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ABSTRACT

This dissertation presents a comprehensive investigation into the development, mod-
eling, and control of novel unmanned aerial vehicles (UAVs) within the Eusphyra
project. Structured as a thesis-by-publication, the work delivers significant advance-
ments in UAV design, flight dynamics modeling, autopilot tuning, and adaptive con-
trol, offering innovative methodologies to enhance performance and autonomy.

The research begins with the design and airworthiness assessment of the Eusphyra
UAV, detailing an iterative development process that culminates in the validation of
an innovative tri-rotor VTOL configuration. A high-fidelity flight dynamics model is
then developed using limited onboard sensor data and state-of-the-art system iden-
tification techniques to capture the complex aero-propulsive coupling inherent in the
system. This model is rigorously validated against out-of-sample flight data, confirm-
ing its reliability and predictive capability.

Building on these foundational insights, an automated offline autopilot tuning
framework is introduced that leverages a simplified system identification process in
conjunction with genetic algorithms. This approach minimizes human oversight and
enables rapid retuning in response to design modifications. Further extending the
scope of the work, the dissertation explores real-time system identification by inte-
grating unsupervised learning techniques to dynamically update UAV models during
flight. This capability is advanced into the development of a Model Identification
Adaptive Controller (MIAC), which combines Sparse Identification of Nonlinear Dy-
namics (SINDy) with Model Predictive Control (MPC) for adaptive, online control
under varying flight conditions.

Comprehensive hardware-in-the-loop simulations and flight tests confirm the feasi-
bility and performance of MIAC, marking a significant step forward in UAV autonomy
and adaptability, and laying the groundwork for future research in advanced adaptive
control for complex aerial systems.
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Chapter 1

Introduction

Unmanned Aerial Vehicles (UAVs) have emerged as indispensable assets in a wide
range of applications, including environmental monitoring, disaster response, infras-
tructure inspection, and defense operations. Their versatility, operational flexibility,
and capacity to access hazardous or remote areas render them particularly suitable for
tasks that require real-time sensing and data acquisition [1, 2]. In recent years, small-
scale UAVs have also gained prominence due to their rapid deployment capabilities,
cost-effectiveness, and adaptability in prototyping advanced flight technologies. As
research in UAVs continues to advance, there is an increasing emphasis on enhancing
autonomy, flight performance, and adaptability under varying operational conditions.
The Eusphyra project exemplifies this evolution by investigating novel UAV configu-
rations tailored for challenging mission profiles, such as magnetic anomaly detection.
By leveraging recent advancements in data-driven flight dynamics modeling, autopilot
tuning, and online system identification, this research develops an integrated frame-
work for UAV automation. Despite notable progress in UAV technology, fundamen-
tal challenges persist in flight dynamics modeling and control. The unconventional
nature of emerging UAV designs, coupled with the stringent requirements of rapid
prototyping environments, necessitates robust methodologies that balance modeling
fidelity with computational efficiency.
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1.1 Background and Motivation
Small-scale UAVs offer a valuable experimental platform for aerospace research by
enabling rapid iteration of design concepts, thereby reducing development time and
mitigating risks while maintaining a rigorous experimental framework. Such plat-
forms have been instrumental in advancing aerospace technologies through real-world
testing and validation.

The evolution of UAV technology is driven by the growing need for autonomous,
reliable, and adaptable aerial systems. Traditional fixed-wing and rotary-wing UAVs,
although widely deployed, exhibit inherent limitations in addressing the diverse re-
quirements of modern missions. Hybrid configurations, such as Vertical Takeoff and
Landing (VTOL) UAVs, seek to reconcile these limitations by combining the en-
durance of fixed-wing aircraft with the maneuverability of multirotors. However,
these unconventional designs introduce substantial complexities in flight dynamics
and control, thereby demanding the development of novel system identification and
control methodologies.

A critical challenge in UAV development lies in achieving accurate flight dynamics
modeling using limited onboard sensor data. High-fidelity models often depend on
extensive flight testing, computationally intensive simulations, or wind tunnel experi-
ments, all of which are resource-intensive. This dissertation advances the state-of-the-
art in system identification by proposing a structured methodology for high-fidelity
UAV modeling using minimal sensor information, thereby enhancing predictive accu-
racy while reducing reliance on costly empirical methods.

Robust and accurate control systems are vital for UAVs, particularly when execut-
ing autonomous missions or stabilizing inherently unstable configurations. Although
significant progress has been made in control theory, many high-performance control
strategies are challenging to implement on aerial platforms due to their sensitivity
to model inaccuracies [3]. Consequently, autopilot design has traditionally relied on
robust control methods that tolerate modeling uncertainties, often at the expense of
optimal performance or requiring extensive modeling and tuning efforts.

Conventional UAV control development typically involves constructing compre-
hensive aerodynamic models through iterative ground-based testing, extensive flight
maneuvers, and meticulous post-flight analysis [4–8]. While effective, this approach
is both time-consuming and costly, with inherent fidelity limitations arising from
factors such as wind tunnel scale effects, structural interference, Reynolds number
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discrepancies, and necessary computational approximations.
Moreover, rapid prototyping environments demand flexible and automated tuning

strategies for UAV autopilots. Traditional tuning methods generally require signifi-
cant human intervention, specialized expertise, and numerous flight tests. To address
these challenges, this research introduces an optimization framework that integrates
system identification with genetic algorithms, thereby enabling efficient autopilot
tuning with minimal manual intervention. This approach not only enhances UAV
performance but also significantly expedites the development cycle.

An additional challenge addressed in this work is the development of real-time
adaptive control strategies. Conventional UAV control laws are often designed for
predetermined operating conditions and may struggle to accommodate variations in
aerodynamic properties, payload configurations, or environmental factors. The pro-
posed Model Identification Adaptive Control (MIAC) framework integrates Sparse
Identification of Nonlinear Dynamics (SINDy) with Model Predictive Control (MPC)
to facilitate real-time system identification and adaptive control. The feasibility and
effectiveness of this approach are rigorously validated through hardware-in-the-loop
simulations and flight testing, underscoring its potential to enhance UAV autonomy.

The implications of this research extend well beyond UAV prototyping. As Morelli
[9] highlights, the development of online adaptive dynamic models and full-envelope
flight controllers holds significant promise for applications in fault detection, self-
learning aerial systems, morphing wing control, flight envelope protection, rapid flight
testing, and high-fidelity aerodynamic modeling from flight data. Collectively, these
advancements contribute to the broader objective of improving UAV reliability, safety,
and operational flexibility.

1.2 Literature Review
In this section, we introduce the literature pertinent to the topics addressed in this
dissertation. The discussion is organized into four subsections: 1 Small-scale UAV
Development for Prototyping, 2 Flight Dynamic Modeling and System Identification,
3 Online System Identification, and 4 Model Identification Adaptive Control.
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1.2.1 Small-scale UAV Development for Prototyping

Small unmanned aerial vehicles (UAVs) have emerged as a pivotal tool in aerospace
research and development, primarily due to their capacity for rapid prototyping of
innovative technologies. As noted by Owens [10], sub-scale UAVs offer a cost-effective
and lower-risk alternative to full-scale crewed aircraft, permitting the safe execution
of aggressive maneuvers and the evaluation of high-risk scenarios. This approach
not only facilitates the experimental implementation of novel control laws and failure
simulations [11] but also serves as an essential intermediary between simulation and
full-scale flight testing [12].

The iterative design process central to small-scale UAV development has signifi-
cantly enhanced prototyping methodologies. Frameworks such as the UAV Develop-
ment Framework introduced by Dantsker et al. [13] exemplify how iterative cycles of
design, modeling, simulation, and testing can expedite development timelines. These
processes are further optimized by the reuse of validated components and the integra-
tion of Commercial Off-The-Shelf (COTS) parts and open-source autopilot systems,
which collectively foster innovation while reducing costs and development time.

Additionally, the advent of additive manufacturing (most notably 3D printing)
has revolutionized the prototyping phase. This technology enables rapid fabrication
of airframe components, thereby allowing for swift design iterations and reducing re-
liance on traditional manufacturing processes. Krznar et al. [14] demonstrate that
additive manufacturing can considerably diminish both development time and costs
by facilitating the quick production and testing of multiple prototype parts. The
versatility of 3D-printed components is particularly advantageous for experimental
UAVs, which benefit from low-volume production and the capacity for rapid modifi-
cation [15].

