strong wind position.

The sixth reward term is a penalty if the drone uses all the time but does not arrive at the
target, as shown in Eq (8). Battery consumption is vital to drones as they rely on onboard power
supplies to power their propulsion systems, sensors, cameras, and other components. If the drone
spends too much energy on a one-trip flight, it may lose power and be unable to complete its
tasks or return to the start location. Since it does not complete the tasks, a negative penalty is

given to the drone.
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-10 if step reaches maxmium

; = Eq (8
Ttimeout { 0 otherwise q(8)

Finally, the last reward function is the time penalty function for the drone. As shown in
Eq (9), the penalty increases as the time spent on the mission increase. The purpose of this

penalty is to let the drone choose the fastest way to the target.
Trime = 0.001 per step Eq (9)
3.4. 3D Bounding Box Algorithm

It should be noted the advancements in stereoscopic vision systems offer extended range and
improved computational efficiency. The compactness and enhanced capabilities of systems like
the Intel RealSense indeed make them suitable for a variety of applications, including
construction surveying. The compactness and enhanced capabilities of systems like the Intel
RealSense indeed make them suitable for a variety of applications. In our study, we primarily
relied on RGB information for drone navigation not only due to its technical feasibility but also
its cost viability. RGB cameras, widely used in various applications, are generally more cost-
effective compared to depth cameras. While advanced depth cameras, including models like the
RealSense, offer superior capabilities, they often come at a higher cost. This factor is particularly
crucial in the selection of sensory equipment for drones, especially for large-scale or budget-
sensitive projects. Therefore, we use RGB camera combined with 3D bounding box to do the
obstacle detection tasks. A 3D bounding box is a rectangular prism that surrounds a 3D object,
such as a building. The bounding box is defined by its three dimensions - length, width, and
height - as well as its position and orientation in space. 3D bounding boxes are commonly used
in computer vision and robotics applications to represent the spatial extent of objects in a scene
[44]. In general, for a 3D box projected on the image, we can always wrap it with a 2D box.
Mousavian et al. proposed a deep learning model to predict the 3D bounding box position based
on the 2D bounding box results [44]. They built up constraints between the 2D and 3D bounding
box images, called point-to-side correspondence constraint equations. One of the equations is as

follows.
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2 Eq (10)
zZ

Where x,,,;, represents the minimum x position of the 2D bounding box, K represents the
camera intrinsic matrix, R represents the frame rotation, T represents the frame translation, d,, is
the length of the 3D bounding box, d,, is the width of the 3D bounding box, d, is the height of
the 3D bounding box.

Because there are four vertex points in a 2D bounding box, which are X;min, Xmax> Ymino
Ymax, a total of four equations of the above form can be written. This is the set of four constraint
equations for the 2D bounding box and the 3D bounding box. And there are nine parameters to
be solved in this set of equations (six affine transformation parameters and three bounding box
dimensions). In our work, we built the 3D bounding box algorithm based on this model. The

details of the algorithm are shown in Fig. 3:

2D bounding box 3D bounding box Solve the point to
picture 2D bbox Angle s
CNN CNN correspondence —.
- EN Dimensions constraint
equations

Fig. 3 Bounding box algorithm

The camera on the drone will provide a picture of all the obstacles in front of the drone. In
our design, we limit the number of obstacles used in the model to simulate the limited data
storage and processing capacities of most drones and stress test the performance of the proposed
MONRL method given only sparse data. Specifically, if the number of obstacles captured by the
sensor is larger than three, we only consider the three closest obstacles. Once a drone determines
any obstacle, we will first apply the 2D bounding box algorithm to compress the raw data. A 2D

detector is used to find the bounding box for the obstacles. Then, its results are used as the input
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of the 3D bounding box network. This network can convert the convolutional features to the
angle and dimensions of the obstacles, which are parameters in the four constraint equations.
Finally, since we have already known six of the nine parameters, it is trivial for us to obtain the
rest three parameters from the four constraint equations, which is the relative position of the 3D
bounding box. By combining the dimensions and relative position of the obstacles, we can
calculate all eight vertex positions of the obstacles and transfer them to the reinforcement

learning model.

3.5. Aerodynamic Representation Modeling

We also design a framework for representing the aerodynamic characteristics of an environment.
Although CFD can be used to simulate aerodynamic forces, we found it to be inefficient for
meeting the needs of a large amount of simulation for the DRL algorithm. DRL usually requires
thousands of simulated scenarios with changing conditions. The cost of performing CFD for each
of them is significant. In contrast, we found that there were modellable aerodynamic features
around a given structure if the initial conditions of the wind and the geometric features of the
structure were known. Our proposed representation model can generate a wide range of wind
conditions, including random gusts and turbulences. This allows the drone to be trained in a
variety of changing conditions, making it more adaptable to different weather scenarios. For
example, we can quickly magnify the wind factor in our work to create a strong wind zone
between two close buildings. This will make the training environment more suitable for our goal.
In addition, representation model simulation typically requires less computational time than CFD,
which can be important for training large-scale drone fleets. This allows for faster DRL training
and more efficient use of computing resources. During the training period, we change the

obstacle layout every epoch.
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(a) Wind zone geometric model (b) Wind zone with magnitude

