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Abstract

Simulation tools and digital twins are essential to UAV research, supporting rapid testing,

prototyping, and deployment of algorithms in control, computer vision, and deep learning.

State-of-the-art simulators lack modularity, scalability, and cross-disciplinary integration,

while the persistent sim-to-real gap limits the transfer of algorithms to hardware. De-

spite these challenges, simulators remain indispensable, particularly for deep reinforcement

learning (DRL), where large-scale training in the real world is impractical due to safety

and hardware constraints.

This thesis presents a modular, scalable, and transferable simulation platform for

quadrotor UAVs, emphasizing high-fidelity dynamics modeling, efficient control design, and

seamless integration with embodied AI research. A digital twin based on Blade Element

Theory is developed for the Quanser QDrone2, with parameterized forces enabling exten-

sion to other architectures. A Control library within the Gazebo ecosystem accelerates

controller prototyping and benchmarking. Gazebo plugins and ROS1/ROS2 integration

reduce computational overhead and support direct transfer of algorithms from simulation

to hardware. To advance DRL research, deterministic and stochastic environments are

introduced, enabling reproducibility, realistic modeling of uncertainties, and large-scale

parallel training. Experimental validation confirms the platform’s fidelity and effectiveness

in bridging simulation and real-world UAV deployment.
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1 Introduction

1.1 Motivation

The applications of Unmanned Aerial Vehicles (UAVs) have been growing rapidly over

the past few years. The low cost, low power, low footprint, and high maneuverability

capabilities of UAVs make them ideal for autonomous applications. Though an under-

actuated system, with four actuators and six degrees of freedom, literature has shown us

that UAVs can be controlled to stabilize in hovering positions as well as perform maneuvers.

UAVs have found their stable positions in a myriad of scenarios across industry, military,

and civilian life. UAVs have been used for complex tasks such as cartography, border patrol,

search and rescue, forest �re detection, agricultural imaging, and military applications. In

a case study conducted by [3], the authors concluded that UAVs serve as a better platform

for applications involving agriculture and remote sensing compared to traditional satellites

and aircraft.

The environments associated with the majority of real-world UAV applications are

complex, which arises from agents, environment, and multi-agent systems that pose heavy

communication demand [4]. Conducting experiments in simulation before transitioning to

hardware implementation o�ers a safer, more e�cient, and more practical approach [5�7].

Furthermore, simulation tools provide a cheap, fast, and �exible alternative to proto-
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type algorithms in multi-UAV scenarios in complex environments. UAV applications are

challenging from several perspectives, stemming from the prohibitive policies, the cost of

hardware setup and environment setup, as well as the computational requirements. With

the emergence and growing signi�cance of machine learning in recent years, UAV appli-

cations have expanded in parallel, demanding large datasets capturing system dynamics,

which are unfeasible to obtain with real hardware. Simulators play a key role in machine

learning applications of UAVs by providing reliable system dynamics to train intelligent

agents. [8].

In the context of Perception, Path-planning, and Control applications, the most con-

clusive and accurate way to validate the algorithms is to perform hardware-based �ight

testing. However, hardware-based �ight experiments to tune controller gains, for instance,

can be a safety risk and may result in damage to hardware components [9].

As the real-world applications become more complex, we require model-based ap-

proaches to provide solutions. This includes testing and validation of control algorithms

before hardware deployment.

Many of the research work around UAVs are conducted in simulations, with a certain

degree of uncertainty in the actual hardware implementation [9]. This arises because the

results obtained from simulation, such as controller gains and tracking performance, di�er

greatly in contrast with results obtained from hardware. In technical terms, this is referred

to as the Sim-2-real gap. Some of the major concerns around UAV applications are system

failures, malicious attacks, and misuse [10]. It is essential to model accurate vehicle dynam-

ics, environment, and communications between UAVs to address these research concerns.

Furthermore, many UAV applications are collaborative in nature, which requires precise

coordination between agents in a network through communication between agents.

Simulators can also be used as a testbed for prototyping UAV designs, to verify the
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feasibility of the design based on aerodynamics before performing �ight tests. Perform-

ing �ight tests with prototyped models can be expensive and time-consuming, as well as

dangerous.

In the context of UAV applications, there are three core functions of UAV simula-

tors: Evaluating new technology, Research & Development, and Low-cost training [10]. In

particular, the quality of a simulator can be assessed in terms of the following (Fig. 1.1):

ˆ Flight dynamics model

ˆ System model

ˆ Graphics rendering

ˆ Control design

ˆ Sensor modeling

ˆ Physics update

ˆ Ability to support multiple UAV models

ˆ Ability to extend to various environments

ˆ Ability to support deep learning applications

The �ight dynamics model represents the dynamics based on the lift-generating mech-

anism, which is derived based on aerodynamics. This model is dependent on the type of

UAV; for instance, �xed-wing UAVs employ an airfoil mechanism, whereas quadrotor UAVs

make use of propellers. The system model represents the input-output relationship of the

Quadrotor from a control perspective. The system model encompasses the measurement

model, the state evolution model, as well as the relationship between control inputs and the

state. Graphics rendering is one of the key features that distinguishes many simulators in
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Figure 1.1: The overall orchestration of di�erent modules of a simulator.

the literature and has a signi�cant impact on the Sim-2-real capabilities of the algorithms

tested on it. There is a signi�cant trade-o� between photorealism and the accuracy of the

physics update in reality. Typically, a step size of at least1ms is required for realistic

dynamics propagation. However, when photorealistic rendering is also incorporated, the

computational load increases substantially with application complexity, often resulting in

simulation runtimes that are signi�cantly slower than real-time on most hardware devices.

The control design method of a simulator dictates how the user can deploy control systems

developed for the System model. Many simulators come with a rigid or �xed control de-

sign method, where they only expose the interface for the high-level reference commands

while keeping an internal controller �xed. It is necessary to have a �exible control design

method, especially in the context of research applications, since the majority of control

research is focused on designing control systems that are stable and robust in a variety of
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environments.

The current research trends in UAV systems dictate that we have a modular, versatile,

scalable, and application-oriented simulator. Furthermore, they shall also support Deep

Learning applications, such as Deep Reinforcement Learning (DRL), Vision-based Learn-

ing, etc. Recent advancements in Machine learning require huge amounts of annotated

data, which can be e�ciently collected in simulators [11]. Finally, research applications

need to be rapidly prototyped and deployed in hardware, with minimal overhead. In this

research, we ask the following research questions:

ˆ How to leverage simulators for application-oriented research and promote repro-

ducibility?

ˆ How to build realistic, scalable UAV simulations with easy control integration?

ˆ How to support deep learning and reinforcement learning experimentation without

massive engineering overhead?

To address the�rst research question , we introduce a fully modular simulation plat-

form based on Gazebo sim [12], with interfaces to ROS1 and ROS2. This simulation suite

is designed to be utilized in a plug-and-play manner with great �exibility in the capability

to extend to diverse applications. The di�erent application scenarios can be modeled using

a Simulation Description Format (SDF) �le and used with our simulator. Furthermore, our

simulator provides baseline environments that are commonly used in UAV research, which

can be extended to speci�c applications. To this end, we also integrate the suite with a

digital twin for the Quanser QDrone2. The simulator's modular design enables researchers

to utilize individual components (Fig.1.1) in alignment with their speci�c research objec-

tives. To support control-related studies, a dedicated Control library is provided, allowing

the implementation, testing, validation, and simulation of UAV control systems. Finally,
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one of the important features of our toolbox is the �exibility to use C++ and Python

languages to perform research. This powerful feature allows researchers to conduct fast

prototyping of algorithms using Python, and later deploy it using the C++ interface.

To address thesecond research question , we decompose our simulator into a fully

modular suite, comprising Planning, Control, and Observation modules. Each of these

modules is loosely coupled with ROS1 and ROS2 to ensure that algorithms deployed in

the simulator can be transferred to the hardware without further modi�cations in the

source code. The Planning module provides interfaces for high-level trajectory planning

by utilizing observations provided by the Observation module. The control module pro-

vides the interfaces to deploy custom controllers with our simulation platform, and �nally,

the Observation module provides the feedback data as well as the sensor data from the

environment. The observation module also supports state-estimation techniques such as

the Extended Kalman Filter (EKF) based on partial observations of the full state.

To address thethird research question , we provide an Embodied AI environment,

designed based on an OpenAI gym-like environment [13]. One of the key features of gym

environments is the ability to drive the environment on the same thread as the training

thread, permitting accelerated data collection. High-�delity simulators often run the envi-

ronments in a separate process and use Inter-process-Communications (IPC) such as ROS

or shared memory to communicate required data, such as Image and IMU data, to the

training process. However, such environments are not drivable. High-�delity refers to the

degree to which a simulation, model, or system accurately represents the real-world UAV

in terms of dynamics, behavior, and output. A high-�delity system minimizes simplifying

assumptions and incorporates detailed physical modeling, precise numerical methods, and

realistic environmental factors, resulting in outputs that closely match empirical or experi-

mental data. In the context of this work, high-�delity implies that the simulation captures
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the critical physical and dynamical characteristics of the quadrotor and its environment

to a level that enables reliable performance evaluation and control strategy development.

To meet the needs of UAV research with deep learning applications, we provide a Drivable

environment as well as an IPC-based environment that can be used to accelerate research

in Embodied AI, DRL, etc, based on the PyTorch framework. Furthermore, to take a

step further, we provide wrappers to the envpool [14] API, which provides a fast multi-

threaded execution of gym-compatible environments. This enables researchers to deploy

and test state-of-the-art deep learning algorithms with the simulation suite in an e�cient

and seamless manner.

In summary, the main objective of this thesis is to develop a modular and application-

oriented simulation framework for testing and validating UAV applications across Control

and Planning, Computer Vision, and Deep Learning. This framework will serve as a

platform to accelerate research for UAVs across Control theory, Computer vision, and

Deep Reinforcement Learning.

1.2 Related Work and Challenges

1.2.1 UAV Simulators

UAV control and dynamics simulation are typically performed using standalone multibody

dynamics engines or complex software suites such as Gazebo [12], PyBullet [15], and Issac-

Sim [16]. Many of the complex suites leverage fundamental multibody dynamics engines

such as Bullet [17], MuJoCo [18], Open Dynamics Engine (ODE (engine)) [19], Dart [20],

and PhysX [21]. Furthermore, they augment the physics simulation with rendering capa-

bilities, using OGRE (Object-Oriented Graphics Rendering) [22], OptiX [23], Unity [24],

and Unreal Engine [25] to provide sensor simulation capabilities. Proprietary tools such
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as Matlab & Simulink [26] require a paid license to operate and require manual setup of

simulation scenarios, such as multibody dynamics ODE (Ordinary Di�erential Equations)

derivations, constraints, etc. Furthermore, augmentation of rendering is also a paid feature,

making extension to complex applications troublesome and expensive.