Despite these advancements, challenges remain in extrapolating the results from
small-scale tests to full-scale aircraft, primarily due to scaling effects and payload
limitations. Nonetheless, numerous global research initiatives have validated the ef-
fectiveness of small UAV platforms in expediting the development and maturation of
new aerospace technologies [16].
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1.2.2 Flight Dynamic Modeling and System Identification for
UAVs

Accurate flight dynamic models are essential for the simulation, control design, and
safe operation of UAVs. These models are commonly derived from a nonlinear 6-
degree-of-freedom (DOF) framework that integrates rigid-body equations of motion
with aerodynamic, propulsion, and inertial characteristics. For example, Triputra
[17] demonstrated that classical aerodynamic structures can be effectively adapted to
construct state-space models, capturing UAV performance across a variety of flight
envelopes. Similarly, Wang et al. [18] showcased the application of dynamic models
in VTOL UAVs to inform flight strategies and evaluate performance.

Typically, these physics-based models are initially developed using computational
fluid dynamics (CFD), or wind tunnel data and then linearized about a trimmed
flight condition. This linearization process not only isolates the dominant states but
also incorporates stability derivatives calculated from aerodynamic coefficients. Sub-
sequent validation through flight testing (where maneuvers are specifically designed
to excite multiple motion axes) enables the estimation and refinement of aerodynamic
derivatives. In one study, Low-Hansen et al. [19] modeled a Skywalker X8 UAV using
a classical aerodynamic framework, later employing stepwise regression to identify a
comprehensive set of 44 aerodynamic coefficients spanning the longitudinal, lateral,
and directional dynamics. Likewise, Simmons [20] integrated computational aerody-
namics with empirical adjustments to develop a nonlinear model for a small fixed-wing
UAV, which ultimately informed control law design, risk analysis, and the creation
of pilot training simulators. Furthermore, the work of Dorobantu et al. [21] illus-
trates the application of a systematic frequency-domain system identification (SID)
procedure on the Ultra Stick 25e, thereby confirming the practical relevance of these
methodologies.

Because small UAVs fly in a regime where they encounter challenges such as
low Reynolds number aerodynamics and propeller slipstream effects that complicate
purely analytical modeling, SID becomes a crucial tool. System identification re-
fines these models using flight test data, as detailed comprehensively by Morelli and
Grauer [22]. Foundational contributions by authors like Morelli and Tischler have
significantly advanced SID techniques. Morelli’s work, particularly the development
of the SIDPAC toolset for NASA [23], standardized the estimation of stability and
control derivatives using methods such as maximum likelihood estimation. In parallel,
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Tischler’s frequency-domain approaches (notably exemplified by the CIFER system)
have proven highly accurate for rotorcraft and flexible aircraft, where coupled modes
are prevalent [24]. These data-driven methods, often utilizing multisine and chirp in-
puts to stimulate both rigid-body and aeroelastic modes, underscore the indispensable
role of extensive flight test data in achieving high-fidelity models.

Although these approaches yield models with high fidelity, they necessitate exten-
sive flight testing to collect sufficient data, followed by rigorous post-flight analysis to
identify and process valid flight segments. The subsequent section will explore meth-
ods and projects that aim to perform system identification in-flight, thereby reducing
reliance on manual data processing and enabling faster, unsupervised analysis.

1.2.3 Online System Identification

Online system identification (SID) presents several challenges as it must operate au-
tonomously, with limited computational resources and in the presence of noisy or
incomplete data [25]. One promising approach is real-time frequency response esti-
mation. By injecting small excitation signals during flight and measuring the cor-
responding response, the dynamic characteristics of the UAV can be identified in
real time [26]. Holzel and Morelli further demonstrated the feasibility of comput-
ing frequency response functions on the fly from actual flight data [27]. Building
upon these foundations, Grauer and Morelli developed methods that not only esti-
mate the frequency response in real time but also quantify the uncertainty associated
with these estimates, thereby enabling an onboard system to assess its confidence
in the identified dynamics during flight [28]. Extending these techniques to closed-
loop systems, Grauer applied orthogonal multisine signals to excite multiple control
loops simultaneously without compromising aircraft stability [29]. Such real-time SID
methods have even been employed in NASA’s X-56A flight tests to monitor changes
in aeroelastic modes [30].

Despite these advances, real-time SID still faces significant obstacles. Small UAVs
are particularly vulnerable to turbulence and sensor noise, which can corrupt data
and degrade model quality [20]. In addition, the limited precision of low-cost sensors
(often characterized by higher noise floors or biases) necessitates robust filtering or
data fusion strategies. Research by Heim and colleagues at NASA has highlighted
that for minimally instrumented UAVs, disturbances such as wind gusts can impair
the accuracy of the identified models. Consequently, careful design of filtering tech-



7

niques and flight maneuvers (such as repetitive or synchronized multi-axis inputs) is
critical for maximizing the information content of the data. Furthermore, the design
of input perturbations (e.g., doublets, chirps, or multisines) must strike a balance
between eliciting sufficient dynamic response for identification and maintaining flight
safety. Recent studies propose optimized multisine signals that concentrate energy
at frequencies of interest while minimizing amplitude excursions, thereby enhancing
the signal-to-noise ratio for SID [31, 32].

The inherent computational constraints of in-flight processing demand that iden-
tification algorithms be both efficient and robust. While full nonlinear batch es-
timations are typically too time-consuming for real-time application, computation-
ally light techniques—such as Morelli’s frequency-domain methods or recursive least
squares—offer a viable alternative. In recent years, there has been a growing interest
in leveraging machine learning for system identification and control. Brunton and
collaborators have extensively explored data-driven techniques, including NARMAX,
the Eigensystem Realization Algorithm (ERA), Genetic Programming (GP), Neural
Networks (NN), and Koopman with control [33]. Proctor et al. introduced Dynamic
Mode Decomposition with control (DMDc), which is capable of extracting low-order
models from complex systems while effectively isolating the influence of control inputs
[34]. Among these novel approaches, the Sparse Identification of Nonlinear Dynamics
(SINDy) framework has shown significant promise. Initially proposed in 2016 [35]
and later extended to incorporate external inputs and feedback control (SINDYc)
[36], SINDy employs sparsity-promoting techniques to extract governing equations
directly from noisy measurement data. Kaiser demonstrated the potential of SINDy
for online SID by applying it to a range of problems—including a simulated chaotic
Lorenz system, a nonlinear pitch problem of an F8, and an HIV model—thereby
underscoring its applicability to control optimization in noisy and discrete data envi-
ronments [37]. Further, Quade proposed a fault detection framework that leverages
sparse regression to update models with minimal modifications in response to abrupt
system changes [38], while Fasel refined the method with ensemble capabilities to
better address challenges posed by limited and noisy data [39].

Collectively, these developments suggest that online SID is evolving towards the
capability of enabling UAVs to learn and adapt their own dynamics in flight. The
integration of these real-time identification techniques with adaptive control strategies
is embodyed by initiatives such as NASA’s “Learn-to-Fly” program, which aims to
develop onboard algorithms that update system models without the need for extensive
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ground testing [40]. This convergence of real-time identification and adaptive control
lays the groundwork for the next generation of UAVs that can autonomously optimize
their performance in dynamic environments.

1.2.4 Model Identification Adaptive Control

Model Identification Adaptive Control (MIAC) encompasses control architectures
that update a system’s model in real time and adjust the corresponding control laws
to maintain optimal performance. The overarching vision is to develop an aircraft
that “learns to fly” by autonomously identifying changes in its dynamics (whether
due to damage, failures, or transitions within the flight envelope) and then adapting
its controller accordingly. This concept is not entirely new; early efforts to extend
autopilot functionality across the entire flight envelope date back to World War II
[41], and subsequent decades have witnessed continual advances in adaptive control
theories.