Fig. 4 Representation modeling for simplifying aerodynamic features around building

Fig. 4 shows the details of the proposed aerodynamic representation modeling method
based on the key features extracted from actual CFD results [31]. Different colors represent
different wind factors. This modeling method aims to simulate the wind distribution around a
single building in the wind zone. Assume that we have a single obstacle in front of the wind
direction in the x-y plane. We set the obstacle’s length as x and the obstacle’s width as y. Then
we need to determine circles with O, O, and O as the center and 1y, 7, and 13 as the radius
respectively, where O, is the center of the obstacle, O, is the middle point of the upper line, and
O3 i1s the middle point of the under line. Eq (11) — Eq (13) indicates the quantification of the

geometric models of a wind zone.

r, = 0.5 X /x2 + y? Eq (11)

1, = 1/0.25 X x2 + y2 Eq (12)

r3 =05Xx Eq (13)
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After completing these three circles, we can also identify two tangents of the blue circle
and find their intersection with the red circle. Finally, we divide the whole area around the
obstacle into three regions. The first region is in front of the obstacle (front region), which
contains three subregions. In the front region, the wind force is reduced due to obstructions.
Based on the CFD results, we set all the wind directions in this area toward the closest corner of
the obstacle. The second region is the sides of the obstacle (side region), where the valley effect
may happen, i.e., the wind speed will increase since air cannot pile up in a large amount in a
small space [12]. According to CFD results, the wind magnitude in this region is related to the
distance between the wind vector and the obstacle. When the wind is closer to the obstacle in this
region, its magnitude will be slower. Otherwise, the flow of the current will increase. As a result,
the valley effect can occur if two buildings are very close, causing disturbances to the drone.
Besides, the direction of the wind is parallel with the direction of the tangent of the red arc. The
last region is behind the obstacle (back region). Similar to the front region, the obstructions cause
a decrease in the strength of the wind. In summary, the aerodynamic force on the drone can be

written as Eq (14) and Eq (15).

Farone = Fwina X fwina Eq (14)
F,
Adrone = drone Eq (15)
Wdrone

Where Fj,.one represents the aerodynamic force exerted on the drone, F,;,4 1s the origin
aerodynamic force, f,inq 1S the wind factor, which depends on the position of the drone relative
to the obstacle, a4one 1S the passive acceleration of the drone, Wy, one 1S the weight of the drone.
It is important to note that this aerodynamic representation modeling framework is a simplified
approximation of the precise CFD results. It may not function well in applications where
accurate and precise high-fidelity CFD results are needed. However, the primary purpose of this
research is to train the MONRL model to guide the drone to avoid stronger wind zones and
counteract the milder winds. And the main function of this representation framework is to
provide high-level, low-resolution aerodynamic information for training only. In our test case,
we found that such a simplified representation of the actual aerodynamic features worked well in

yielding effective MONRL training.
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3.6. Proximal Policy Optimization (PPO)

In our architecture, we use Proximal Policy Optimization (PPO) to improve the stability and
sample efficiency of policy gradient methods by constraining the size of the policy update in
each iteration. PPO is an algorithm used in DRL that has gained significant attention in recent
years due to its ability to achieve state-of-the-art performance on a wide range of DRL problems
[56]. PPO is a model-free, on-policy DRL algorithm that learns directly from experience using a
neural network to represent the policy function. The PPO algorithm aims to optimize a policy
function (a|s), which represents the probability of taking an action a in state s. The goal is to

maximize the expected cumulative reward from time step 0 to T, which is defined as:
J(6) = E[2; =0Ty 1] Eq (16)

where 6 represents the parameters of the policy function, 0T represents the initial time
step in the problem, T is the time horizon, y is the discount factor, and r; is the reward received
at time step t. It employs a clipped surrogate objective function to update the policy, which helps

to ensure stability and prevent catastrophic updates. This function is given by:

L(O)=E [min <r:t(2) X A, clip (r:t(?g) ,(1—¢6,1+ s) X At>] Eq (17)

where 1, (0) is the probability of taking the action that was taken at time step t under the
updated policy, 73,,,(6) is the probability of taking that same action under the old policy, A is

the advantage function, and € is a hyperparameter that controls the size of the clip. The

advantage function is defined as:
A = 5, =0T —=1y* (e +1 4+ yV(sp + 1) — V(sp)) Eq (18)

where V(s) is the value function, which estimates the expected cumulative reward from
state s onwards, k is a time index that refers to the current time step in the advantage function
calculation. By using stochastic gradient descent, the PPO algorithm updates the policy and
value function parameters, with the clipped surrogate objective as the loss function. The value
function is updated using the mean squared error loss between the estimated value and the actual
reward. Overall, the PPO algorithm is designed to balance exploration and exploitation while

ensuring stability and avoiding catastrophic updates.