One of the distinctive features of multibody simulators as opposed to simple ODE

solvers is the collision dynamics simulation. Simulators in robotics were originally devel-

oped for smooth multi-joint dynamics based on recursive algorithms [27]. Contact simula-

tion, and by extension, collision simulation, are essential for simulating accurate real-world

physics in complex environments, where interactions between robots and other agents oc-

cur. The approaches to model contact dynamics range from spring-damper models to

impulse-based velocity stepping methods. The velocity-stepping method underpins most

contact dynamics implementations in fundamental physics engines; however, its perfor-

mance is constrained by the need to solve NP-hard problems at each simulation step.

Numerical stability of the simulator is an important consideration for simulating com-

plex applications. Many photorealistic simulators often sacri�ce physical accuracy to guar-

antee numerical stability through introducing arti�cial damping forces or removing Coriolis

terms, such as in PhysX [28] and Havok [29]. Furthermore, the mismatch between reality

and simulation is governed by two factors in a simulator, the numerical integration error

and the system model error [8]. The numerical integration error accumulates due to the

local truncation errors, which are a function ofh, the timestep, caused by the ODE solvers,

and the system model error originates from the uncertainty in the true dynamics variables.

Theoretically, as h ! 0, the numerical integration becomes exact with real transitions,

whereas the system model error can be reduced through proper system identi�cation. The

truncation error can be precisely de�ned as� / hn , wheren is the order of the integrator.

Most popular physics engines employ4th order Runge-Kutta (RK4) method, combined
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with velocity-stepping contact dynamics simulation.

The majority of the UAV simulators used in research are derived from one of the fun-

damental engines and augmented with a rendering engine for sensor simulation. Other

approaches include employing ad-hoc dynamics propagation using RK4 or other integra-

tion schemes at the cost of reduced �delity. AirSim [11] is a general autonomous vehicles

simulator that uses Unreal Engine for rendering and PhysX for dynamics. AirSim presents

itself as a simulator for rapid prototyping. FlightMare [30] is a Unity-based �exible quadro-

tor simulator aimed at Deep Reinforcement Learning based applications. It showcases a

detached physics and rendering engine con�guration, allowing physics updates up to a rate

of 200000Hz, and a rendering rate of230Hz. However, FlightMare su�ers from the ad-hoc

implementation of physics through an RK4-based scheme. The main motivation to switch

to ad-hoc physics is to obtain high-frequency physics; however, this seriously undermines

the physical �delity by ignoring the contact dynamics. RotorS [31] is a classical Gazebo-

based general UAV simulator that is tightly coupled to ROS1. It enables researchers to

implement control systems for UAVs through a C++ interface. One of the major limita-

tions of RotorS is the outdated rendering capabilities of classic Gazebo (using OGRE 1)

and the lack of extendability to Machine Learning applications. Furthermore, integrating

the RotorS framework into new applications requires writing software exclusively in C++

and associated build systems, which can be a dead-weight cost in rapid prototyping use

cases. Hector [32] is a Gazebo and ROS-based simulator that served as the conceptual

backbone for many modern-day UAV simulators. Hector also su�ers from the limitations

of RotorS.
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1.2.2 Simulators Specialized for Control Applications

Extensive testing of control systems is crucial before integrating them into production to

ensure safety and performance constraints, particularly for UAV applications. This can

be very expensive in terms of time and �nancial cost when performed with hardware.

Prototypes can replace hardware in such scenarios; however, for complex applications

and robots, this doesn't provide additional bene�ts over using hardware. Furthermore,

recreating the application-speci�c environments in a lab can be extremely cumbersome

in the initial stages of a project, when there are uncertainties in the feasibility of the

application. Real-life implementation of such environments may result in dead-weight cost

if the application is unfeasible.

A more reliable approach is to use Simulators with an exact dynamic model to test

and validate control systems, and then �ne-tune them in the real world. This is motivated

by the idea that an accurate model in simulation will provide a rough initial con�guration

space for the control system parameters, such as gains. However, the quality of the sim-

ulated parameter con�guration will depend on the accuracy of the dynamic model. For

UAV systems, this model needs to be as accurate as possible to reduce the time spent

on �ne-tuning. The model can range from a simple Newton-Euler formulation, which

incorporates translational and rotational dynamics, to more re�ned models that include

Blade Element Momentum (BEM) [33, 34] theory, aerodynamic drag, ground e�ect, and

gyroscopic moments.

The major dynamic e�ects to account for in a UAV simulation are motor and propeller

dynamics, contact dynamics, aerodynamics such as ground e�ect, and external distur-

bances, which include wind [32]. Contact dynamics is essential for accurately modeling

UAV interactions with obstacles in the environment. Precise contact modeling ensures

that behaviors validated in simulation remain reliable when transferred to real-world sce-
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narios. Current UAV simulators are polarized, meaning they are specialized for high-

quality graphics or pure numerical integration. They trade o� important interactions

between entities that include collisions, friction, and deformation, for high-speed graphics,

as evident in FlightMare and AirSim. The new Gazebo sim [35] o�ers a perfect harmony

between high-�delity physics and graphics, with high-quality graphics rendering (Fig. 1.2)

through OGRE2 or OptiX and highly accurate physics simulation through Dart, Bullet,

SimBody [36], or ODE (engine). Furthermore, the ECS (Entity Component System) ar-

chitecture of the Gazebo sim allows downstream users to extend or modify the simulation

execution structure through a C++ API. This �exibility also includes modifying the ren-

dering and physics engine, making it a potent asset for UAV simulators. Notably, Gazebo

also showcases high-�delity contact dynamics, with a customized physics simulation that

accounts for friction and deformations of rigid bodies, making it one of the best contenders

for UAV simulators.

Figure 1.2: Rubicon world rendered in new Gazebo sim
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1.2.3 Simulators Specialized for Computer Vision Applications

Computer vision applications mainly revolve around object detection, segmentation, and

tracking. Classical computer vision applications in robotics are centered around the state

estimation problem, which is realized through Visual-Inertial Odometry (VIO) and Si-

multaneous Localization and Mapping (SLAM). To conduct vision-based research using

simulators is a challenging topic, complicated by issues such as domain shift [37]. Domain

shift or domain gap arises from the distribution gap between the data on which the algo-

rithm was �ne-tuned and the data it is tested. This is particularly notorious in Machine

Learning applications [38] since deep neural networks such as Convolutional Neural Net-

work (CNN) are sensitive to unintended artifacts in the training data, for instance, the

texture of the image that will result in a bias.

The problem of transferring an algorithm validated in simulation to real hardware is

labeled as the Sim2Real problem [39]. Interestingly, there is an uncertainty when using

simulators as a tool for checking the feasibility of a solution, if the simulation model

is oversimpli�ed, solving it in simulation may be harder than in real life [39]. Existing

techniques for this problem include Domain randomization [40], learning residual dynamics

[41] such that ĝ(:) = g(:) + h(:) whereh(:) is the residual model andg(:) is the analytical

model, and curriculum learning where the algorithm is �t on a small subset of the problem

domain, and gradually improved by extending this set.

In terms of UAV applications, computer vision applications include object detection,

relative pose estimation with �ducial markers [42], velocity estimation [43], visual odom-

etry [44], and 3D map construction. As noted previously, an ideal simulator should �nd

an optimal tradeo� between high-�delity physics and rendering, while ensuring adequate

compensation for domain shift in high-level applications. The need for physics �delity is

mainly driven by the low-level control applications, and the rendering �delity is driven by

12



the high-level applications such as path planning and state estimation. As noted earlier,

the �exibility of the Gazebo sim allows users to incorporate di�erent rendering engines,

making it a powerful tool to leverage new innovations in rendering engines. Building

upon the previous statements, we argue that Gazebo sim o�ers a reliable tradeo� between

graphics and physics, required for complex computer vision-based research that combines

high-level and low-level aspects of UAVs. Speci�cally, the new Gazebo-sim o�ers more

advanced sensor suites required for computer vision applications, including Thermal cam-

era, Multi-camera systems, Segmentation camera, Logical camera, RGBD camera, Depth

Camera, and LiDAR, in contrast to other simulators, which makes it a very powerful tool

to test and validate any computer vision applications.

1.2.4 Simulators Specialized for Deep Learning Applications

Deep Learning applications of UAV span across the three distinct types of machine learning:

Supervised learning, Unsupervised learning, and Reinforcement Learning (RL) [45]. Su-

pervised learning leverages a �xed-size dataset to train a Neural Network to predict labels,

whereas unsupervised learning is used for extracting useful information from a dataset.

Reinforcement learning di�ers from the aforementioned approaches and is particularly

well-suited for robotics. In most RL algorithms, the simulator contains an environment

described by a stateS. The agent's objective is to determine the optimal actionA in each

state to maximize a scalar reward functionR.

The core of mobile robotics is driven by two problems: perception and intelligent con-

trol [46]. Machine Learning approaches provide a powerful way to tackle these problems in

an end-to-end manner as opposed to traditional and modular approaches, which have sev-

eral Single points of Failure (SPOF). Furthermore, in the context of perception, traditional

methods are reliable only under certain constraints, such as environmental lighting, the
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structure of the environment, intensity of the image, etc. Traditionally, perception-related

problems relied on handcrafted features to solve, such as object detection, and image

recognition [46], whereas, deep learning based approaches can map raw sensory informa-

tion directly to labels, as in image recognition [47], object detection [48], and semantic

segmentation [49].

In the context of intelligent control, DRL o�ers a promising solution for continuous con-

trol through algorithms like Proximal Policy Optimization (PPO) [50], Trust Region Policy

Optimization (TRPO) [51], Deep Deterministic Policy Gradient (DDPG) [52], Soft Actor-

Critic (SAC) [53]. In [54], the authors demonstrated low-level control of a quadrotor using

PPO. The authors of [55] demonstrated the application of Model-Based Reinforcement

Learning (MBRL) based Model-predictive Control (MPC) scheme for low-level control of

a quadrotor. In [56], the authors demonstrated the �rst-ever AI drone that outperformed

drone racing champions using a learned PPO policy that controls the drone through Col-

lective Thrust-and-Body Rates (CTBR). In [57], the authors demonstrated a dual Policy

architecture to train a drone racing policy with a Soft Actor-Critic (SAC) policy for learn-

ing a di�erentiable environment and a PPO policy that learns to solve the racing task

across di�erent environments generated by the former.