Early implementations of MIAC can be seen in Self-Designing Control (SDC) sys-
tems. For instance, a reconfigurable control scheme was demonstrated on the VISTA
F-16 using regularized sequential least-squares parameter estimation to compute the
necessary stability and control derivatives for solving an optimal control problem [42].
In that work, several simplifications were adopted, nonlinear dynamics were linearized
to yield a state-space model, and inertia-ratio parameters were held at nominal values
to reduce the identification burden. An innovative aspect of the approach was the
clamping of parameter updates to restrict abrupt variations, although this limitation
also reduced the system’s ability to react swiftly to sudden changes. Flight tests,
which simulated a missing control surface by gradually transitioning an actuator to
a “float” state, revealed issues such as a divergent nose-down transient when the
elevator-to-pitch acceleration parameter approached zero. These discrepancies, par-
ticularly within the SID process, led to recommendations for incorporating nonlinear
dynamics in future identification algorithms [43].

Parallel to these developments, research on control allocation for reconfigurable
systems was advancing. Several studies proposed methods to enhance parameter es-
timation under rapid dynamics changes. For example, Chandler introduced an SID
technique that incorporated known information into least-squares estimation, while
Buffington proposed a dynamic inversion controller designed to prevent actuator sat-
uration by scheduling controller parameters off-line according to flight conditions [44–
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46]. Neural network–based adaptive controllers were also explored; Brinker and Wise
developed a dynamic inversion scheme that employed an online neural network to reg-
ulate plant inversion errors, building upon earlier work by Kim and Calise [47, 48].
These adaptive control solutions underwent extensive evaluation in programs such
as the Air Force’s RESTORE and Boeing’s Robust Adaptive Controller Experiment
(RACE).

The drive to ensure aircraft resilience in the presence of component malfunctions
prompt the evolution of fault-tolerant control systems (FTCS), which inherently
accommodate component failures. Comprehensive reviews, such as that by Zhang
and Jiang [49], classify and contextualize the myriad FTCS methods developed over
the past decade, further underscoring the relevance of adaptive control in modern
aerospace systems.

More recently, MIAC has been reinvigorated through initiatives like NASA’s
Learn-to-Fly program [50], which integrates online identification and adaptive con-
trol to retune flight control systems in real time. This “learn-on-the-fly” approach
involves executing a series of small excitation maneuvers to update the aircraft model,
followed by the retuning of control gains during flight. Grauer [40] demonstrated the
viability of this concept by adaptively tuning the stability augmentation system of
a subscale aircraft. In one implementation, a nonlinear dynamic inversion method
augmented by an adaptive disturbance rejection module was combined with an L1
adaptive control law (introduced to address robustness and performance issues in
adaptive controllers [51, 52]) to compensate for high uncertainty levels. Subsequent
extensions to L1 adaptive control enabled the linear reference systems to be updated
in real time and parametrized according to different flight conditions [53]. While
successful applications have been demonstrated on platforms such as the Learjet [54],
the F-16, and the AirSTAR GTM [55], critiques have noted that the L1 adaptive
controller can exhibit behavior similar to a full-state feedback, linear time–invariant
proportional integral (PI) controller with decaying additive disturbances [56, 57].

Other research efforts, by the L2F team, have explored alternative strategies to
mitigate adverse model–control coupling. As Morelli [58] explains, the reliance on
certain key control variables (e.g., angle of attack) for modeling can compromise iden-
tification quality. A real-time global aerodynamic modeling technique was developed
to attribute dynamic responses to individual control surfaces, compute stability and
control derivatives, and allocate commands based on estimated control effectiveness.
Although flight tests (e.g., the E1 and Woodstock campaigns) validated aspects of
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this approach, its dependency on frequency response estimation (necessitating steady-
state data and pre-programmed excitation inputs) highlighted limitations that require
further refinement [59, 60]. Nonetheless, the successes achieved in the L2F project
have had a profound impact on the field and have influenced the structure of subse-
quent research in this dissertation.

In parallel with traditional adaptive control methods, recent advances in artificial
intelligence have stimulated interest in applying Reinforcement Learning (RL) to UAV
control tasks. RL techniques have shown promise in domains such as perception,
planning, and localization [61, 62]. Notable studies include those by Zhang et al. [63]
and Kelchtermans et al. [64], in which model predictive control was used to generate
training data for deep neural network (DNN) policies. However, the non-interpretable,
“black-box” nature of RL–derived policies, along with challenges in verification and
extensive training requirements (as illustrated in [65]), limit their direct application
to low-level motion control. Active research in explainable artificial intelligence [66–
68] seeks to address these issues, but RL remains more suited as an optimization or
identification tool within a broader adaptive control framework.

Central to the MIAC framework is the system identification process. Recent ad-
vances in data–driven modeling techniques (most notably the Sparse Identification
of Nonlinear Dynamics (SINDy) framework [35, 36]) have provided a compact and
interpretable means of capturing nonlinear system behavior. SINDy’s computational
efficiency and robustness to noise make it particularly attractive for onboard imple-
mentation. Kaiser [37] demonstrated MIAC using a SINDy-based model predictive
control (SINDY–MPC) approach on systems including the longitudinal dynamics of
a vintage F-8 Crusader model, while NASA’s adaptive flight control experiments on
the X-36 and X-48 platforms further exemplify the MIAC philosophy [69].

In summary, MIAC represents the convergence of real-time system identification
and adaptive control. Pioneering contributions by researchers such as Morelli, Tis-
chler, Heim, Grauer, and Brunton have collectively advanced the field from offline
identification and fixed–gain control toward self–modeling, self–correcting flight con-
trol systems. Real–world demonstrations, from NASA’s subscale testbeds to simu-
lated full–scale aircraft, underscore the potential of MIAC to support the rapid devel-
opment of aircraft novel configurations as well as potential for a certifiable adaptive
control technique, marking a significant step toward the future of autonomous flight.
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1.3 Research Problem and Objectives
This research addresses several interrelated challenges that arise during the rapid
prototyping and development of a novel Vertical Takeoff and Landing (VTOL) UAV
for the MAD sensing project. The project explores different configurations with fully
tilting propellers and hybrid engines, designs chosen for their potential to improve air-
worthiness and operational agility. However, this unconventional designs introduces
a set of research problems that must be overcome to achieve reliable performance and
robust control.

A primary challenge is the development of a high-fidelity flight dynamic model
for a UAV that is equipped with a limited onboard sensor suite. Traditional system
identification techniques, which often rely on extensive flight testing or wind tunnel
experiments, are impractical in a rapid prototyping environment. Thus, there is a
critical need for a structured methodology that can extract accurate dynamic models
from minimal sensor data.

Furthermore, the rapid prototyping process inherently involves frequent design
changes. Each alteration necessitates retuning and validating the UAV’s controller,
imposing a significant workload and increasing the potential for human error. To
address this, an automated tuning architecture is required, one that leverages un-
supervised system identification methods in conjunction with genetic algorithms to
optimize controller parameters efficiently and consistently.

Lastly, the dynamic nature of UAV operations and the potential for system faults
call for an adaptive control strategy. The development of a Model Identification
Adaptive Controller (MIAC) is proposed to meet this need. By continuously identi-
fying the UAV’s dynamics online and integrating these insights with a model-based
control scheme, the MIAC framework aims to improve performance, enhance fault
tolerance, and accommodate morphing aerodynamic effects.

In summary, the primary objectives of this research are to:

1. Develop a novel VTOL UAV platform for the MAD sensing project by advancing
control system design to streamline autopilot development and tuning.

2. Formulate and validate a robust methodology for generating high-fidelity flight
dynamic models from the limited sensor data typical of small-scale UAVs.

3. Design and implement an automated controller tuning framework that inte-
grates unsupervised system identification with genetic algorithm optimization
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to reduce manual retuning efforts.

4. Demonstrate the feasibility of a Model Identification Adaptive Controller (MIAC)
by adapting state-of-the-art online system identification techniques and inte-
grating the identified model with a Model Predictive Control (MPC) scheme
for robust adaptive control.

By addressing these critical challenges, the work in this dissertation makes sub-
stantial contributions to the field of UAV automation. It presents a systematic ap-
proach to data-driven flight dynamics modeling, tuning optimization, and adaptive
control strategies.