24



611

612
613
614
615
616
617
618
619
620
621
622

623

624

625

626

627
628
629
630
631
632
633
634
635

636

637

3.7. LSTM for Capturing Temporal Dependencies

In our pilot test, we found that the drone would be easily stuck in the local optimum without
memory from previous epochs. This is probably due to the complexity of the environment and
the high dimensionality in the DRL input. As a result, we use Long Short-Term Memory (LSTM)
to help the drone remember the previous action to avoid getting stuck in a dead-end cycle. LSTM
is a type of recurrent neural network (RNN) that is designed to overcome the vanishing gradient
problem, which is a common issue with traditional RNNs [26]. It uses a specialized architecture
that includes memory cells, input gates, output gates, and forget gates. At each time step t, the
network takes an input vector x; and produces an output vector h;. The network also maintains
an internal state vector c¢;, which represents the memory of the network at time step t. The key to
LSTM’s ability to model long-term dependencies is its memory cell, which is denoted by the

variable c¢;. The memory cell is updated at each time step using the following equations:

fo = o(Wr [he—y,xc 14 by ) Eq (19)
ir = oW [heq,x: ] + by) Eq (20)
0 = oW, [he_y,x:] + by) Eq (21)
ge = tanh(W, [he_q,x: ] + b.) Eq (22)

where o denotes the sigmoid function, tanh denotes the hyperbolic tangent function, Wy,
Wi, W,, and W, are weight matrices, by, b;, b,, and b, are bias vectors, and [h,_; , x, |denotes
the concatenation of the previous output h;_;and the current input x;. These equations define
four gates that control the flow of information into and out of the memory cell. The forget gate f;
determines how much of the previous memory cell value to retain. The input gate i, determines
how much new information to add to the memory cell. The cell gate g, computes a candidate
memory cell value based on the current input and the previous output. The input gate i; also
determines how much of the candidate value from g, to add to the memory cell and the output

gate o, controls how much of the current memory cell value to output, which is given by:

Ct = ft * Ctor + i * gt Eq (23)

h: = o; *tanh(c;) Eq (24)
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where * denotes element-wise multiplication. These gates control the flow of information
into and out of the memory cells, allowing the network to remember or forget information from
previous time steps selectively. This allows LSTMs to learn long-term dependencies and to

model sequential data effectively.

4. EXPERIMENT

We used a simulator to train drones to navigate and avoid obstacles that offers several
advantages over traditional physical training methods. The simulator allows for the creation of
complex and varied training scenarios that may be difficult or impractical to replicate in the real
world. This enables the drone to encounter a wide range of obstacles and challenges, allowing
for more comprehensive and effective training. The simulated environments also provide a safe
and cost-effective way to train drones. In traditional physical training methods, crashes or other
accidents can be costly and time-consuming to repair, and may even pose a risk to human
operators. In contrast, simulated crashes or other incidents in a virtual environment pose no risk
to humans or property, allowing for more extensive and realistic training without the associated
costs and risks. Finally, the simulated environments allow for more efficient and iterative
training processes. Training algorithms and parameters can be quickly adjusted and refined, and
the drone’s performance can be evaluated and analyzed in real-time. This enables faster and
more effective learning, leading to more skilled and capable drones in a shorter amount of time.
We chose Unity 3D as the training platform for the drone, given its capability in creating a scaled
simulation environment with analytical functions for reading and generating external data from

the experiment [67].

4.1. Simulated Environments

The simulated site represented a 3000 x 3000 feet district in an urban area. We randomly placed
49 tall buildings in the simulated environment, with the width and length ranging from 130 to
260 feet and height ranging from 200 to 400 feet. Besides, we did not set any physical boundary
for the simulated site. Thus, the wind could pass through the site. For each epoch, the drone was
randomly spawned at a location on one side of the site, while the target point was randomly

placed on the other side. The drone must safely cross the whole site to reach the target. We
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allowed 3D navigation for the drone. As such, the drone could adjust its altitude. However, in
order to prevent the drone from always flying over the buildings, we set a height limitation of
160 feet for the drone. This ensured that the drone learned strategies to fly through the buildings
and dynamic wind zones instead of flying over them. As a result, the total dimension of the main

scenario is a 3000 x 3000 x 160 feet cube.

As for the wind simulation, we set the initial wind speed at 11 mph. Using the
aerodynamic representation framework as discussed earlier, the wind speed during the training
was set to change from 3 to 45 mph, which covered the most common real-life situations.
Another important parameter in the wind simulation is the initial wind direction. Given that we
focused on the drone’s navigation on the X-Y plane, we simulated eight initial wind directions
shown in Fig. 5. For each epoch, the drone agent would experience one of the eight wind
directions or windless conditions randomly, adding variability to the simulated environment.
Depending on the flying direction of the drone and the initial wind direction, the wind should
have exerted different effects on the drone. For example, if the wind direction is parallel with the
drone’s flight direction, the drone’s speed would increase. A faster speed can be challenging for
automatic navigation control, as there would be a short window for collision avoidance. Another
challenging situation is the side wind, i.e., the wind direction and the drone’s flight direction are
perpendicular. In this case, it is nontrivial for the control algorithm to maintain the desired path
or for stabilization controls. The goal of MONRL is to teach the drone to recognize the hidden
patterns of the effect of the wind and spontaneously generate optimal solutions to offset its

impact.