FlightMare [30], Gym-Pybullet drones [58], AirSim [11] are simulators with DRL train-

ing capabilities. FlightMare provides an ad-hoc physics-based environment to provide

physics-state only samples up to 200000Hz. However, as noted earlier, the lack of accurate

interaction dynamics is one of the major limitations of FlightMare. This has important con-

sequences in DRL when the trained policy is deployed, causing Markov property violations

when the robot interacts with the environment, which introduces additional �ne-tuning

overheads. AirSim also su�ers from the simpli�ed multi-body dynamics limitation, and

many sensors are only a subset of those available in the new Gazebo-sim, and many are
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ad-hoc implemented. In Gym-PyBullet drones, the authors provide a PyBullet-based en-

vironment for DRL applications. PyBullet is fundamentally a physics engine and lacks the

capabilities for advanced rendering, and similarly to AirSim and Flightmare, the available

sensors are only a subset of the Gazebo sensor suite. OmniDrones [59] is a recent DRL en-

vironment that allows users to customize the drone models. In [60], the authors presented

a physics-only platform that can train RL agents in under 18 seconds.

1.3 Contributions

This thesis makes several contributions to addressing the limitations of existing simula-

tors introduced in Section 1.2, by presenting a new platform suite for UAVS named as

GazeboDrones. Speci�cally, the main contributions of this thesis are as follows:

ˆ A high-�delity UAV dynamics simulated in Gazebo sim, based on Blade element

theory that incorporates disturbances from propeller aerodynamics, ground e�ect,

and environmental disturbances.

ˆ A modular multi-body control-system design platform for UAVs that enables the

reuse of existing codebases and integrates new third-party software seamlessly. Gaze-

boDrones provides interfaces for developing, testing, and validating control systems

for UAVs that are available through a hybrid C++ and Python library named the

GazeboDrones Control library. We demonstrate the applicability of our simulator

through the development of control systems for a UAV, starting from a PID con-

troller and progressing to a complex MPC.

ˆ A high-throughput DRL environment to train, test, and deploy deep Neural Net-

work policies that integrate features from the GazeboDrones Control library. Fully

compatible with the OpenAI gym API, our environment showcases hybrid operat-
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ing modes such as driven and non-driven modes, enabling researchers to simulate

realistic scenarios seamlessly. We demonstrate the applications using the Gazebo-

Drones DRL library through training an autonomous racing policy, trained across

100 environments in parallel.

ˆ A fully-capable framework for autonomous navigation applications for UAV, includ-

ing libraries for perception, path-planning, state-estimation, and control of UAV

using traditional and deep learning approaches.

ˆ ROS1 & ROS2 support enabling researchers to re-use existing software stacks for real

hardware directly with our simulation platform to perform SITL simulation.

1.4 Thesis Organization

This thesis is organized into four chapters, excluding the Introduction. Chapter 2 will

provide a comprehensive derivation of the UAV dynamics, with emphasis on Quadrotors.

Section 2.1 presents an overview of the Quanser QDrone2 quadrotor, which will be used

as our baseline UAV model. Section 3.2 introduces the Gazebo sim software architecture.

Section 2.2 introduces preliminary knowledge required for dynamics modeling and control

system design for general UAVs. Section 2.3 introduces our high-�delity control allocation

algorithm that maps from virtual controls to actuator control inputs, and subsequently,

the simulation of our model.

Chapter 3 discusses our control system toolbox, the backbone of our simulator. Section

3.1 presents an overview of our control system toolbox and the Gazebo simulation API.

Section 3.2 introduces the Gazebo sim software architecture. Section 3.3 discusses a new

approach to perform simulation through a customized implementation of the Gazebo sim,

which enables rapid prototyping of autonomous applications through Gazebo. Section 3.4
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presents our control allocation mechanism that leverages the Gazebo sim C++ API, along

with a Gaussian measurement error modeling through a Gauss-Markov process. Section

3.5 introduces the control system toolbox of our control library and its features. Section 3.6

introduces the general framework for control UAV control system designs, and simulation

and hardware results for several sample controllers. Section 3.7 provides a comparison of

our control system toolbox and other SOTA UAV simulators.

Chapter 4 introduces our DRL toolbox built upon our control toolbox and demonstrates

the autonomous racing policy training application. Section 4.1 presents an overview of our

deep reinforcement learning toolbox. Section 4.2 introduces preliminary knowledge re-

quired for training RL policies. Section 4.3 introduces our deep reinforcement learning

toolbox and our training platform. Section 4.4 showcases the training process and infer-

ence of autonomous racing policy with our toolbox. Section 4.5 provides a performance

comparison of samples as the parallelized environments scale.

Finally, the conclusions and future work are presented in Chapter 5.
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2 GazeboDrones UAV Modeling

2.1 Overview

This chapter introduces the high-�delity UAV dynamics modeling and the Control Allo-

cation algorithm implemented in GazeboDRones, the proposed simulation platform. The

allocation algorithm is part of a larger framework known as the Control Library, which

forms the bedrock of our simulation platform, serving as a pivotal tool for the simulation of

numerous UAV applications. It functions as a core unit in the Computer Vision and Deep

Learning library. The central motivation for this library is to provide a modular interface

to the simulated UAV that can be used for prototyping control systems. As quoted in the

introduction, prototyping is an unavoidable step in any control system development. As

the application realm of UAVs is expanding rapidly, so is the complexity. Recent advances

in UAV technology identi�ed the need for highly precise and accurate modeling, as shown

in the champion-level drone racing [56], which pushed the drone hardware and software to

its limits.

A simple numerical simulation no longer guarantees performance in highly sophisticated

applications that push the drone to its edge. As stated in the introduction section, the new

Gazebo sim provides the most �tting features as a simulation platform to meet the growing

needs in control system design for UAVs. Besides the accuracy of the multibody simulation,
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the precision of the dynamic model is a crucial factor in the reliability of the simulation.

To achieve precision, a variety of dynamic e�ects need to be accounted for: ground e�ect,

downwash in multi-drone simulations, motor dynamics, environmental e�ects such as wind,

atmospheric pressure, and magnetic �eld.

We utilize the Quanser Qdrone2 Fig. 2.1 as the baseline model for the remainder of

this thesis. The drone arrives with NVIDIA System-On-Module (SOM) chip of the Jetson

Xavier family, enabling researchers to conduct state-of-the-art UAV research in traditional

and machine learning domains.

Figure 2.1: The QDrone2 platform [1].

The platform also boasts a broad array of sensors, including the front-facing Intel Re-

alSense D435 RGBD camera, a downward-facing Omnivision OV989 Grayscale camera that

can be operated up to 120 FPS, 3 side-facing Sony IMX219 (Camera Serial Interface) CSI

cameras, 2 6-DOF Inertial Measurement Unit (IMU) sensors, 1 ToF sensor, and an optical

�ow sensor, making it a versatile �ying machine suitable for any research applications.

The high-performance ARM-based Jetson Xavier GPU, combined with the native support

for CUDA, enables reliable real-time performance across an immense amount of computa-
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tional load. Applications that demand high computational load and real-time performance

include VIO, SLAM, Neural-network controllers, etc.

We begin by presenting a comprehensive dynamic model for the Quanser QDrone2 and

�nalize with the derivation of the control allocation algorithm. We �rst detail the full

UAV dynamic model, followed by residual dynamics modeling. The dynamic model we

use is the Newton-Euler rigid body formulation. This is motivated by the fact that many

multirotor and �xed-wing UAV systems are conceivable through a con�guration of rigid

bodies connected through joints. This con�guration comprises a main frame represented as

a cube, and four propellers represented as cylinders. For use-cases that require enhanced

contact dynamics simulation, the links can be modeled with complex geometries using

standard mesh creation software and then exported to be used with our simulation (See

Fig. 2.2). However, for the remainder of this thesis, we will assume the former unless

explicitly speci�ed.

Figure 2.2: Quadrotor rigid body modeling using SDF.
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2.2 Preliminaries

2.2.1 Co-ordinate System

In UAV control system design, there are two primary coordinate systems: the inertial frame

and the body frame. The inertial frame is a �xed, non-accelerating coordinate system in

which Newton's laws are valid, as opposed to non-inertial (accelerating or rotating) frames

that require �ctitious forces to describe motion. For the remainder of this thesis, all

coordinate frames referred to will be right-handed systems, which satisfy the right-hand

rule [61]. The coordinate frames are illustrated in Fig. 2.3, whereI (:) represents the

inertial basis vectors andB (:) denotes the body frame basis vectors.

Figure 2.3: The inertial and body frames.

Trajectory control is typically performed in the inertial coordinate system, requiring

states to be represented in this frame. However, in attitude control states, such as the an-

gular velocity of the main frame ! body, are represented in the body frame. The orientation

can be typically represented as Euler angles[� �  ] 2 R3 (Section 2.2.2.1), quaternion

[qw qx qy qz] 2 S3 where SN represents the unit sphere of dimensionalityN embedded

21



in a N + 1 dimensional space (Section 2.2.2.3), or as rotation matricesR 2 SO(3). SO(3)

represents the special orthogonal group, which is the subgroup of theGL(R; 3), General

Linear group that contains the set of all 3 � 3 invertible matrices with real elements. The

orthogonal group is de�ned as follows,

O(R; 3) = f M 2 GL(R; 3)g jMM T = M T M = I g (2.1)

Note that O(3) contains all orthogonal matrices.

SO(R; 3) = f R 2 O(R; 3) j det R = 1g (2.2)

For the remainder of this thesisSO(3) will refer to SO(R; 3). Furthermore, all inertial

frame quantities will be denoted by the superscriptI (:), and all body frame quantities will

be denoted by the superscriptB (:).

2.2.2 Attitude Kinematics and Dynamics Conventions

The orientation of a rigid body can be represented using Euler angles, quaternions, or

Rotation matrices. Several autonomous applications extensively require transformations

between coordinate systems, as well as representing physical quantities in intermediate

frames to simplify the problem. For instance, in Visual Inertial Odometry (VIO), the

feature points are extracted in the camera frame whose orientation can be represented as

C
B R, a relative rotation from the body frame to the camera frame. The VIO algorithms

can determine the relative rotation matrices C Rk+1
k between imagesI k and I k+1 using

feature correspondences [62] in the camera frame. GivenC R0 = I , C Rk = R0Q k
i =1

C
Ri

i � 1.