1.4 Research Contributions
This dissertation presents a systematic and integrated approach to addressing the
challenges inherent in rapid prototyping and adaptive control of unconventional UAV
designs. The key contributions of this work are as follows:

• Airworthiness Analysis and Novel Configuration: A comprehensive eval-
uation of the airworthiness of a novel tri-rotor VTOL UAV configuration is
presented. Detailed analyses of attitude control during hovering, transition,
and forward flight are provided, with both ground tests and flight experiments
confirming the feasibility of the front and rear rotor tilt mechanisms.

• High-Fidelity Flight Dynamics Modeling: A high-fidelity flight dynamics
model is developed based on limited onboard sensor data. Advanced system
identification techniques are employed to capture the nonlinear aero-propulsive
coupling inherent in VTOL configurations, with rigorous validation performed
using out-of-sample flight data.

• Automatic Autopilot Tuning Framework: An automated framework for
offline autopilot tuning is introduced, integrating a simplified system identifi-
cation process with genetic algorithm optimization. This framework minimizes
manual intervention, enabling rapid retuning in response to design modifica-
tions while effectively handling the complexities of unconventional vehicle dy-
namics.
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• Online System Identification for Adaptive Control: The dissertation ex-
plores real-time, unsupervised system identification methods, specifically, lever-
aging the Sparse Identification of Nonlinear Dynamics (SINDy) framework, to
dynamically update UAV models during flight. The study systematically quan-
tifies the impact of sensor noise and training time on model fidelity.

• Model Identification Adaptive Controller (MIAC): A comprehensive
adaptive control architecture is designed and implemented by integrating the
online system identification process with a Model Predictive Control (MPC)
framework. The resulting MIAC is validated through high-fidelity hardware-in-
the-loop simulations and real flight tests, representing a significant advancement
in UAV autonomy and fault-tolerant control.

1.5 Thesis Organization
This dissertation is structured as a thesis-by-publication, wherein each main chapter
corresponds to one or more publications. Each chapter begins with a brief intro-
ductory section that situates the work within the broader research agenda of the
Eusphyra VTOL UAV project, outlining its objectives and contextual significance.
This structure guides the reader through the logical progression of the research.

Following this introductory chapter, the dissertation is organized as follows:

• Chapter 2: Project Background and UAV Development
This chapter outlines the overarching mandate and objectives of the project in
which the Eusphyra VTOL UAV development took place. It details the aircraft
development process implemented to address the principal research questions
and meet defined performance objectives. The chapter introduces each proto-
type developed to achieve the required Technology Readiness Level (TRL) and
illustrates how iterative design modifications contributed to the evolving system
architecture. It culminates with a published article examining the airworthi-
ness of one prototype, serving as a representative case study of the concept-to-
prototype development pathway.

• Chapter 3: Flight Dynamics Modeling
Chapter 3 presents the development of a high-fidelity flight dynamics model for
the most advanced Eusphyra prototype used in key technical demonstrations.
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Derived from state-of-the-art system identification techniques applied to limited
onboard sensor data, the model accurately captures the aero-propulsive coupling
of the vehicle. Rigorous validation against out-of-sample flight data confirms
the model’s predictive capabilities.

• Chapter 4: Automatic Autopilot Tuning Framework
This chapter introduces an automated framework for offline autopilot tun-
ing. By integrating a simplified system identification process with a genetic
algorithm-based optimization scheme, the framework minimizes manual inter-
vention. It enables rapid retuning of the controller in response to design modifi-
cations or the introduction of new prototypes, thereby reducing the engineering
workload associated with conventional tuning methods.

• Chapter 5: In-Flight Nonlinear System Identification for Adaptive
Control
Chapter 5 explores a novel unsupervised system identification (SID) technique
for real-time application onboard the UAV. Following an overview of system
identification and its role in adaptive control, the chapter investigates both
the real-time SID algorithm and the corresponding control perturbation strat-
egy. Numerical simulations based on the high-fidelity flight dynamics model
illustrate the impact of sensor noise and training duration on model fidelity.

• Chapter 6: Model Identification Adaptive Control
In this chapter, the online SID process is integrated into a real-time model-
based controller framework, marking a significant advance in adaptive control
for UAVs. The chapter details algorithmic enhancements, hardware consid-
erations, and software implementations that support online model identifica-
tion. The fully realized MIAC is validated through high-fidelity simulations,
hardware-in-the-loop testing, and real flight experiments, demonstrating its ca-
pacity to adapt to varying flight conditions and outperform static control laws.

• Chapter 7: Conclusions and Future Work
The final chapter synthesizes the main findings and contributions from Chapters
2 through 6, critically examining the limitations of the current research. It pro-
poses future directions, including the extension of the adaptive control frame-
work to other applications and the integration of advanced sensing modalities
to further enhance online system identification accuracy.
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Each chapter has been designed to stand alone as a publication while contributing
to a coherent and integrated research narrative throughout the dissertation.
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Chapter 2

Project Background and UAV
Development

This chapter presents a high-level overview of the work performed during a multi-
year research effort titled UAV Based Magnetic Anomaly Detection System for Remote
Sensing. The project was supported by multiple stakeholders, including the Natural
Sciences and Engineering Research Council of Canada (NSERC), Defence Research
and Development Canada (DRDC/RDDC), the University of Victoria (UVic), Cana-
dian Aviation Electronics (CAE Inc.), Aeromagnetic Solutions Inc., and the National
Research Council Canada (NRC). Under the supervision of Dr. Afzal Suleman as the
principal investigator, the project aimed to explore the feasibility of using unmanned
aerial vehicle (UAV) platforms to carry magnetic anomaly detection (MAD) sensors
for submerged target detection.

The overarching motivation was to enable efficient and accurate detection of sub-
merged metallic targets, such as submarines or other vessels, using advanced sen-
sor payloads. UAVs naturally lend themselves to missions involving repetitive or
hazardous flight profiles, thus offering several advantages over conventional crewed
aircraft in terms of cost, risk, and operational flexibility. However, achieving the
stringent magnetic signature, flight performance, and sensor integration requirements
imposed by a MAD-based mission necessitated a series of iterative UAV designs and
prototypes.

This chapter is organized into three main sections. First, a Project Overview
outlines the original mandate and objectives, offering insight into the operational
and performance constraints that shaped the UAV development process. Next, the
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Eusphyra Aircraft Development section presents a chronological account of the various
prototypes built and tested to reach the required Technology Readiness Level (TRL)
and highlights key design choices made in response to evolving project requirements.
Each prototype subsection describes how lessons learned in previous iterations guided
changes in aerodynamic configuration, structural design, propulsion arrangement, and
control systems. Lastly, the chapter culminates in a detailed description of a Tri-Rotor
Airworthiness Investigation manuscript, which serves as a representative case study.

More details about the magnetic anomaly detection research, the VTOL config-
uration research, the Eusphyra design, and the multi-agent work may be found in
the following references [70–84]. Although these topics are connected to the broader
body of work, the present chapter aims to highlight the rationale behind designing
the new vehicle platform, the incremental development through multiple prototypes,
and how these informed subsequent research directions such as automated controller
tuning and the creation of a self-learning adaptive controller.

2.1 Project Overview
The original mandate for this project was to research and demonstrate the viability
of UAV platforms for carrying magnetic anomaly detection (MAD) sensors, specif-
ically for the detection of submerged metallic vehicles. By integrating sensors such
as CAE’s MAD-XR [85] (see Figure 2.1), the project sought to capitalize on the
unique advantages of UAVs for surveillance tasks that are monotonous, repetitive, or
hazardous for human-occupied aircraft. Through this overarching goal, the research
team pursued a specialized UAV design with vertical takeoff and landing (VTOL)
capabilities, capable of long-endurance flight in challenging environments.
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Figure 2.1: CAE Magnetic Anomaly Detection sensor (MAD-XR).

Due to the particular operating conditions required by the mission and the com-
plexity of integrating such a payload on an unmanned platform, the project was
further decomposed into a series of incremental milestones:

1. Characterize the magnetic signature of a ready-to-fly “general-purpose” UAV.

2. Fly a smaller, lighter, and easier-to-install magnetometer (with lower sensitivity
than the MAD-XR) on the ready-to-fly UAV to assess potential roadblocks.