Regarding the simulation of GPS functionality in our experiment, we utilized Unity’s
local coordinate system to relay position information to the drone. The main objective of the
GPS equipment in this experiment was to provide the local position information of both the
drone and its target. It’s important to note that our experimental design assumed the drone was
equipped to access only local positional information. Consequently, there was no requirement for
global positioning data in this context. This approach allowed us to focus on the drone’s ability
to navigate and interact effectively within its immediate environment, based on the local

information provided.
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Fig. 5§ Example of simulated environments and drone

4.2. Drone Simulation

To closely emulate the realistic behaviors of a drone in our simulation, it is important to ensure
that all parameters utilized in the drone simulation accurately reflect those in the real world. In
this simulation, our selection is the DJI Mavic 2 Pro drone—an esteemed creation by DJI, a
renowned pioneer in unmanned aerial vehicles (drones) and camera stabilization systems. This
drone boasts sophisticated GPS technology that guarantees meticulous positioning and
navigation. This pivotal attribute augments flight stability while enabling intelligent flight modes
that simplify the capture of intricate shots. Drawing from its official specifications, the drone
attains a top speed of 45 mph and achieves a maximum flight altitude of approximately 1640 feet.
However, given the considerations pertaining to urban environments and air traffic control,
prudent restrictions are placed on the drone’s height and velocity. Considering the foregoing, the

drone’s specifications for the simulation have been set as follows:
e Weight: 2 Ibs
*  Maximum speed: 30 mph

e  Maximum altitude: 160 feet
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4.3. Curriculum Learning

We utilized curriculum learning to help the drone learn complex missions, such as detouring the
strong wind zone. Curriculum learning is a popular and effective technique in machine learning
that aims to train models by gradually increasing the complexity of the tasks they need to
perform [10]. The basic idea behind curriculum learning is to present the model with a sequence
of tasks that start off relatively easy and become progressively more difficult over time. By
following this curriculum, the model can learn more efficiently and effectively while avoiding
getting stuck in sub-optimal solutions. There are various metrics available to decide the
appropriate number of epochs required for training each lesson, which may include loss, entropy,
or mean final reward. This approach is inspired by the way humans learn, starting with simple
concepts and gradually building upon them to tackle more complex ideas. In our work, there is a
multi-objective task for the drone, which includes navigation, dodging the obstacles, controlling
the drone in the wind zone, and detouring when there is a strong wind zone. It is hard for the
drone to learn all these things in a single training environment. Therefore, we applied the
curriculum learning strategy in our work and divided the whole training process into four phases

as follows.

In the first phase, the primary purpose was to train the drone to learn to navigate and
dodge all obstacles. For the environment setting, we only placed building obstacles on the
scenario with no wind simulation. For every epoch, the positions of the drone and target were
randomly generated. Besides, all the obstacles were also randomly distributed in the scenario.
The purpose of this setting was that we did not want the drone to remember the obstacles’
location. During the training, if a collision was encountered or the drone flew out of the scenario,
a negative reward was given to the drone, stopping the epoch. In addition, if the step reached the
maximum number, the drone would be assigned a timeout penalty. A limit of 15,000 steps was

used for every epoch. Once the success rate reached a high number, we moved to the next phase.

In the second phase, since the drone was able to navigate and dodge the obstacles in a no-
wind environment after phase 1, a wind zone was added to the training environment. The main
goal of this phase was to train the agent to learn to control the drone in a wind zone environment.

Except for the wind simulation, all other settings were the same as phase 1. For every epoch, the
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drone agent would choose one direction as the wind direction, and then this direction would be

used to calculate the simulation wind zone around each building.

After the first two phases of training, the drone was able to fly safely in an environment
with a random wind zone. However, in some cases, the drone could still be caught in an infinite
loop and be stuck at a specific position due to the strong wind zone’s existence and the
complexity of the layout. In order to allow the drone to learn to detour, a more dynamic training
environment was required. In the third phase, we changed the wind direction choices to make
sure all the initial wind direction was opposite to the drone’s flight direction. In addition, we
developed a new training strategy for the training in this phase. Unlike the previous approach,
where an epoch stopped if the step reached the maximum in previous phases, we retained all the
environmental factors and the drone status as in the last epoch. This strategy, combined with a
specific penalty function 75, aimed to enable the drone to overcome its inclination to local

traps and find a solution for an infinite loop situation.