Knowing the �xed rotation C
B R, we can obtain the orientation of the body frame at stepk

based on the relationB
I RC

B R = C Rk

Similarly, in control systems design, physical quantities such as control thrust and

moments often need to be transformed to appropriate coordinate systems.
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2.2.2.1 Euler Angles

Euler angles are a popular method for attitude parametrization that provides an intuitive

method to visualize 3D rotations [63, 64]. This parametrization involves a sequence of

rotations with three angles, roll � about the I x axis, pitch � about the I y axis, and

 about the I z axis [65]. The resulting rotation matrix can be obtained based on the

Direction Cosine Matrix (DCM) [66] The Euler angle convention we use is illustrated in

Fig. 2.4. The following notation will be used for simplicity

s = sin ; c = cos; t = tan (2.3)

The resulting rotation matrix is derived using DCM for individual rotations as follows:

(i) DCM for rotation of roll angle � about I x, Rx (� )
2

6
4

I x
I y
I z

3

7
5 =

2

6
4

1 0 0
0 c� � s�
0 s� c�

3

7
5

2

6
4

B x
B y
B z

3

7
5 (2.4)

(ii) DCM for rotation of roll angle � about I y, Ry(� )
2

6
4

I x
I y
I z

3

7
5 =

2

6
4

c� 0 s�
0 1 0

� s� 0 c�

3

7
5

2

6
4

B x
B y
B z

3

7
5 (2.5)

(iii) DCM for rotation of roll angle  about I z, Rz( )
2

6
4

I x
I y
I z

3

7
5 =

2

6
4

c � s 0
s c 0
0 0 1

3

7
5

2

6
4

B x
B y
B z

3

7
5 (2.6)

The �nal rotation matrix representing the orientation of the rigid body is obtained by

chaining the sequence(�; �;  ) as Rz( )Ry(� )Rx (� ) = B
I R

B
I R =

2

6
4

c � s 0
s c 0
0 0 1

3

7
5

2

6
4

c� 0 s�
0 1 0

� s� 0 c�

3

7
5

2

6
4

1 0 0
0 c� � s�
0 s� c�

3

7
5

=

2

6
4

c�c � c�s + s�s�c s�s + c�s�c 
c�s c�c + s�s�s � s�c + c�s�s 
� s� s�c� c�c�

3

7
5

(2.7)

23



Note that I V = B
I R B V. Here, B

I R denotes the rotation matrix from the inertial frame

to the body frame, as it transforms inertial-frame unit vectors into body-frame unit vectors.

In other words, B
I R F rotates frame F , and for the inertial frame F := I 3� 3, this gives

B
I R F = B

I R I 3� 3 = B
I R. The columns ofB

I R therefore represent the rotated basis vectors.

Since the physical quantity itself remains unchanged, its expression in another frame can

be obtained by projecting it onto that frame's basis. Consequently,BI RT I V = B V, and

equivalently I V = B
I R B V (Section 2.2.3). Also note that I

B R 2 SO(3).

Figure 2.4: The Euler angles convention.

The primary limitation of Euler angles parameterization is that the mapping from

R 2 SO(3) ! � = ( �; �;  ) 2 R3 has an in�nite number of solutions for certain angle

sequences; therefore, the true sequence can never be obtained in such con�gurations.

2.2.2.2 Euler Angles Rates

IMU sensors typically report the angular velocity ! body of the body-�xed frame in the

inertial frame as I ! [67], assuming the orientation of the IMU aligns with the body frame.

Typically, in UAV dynamics formulations, the attitude terms need to be represented in
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the body-�xed frame. To calculate other quantities, it is necessary to transformI ! to B ! .

For the remainder of this thesis, we will assume all angular velocities and their derivatives

are speci�ed in relation to the body-�xed frame. B ! is linearly related to the Euler angle

rates _� = ( _�; _�; _ ). Instantaneously, angular velocity is a vector and supports vector

properties; therefore, we can write it as the sum of Euler angle rates as follows [65]:

B ! =

2

6
4

_�
0
0

3

7
5 + Rx (� )

2

6
4

0
_�
0

3

7
5 + Rx (� )Ry(� )
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4

0
0
_ 

3

7
5 =

2

6
4

1 0 � s�
0 c� s�c�
0 � s� c�c�

3

7
5
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4

_�
_�
_ 

3

7
5

B ! = J � 1 _�

J =

2

6
4

1 s�t� c�t�
0 c� � s�
0 s� sec� c� sec�

3

7
5 (2.8)

The primary issue associated with Euler angle parametrization is thatJ is only locally

de�ned [65]. Note that J is singular when� = � �
2 , which is one of the major limitations

associated with using the Euler angles convention for attitude representation.

2.2.2.3 Unit Quaternions

Unit quaternions have been used for the tracking control of UAVs as demonstrated in

[68,69]. They are also particularly useful for Gaussian state estimators, such as the Kalman

�lter [70], the extended Kalman �lter [71], and the unscented Kalman �lter [72]. Speci�-

cally, they are typically used in the state vector representation of a UAV. Unit quaternions

satisfy the following conditions Q 2 S3, Q 2 R4, jjQjj = 1 . For the remainder of this

thesis, we will assume a scalar �rst convention of quaternions whereQ = [ qw qx qy qz]T ,

�! q v = [ qx qy qz]T is the vector part, and the q0 = qw is the scalar part. Concisely, we can

write Q = [ q0
�! q v ]T . The inverse rotation of a quaternionQ is de�ned asQ� 1 = [ q0 � �! q v ]T ,
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also known as the complex conjugate. The quaternion productQ1 
 Q2 is de�ned as

Q3 = Q1 
 Q2

=

"
q01q02 � �! q T

v1
�! q v2

� q01
�! q v2 + [ �! q v1]�

�! q v2

# (2.9)

here, [:]� represents the skew operation or the hat ()̂ map. Hat map transforms a vector to

a skew-symmetric matrix, and the inverse operation is known as the vee (_) map, where a

skew-symmetric matrix is transformed to a vector. For a vector

V =

2

6
4

v1

v2

v3

3

7
5

the^and _ maps are as follows:

[V ]� = V̂ =

2

6
4

0 � v3 v2

v3 0 � v1

� v2 v1 0

3

7
5 (2.10)

[V ]�
_ = V (2.11)

The cross product of two vectorsV 1 and V 2 can be represented as matrix multiplication

through a hat map transformation of one vector:

V 1 � V 2 = [ V 1 ]� V 2 (2.12)

The dynamics of a quaternion are given as

_Q =
1
2

Q 
 B �! (2.13)

where,

B �! =

"
0

B !

#
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This can be further expanded and de�ned as a matrix multiplication as follows:

_Q =
1
2

Q 
 B �!

=
1
2

	( Q)B �!

=

2

6
6
6
4

0 � qx � qy � qz

qx qw � qz qy

qy qz qw � qx

qz � qy qx qw

3

7
7
7
5

B �!

(2.14)

2.2.2.4 Rotation Matrix

The rotation matrix R 2 SO(3) has the bene�t of being globally de�ned and has no

singularities. Furthermore, for a given orientation, there exists a singleR as opposed to

the multiple possible con�gurations of Euler angles, and the dual representation of unit

quaternions where a single rotation can be represented as� Q or Q. Using quaternions

usually requires restriction to a single hemisphere if uniqueness is required [54].

The rotation matrix dynamics are given as follows

_R = R [B ! ]� (2.15)

2.2.3 Unit Direction Vectors

We de�ne unit vectors of the 3D coordinate system as follows

e1 =

2

6
4

1
0
0

3

7
5

e2 =

2

6
4

0
1
0

3

7
5

e3 =

2

6
4

0
0
1

3

7
5

(2.16)
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Finally, for a given rotation matrix R, the unit vectors after rotation is given as

F =
h
e1 e2 e3

i

0
F = R � F

= R �
h
e1 e2 e3

i

= R � I 3� 3

= R

(2.17)

Here the columns of resulting matrix
0
F =

h
0
e1

0
e2

0
e3

i
represents the rotated unit

vectors. Transformations of physical quantities are projected onto the new unit direction

vectors,
h

0
e1

0
e2

0
e3

i
for co-ordinate changes. Hence, this can be represented as follows

for a vector V = v1 � e1 + v2 � e2 + v3 � e3

0
V =

h
0
e1 � V

0
e2 � V

0
e3 � V

i T

=
h

0
e1

T
V

0
e2

T
V

0
e3

T
V

i T

=
h

0
e1

0
e2

0
e3

i T
� V

=
0

F T � V

= RT � V

(2.18)

Similarly, the projection or transformation of a vector
0
V back to original frame F from

0
F is

V = R �
0
V

= R � RT � V j R 2 SO(3)

= I � V

= V

(2.19)
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2.2.4 UAV State

The state is de�ned as x 2 R13 and represents the complete information required for

feedback in control systems designed for UAVs. The state can be speci�cally represented

in di�erent forms and permutations; however, for the remainder of this thesis, we adopt

the following convention

X =

2

6
6
6
4

I �! p
I �! v
Q

B �! !

3

7
7
7
5

=

2
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6
6
6
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6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
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4

I x
I y
I z
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B ! z

3

7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
7
5

(2.20)

where, I �! p 2 R3 is the inertial frame position, I �! v 2 R3 is the inertial frame velocity,

Q 2 R4 is the orientation represented using quaternion, andB �! ! 2 R3 is the angular

velocity of the body frame represented in body frame.

2.3 Modeling and Control Allocation

UAVs are underactuated nonlinear systems that are considered classical unstable dynamical

systems [73]. To ensure control systems can achieve theoretical stability, we must consider

the transformation from virtual control inputs to the lowest-level commands, which are

the voltage commands to the motors that modulate the rotor velocities. Control allocation

is a mapping from virtual control inputs to the actuator commands while respecting the

physical limits, such as saturation, power e�ciency, and rates. Control allocation is a
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fundamental tool in any control system design that allows users to design control systems

without requiring knowledge of actuator-level dynamics [74] since they are dedicated to

the allocation algorithm.

In the context of UAVs, and speci�cally quadrotors, there are 4 parallel rotors con�g-

ured in a plane, making the system underactuated; 6-DOF with4 actuators. The virtual

control inputs for this system are typically Generalized forces, which consist of the Thrust

along the body-�xed z axis and the moments about the body frame, Collective Thrust and

Body-rates (CTBR), which consist of the Thrust and the angular rates, or Single rotor

thrusts (SRT) [75]

For the remainder of this thesis, we will refer to Generalized forces as the virtual con-

trol inputs, unless speci�ed. Under simpli�ed conditions, where aerodynamic e�ects are

neglected, we can construct an Allocation matrix that maps from Generalized forces to the

rotor velocities that serve as the control allocation. However, this has signi�cant conse-

quences in aggressive trajectory tracking applications [76]. Nevertheless, this is practically

used in the majority of the UAV systems. In real life, unmodeled terms in the allocation

algorithm are often the bottleneck between simulation and real �ight. To this end, akin

to the real QDrone2, we formulate the control allocation algorithm as follows, referring to

Fig. 2.5.

2.3.1 Rotor Thrust

First, we consider the rigid body approximation of the QDrone2 de�ned by the cube with

dimensionsL � � L � � 0:15 m3. The L � = 0 :254m is the roll-axis moment arm, which is the

distance betweenrotor 2 and rotor 4
1. Similarly, L � = 0 :2032 m is the distance between

rotor 1 and rotor 2. The QDrone2 assembly, which includes4 propellers and motors, a

1Note that this is symmetric for rotor 3 and rotor 1
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Figure 2.5: The convention used for deriving the allocation matrix.

battery, and the main frame, has a total mass of1:504 kg.