3. Integrate the MAD-XR sensor on the UAV.

4. Conduct flight testing with the MAD-XR-equipped traditional UAV.

5. Design a specialized VTOL UAV to carry the MAD-XR with minimal magnetic
signature and structural displacement (also satisfying mission requirements such
as cruise speed, dash speed, endurance, and maximum wind capability).

6. Develop and flight-test a sub-scale version of the specialized VTOL UAV.

7. Conduct flight trials with the specialized UAV and onboard MAD sensor over
known magnetic targets.

These milestones guided the systematic exploration of sensor integration chal-
lenges, UAV flight performance, and the need for customized airframe and propulsion
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configurations. The first four objectives were addressed using a Nebula N1 aircraft
(Figure 2.2), which served as a testbed for installing and operating the MAD-XR
sensor on a wingtip pod to minimize magnetic interference. Early ground and flight
tests using this platform (detailed in [70–72]) revealed several challenges:

• Persistent vehicle-induced magnetic interference (Figure 2.3).

• Degradation of sensor data quality due to the dynamic relative movement of
the sensor with respect to the vehicle center of gravity.

• No VTOL capabilities and a suboptimal flight envelope for capturing MAD
data in the given operating conditions.

Figure 2.2: Nebula N1 aircraft with MAD-XR integrated on the wingtip pod.
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Figure 2.3: Isosurfaces of Magnetic Flux Density norm: Left shows 100 nT magnitude,
and Right displays the colormap of magnetic flux density.

As a result of these initial tests, project members concluded that a specialized
UAV design was necessary to minimize magnetic interference and accommodate the
required mission profile. Specifically, the new airframe needed to satisfy the following
key requirements:

• VTOL capabilities: The aircraft must perform vertical takeoff and landing
to enable shipborne deployment and operation in confined environments.

• Low magnetic signature: Ideally, the UAV-generated magnetic flux density
near the sensor should be less than 2 nT (with a maximum tolerable limit of
3 nT).

• Rigid sensor mounting: Minimizing relative movement of the sensor with
respect to the center of gravity and IMU reduces complexity in data post-
processing.

• High wind tolerance: Arctic operations often face winds of up to 40 knots,
requiring robust aerodynamic and control characteristics.

• Cruise and dash speeds: Must achieve a dash speed of 115 knots and a cruise
speed of 70 knots for effective transit and mission efficiency, with a stall speed
of 40 knots.

• Endurance: Achieve a mission endurance of at least 5 hours, with a preference
for extended flight times.

• Multi-agent readiness: The platform should be adaptable to cooperative
missions, potentially scaling to simultaneous deployments for wider surveillance.
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• Ship-based operations: The UAV must be deployable from moving plat-
forms, requiring precision navigation (e.g., differential GPS, optical flow for
moving bases).

These requirements established the design envelope and performance targets for
the specialized UAV, referred to as Eusphyra, which prioritized magnetic invisibility,
robust flight performance, and modularity for sensor integration. Subsequent sec-
tions will describe the development and refinement of multiple Eusphyra prototypes,
culminating in a mature configuration that meets the mandated performance and
airworthiness standards. In the final section of this chapter, an airworthiness investi-
gation of a representative tri-rotor prototype is presented as a case study, illustrating
the concept-to-prototype development pathway.

2.2 Eusphyra Aircraft Development
With the preliminary milestones achieved through integrating the MAD sensor on the
Nebula N1 UAV and a set of refined requirements established by key stakeholders, the
next phase involved designing a specialized UAV uniquely tailored for carrying a MAD
sensor. The development strategy adopted leveraged an iterative, hands-on approach
that has been a longstanding practice at the Center for Aerospace Research at the
University of Victoria. In this methodology, promising configurations are rapidly
prototyped at a sub-scale and flight-tested. Such physical trials typically yield more
actionable insights than purely analytical or simulation-based studies in a similar
timeframe, particularly given the laboratory’s comprehensive design, manufacturing,
and flight-testing capabilities.

The guiding philosophy is to produce an inexpensive, easy-to-manufacture proof-of-
concept (POC) prototype once a candidate configuration is deemed viable. This
allows early detection of potential aerodynamic, structural, and control issues under
realistic conditions. Following successful evaluation of the POC, progressively more
complex prototypes can be built to meet stricter performance criteria. Sub-system
testing (e.g., propulsion modules, control surfaces, avionics) is conducted wherever
possible in isolation before integration into the airframe. Ultimately, once sub-scale
platforms and critical subsystems are validated, the final (and more costly) full-scale
prototype is produced with greater confidence in its performance and safety.
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In the next subsections, a concise overview is provided of the key design decisions
and prototypes that guided the project toward a final configuration capable of meeting
both the magnetic interference constraints and the operational performance targets.

2.2.1 Configuration Research

Before any airframe design work commenced, a thorough market survey was con-
ducted to evaluate whether any off-the-shelf UAV systems could fulfill the stringent
requirements of this project. Although numerous surveillance-oriented UAV platforms
(e.g., those carrying electro-optical (EO), infrared (IR), LiDAR, or radar sensors) ex-
ist, few address the unique challenges posed by integrating a highly sensitive MAD
sensor. In particular, standard powertrains (e.g., internal combustion engines, elec-
tric motors), actuators, avionics, high-current wiring, ferromagnetic components, and
even batteries can each introduce magnetic noise, compromising the accuracy of MAD
sensor readings.

Some UAVs do carry or have demonstrated integration with MAD sensors (e.g.,
PD-1 UAV [86], Brican TD 100 [87], HAASW UTAS [88], MQ-8 Fire Scout [89],
Geoscan 201 [90], and GeoSurv II [91]). However, these platforms typically enforce
less strict magnetic signature requirements than demanded by the latest generation
of MAD sensors such as MAD-XR. In addition, many such UAVs remain unavailable
for direct purchase, with design details often classified due to ongoing military or
governmental applications. Given these constraints, no existing UAV met all the
necessary performance criteria. A bespoke design was therefore required.

To achieve the desired combination of low magnetic signature, VTOL capabil-
ity, and rigid mounting of the MAD sensor, the design team employed an iterative
methodology in line with established aircraft design principles [92, 93]. Detailed in
[72], the configuration research focused on identifying an aerodynamic layout that
would:

1. Maximize distance between magnetic sources (e.g., motors, batteries, ferromag-
netic components) and the sensitive MAD sensor.

2. Offer VTOL functionality for ship-based operations and remote site deploy-
ments.

3. Minimize relative sensor motion with respect to the aircraft’s center of gravity
(and IMU), thereby simplifying data post-processing for target localization.
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After comparing a range of fuselage and wing arrangements, a canard configura-
tion with a pusher propeller was selected, driven by the need to isolate major sources
of magnetic interference near the aft section of the fuselage and free the nose for
integrating the MAD sensor. Canards also provide the advantage of placing most of
the control surfaces far from the sensor, which aids in maintaining minimal ferromag-
netic presence in the forward section of the aircraft. Alternative concepts, such as
wingtip sensor placement or a long tail-boom, were deemed less optimal due to higher
structural flex, complex mass balancing, and potential degradation of magnetic data
fidelity. A tail-sitter approach was also considered but ultimately discarded, primar-
ily because landing in high winds or on a moving platform becomes more challenging
for tail-sitter configurations with control surfaces oriented perpendicular to the wind.

An equally critical design choice was the VTOL propulsion layout. As illustrated
in Figure 2.4, four candidate propulsion architectures were explored in detail (see
[82]). After static bench testing each option, the decision was made to adopt a
quad-rotor lift + pusher layout for the first prototype, appreciating its mechanical
simplicity and well-understood control dynamics. In parallel, work proceeded on a
smaller-scale, tri-rotor POC with a tilting pusher assembly. Although more complex,
the tri-rotor approach can reduce the aircraft’s overall power overhead during cruise,
an important factor for extending flight endurance.