The final phase combined all the previous training features to improve the model’s
performance. One of the advantages of curriculum learning is that the system does not discard
previously learned instances. Instead, each lesson or training criterion generates a unique set of
weights that builds upon the previous ones during the training process. However, the sub-training
criterion can add too much weight to the network. In that case, the whole model will be
overfitted for a specific task and unsuitable for the multi-objective model. During this phase, the
model would be retrained to seek better performance in the comprehensive environment. In
addition, a variable learning rate was used to overcome issues with local optima and saddle

points, which helped escape from the trap.

In the reinforcement learning segment of our research, we utilized the ML-Agents toolkit as
our platform. ML-Agents, which stands for Machine Learning Agents, is a toolkit provided by
Unity. Its primary purpose is to transform games and simulations into conducive environments
for training machine learning algorithms. This bridges the gap between Unity’s game
development environment and the world of machine learning, thereby paving the way for the
development of smarter and more interactive applications. Table. 1 presents the settings we used

for reinforcement learning within ML-Agents.
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Parameter Value
Max Steps 1,000,000,000
Time Horizon 1,000
Summary Frequency 100,000
Keep Checkpoints 10
Hyperparameter

Batch Size 2,048
Buffer Size 20,480
Learning Rate 0.0003
Beta 0.01
Epsilon 0.2
Lambda 0.95
Num Epoch 3
Learning Rate Sch Linear
Beta Schedule Constant
Epsilon Schedule Linear
Network Setting

Normalize True
Hidden Units 256
Number of Layers 2
Visualization Type Simple
Memory Size 256
Sequence Length 64
Reward Signal

Extrinsic Gamma 0.99
Extrinsic Strength 1.0

Table. 1 Details of ML-Agents setting

4.4. Computational Fluid Dynamics Setting

31




774  Our study generated the Computational Fluid Dynamics (CFD) data to evaluate our algorithm’s
775  performance rigorously. We set up the CFD simulations using the OpenFOAM software package
776  to provide a brief overview. We defined the simulation domain, boundary conditions, and

777  relevant physical parameters to the model, as shown in Fig. 6.
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778 Fig. 6 Details of CFD setting

Aspect/Parameter

Details/Choice

Material in Flow

Air

Air Density

1.196 kg/m”"3

Wind Situations

Four different situations with two wind directions

Wind Speed (Inlet) 5 m/s and 10 m/s

Air Pressure (Outlet) 0.015 kPa and 0.0625 kPa

3D Domain for CFD As shown in Fig. 6(b)

OpenFOAM Solver simpleFoam

Meshing Generation BlockMesh, snappyHexMesh

Grid Convergence Study Yes

779 Table. 2 Details of OpenFOAM setting
780 Fig. 6(a) shows the domain of the fluid and the boundary conditions of the CFD setting

781  environment. The material in the flow region is air, whose density is assigned to 1.196 kg/m3. In
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the validation case, we assume four different wind situations with two different wind directions.
For each wind direction, we assign the wind speed at the inlet as 5 m/s and 10 m/s, and the air
pressure at the outlet is 0.015 kPa and 0.0625 kPa, respectively. Fig. 6(b) shows the 3D domain
for the CFD calculation. Table. 2 lists all the settings in OpenFOAM.

For the meshing part in OpenFOAM, we began with the blockMesh utility to generate a
structured base hexahedral mesh for our computational domain. This provided a coarse mesh that
roughly captured the geometrical boundaries of our domain. The snappyHexMesh utility was
then used to refine the mesh and conform it to our complex geometry. After mesh generation, we
checked the quality of the mesh using Open Foam’s checkMesh utility. This ensured that the
mesh met the quality criteria, such as non-orthogonality, skewness, and aspect ratio. Based on
the mesh quality metrics, iterative refinements were made until the mesh met the desired quality

standards for our simulations. Table. 3 shows the mesh quality metrics of our model.

Metric Min Average Max
Skewness 0 0.090 2.836
nonOrthogonality 0 10918 70.305
Aspect Ratio 1 1.229 3.592
Volume Ratio 1 1.346 17.222

Table. 3 Mesh quality metrics

5. RESULTS
5.1. Simulated Cases

We performed a series of tests to examine the performance of the proposed MONRL method in
piloting a drone to find the final target while avoiding and dodging against dynamic wind zones.
Fig. 7 shows the process of the drone agent learning how to navigate and avoid collision with the
obstacles in the training environment in phase 1. The blue sphere in Fig.7 refers to the target, the
red rectangle represents the bounding box result, and the buildings are represented as the cube.
To clearly display the drone’s route, we use a blue line to describe the drone’s trajectory in space.
Fig. 7(a) and Fig. 7(b) show the behavior of the drone at the earlier phase of the training. Since
the agent did not know its task and the meaning of the inputs, it randomly explored the

environment and often collided with the obstacles or the geometries. Fig. 7(c) shows that the
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drone already learned its task and started moving toward the target based on previous rewards.
Besides, it could control its flight in the training scene’s scope and does not collide with the
geometries. However, the agent still hit buildings. The reason is that the agent had not
understood the meaning of the input, which represented the locations and dimensions of the
building obstacles. Fig. 7(d) shows the drone could safely arrive at the target while avoiding all
the obstacles in its way, and its success rate was 98% after 100,000 epochs. Furthermore, the
drone learned how to choose the shortest path based on the local information from the start point

to the target.