Thereafter, we de�ne the relationship between the angular velocity of the motor and

the generated thrust by the propeller. The motor velocity constant K V de�nes the re-

lationship between peak applied voltageV and the output angular velocity ! rotor with

no load applied. We consider the experimentally �tted polynomial based on the applied

voltage and measured propeller thrust curve to arrive at the following formula for output

thrust and the input voltage [1]:

Trotor (V ) = K 1V 2 + K 2V + K 3 (2.21)

Utilizing the K V = 136:1356, K 1 = 0 :0362 N
V 2 , K 2 = 0 :117 N

V , K 3 = � 0:0121 N and

V = ! rotor
K V

[1], we arrive at the following formulation relating angular velocity to generated
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thrust

Trotor (! rotor ) = K 1V 2 + K 2V + K 3

= K 1(
! rotor

K V
)2 + K 2(

! rotor

K V
) + K 3

=
0
K 1! 2

rotor +
0
K 2! rotor +

0
K 3

(2.22)

The constants are:
0
K 1 = 1 :9533� 10� 6 N�s2

rad2 ,
0
K 2 = 0 :00085N�s

rad , and
0
K 3 = K 3 =

� 0:0121N. Note that I �!
T rotor = Trotor

I eb
3 . Here I eb

3 is the body framez axis expressed in

inertial frame.

2.3.1.1 Thrust Torques

Referring to Fig. 2.5, the thrust Trotor = Fi generated is not centered at the geometric

center of the main frame, which results in roll and pitch moments. Furthermore, due to

the rotation of the propellers, a yaw torque is generated which is linearly related to the

Trotor by a constant K � . In short � m4 in Fig. 2.5 is de�ned as:

� i =
Trotor

K �
(2.23)

Using the de�nition of moments, we can write
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T i ; rotor +
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4

0
0

� i
Ti; rotor

K �

3

7
5

(2.24)

Here B �! r i is the vector to rotori from the geometric center of UAV expressed in body

frame, and B �!
T i ; rotor = Ti;rotor � e3 , where e3 = B eb

3 =
h
0 0 1

i T
, and � represents the

turning direction of rotor. Note that based on Fig. 2.5 for rotors (2; 3) (� 2; � 3) = ( � 1; � 1)

and for rotors (1; 4) (� 1; � 4) = (1 ; 1)
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Eq. (2.24) can be further expanded based on Fig. 2.5. First we de�ne the position

vectors
�!
B r i for each rotors:

B �! r1 =
1
2

[� L � ; � L � ; 0]T

B �! r2 =
1
2

[L � ; � L � ; 0]T

B �! r3 =
1
2

[� L � ; L � ; 0]T

B �! r4 =
1
2

[L � ; L � ; 0]T

(2.25)

SinceB �!
T i ; rotor =

2

6
4

0
0

Ti;rotor

3

7
5, the vectors in the cross product become perpendicular.

Using the cross-product property, we can write the general form of this product as

[x; y; 0]T � [0; 0; z]T = [ yz; � xz; 0]T (2.26)

Therefore,
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(2.27)

Concisely, we write
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(2.28)
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Eq. (2.24) becomes
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(2.29)

2.3.1.2 Linear Thrust Mapping Matrix

Here, we represent the linear thrust mapping matrix for the QDrone2 based on the results

obtained from the previous section. Since the total thrust generated alongI eb
3 , B FT =

P
i Ti; rotor , we can write
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B M
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(2.30)

Finally, we present the linear Motor mapping matrix for the QDrone2 based on the

previous result. Based on Eq. (2.30) and (2.22), and making the assumption that lower-
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order terms are negligible, we can write
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(2.31)

Here,
0
K 1 is the rotor thrust constant introduced in Section 2.3.1. The motivation for

ignoring lower-order terms is to avoid solving a nonlinear least-squares problem at each

iteration of the simulation for solving the matrix equation of the form A(x � x) + Bx +

C, which can be computationally expensive. Furthermore, this is the commonly used

allocation matrix form in control system literature.

2.3.2 Disturbance Forces and Moments

Prior to the derivation of Newton-Euler equations, we will report the disturbance terms

that are relevant for UAV tracking and control, which are derived using the BEM theory

[77]. We will consider the disturbance forces including the drag forceB FD 2 R3 due

to the interaction of propellers with air during �ight, drag moments B M D 2 R3 arising

from B FD , the aerodynamic dragI FA 2 R3 on the main frame, and the rolling moments

B M R 2 R3 [77]. The detailed derivation for these can be found at [77], however, here we

report the equations that relate ! rotor and the I vrotor , the inertial frame velocity (assuming

no environmental wind) of the geometric center of propeller to the quantities above (Note

that the frame of propellor P (:) has same orientation as the frame of quadrotorB (:),
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therefore we report the quantities in B (:))

B �!
F D = � ! rotor CD

B �! v ?
rotor

B �!
M R = ! rotor CR

B �! v ?
rotor

B �!
M D = � �C M D Trotor

B eb
3

I �!
F A = �A I �! v Q

(2.32)

Here, B �! v ?
rotor is the projection of the I �! v rotor to the plane of rotors expressed in body

frame, � denotes the turning direction of each rotor (+1 for counter-clockwise and� 1 for

clockwise), and I �! v Q denotes the inertial frame velocity of the main frame. Note that

I �! v Q is taken to be the relative velocity in the air; however, under no wind conditions,

I �! v air = 0 2. For a vector �! u , the projection onto the plane of rotors is de�ned as follows

�! u ? = I eb
3 � (�! u � I eb

3 ) (2.33)

The constant values we use areCD = 0 :00020673 N�rad�m
s2 , CM D = 10 � 7 N�m2 �rad

s2 ,

and CR = 10 � 8 N�m
N . Note that all disturbance forces listed above, with the excep-

tion of aerodynamic force, are generated by individual rotors. The matrixA 2 R3� 3 =

diag(
h
0:3 0:3 0:25

i
) N�s

m is the diagonal aerodynamic drag matrix [58]. Note that based

on Fig. 2.5 for rotors (2; 3) (� 2; � 3) = ( � 1; � 1) and for rotors (1; 4) (� 1; � 4) = (1 ; 1) . In

addition, we also consider the ground e�ect, which is a disturbance force relevant when

hovering at very low altitudes. The formulation of the ground e�ect is as follows

B �!
F G = CG! 2

rotor
B eb

3 (2.34)

where CG = 0 :0006 N�s2

rad2

2Even though we assume no-wind conditions in the derivation, during the simulation we compute the

relative velocity w.r.t. air. For readability, we omit the inclusion of I �! v air
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Finally, we also account for the gyroscopic moments that arise due to the rotation of

propellers with respect to the rotating main frame. This can be formulated as

B �!
M G = B �! ! Q � Jrotor

2

6
4

0
0P

i � i ! i; rotor

3

7
5 (2.35)

where Jrotor = 4 :92� 10� 6 N�m�s2

rad

In summary, the contribution of forces and moments from a single rotor can be concisely

de�ned as follows
B �!

F i ; rotor =
X

Fi

= B �!
T i ; rotor + B �!

F i ; D + B �!
F i ; G

(2.36)

B �!
M rotor =

X
M i

= B �!
M D + B �!

M R +
�!
B r i � B �!

T i ; rotor +

2

6
4

0
0

� i
Ti; rotor

K �

3

7
5 � B �!

M G

(2.37)

2.3.3 Newton-Euler Equations

Using Newton-Euler formulation,

X

i

I �!
F i = mI �! a (2.38)

where
P

i
I F i is the total sum of forces expressed in the inertial frame,m is the total mass,

I a is the acceleration of the rigid body (QDrone2), also in the inertial frame, and

X

i

B �!
M i = J _B �! ! Q + B �! ! Q � J B �! ! Q (2.39)

where
P

i
B �!

M i is the total moments applied in the body frame andJ 2 R3� 3 is the diagonal

inertia (principal moments of inertia) tensor of the entire quadrotor assembly, andB �! ! Q

is the angular velocity measured in the body frame.
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For QDrone2, the inertia matrix (tensor) is de�ned as

J =

2

6
4

Jxx

Jyy

Jzz

3

7
5 =

2

6
4

0:0177209
0:0169101

0:029448

3

7
5

N � m � s2

rad
(2.40)

Substituting Eq. (2.36) to Eq. (2.38) based on the condition that the total sum of

individual rotor forces in the inertial frame is the control force

X
I �!
F =

X

i

I �!
F i ; rotor + m

�!
I g + I �!

F A

=
X

i

(I �!
T i ; rotor + I �!

F i ; D + I �!
F i ; G ) + m

�!
I g + I �!

F A

=
X

i

(B
I RB �!

T i ; rotor + B
I RB �!

F i ; D + B
I RB �!

F i ; G ) + m
�!
I g + I �!

F A

= B
I R

2

6
4

0
0P

i Ti; rotor

3

7
5 + m

�!
I g

| {z }
nominal dynamics

� B
I RCD

B �! v ?
rotor (

X

i

! i; rotor ) + B
I RCG

2

6
4

0
0P

i ! 2
i; rotor

3

7
5

| {z }
disturbance dynamics

+ I �!
F A| {z }

disturbance dynamics

= mI a

(2.41)

where
�!
I g is the gravity vector in the inertial frame, and B

I R is the rotation matrix from

the inertial frame to the body frame. Note that the majority of control system designs

utilize the nominal dynamics and ignore disturbance terms. This is motivated by the fact

that using nominal dynamics reduces the allocation algorithm to a linear thrust mapping

matrix. However, during simulation, we ensure all terms in Eq. (2.41) are applied to

provide maximum �delity.
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Substituting Eq. (2.37) to Eq. (2.39) we obtain

X
B �!

M =
X

i

B �!
M i ; D +

X

i

B �!
M i ; R +

X

i

�!
B r i � B �!

T i ; rotor +

2

6
4

0
0

� i
Ti; rotor

K �

3

7
5 �

X

i

B �!
M G

=
X

i

�!
B r i � B �!

T i ; rotor +

2

6
4

0
0

� i
Ti; rotor

K �

3

7
5

| {z }
nominal attitude dynamics

+ CM D
B �! v ?

rotor

X

i

! i; rotor

| {z }

+ CR

2

6
4

0
0P

i � � i Ti; rotor

3

7
5 � Jrotor

B �! ! Q �

2

6
4

0
0P

i � i ! i; rotor

3

7
5

| {z }
disturbance attitude dynamics

= J _B �! ! Q + B �! ! Q � J B �! ! Q

(2.42)

Similar to the translational dynamics, typical control system designs utilize only the

nominal dynamics. However, to ensure high �delity simulation, we account for all terms

in Eq. (2.42).

Important parameters are summarized in Table 2.1.