Figure 2.4: Four candidate VTOL propulsion configurations considered for the Eu-
sphyra vehicle.
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The resulting platform was named Eusphyra, referencing the Greek term for the
wing-headed shark, Eusphyra blochii. The final airframe integrates a forward-mounted
canard reminiscent of the shark’s cephalofoil and, like this marine creature, can effec-
tively “hover” for vertical takeoff and landing without requiring continuous forward
motion.

In the following subsections, the progression from initial sub-scale prototypes to
more sophisticated vehicles is outlined, illustrating how iterative testing provided
critical insights into aerodynamic performance, system integration, and magnetic sig-
nature management. Each prototype contributed lessons that refined subsequent de-
signs, ultimately converging on a final configuration optimized to carry the MAD-XR
sensor in demanding operational environments.

2.2.2 Mini-Eusphyra 5050A

Once the overall aircraft configuration had largely been determined, a subscale, sim-
plified model was constructed to serve as a proof of concept. This model was sized
to accommodate the QuSpin Total-Field Magnetometer (QTFM) [94] (the smaller,
lighter, but less sensitive magnetometer previously flown on the Nebula N1 UAV),
while remaining compact enough to be manufactured and tested locally. Of the can-
didate VTOL propulsion architectures discussed in [73], the simplest—a quadrotor
arrangement with a dedicated pusher motor and symmetric lift distribution (50% of
the takeoff weight carried by the forward motors and 50% by the rear motors, hence
“5050”)—was selected.

The prototype was developed and manufactured using rapid, cost-effective meth-
ods to identify any major issues with the chosen configuration. The airframe com-
prised primarily 3D-printed parts joined by carbon-fiber spars, avoiding the need for
time-consuming composite layups. Although structurally minimalistic, this approach
allowed researchers to gather valuable data on aerodynamic performance, stability,
and control. Details on the design, manufacturing, and initial flight testing of this
specific prototype are documented in [74]. Figure 2.5 shows the vehicle undergoing
pre-flight checks.
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Figure 2.5: Mini-E 5050A prototype during a pre-flight IMU calibration.

Most of the avionics were commercial off-the-shelf (e.g., autopilot, differential
pressure sensor, inertial measurement unit, current and voltage sensors, LiDAR, and
GPS receivers). The system ran a modified version of PX4 1.12 firmware, incorpo-
rating a tailored mixer matrix for the 5050A’s propulsion layout. Test flights with
this prototype exposed several design issues, notably with the landing gear, VTOL
propellers, vertical empennage, and the canard assembly, including its range of ac-
tuation and mechanical drive components. Structural resonance was also identified,
requiring subsequent stiffening strategies. These findings drove modifications and
design iterations to improve stability, control authority, and sensor accuracy. Each
modification necessitated a corresponding assessment of flight-controller performance
and occasional retuning of control gains.

Upon resolving critical deficiencies, the 5050A successfully completed the planned
test matrix for both the VTOL and fixed-wing (FW) phases of flight. With these
objectives met, the team proceeded to integrate the QTFM payload. To accommodate
further sensor trials and improve flight performance, a second version, the Mini-E
5050B, was developed with improved structural properties.
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2.2.3 Mini-Eusphyra 5050B

The Mini-E 5050B introduced a carbon-composite primary structure, which required
the fabrication of custom molds but provided significantly higher rigidity and reduced
structural mass relative to the 3D-printed approach. This mass savings allowed for an
expanded payload, determined in consultation with project stakeholders. In addition
to the QuSpin QTFM, a Billingsley TFM100-G2 sensor [95] was installed in the
aircraft nose, along with five current sensors for monitoring the control surfaces and
pusher motor. A dedicated onboard computer (provided by the National Research
Council, NRC) equipped with a separate GPS receiver was also integrated to record,
time-synchronize, and store data from all newly installed devices.

Although the improved structural efficiency partially offset the increased system
weight, additional payload capacity inevitably raised the aircraft’s overall takeoff
mass. A series of incremental flight tests with substituted ballast masses confirmed
the feasibility of carrying the combined sensors. Minor modifications to the VTOL
propeller pitch and a thorough retuning of the flight controller were sufficient to
restore acceptable handling qualities. Following validation under both VTOL and FW
operating modes, the Mini-E 5050B performed several magnetometer-based missions
over targets with known magnetic signatures. These missions verified the airframe’s
suitability for MAD applications, demonstrating reliable detection and highlighting
the viability of this configuration as a small-scale research platform. Figure 2.6 shows
the vehicle taking off in one of the MAD sensing missions.

Figure 2.6: Mini-E 5050B in the VTOL phase during flight testing.
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Concluding the 5050B testing, the team confirmed that the core design principles
could indeed support an aircraft specialized for magnetic anomaly detection. De-
velopment efforts then shifted to exploring subsystems for the full-scale Eusphyra,
focusing on alternative propulsion architectures, hybrid power configurations, and
multi-agent capabilities, as well as evaluating the performance of these VTOL sys-
tems. Studies also extended to detailed aerodynamic and structural analyses of the
ultimate full-scale vehicle.

2.2.4 Mini Tri-Rotor Eusphyra

As mentioned previously, the project’s configuration research encompassed several
VTOL propulsion layouts, initially favoring the simpler quadrotor-plus-pusher con-
cept for the Mini-E 5050 series. Nevertheless, a novel tri-rotor architecture with tilting
propellers was also investigated, owing to its potential for reduced drag and improved
efficiency during forward flight. This layout redirects the primary propulsive force
from the FW motor and thereby eliminates the need for dedicated lift motors during
cruise, though at the cost of increased mechanical and control-system complexity.

In particular, tri-rotor configurations feature fewer redundant propulsors and ad-
ditional failure points introduced by tilting mechanisms [77, 96]. These trade-offs ne-
cessitated a focused study on airworthiness. A small-scale tri-rotor proof-of-concept
was thus developed to rigorously evaluate flight performance, mechanical integrity,
and control responsiveness. The details of the tri-rotor airworthiness investigation,
including design rationale and test results, are provided in Section 2.3 of this chapter.

2.2.5 Hybrid Sub-System

Achieving the endurance requirements demanded by this project proved infeasible
with a purely electric powertrain. For this reason, alternative power sources were
evaluated to fulfill the minimum threshold of five hours. This led to a side research
effort aimed at identifying and testing viable hybrid power solutions for an airframe of
the Eusphyra’s scale. Various architectures were studied and examined on a dedicated
test bench, including series hybrid internal combustion engine (ICE) systems [97],
parallel ICE configurations [98], and hydrogen fuel cells [99]. An example test bench
setup for a parallel hybrid system is shown in Figure 2.7.
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Figure 2.7: Hybrid research test bench evaluating a parallel ICE configuration.

Based on performance results from these bench tests, a series ICE hybrid emerged
as the most promising solution, balancing energy density, system complexity, and
reliability. Detailed findings and the final system sizing for the full-scale aircraft are
reported in [78].

2.2.6 MIMIQ

Development of the MIMIQ vehicle marked a significant step toward realizing the
full-scale Eusphyra platform (Figure 2.8). MIMIQ—an acronym for Mass and Inertia
Matching Innovative Quadcopter—is a modular UAS designed to replicate the take-
off weight and inertia characteristics of the envisioned full-scale Eusphyra. Equipped
with the same VTOL propulsive hardware (motors, propellers, electronic speed con-
trollers (ESCs), and associated high-voltage components), MIMIQ enables rigorous
testing of flight controllers, onboard avionics, and power subsystems under represen-
tative load conditions [80].



29

Figure 2.8: MIMIQ vehicle configured with a series ICE hybrid system.

The team designed MIMIQ to facilitate rapid swapping among different hybrid
configurations, including both series ICE powertrains and hydrogen fuel cells, in or-
der to evaluate their suitability for charge-sustaining operations and extended flight
endurance. Flight tests with MIMIQ uncovered several significant issues, such as high-
frequency vibrations transmitted from the ICE to avionics components, necessitating
multiple redesigns of the engine mounts, adoption of vibration isolation strategies for
critical avionics, and refinement of IMU filter settings.

Despite these challenges, MIMIQ achieved a projected endurance of 7.38 h for the
full-scale Eusphyra when incorporating the VTOL and dash flight segments [78], an
outcome that greatly informed the final design direction and validated the selection
of a series ICE hybrid powertrain.