.
i
~m

(a) (b) (© (d)

Fig. 7 Examples of training results in phase 1

Fig. 8 shows the process of the drone agent learning how to adapt to the wind force and
change its decision network in phase 2. As we mentioned, we added simulation of wind zones
into the training scenario in this phase, which may have significantly affected the drone’s flight
route. To visualize the strength and the kind of wind, we created a heat map on the ground of the
scene. The blank background means that there is no initial wind. Depending on the strength of
the wind, the wind zones around the buildings were assigned three different colors. The red zone
referred to the strongest wind zones, whose speed was larger than the drone’s max speed (30
mph). The orange zone showed the magnitude of the wind that was larger than 50% of the

drone’s max speed but less than the maximum. Then the weaker wind zones were shown in blue.
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Fig. 8 Examples of training results in phase 2

Fig. 8(a) shows an example of the poor performance of the drone in the earlier phase of
the training scenario with a wind zone. Unlike the previous high success rate in a windless
environment, the drone failed in most cases during the initial part of the training because it still
generated the same strategies as the wind force did not exist. Then the wind forced the drone to
deviate from its original route until it collided with the buildings. Fig. 8(b) shows that the drone
starts recognizing the existence of the wind and changing its action decision. Fig. 8(c) shows that
the drone could safely reach the target while dodging all the obstacles and crossing the wind
zones with a success rate of 88% after 40,000 epochs. However, about 10% of the total cases
were timeout cases in training phase 2. Fig. 8(d) shows the behavior of drones in timeout cases.
As we can see, the drone was trapped at the boundary of the red wind zone, which indicated that
the magnitude of the wind in this area was larger than the drone’s maximum speed. In other
words, if the drone aimed to enter this area and the wind direction was opposite to the drone’s
moving direction, the drone would be pushed back. And once the drone returned to its previous
position, it would still decide to go forward because all the environmental information was the

same, making an infinite loop of local trap.
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Fig. 9 Examples of training results in phase 3
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Fig. 9 shows the procedure of the drone agent learning how to detour and avoid the
strong wind zone, which was red in the figure. In training phase 3, to increase the probability of
timeout cases, we retrained the drone in the same environment once there was a timeout case.
Attributed to the LSTM network, the drone could memorize its previous actions, making it
possible to bypass the strong wind area. Fig. 9(a) shows that the drone started to find another
route to leave away from the strong wind zone but failed in the early stage of training. A high
penalty for staying around the strong wind zone forced the drone to fly towards different
directions to detour, but the drone would return to the area when it left the range of the penalty
area. Fig. 9(b) shows the drone could find the alternate route after spending sufficient time
around the strong wind zone. This means the drone successfully recognized the existence of a
strong wind zone (even without any aerodynamic force sensor) and could change its decision
based on previous decisions. Fig. 9(c) and Fig. 9(d) show that after enough epochs of training,
the drone could turn quickly when it entered into a strong wind zone and chose to fly away to

bypass it. The success rate in this training environment was 98% after 20,000 epochs.

(@) (b) (c) (d)
Fig. 10 Examples of training results in phase 4

Fig. 10 shows the procedure of training the drone agent in the comprehensive
environment in training phase 4. Fig. 10(a) shows the poor behaviors of the drone in the early
phase with all possible wind directions at the beginning of the training. The model seemed
overfitted, and the agent had forgotten how to control the drone in a downwind environment. Fig.
10(b)-(d) show that the drone agent could successfully bypass the strong wind zone and safely
arrive at the target on the same map with varying wind directions after 20,000 epochs. In Fig.

10(b), since there was no wind zone in the environment, the drone chose the shortest path to the
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target, which proved that the agent may have learned the optimal global route based on the local
information. In Fig. 10(c), the map’s initial wind direction was from the top right to the bottom
left. In this case, the drone chose to fly in the partial wind direction to save energy and increase
the speed. At the same time, we found that the drone always kept a certain distance from the
nearby buildings to reduce the wind impact. Similarly, in Fig. 10(d), the drone’s flight path was
more to the right compared to the windless situation. After the training, the final success rate for

the model was about 93% after 20,000 epochs.
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Fig. 11 Process of drone learning to detour strong winds based only on imagery data

Fig. 11 shows the whole process of a drone bypassing a strong wind zone without
entering it. Fig. 11(a) shows that the drone was flying toward the obstacle, and its camera
captured the building on the left of the strong wind zone. At this moment, the drone did not
change its direction. Fig. 11(b) shows that the drone continued flying in this direction, and its
camera captured both buildings next to the strong wind zone, shown in the red box. Fig. 11(c)
shows that the drone immediately changed its flight direction, bypassed the left building, and
continued moving toward the target. Fig. 11(d) shows the drone’s whole flight route in this case.
This drone’s behavior was very dynamic because the drone could only obtain the wind
information for the imagery data (such as the relative locations of two adjacent buildings) and its
own positions. Since the drone was not equipped with any aerodynamic force sensors, there was
no relative information about the aerodynamic forces in the inputs of the model. However, the
drone agent could still decide to detour before entering the strong wind zone. This proves that the
drone could establish some knowledge about the relationship between the wind and the building

layout information, such as the distance between the two obstacles and their dimensions.
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Fig. 12 Learning curve of all phases