2.3.4 Motor Dynamics

To push the �delity of simulation even further, we also include the motor-level dynamics,

which are modeled using a �rst-order low-pass �lter. The �lter delays the ! rotor with

respect to the actual motor velocity reference motor velocity! ref; rotor . This models the

exponential rising and falling time, when a motor command is issued. This is represented

as follows for the rising (! ref; rotor > ! rotor ) [78]


 rotor (s)

 ref; rotor (s)

=
1

1 + � rise s
(2.43)

and as follows for falling (! ref; rotor � ! rotor )


 rotor (s)

 ref; rotor (s)

=
1

1 + � fall s
(2.44)
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For a discrete time system with sampling timeT, this transfer function in the time

domain becomes the following [78]

! rotor (t + T) = e
� T

� ! rotor (t) + (1 � e
� T

� )! ref; rotor (t) (2.45)

For QDrone2 simulation we use� rise = � fall = 5 � 10� 4 s.

2.3.5 Allocation Algorithm

Referring to the above-derived equations, our control library manages the disturbance

dynamics to simulate high-�delity quadrotor dynamics, independent of their architecture.

After the drone model is de�ned using the SDF schema, with the appropriate constants

de�ned (see Table 2.1), our control library automatically manages the allocation from

virtual inputs to the rotor thrust level (Algorithm 1). The �delity of the simulation is

improved by accommodating the motor dynamics based on equations de�ned in section

2.3.4. The automatic allocation process involves two parallel simulations: the rigid body

simulation by Gazebo and the motor dynamics simulation. The motor dynamics simulation

determines a reference rotor velocity! ref; rotor based on the linear motor allocation matrix

de�ned in Eq. (2.31) and the virtual control inputs

"
B FT
B M

#

. For the rigid body simulation,

the current motor velocity is retrieved to compute the total forces and moments based on

Eq. (2.41) and Eq. (2.42). The motor velocity at each rotor joint is then updated based

on Eq. (2.45).

To summarize, the allocation algorithm is de�ned as (see Fig. 2.6)
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Figure 2.6: The orchestration of our allocation algorithm.
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Table 2.1: QDrone2 physical parameters and descriptions

Parameter Description Value

L � Roll axis moment arm 0:254 m

L � Pitch axis moment arm 0:2032m

M main Mass of the quadrotor frame 1:146 kg

M battery Mass of the onboard battery 0:358 kg

M total Total quadrotor mass 1:504 kg

K � Motor torque constant 68:9055 N
N�m

K V Motor speed constant 136:1356 rad
V �s

K 1 Lift coe�cient proportional to V 2 0:0362 N
V 2

K 2 Lift coe�cient proportional to V 0:117 N
V

K 3 =
0
K 3 Constant aerodynamic drag force

o�set

� 0:0121N

0
K 1 Lift coe�cient proportional to ! 2

rotor 1:9533� 10� 6 N�s2

rad2

0
K 2 Lift coe�cient proportional to ! rotor 0:00085 N�s

rad

CD Propellor drag coe�cient 0:00020673N�rad�m
s2

CM D Propellor drag moment coe�cient 10� 7 N�m2 �rad
s2

CR Propellor rolling moment coe�cient 10� 8 N�m
N

CG Ground e�ect coe�cient 0:0006 N�s2

rad2

A Aerodynamic drag coe�cients diag([0:3; 0:3; 0:25]) N�s
m

Jrotor Rotor moment of inertia 4:92� 10� 6 N�m�s2

rad

J Quadrotor body inertia diag([0:0147209; 0:0169101; 0:029448]) N�m�s2

rad2

� rise = � fall Motor thrust response time constants 5 � 10� 4 s
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Algorithm 1: Allocation Algorithm

N  4 ; // Number of rotors

for i  1 to N do

! ref; i; rotor  0;

! i; rotor  0;

t  simtime() ; // Current simulation time

while True do

T  simtime() � t ; // sampling time

t  simtime() ;

X world  state(world) ; // States of all entities

X  state(quadrotor) 2 R13 ;

_X  state_dot(quadrotor) 2 R13 ;

X ref  reference (t) 2 R13 ;

U  controller (X; _X; X ref ) 2 R4 ;


 ref  
p

0A � 1 � U ;

I vair  X world [: : : ] ; // Velocity of wind

R  QtoSO3(X [7 : 10]) ; // SO(3) from quaternion

I eb
3  R � e3 ; // Body frame z-axis

I FA  A � X [4 : 6] ;

for i  1 to N do

x i  state (rotor i ) 2 R13;

! i; rotor  x i [13] ; // Rotor angular velocity

I v i ; rotor  x i [4 : 6] � I vair ;

B v ?
i ; rotor  RT � (I eb

3 � (I v i ; rotor � I eb
3 )) ;

B T i  (
0
K 1 � ! 2

i; rotor +
0
K 2 � ! i; rotor +

0
K 3) � e3 ;

B F i ; D  � CD � B v ?
i ; rotor � ! i; rotor ;

B F i ; G  CG � ! 2
i; rotor � e3 ;

[Continued on next page...]
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Algorithm 2: Allocation Algorithm (Part 2 - Continued)

while True (contd...) do

for i  1 to N (contd..) do

I F i ; rotor  R � (B T i + B F i ; D + B F i ; G ) ; // Total force generated by

rotor

B M i ; D  � i � CM D � B T i ;

B M i ; R  ! i; rotor � CR � B v ?
i ; rotor ;

B M i ; G  Jrotor � X [11 : 13] � ! i; rotor � e3 ;

B M i ;rotor = B M i ; D + B M i ; R � B M i ; G ; // Total couple moments

generated by rotor

apply (I F i ; rotor ) ; // apply at CoG of propellor using Gazebo API

apply (B M i ;rotor ) ; // apply moments at the CoG using Gazebo API

! ref; i; rotor  
 ref [i ] ;

! i; rotor  update_ filter (! i; rotor ; ! ref; i; rotor )

apply (I FA ) ; // apply at CoG of main frame using Gazebo API
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3 GazeboDrones Control System Toolbox

3.1 Overview

This chapter introduces the Control System toolbox for UAVs based on the allocation

algorithm developed in the previous chapter. This toolbox is structured as the backbone

of our simulation suite, enabling downstream applications such as Reinforcement learning,

Vision-based autonomous landing, and path-planning algorithms to be tested and validated

in our platform. One of the distinctive features of our Control System toolbox lies in the

�exibility to incorporate existing frameworks developed for UAVs into our platform in a

language agnostic manner, i.e, C++ or Python. A high-level organization of our toolbox is

illustrated in Fig. 3.1

The control system toolbox enables accelerated state-of-the-art research in the UAV au-

tonomous applications through the high-�delity dynamics modeling and control allocation

derived in Section 2.3.5, and the perfect ecosystem for real-world deployment provided by

Gazebo sim [59]. We realize the allocation algorithm by leveraging the Gazebo sim C++

API [79], which exposes all parts of the simulation �ow, enabling downstream users to

integrate hooks and modify simulation behavior programatically. Speci�cally, we achieve

the functionality illustrated in Fig. 3.1 through a set of system plugins. Furthermore, our

toolbox comes with native ROS1 and ROS2 support that enables researchers to integrate
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Figure 3.1: An illustration of the high-level organization of the Control library.

community-contributed ROS packages directly into the design and testing of control sys-

tems. We provide a ROS-oriented eco-system for researchers who prefer to completely work

under ROS middleware, which includes features to record experiments asrosbags and val-

idate them in an o�ine manner, enabling high sample e�ciency in resource-constrained

systems as well as data sharing across the research community.

3.2 Gazebo Sim Architecture

We begin by �rst presenting a comprehensive overview of the Gazebo sim architecture,

before diving into our toolbox. The Gazebo sim can be generally referred to as a collection

of Gazebo libraries whose main entry-point is the Gazebo simulation [2]. The suite of

libraries include the gz-common, gz-msgs, gz-transport , gz-sensors , gz-sim etc. Each

library provides a unique functionality to the entire simulation, while providing �exibility

to programatically modify its behavior.
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Figure 3.2: The Gazebo sim architecture [2].

This is enabled through the Entity Component System (ECS) architecture (Fig. 3.2)

which follows a pattern where each object in the simulation is abstracted as an Entity,

whose speci�c behavior is determined by the components it has. Standard Gazebo API is

packaged with built-in Components such as sensors, actuators, collision, pose, etc; however,

the API also permits the addition of custom components. Entities can be built by de�ning

a baseline model using the SDF schema, and operated upon during simulation by mutating

their components. The baseline SDF model de�nes a set of essential components such as

the pose information, sensor data, collision information, actuator information, etc. This

powerful design permits downstream users to add, inspect, modify, or remove Components

during the simulation pipeline, making Gazebo a very powerful simulation tool and an

invaluable asset for prototyping UAV applications.

Speci�cally, our control system toolbox leverages this ECS feature through a set of

System plugins.
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System plugins are Interface classes de�ned by the Gazebo C++ API. This set include

�ve pure interface classes;ISystemConfigure , ISystemPreUpdate, ISystemUpdate,

ISystemPostUpdate and ISystemReset. Customized system plugins leverage the mul-

tiple inheritance feature of C++ to inherit from a subset of the base system interfaces

and implement the functionality of each inherited interface. For instance, inheriting

ISystemConfigure requires the child class to implement theConfigure method, which

will be called once during the simulation, when the entity to which it is attached is initial-

ized. In a similar manner, ISystemPreUpdate implements the PreUpdate method, which

allows the plugin access to the Entity Component Manager (ECM) object, which holds a

global directory of all entities in the simulation. Through ECM, the system plugin can

access any desired entity, quadrotor for instance, and proceed to inspect, modify, add, or

remove components associated with it.

At each simulation step, the Gazebo sim undergoes three phases: the pre-update,

update, and post-update phases. Pre-update phase prepares all entities in the simulation

to be updated by the physics and rendering engine. The simulation running algorithm

of Gazebo sim invokes thePreUpdate method of all system plugins that inherit from

ISystemPreUpdate. The update phase performs the state update based on the Gazebo

physics engine and updates the scene based on the new physics state. The updated scene

is then utilized by sensors to generate the sensor data. Furthermore, the simulation runner

invokes theUpdatemethod of all system plugins that inherit from ISystemUpdate. Finally,

in the post-update phase, all entities become immutable. This phase primarily exists to

perform cleanup for resources allocated during the pre-update or update phase. However,

this can also be utilized to obtain the state information of any entity in the system, to

provide feedback, for instance. Note that during the pre-update and update phase, the

ECM object permits mutation of entities, but not in the post-update phase.
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The system plugins are entirely written in C++, leveraging the Gazebo API. After the

de�nition of the plugins, they can be compiled using a build ecosystem to produce a shared

library object. This can then be utilized in the simulation by de�ning the system plugin

in the SDF, and speci�cally attaching it to some entity.