2.2.7 Multi-Agent Research

In parallel with the vehicle-specific prototypes, a dedicated subproject focused on de-
veloping and demonstrating multi-agent capabilities as a standalone subsystem. This
strategy enabled rapid prototyping and testing of new cooperative control concepts
without the flight vehicles already engaged in previously mentioned milestones. The
initial phase of this research involved simulation-based studies of various coordina-
tion algorithms, aiming to enable a fleet of UAVs to navigate cooperatively without
reliance on a permanent ground station. A virtual leader coordination scheme, in
which a centralized guidance unit resides on one of the air vehicles, formed the basis
of the first implementation [81].
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Integrating this multi-agent control approach demanded a re-design of the command-
and-control links and communication protocols. Notably, the Microhard P900 radio
was selected for its air-to-air mesh networking capability, enabling each vehicle in
the fleet to communicate with every other node and allowing ground-station access
when within range. This initial multi-agent navigation system was installed on three
smaller quadcopters, each outfitted with the same avionics suite used in the Eusphyra
platform (including autopilot, LiDAR, and IMU) alongside a companion computer
for the custom navigation controller and updated radio. The off-the-shelf Tarot 650
Ironman served as the primary airframe for these demonstrations (Figure 2.9).

Figure 2.9: Three Tarot 650 UAVs taking off for a multi-agent flight coordination
demonstration.

To stress-test the proposed framework, a close-formation flight scenario was se-
lected, requiring higher positional accuracy and real-time coordination updates under
realistic flight conditions. Further details on the flight test results are reported in
[84]. Building upon this proof of concept, Xu introduced an adaptive distributed
model predictive control scheme for multi-agent formation tracking, engineered to be
robust against communication faults [100–102]. Initially validated in simulation, this
advanced cooperative control system is planned for future flight tests to confirm its
performance in operational environments.
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2.2.8 Full-Scale Eusphyra

In parallel with subsystem development, a comprehensive design effort began for
the full-scale Eusphyra prototype, starting with a multidisciplinary optimization
approach. Aerodynamic performance predictions benefited from prior flight data
gathered on the Mini-E platforms, supplemented with computational fluid dynam-
ics (CFD) studies. Figure 2.10 shows a representative CFD run for the full-scale
airframe.

Figure 2.10: CFD analysis of the full-scale Eusphyra model in Ansys.

Control studies relied on high-fidelity simulations to assess autopilot performance
during critical maneuvers and mission segments. Meanwhile, structural properties
were investigated via finite element analysis (FEA) to ensure sufficient stiffness and
load-bearing capability. These predictions were verified by manufacturing a full-scale
wing section and subjecting it to physical load and failure testing (Figure 2.11). The
wing tests validated numerical estimates of deflection and overall structural integrity.
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Figure 2.11: Full-scale Eusphyra wing under fabrication for structural testing.

Although the fundamental project mandate was satisfied by demonstrating a mag-
netically clean, VTOL-capable UAV with extended endurance, significant work con-
tinued to advance the Eusphyra platform toward Technology Readiness Level (TRL)
7. This phase includes refining the airframe, propulsion, and avionics subsystems for
reliable operation in relevant environments, such as maritime or remote Arctic condi-
tions. The resultant full-scale Eusphyra preliminary design represents a culmination
of sub-scale validations, hybrid power development, and extensive simulation-based
verification, illustrating a robust path from concept through near-operational readi-
ness.

2.3 Investigation on the Airworthiness for the Tri-
Rotor Configuration of the Eusphyra aircraft

The earlier sections of this chapter introduced the Eusphyra project, detailing the
general aircraft development methodology and providing an overview of the various
prototypes created and the rationale behind each design. These prototypes represent
iterative steps in achieving a highly capable and efficient VTOL UAV, with each
iteration contributing to the overall refinement of the platform.

This final section serves as a case study, showcasing the development and in-
vestigation of one of these prototypes: a tri-rotor configuration for the Eusphyra
aircraft. This configuration was proposed to exploit the surplus power of the pusher
propeller used in fixed-wing flight, with the aim of reducing the weight of the propul-
sive system and minimizing the vehicle’s wetted surface. However, this design also
introduced new challenges, including increased complexity and reduced redundancy.
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The tri-rotor configuration was explored through a cost-effective, rapidly constructed
prototype to evaluate its airworthiness and feasibility.

The investigation included the conceptual design, development, and testing of
the tri-rotor prototype, as well as the application of a frequency-response-based sys-
tem identification technique to generate a flight dynamics model. Ground and flight
testing phases validated the operational capability of this novel configuration and
informed future developments in VTOL UAV design. Additionally, custom flight
control firmware in PX4 was developed to support the unique requirements of this con-
figuration, demonstrating its potential for broader applications in multi-rotor/VTOL
systems.

The contents of this section are based on the following publications:

• Arco, A., Lobo Do Vale, J., Bazzocchi, S., Suleman, A. (2023). Investigation on
the Airworthiness of a Novel Tri-Rotor Configuration for a Fixed Wing VTOL
Aircraft. International Journal of Aviation Science and Technology, 04(02),
53-62. [https://doi.org/10.23890/IJAST.vm04is02.0201]

• Arco, A., do Vale, J.L., Bazzocchi, S., Suleman, A. (2024). Conceptual Design,
Development, Test and System Identification of a Novel Tri-Rotor Configuration
for a VTOL Fixed Wing Aircraft. In: Karakoc, T.H., et al. Novel Techniques
in Maintenance, Repair, and Overhaul. ISATECH 2022. Sustainable Aviation.
Springer, Cham. https://doi.org/10.1007/978-3-031-42041-2_28

Abstract

In this paper, a novel tri-rotor configuration is proposed with the goal of granting
vertical take-off and landing (VTOL) capabilities to a new concept of tiltrotor, fixed-
wing aircraft, while minimizing both the overall mass of the propulsive system and the
aerodynamic drag during horizontal flight. The novelty of the presented configuration
lies not only in the thrust vectoring capabilities of all three rotors but also in the
constraints placed on the rear rotor, which must provide thrust in both vertical and
horizontal flight stages while drawing power from an internal combustion engine fixed
inside the aircraft’s fuselage. Additionally, this configuration features a 20/80 thrust
distribution between the front and rear rotors during vertical flight, departing from
the more conventional approach of evenly loading all rotors.

The proposed configuration was realized in a test vehicle that underwent multiple
stages of ground and flight testing to evaluate the airworthiness of both the vehicle and

https://doi.org/10.23890/IJAST.vm04is02.0201
https://doi.org/10.1007/978-3-031-42041-2_28
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the concept. This process also involved developing a custom flight control firmware in
PX4, enabling the operation of this or similar multi-rotor/VTOL systems. Finally, a
frequency-response-based system identification technique was applied to the collected
flight data to derive a suitable flight dynamics model for future autopilot tuning.

Keywords

Unmanned Aerial Vehicle, Vertical Take-Off and Landing, Tilt-rotor, Tri-rotor, Sys-
tem Identification

2.3.1 Introduction

The propulsive system configuration proposed in this paper is the result of a series
of design constraints which were imposed during the conceptual design of the new,
canard configuration, fixed-wing (FW) unmanned aerial vehicle (UAV) for which such
a system is being devised (Fig. 2.12). The main requirement and motivation for this
investigation is that the vehicle should be capable of performing vertical take-off and
landing (VTOL) maneuvers, as well as being able to hover steadily upon request.

The propulsive system was conceptualized in a way that the two front rotors are
to be powered by electric motors, with the frontal arms on which these are mounted
retrieving into the fuselage of the aircraft during horizontal flight to optimize the
aerodynamic efficiency of the vehicle. These rotors are meant to operate only in the
vertical flight stages and are responsible for generating, in nominal flight conditions,
around 10% of the total vertical thrust required to hover (i.e., enough thrust to
balance 10% of the total aircraft’s weight each). The third, rear tilting rotor, which
will provide thrust in both the vertical and horizontal stints of the aircraft’s mission
should, in turn, be powered by an internal combustion engine. This engine is to
be fixed inside the aircraft’s fuselage, in a way that the rear rotor, responsible for
generating enough thrust to balance the remaining 80% of the vehicle’s weight in
vertical flight, shall assume a tilt-shaft configuration. In order to achieve this, a
tilting 90◦ gearbox system will be used. The tilting axis of said gearbox shall be
aligned with the motor’s output shaft (gearbox’s input shaft) in order to allow for
the proper transmission of power between motor and propeller regardless of the angle
assumed by the propeller shaft.
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Figure 2.12: Preliminary CAD model of the conceptualized VTOL UAV.