As shown in Fig. 12, we collect the data from every epoch and record the mean reward
every 100,000 steps. For training phase 1, we can observe from Fig. 12(a) that the agents
received greater rewards as the number of iterations increased. The reward curve raised rapidly
at the first period of the training, then increased slower when the steps reached 40M, and
eventually, it became stable when the steps reached 80M. Fig. 12(b) shows the mean rewards
change in phase 2. At first, the rewards were very low. After 1M training, the rewards became
stable, which meant the drone could fly safely in an environment with winds presenting. As
shown in Fig. 12(c), there was little improvement in the mean reward in phase 3 because the
agent had already learned how to control the drone with winds presenting. The goal for the agent

in phase 3 was to learn how to quickly detour in a more dynamic situation, which only reduced
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the time penalty on the rewards. Fig. 12(d) shows the overfitted phenomenon during the training.
The mean rewards were lower the expected at the beginning of the training, but the agent quickly

reviewed the previous lessons and took 2M epochs to recover its high-performance strategies.

5.2. Validation Case

To further validate the efficacy of the proposed MONRL method in guiding a drone navigating
in a more realistic urban setup with precise aerodynamic data, we chose the Manhattan district in
New York City as the validation case, as shown in Fig. 13. Manhattan is known for its tall
buildings, particularly in its central business district. The island has a high concentration of
skyscrapers, including iconic structures such as the Empire State Building, the Chrysler Building,
and the One World Trade Center. These buildings not only define the city’s skyline but also
impact its local environment by creating unique wind patterns, shading effects, and other
microclimatic conditions. The main wind direction for Manhattan is generally from the
northwest, as the city is located on the east coast of the United States and is influenced by
prevailing westerly winds. Therefore, we choose two opposite wind directions, northwest, and
southeast, as the main direction of the wind to test the algorithm. Fig. 13 (¢) and (d) show the

first-person view from the drone in the virtual simulator.

(a) Selected area in CFD case (b) Manhattan district 3D model
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Fig. 13 Details of Manhattan district model
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There are two main differences between the training environment and the validation test
case. The first difference is the layout of the environment. In the training environment, the layout
of the buildings is generated and distributed randomly by the Unity program. However, in the
validation case, we use this Manhattan district in New York City, a real city model, to test its
behavior. The second difference is that we use “Aerodynamic Representation Modeling,”
introduced in section 3.5, to simulate the wind map during the training. However, we use Open
FOAM to generate the CFD results for the Manhattan model in the validation case, which has a

higher authenticity of the wind flow data.

Fig. 14 illustrates the varying trade-off behaviors of the drone within the New York City
model, where two conflicting objectives are at play. These objectives involve selecting the most
efficient route to the target while circumventing areas of high wind intensity. The results
effectively demonstrate the capability of our proposed algorithm to train the drone in adapting to
wind dynamics and proficiently navigating through unfamiliar terrain. In Fig. 14 (a), the drone’s
behavior is showcased under calm wind conditions. In this context, the drone intelligently opted
for the shortest path between the starting point and the destination. Fig. 14 (¢) and (e) present
distinct route choices made by the drone in response to varying wind strengths. Specifically,
when the wind direction shifted from southeast to northwest, favorably aiding the drone’s flight,
the choice to embark on a longer, direct journey emerged as preferred, as highlighted in Fig. 14
(e). On the other hand, Fig. 14 (g) and (i) exhibit alternative route selections when the wind
forces opposed the drone’s movement. In these scenarios, the presence of potent wind zones,
indicated by the red segments in Fig. 14 (g) and (i), impeded the drone’s ability to follow the
shortest path observed in Fig. 14 (a). To mitigate the impact of adverse wind forces, the drone
strategically elected routes that traversed through milder wind zones, relying solely on imagery
data and previously memorized positions from earlier epochs. This deviation from conventional
paths underscores the drone’s calculated trade-off decision, opting to cover more distance in
order to minimize the detrimental influence of the environmental variable—wind force. A demo

can be found here: https://youtu.be/ycMFNs-YCRU.
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Fig. 14 Validation case study results