3.3 Steppable Simulation and Customized Server

The default Gazebo sim software has two parallel parts, a GUI and a Server. The Server is

responsible for the management of entities in the simulation, and ensuring the simulation

running algorithm is executed in the proper order as described in Section 3.2, whereas

the GUI provides user-side utilities such as visualization, interaction with the simulation

objects, etc. In the majority of use-cases of Gazebo, the default setup is employed, where a

server and GUI run in parallel, and the users leverage inter-process communication (IPC)

to interact with entities in simulation (Fig. 3.3). Note that in this setup, the user has

no control over the stepping process of simulation, i.e, the simulation cannot be stepped

on-demand. In the default con�guration of Gazebo software, the users can specify a Real-

Time Factor (RTF) and physics step-size in the SDF �le, which is utilized by the Server

to determine the number of steps taken per second. The relationship between steps and

the RTF is

steps
sec

=
RTF

Tphysics
(3.1)

For applications that require HITL validation, RTF is set to 1, which implies that

the simulation is one-to-one with real life. However, theRTF speci�cation is not always

guaranteed to be constant across the simulation duration since the computational time for

a single simulation step will vary depending on the complexity of the simulation. Further-

more, the default con�guration has serious implications in certain applications that rely
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on IPC to interact with the Gazebo sim. For instance, an algorithm running in a separate

process, such as a VIO algorithm to estimate pose from a sequence of images, uses its own

wall-clock time to track the time interval between inputs coming from the simulation, such

as the rendered image, and ground truth data. If theRTF speci�cation is not guaran-

teed, then the assumptions undertaken at the user-side algorithm will be broken, hence,

invalidating the results from the algorithm.

Figure 3.3: The organization of Gz software in the default con�guration.

Another limitation of the default con�guration of Gazebo is that experiments conducted

on one device can almost never be reproduced on another device, and could potentially

not even be reproducible in the same device. Reproduction of research work is essential to

ensure the credibility of the results. Furthermore, in certain Reinforcement learning appli-
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cations, the training process typically involves collecting exploration trajectories based on

initial, junction, and branch trajectories [54]. This approach collects a set of initial trajec-

tories using the current policy (on-policy) and generates junction trajectories by adding

additive Gaussian noise to the initial trajectory, from which the branch trajectories are

generated. This type of data collection assumes that the temporal spacing of trajectories

is uniform and that multiple junctions can be created from a given end-state from initial

trajectory, which is impossible with the default con�guration of Gazebo, since there is al-

ways a non-deterministic delay when interacting with the entities in simulation using IPC,

the branching trajectories can never be properly collected. Finally, recreating the end-state

from the initial trajectory is almost never possible with the IPC-based simulation due to

its non-deterministic nature.

To overcome the aforementioned limitations, our simulation suite provides a new ap-

proach to running the Gazebo simulation that completely detaches the GUI and Server.

We name it the drivable environment, which allows the Server to be created by the down-

stream user and synchronously pause and step the Gazebo simulation on demand. This

guarantees synchronization between the user-side algorithm and the simulation side, since

both are executed in the same process with no overhead from IPC as well as the �exibil-

ity to drive the simulation on-demand. Speci�cally, we introduce a CustomServer (Fig.

3.4) that abstracts the inner workings of the Gazebo server, while managing the interface

between the user-side and simulation side. This abstraction forms the backbone of our

Control, Computer vision, and Reinforcement learning toolboxes of our simulation suite,

and greatly extends the capabilities of Gazebo as a research tool in robotics.
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Figure 3.4: The organization of ourCustomServer.

Furthermore, we also provide the �exibility to create custom servers in Python through

Python extension module bindings, greatly diversifying the potential use-cases.

3.4 Allocation System Plugins

To facilitate the high-�delity simulation of UAVs utilizing the control allocation algorithm

derived in Section 2.3.5, we develop two system plugins as part of our control library. The

�rst plugin, named ServerInterface , is responsible for managing the interface between the

user-side algorithm and the UAV in Gazebo-sim. The managed algorithms, for instance,

a controller, can be written in C++ or Python. This is a global plugin that is attached
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to the World entity in Gazebo sim by our CustomServer (Section 3.3). This binding

allows our plugin to access, read, and modify components of every entity in the simulation.

Speci�cally, we can obtain the 6 DOF pose, linear and angular velocity, linear and angular

acceleration, collision data, and sensor data, as well as apply control inputs such as torques

and forces for any desired entity. The motivation for having this plugin is to extract the

feedback information from the UAV as well as the apply disturbance terms that directly

act on the main frame of the UAV and are not generated by the propeller dynamics, such

as the aerodynamic dragI FA . Furthermore, it provides a convenient way to manage the

individual rotors by �rst mapping virtual inputs to rotor velocities using the linear motor

mapping matrix, followed by the distribution of rotor commands to appropriate rotors.

Next, to further enhance the �delity of simulation, we develop the RotorPlugin , a

system plugin that manages the rotor-level dynamics and applies control input allocation

at the rotor level. This is a shared library plugin that is attached to each rotor and is

compiled to a shared object. This plugin is attached to each rotor by specifying it in

the SDF �le. Speci�cally, each rotor in the UAV, quadrotor in our case, gets a dedicated

RotorPlugin . This design approach ensures that the system plugin is attached to the

proper entity and the user has the �exibility to de�ne arbitrary UAVs with any number of

rotors through the SDF �le. Similar to ServerInterface , RotorPlugin can also access,

read, and modify components of every entity in the simulation. However, we restrict this

plugin to only access the rotor link and the rotor joint entities to keep our library design

modular. During the simulation, each rotor will receive a reference command! i; ref; rotor

from the ServerInterface , and then perform the allocation logic derived in Section 2.3.5.

During the creation of the CustomServer, we �rst create a traditional Gazebo Server

and load the SDF �le speci�ed by the user. Followed by initialization of the world and all

entities by Gazebo Server, which includes the UAV and the dedicatedRotorPlugin s, we
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attach the ServerInterface plugin to the Server using ourCustomServer class. At any

phase of the simulation, theCustomServerclass can inspect and modify any object in the

simulation through a shared pointer to ServerInterface plugin. This forms the backbone

of our versatility feature, enabling diverse algorithms to be used in conjunction with our

toolbox (see Fig. 3.5).

Figure 3.5: The organization of System plugins provided with our control library, along

with the custom server

In addition to the high-�delity dynamics modeling derived in Section 2.3.5, we also

consider additive noise dynamics, which are Gaussian and Markov in nature. Speci�cally,

we consider a class of processes named Gauss-Markov processes that satisfy the Markov

property as well as the Gaussian model. This is motivated by the fact that every known
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dynamic model is incomplete; that is, there cannot be a perfect model. The dynamics can

then be reformulated as follows

_X = f (X; u ) + g(X; u ) (3.2)

where f (X; u ) is the known dynamics, andg(X; u ) is the unknown dynamics. Speci�cally,

we follow the assumption that g(X; u ) is Gaussian in nature [80]. In particular, we use

the Ornstein-Uhlenbeck (OP) process [81]. Unlike Gaussian white noise, the Ornstein-

Uhlenbeck process introduces time-correlated noise that models a slowly varying stochas-

tic in�uence. This type of modeling can account for ignored terms in aerodynamic e�ects,

actuator-level dynamics, and even environmental disturbances. This modeling choice pro-

vides a more realistic model for testing controllers, bridging the gap between simulations

and real-world implementation. Finally, this type of noise modeling is also used in deep

reinforcement learning applications to simulate uncertainty, as shown in [82].

Note that by using the Ornstein-Uhlenbeck process, we enforce that the noise is spa-

tially uncorrelated, i.e, the covariance is0 between each physical quantity, but temporally

correlated.

The OP can be represented as the following Stochastic Di�erential Equation (SDE) [83],

for a Y de�ned as the position of a particle

•Y = � � _Y + �� (3.3)

Here, � is the friction coe�cient, � is the di�usion coe�cient, and � is white noise,

usually simulated by a Wiener process. In particular, the associated velocity process can

be considered as a Langevin equation, and de�ned as

d _Y = � � _Y dt + � dW (3.4)

In a discrete-time simulation, we can write this based on the Euler-Maruyama method
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as
_Yk+1 = _Yk � � _Yk + � � Wn

=
0
X k � �

0
X k + � � Wn

(3.5)

Here, � Wn is independent and identically distributed (i.i.d) Wiener increments of

Gaussian noiseN (0; �t ). Precisely,

� Wn � N (0; �t ) =
p

� t N (0; 1) (3.6)

In the context of our simulation suite, we corrupt our state vectorX with OP as follows

X OP (t) = X (t) +
0
X (t) (3.7)

with

BN (a; b) = I N � N � a + 1N � N � b

� =

2

6
6
6
4

B3(0:01; 0:03)
B4(0:01; 0:03)

B3(0:01; 0:03)
B3(0:01; 0:03)

3

7
7
7
5

(3.8)

� =

2

6
6
6
4

B3(0:005; 0:003)
B4(0:005; 0:003)

B3(0:005; 0:003)
B3(0:005; 0:003)

3

7
7
7
5

(3.9)

, and

� Wn =
p

� t N (013; 113� 13) (3.10)

where 1N � N =

2

4
1 :::
...

. . .

3

5

Speci�cally, the measured states provided by ourServerInterface plugin (and by ex-

tension theCustomServer) will be X OP . Furthermore, we also perform the same procedure

with the derivatives of the state.
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3.5 Control Library

Building upon the drivable environment and our system plugins, we introduce the Control

System toolbox. This toolbox serves as a critical tool for researchers in the UAV control

theory �eld to test and validate control schemes in a safe, reliable, and fast manner,

leveraging the ecosystem provided by Gazebo sim and the high-�delity modeling suitable

for HIL simulations derived in Section 2.3.5. The main contributions of this toolbox are

as follows

ˆ A modular platform for design and validation of control systems for arbitrarily de�ned

UAVs, with precision dynamic modeling (Section 2.3.5) derived from Blade element

theory combined with additive dynamics (Section 3.4) simulated in a Gazebo-based

eco-system

ˆ ROS1 & 2 support enabling quick simulation to hardware transfer

ˆ Full support for C ++ and Python, enabling researchers to rapidly prototype appli-

cations in user-friendly Python and test performance-critical algorithms in the opti-

mized C++

ˆ Full open-source software support that allows researchers to directly deploy community-

contributed packages into algorithm design

ˆ Support for UAV control at various Virtual control inputs, ranging from Generalized

forces and rotor thrusts to rotor velocities.

3.5.1 Control System Design

To facilitate rapid prototyping of control algorithms, as well as abstract the complicated

Gazebo C++ API and the control allocation from the user-side, we de�ne interface classes
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in C++ and Python for Controllers, namedControllerBase . This design approach ensures

any controller that inherits from ControllerBase is fully compatible with our library. Fur-

thermore, this allows the de�nition of arbitrary control laws encapsulated within the source

code of the customized control law. InheritingControllerBase enforces the child class

to implement the virtual methods (in Python this is referred to as an abstract method)

calculate_u and/or calculate_actuator_cmd . The former method implements the vir-

tual control law, and the latter implements the actuator level control law, which is then

executed at a desired control frequency by theCustomServerand appropriately processed.