6. CONCLUSIONS

In this paper, we introduced a cutting-edge approach for drone navigation within urban
environments, incorporating the influence of winds. This method relies on multi-objective deep
reinforcement learning, LSTM, and a simulation environment. We highlight that conventional
drone navigation and obstacle avoidance systems often neglect the impact of environmental
factors, particularly the lateral wind surrounding tall buildings in urban areas. Acknowledging
the potential simplicity of our empirical test, it’s essential to emphasize our intent. While
designed in a specific setting, our framework encapsulates some of the more intricate aspects of
drone navigation in dynamic environments. By focusing on autonomous drones’ ability to adapt
to ever-changing aerodynamic conditions using minimalistic inputs, specifically from an onboard
camera, we underscored the pivotal relationship between urban building layouts and wind zone
distributions. Such an approach challenges the drone to maximize learning from sparse
environmental cues, a testament to our methodology’s robustness. Consequently, we devise a
novel mathematical methodology to simulate wind distribution around buildings and generate a
training environment using this method. Specifically, we employed an LSTM architecture
combined with a PPO policy to train the drone to navigate and avoid building obstacles in a
windless environment. Then, we introduced simulated wind zones into the environment, teaching
the drone to execute detours. Finally, we validated the drone’s navigation and obstacle avoidance

capabilities within an environment featuring varying wind conditions, using an actual New York
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City model integrated with CFD results. The findings demonstrate that our proposed system
effectively adapts to wind effects in unknown environments, successfully reaching its destination
without collisions. Moreover, the drone’s flight path confirms the agent’s capacity to plan an
optimal global route based on local information, eliminating the need for a global map. During
the training process, we can also ascertain that transferring a drone model trained with simulation
wind methodology to an unknown environment with CFD results is feasible. The agent learns to
control the drone under wind effects from the wind zone created by the wind simulation

methodology.

Despite the promising results demonstrated by our proposed system, several limitations
warrant further investigation. First, the current approach predominantly focuses on wind as the
primary environmental factor affecting drone navigation within urban areas. Other factors, such
as precipitation, temperature, signal coverage, air pressure, and the inherent decision to assign
equal weights to all objectives in tailoring specific objectives, are not accounted for. This could
significantly influence drone performance in diverse scenarios. Furthermore, our system’s
validation in a virtual Manhattan district, although rigorous, introduced challenges due to its
heavy reliance on a camera and GPS. Complex environments characterized by densely built
structures and varying topographies can sometimes obscure visual feedback, leading to the
misidentification of narrow gaps between structures. Navigating such intricate settings and
environments with dynamic obstacles, such as moving vehicles and pedestrians, remains a
significant challenge. Another noteworthy limitation is the simulation’s use of GPS equipment,
mirroring a GPS function but lacking in replicating real-time GPS interactions, which are vital
for an authentic and comprehensive simulation experience. Addressing sensor noise, especially
in the context of environmental factors like electromagnetic interference and adverse weather
conditions, remains critical. The current reinforcement learning model, while promising, may
encounter limitations in more intricate environments or with diverse drone models. Emphasizing
the computationally demanding nature of integrating reinforcement learning with Computational
Fluid Dynamics (CFD) results, the system’s scalability in various urban settings and drone
capabilities await further exploration. Future research should focus on optimizing the wind
simulation methodology to mirror urban environment complexities better. It’s also essential to
incorporate a broader range of environmental factors, assigning them variable weights as

appropriate. Addressing dynamic elements within urban settings remains a key area of focus.

45



1003
1004
1005
1006
1007
1008
1009
1010
1011
1012

1013
1014
1015
1016
1017
1018
1019
1020
1021
1022
1023
1024
1025
1026
1027
1028
1029

1030

1031

Furthermore, developing a more refined obstacle detection methodology is necessary to enhance
the drone’s navigation in complex terrains. While our research has demonstrated potential in
urban drone navigation using deep reinforcement learning, it is important to acknowledge the
limitations imposed by the use of simulated GPS data. Future studies may explore the integration
of real GPS data or other advanced positioning technologies to enhance the applicability and
accuracy of such navigational systems. Integrating Hardware-in-the-Loop (HIL) simulations
could provide a more accurate reflection of and response to real-world GPS signals. Lastly,
enhancing the scalability of the proposed system and streamlining the training process to reduce
computational demands are critical steps for improving the practical applicability of this

approach.

It is essential to acknowledge a limitation that has emerged through our empirical test
cases. While these cases were meticulously designed to demonstrate the effectiveness of our
proposed methodology in a controlled environment with limited sensor input, their simplified
nature may limit the direct applicability to more complex, real-world scenarios. We chose these
test cases intentionally, aiming to highlight the core capabilities of our methodology in a clear
and controlled setting. This approach was particularly relevant for urban drone navigation, where
complex and expensive sensor systems are often impractical. By demonstrating effective
performance under these conditions, we aimed to underscore the robustness and practical utility
of our methodology. However, we recognize that the simplified nature of these test cases might
not capture the full spectrum of challenges and variables present in more intricate urban
environments. As such, while these test cases serve as a valuable proof of concept and a
foundational framework for our methodology, they do not fully represent the complexity of real-
world applications. This limitation does not diminish the value of our findings but rather
provides a direction for future research. It underscores the need for further studies that apply our
methodology in more diverse and complex scenarios. We believe that extending our research to
these settings will not only validate but also enhance the applicability and scalability of our

approach.
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