Note that implementation of calculate_actuator_cmd is optional, and the user can ex-

plicitly specify to utilize actuator-level control instead of virtual control. Control frequency

is the rate at which the controller runs in real-time as a baseline, which shall satisfy the

following constraint

f control � f physics

f physics =
1

Tphysics

steps
control

=
f physics

f control

(3.11)

For a step size of1 ms, f physics = 1000 Hz, and f control = 100 Hz, we have steps
control =

10. In other words, the simulation steps 10 times for each control input. This feature

allows researchers to test control algorithms at di�erent frequencies, enabling validation of

algorithms that need to be run in resource-constrained systems. Furthermore, this is also

useful in reinforcement learning algorithms, where the policy is usually executed at very

low frequencies.

3.5.2 calculate_u

The object-oriented design ofControllerBase allows retention of arbitrary data as mem-

ber variables. Combining this feature with the feedback information and the reference
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states provided by our CustomServer, users can implement arbitrary control laws within

the function body of calulate_u . Speci�cally, calculate_u takes as arguments the state

vector of the UAV X , its derivative _X , and the reference statesX ref as inputs. The X

and _X are provided through our CustomServer, and X ref is de�ned by the user at run

time. The output of this method is the virtual control input, or Generalized Forces. The

virtual control inputs are then allocated to each rotor based on the logic de�ned in previous

sections.

Figure 3.6: calculate_u method

3.5.3 calculate_actuator_cmd

Following the design pattern for calculate_u , calculate_actuator_cmd provides more

�exibility to researchers, who prefer to work at the lowest control level. The key di�erence

from calculate_u is that the control inputs are now ! ref; i; rotor , the reference angular

velocities of each rotor (Fig. 3.7). Furthermore, the user needs to explicitly specify that

the desired controller type is actuator level, which is done during the initialization of

the CustomServer. Finally, when using this approach, the ServerInterface side pre-

allocation processing is not performed; rather, the control commands directly go to the

RotorPlugin s, which also manage the �rst-order rate limits on the control commands.
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Figure 3.7: calculate_actuator_cmd method

3.6 Applications

Leveraging our control system toolbox for UAVs, we now demonstrate several applications

�rst in simulation, followed by experimental validation in the actual QDrone2. First, we

demonstrate the implementation, testing, and validation of a PID controller, followed by

a Geometric Controller in SE(3), and a 2D NMPC for trajectory tracking with slung

payload using an open-source OCP solver.

3.6.1 Simulation-Hardware Applications

3.6.1.1 PID Controller

The Proportional-Integral-Derivative (PID) controller is the most common yet e�ective

control algorithm in automatic control. An enormous 90 � 95% of control loops across

diverse domains, ranging from power electronics, pneumatics, to self-driving cars, are im-

plemented as PID [84]. The control law for a PID controller can be de�ned as

u(t) = K P e(t) + K D _e(t) + K I

Z
e(t) dt (3.12)
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where K P is the proportional term, K D is the derivative term, and K I is the integral

term. e(t) is the tracking error de�ned as e(t) = X des(t) � X meas(t), where X des is a

desired trajectory that contains a subset of controllable states of the system, andX meas

is the measured states. For UAV, the control input u 2 R4, can be the virtual controls,

Generalized forces, or the actuator level control rotor velocities. For trajectory tracking

in UAVs, the control loop is typically organized into an outer-loop and an inner-loop [85]

(Fig. 3.8)

Figure 3.8: The control system structure for UAVs

The outer-loop is concerned with the position tracking and provides a reference value

for the desired body-framez axis as
�!
b3d, and the inner-loop is concerned with attitude

stabilization that leverages the output from the outer-loop as well as a desired body-frame

x axis (
�!
b1d) to compute torques. Typically, we need to ensure thatf attitude > f trajectory ,

that is, the frequency of the inner-loop should be higher than that of the outer-loop. This

is due to the coupled nature of translational and rotational dynamics of UAVs. Since

control force can only be generated along the body-framez axis, to achieve a desired force

direction, the z axis needs to be oriented towards the desired force direction, necessitating

the attitude loop to run faster relatively.
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Speci�cally, based on the control system architecture in Fig. 3.8, and the control law

in Eq. (3.12), we implement the PID tracking controller for QDrone2 and test it using our

control system toolbox. The trajectory is de�ned as

r (t) =

2

6
6
6
4

x(t)
y(t)
z(t)
 (t)

3

7
7
7
5

(3.13)

where [x(t); y(t); z(t)] is the desired inertial frame position, and (t) is the desired yaw

angle. Note that roll and pitch angles cannot be controlled directly due to the underac-

tuated nature of the system. The reference can be arbitrarily de�ned; however, here we

choose an uneven pulse trajectory alongx axis represented as follows

x(t) =

8
>>>>>>>>>>>>>>>><

>>>>>>>>>>>>>>>>:

0 for 0 � t < 30

� 0:75 for 30 � t < 35

0:75 for 35 � t < 45

� 0:75 for 45 � t < 50

0 for 50 � t � 60

z(t) =

8
>>><

>>>:

0 for 0 � t < 22

0:75 for 22 � t � 60

r (t) =

2

6
6
6
4

x(t)
0

z(t)
0

3

7
7
7
5

(3.14)

The outer-loop design is as follows: given the state vectorX , its derivative _X , and a

62



partially used reference stateX ref (see Section 2.2.4 for de�nition of state)

ep(t) =

2

6
6
6
4

x(t)
0

z(t)
0

3

7
7
7
5

�

2

6
6
6
4

I x
I y
I z
 

3

7
7
7
5

ev(t) = �

2

6
6
6
4

I vx
I vy
I vz

_ 

3

7
7
7
5

uouter (t) = K outer; P ep(t) + K outer; D ev(t) + K outer; I

X

i

ep(t i )� t

(3.15)

where
h

I x I y I z
i T

= X (1:3) ,
h

I vx
I vy

I vz]
i T

= X (4:6) ,
h
sgn(sin 2� �t

T ) 0 0:75
i T

=

X (1:3)
ref , and � t is the sampling time of the controller (this will be equivalent to 1

f control
). Note

that we used a discrete time integration approximation for the integral error. Moreover,

to obtain the yaw angle and its derivative, we use the following relation for converting

quaternions to an Euler angle sequence

2

6
4

�
�
 

3

7
5 =

2

6
6
4

arctan 2(qz qy + qw qx )
1� 2(q2

x + q2
y )

arcsin 2(qwqy � qzqx )

arctan 2(qy qx + qw qz )
1� 2(q2

y + q2
z )

3

7
7
5 (3.16)

Using this relation, we obtain

 ref =
2(qref; y qref; x + qref; w qref; z )

1 � 2(q2
ref; y + q2

ref; z )
(3.17)

where
h
qref; w qref; x qref; y qref; z

i T
= X (7:10)

ref Finally, _ is obtained using Eq. (2.8),

after obtaining the Euler angles using Eq. (3.16) withQ =
h
qw qx qy qz

i T
= X (7:10)

The outer loop control uouter is transformed into an intermediate form before being

passed to the inner loop. This transformation is a simple linear map that permutes the

x and y commands. The motivation behind this is that a tracking error along the x-

axis requires the drone's body-framez-axis, I eb
3 , to orient itself toward the inertial x-axis.
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Similarly, a tracking error along the y-axis requires alignment of I eb
3 with the inertial

y-axis, due to the constraint that the UAV can only apply thrust along I eb
3 .

However, a positive roll-axis command causes the body-frame vectorI eb
3 to increase

its angle with respect to the inertial y-axis, whereas a positive pitch-axis command causes

I eb
3 to decrease its angle with respect to the inertialx-axis. These geometric relationships

justify the structure of the mapping matrix.

Finally, we include a gravity compensation term in the thrust command. Using this

reasoning, the intermediate mapping matrix is constructed as follows:

0
uouter =

2

6
6
6
4

T
0
� des

0
� des

0
 des

3

7
7
7
5

=

"
T

r inner (t)

#

=

2

6
6
6
4

0 0 1 0
0 � 1 0 0
1 0 0 0
0 0 0 1

3

7
7
7
5

uouter +

2

6
6
6
4

mg
0
0
0

3

7
7
7
5

= M|{z}
mapping matrix

uouter +

2

6
6
6
4

mg
0
0
0

3

7
7
7
5

| {z }
gravity compensation

(3.18)

Here, m = 1 :504 kg is the mass of QDrone2 andg = 9 :81 m
s2 is the acceleration due to

gravity
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The inner-loop control law is de�ned as follows, with the following tracking errors

eattitude (t) = r inner (t) �

2

6
4

�
�
0

3

7
5

eangular (t) = �

2

6
4

B ! x
B ! y
B ! z

3

7
5

uinner = K inner; P eattitude (t) + K inner; D; 1 eangular (t)) � K inner; D; 2

2

6
4

B � x
B � y
B � z

3

7
5

(3.19)

where,
h

B ! x
B ! y

B ! z

i T
= X (11:13), the body frame angular velocity and

h
B � x

B � y
B � z

i T
=

_X (11:13) is the angular acceleration of body frame.

The �nal virtual control inputs, the generalized forces from this controller, are de�ned

as

u(t) =

2

6
6
6
4

T
� x

� y

� z

3

7
7
7
5

=

"
T

uinner

#

2 R4

(3.20)

After de�ning this control law inside the body of calculate_u of our custom con-

troller inherited from ControllerBase , we deploy it with the CustomServer con�gured

with f physics = 1000 Hz, f control = 1000 Hz, RTF = 1 (for HIL simulation). Since

CustomServer is stepped by the end user, we execute a thread that performs a single step

on the actual Gz server and sleeps for the remaining time required to achieve aRTF = 1 .
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3.6.1.2 PID Controller Simulation Results

The following results are obtained from the simulation. The control gains used are listed

below

K outer; P = diag(
h
0:471 rad

m 0:471 rad
m 31:500 N

m 0:075 1
s

i
)

K outer; D = diag(
h
0:418 rad�s

m 0:418 rad�s
m 18:670 N�s

m 0:002
i
)

K outer; I = diag(
h
0:010 rad

m�s 0:010 rad
m�s 6:000 N

m�s 0 1
s2

i
)

K inner; P = diag(
h
12 N�m

rad 12 N�m
rad 0:020 N�m�s

rad

i
)

K inner; D; 1 = diag(
h
0:100 N�m�s

rad 0:100 N�m�s
rad 0:0 N�m�s2

rad

i
)

K inner; D; 2 = diag(
h
0:003 N�m�s2

rad 0:003 N�m�s2

rad 0:001 N�m�s3

rad

i
)

(3.21)
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Figure 3.9: Tracking performance in x-y-z- with PID controller in simulation
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Figure 3.10: Tracking errors with PID controller in simulation.
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Figure 3.11: Commanded rotor velocities and the achieved rotor velocities with PID

controller in simulation.
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