When dealing with a multi-rotor configuration where the number of propellers is
not even, and thus propeller pairing cannot be accomplished, a problem arises re-
garding the balance of the drag torques developed by each rotating propeller. While
in multi-rotors with an even number of propellers these are usually paired among
themselves (i.e., the same number of vertically pointing propellers rotating clock-
wise as counterclockwise), yielding that a balance of torques along the yaw axis is
achievable as long as the rotational speed of any given clockwise rotor is matched
to the one of a counterclockwise rotor. Furthermore, in such cases, these rotational
speeds can be manipulated by the flight controller (as is often done) to maneuver
the aircraft in yaw. Tri-rotor configurations, however, having an uneven number of
rotors, must achieve yaw stability through other means, the most common one being
thrust vectoring. This approach requires that one of the rotors (usually the aft one
in a “Y” configuration) is capable of tilting laterally, thus developing a lateral thrust
component and an associated torque along the yaw axis [103–106].

However, in the proposed configuration, the aft rotor shaft will already be required
to tilt between the initial vertical stance and a longitudinal orientation during the
forward flight stages. Hence, it was decided that the yaw attitude should be man-
aged by a similar thrust vectoring approach but performed by the two frontal rotors.
These will thus tilt along the longitudinal axis of the frontal arms of the tri-rotor
simultaneously, which allows minimization of the tilting angle that is required from
each front rotor to achieve the necessary equilibrium of torques in yaw. Furthermore,
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the sense of rotation of the frontal rotors (counterclockwise) shall be opposite to that
of the rear one (clockwise). This will allow minimization of the natural torque im-
balance and, consequently, of the lateral thrust vector needed to achieve equilibrium,
the tilting angle of the frontal rotors (assuming that the required vertical thrust is
constant), and thus the amount of power required to operate the front rotors.

Figure 2.13: Schematic representation of the proposed tri-rotor configuration (not to
scale).

Γ: Arms’ opening angle
xf : Longitudinal distance between front rotors and aircraft center of gravity
xr: Longitudinal distance between rear rotor and aircraft center of gravity
yf : Lateral distance between each front rotor and aircraft center of gravity

Given that the objective of the present study was to explore a new multi-rotor con-
figuration for application to a VTOL, fixed-wing aircraft, it was deemed necessary to
start the process by deducing the equations that would later support the development
of a preliminary flight dynamics model (FDM). Once these equations were obtained,
trim condition studies were performed in order to establish the conditions under
which this aircraft configuration could perform stable hovering flight. Once an initial
understanding of the configuration’s capabilities was gained, the development of the
test vehicle commenced with particular focus on the mechanisms required to perform
thrust vectoring with all three rotors. These mechanisms, when built, were tested to
map their actuation and to explore their performance. In parallel, a personalized PX4
autopilot firmware was obtained in order to control this novel-configuration aircraft
in the subsequent test flights. Once the vehicle was completed, it was subjected to
a battery of test flights to assess the airworthiness of both the vehicle itself and of
the configuration as a concept. Finally, with the collected data, a frequency-response
system identification method was applied to obtain a suitable dynamics model from
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experimental data.
In the following subsections, this sequence of steps is explored in more detail.

2.3.2 Configuration Study

Flight Dynamics Model

With the goal of better comprehending the expected dynamics of the future fixed-wing
(FW) vehicle that encompasses the proposed multi-rotor configuration, it was first
necessary to derive the appropriate flight dynamics model (FDM). For the deduction
of the equations that sustain this model, the standard body reference frame was
considered. The vector that describes the attitude of the aircraft relative to a fixed
North-East-Down referential is provided by the commonly used Euler angles, Φ =

[ϕ θ ψ], while the angular rates are ω = [p q r] and the local body-speeds are V =

[u v w].
The dynamic equations, describing the motion of the aircraft, were derived from

the typical Newton–Euler equations [107]. Given that the next iteration of the ve-
hicle will be electric (despite the final one having a hybrid propulsion system), the
equations can be manipulated in such a way that a constant mass and inertia ten-
sor are considered. The main distinction between the derived FDM and a common
multi-rotor FDM resides in the formulation of the propulsive forces and moments.



Fxprop = (−T1 + T2) sin(δarms) cos(Γ) + T3 cos(µ)

Fyprop = (T1 + T2) sin(δarms) sin(Γ)

Fzprop = −
(
T1 + T2

)
cos(δarms) − T3 sin(µ)

Mxprop = (−T1 + T2) yf cos
(
δarms

)
+ (τ1 − τ2) sin

(
δarms) cos(Γ

)
+ τ3 cos(µ)

Myprop = (T1 + T2) xf cos
(
δarms

)
− T3 xr sin(µ)

− (τ1 + τ2) sin(δarms) sin(Γ)

Mzprop = (T1 + T2) xf sin(δarms) sin(Γ) + (T1 + T2) yf sin(δarms) cos(Γ)

+ (τ1 + τ2) cos
(
δarms

)
− τ3 sin(µ)

(2.1)
Here, Tn and τn represent the thrust and drag torque magnitudes generated by

rotor n, according to the numbering provided in Fig. 2.13, while xf , xr, and yf
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represent the distances depicted in the same figure. Furthermore, δarms is the tilting
angle of the front rotors (0° for vertical), and µ is the rear rotor tilting angle (90° at
vertical).

Figure 2.14: Schematic representation of the right frontal arm rotation angles.

In addition to the propulsive contributions in (2.1), the effects of aerodynamics
[82], gravity, and gyroscopic moments [107] were also included to capture the complete
dynamics of the aircraft.

Trim Conditions Analysis

Once the dynamics equations were derived, a trim condition analysis was carried out
using a non-linear solver algorithm with the purpose of determining the attitude and
actuator outputs required for the conceptualized test vehicle to hover steadily under
various constant wind conditions. This algorithm, being based on an optimization
approach, required the definition of a cost function. The methodology considered
consisted of minimizing the sum of the mechanical power developed by the three
rotors. Thus, the program was to find values for a set of predefined variables (regard-
ing the vehicle’s attitude and actuation) that would enable this minimization. The
optimization problem was accordingly defined as follows:

min
3∑

i=1

Pi, w.r.t.
[
ϕ, θ, Ω1, Ω2, Ω3, δarms

]
(2)

subject to
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

Fxa + Fxprop + Fxg = 0,

Fya + Fyprop + Fyg = 0,

Fza + Fzprop + Fzg = 0,

Mxa +Mxprop = 0,

Mya +Myprop = 0,

Mza +Mzprop = 0.

(4)

As for the ranges over which the optimization variables could vary, these are
provided in Table 2.1.

Table 2.1: Study variables’ boundaries.

Variable Lower Bound Upper Bound
ϕ −30◦ 30◦

θ −30◦ 30◦

Ω1 0 rpm 8200 rpm
Ω2 0 rpm 8200 rpm
Ω3 0 rpm 6374 rpm
δarms −15◦ 15◦

δr −30◦ 30◦

Once the algorithm had been established, several simulations were performed in
which the magnitudes and directions of (constant) incoming wind gusts were var-
ied. The resulting attitude of the aircraft and expected actuation were recorded.
This enabled conclusions on the expected tendencies of this novel configuration un-
der different hovering flight scenarios, as well as providing an initial vertical flight
envelope. That envelope contains the maximum allowable gust magnitudes for each
direction, based on the actuation and attitude limits established (i.e., the allowable
roll and pitch angles, the maximum tilt angle of the frontal rotors, and the maximum
allowable rotational speed of all three rotors, as shown in Table 2.1).

The first study using the developed optimization tool focused on determining the
attitude and actuation assumed by the fixed-wing vehicle (FW VTOL) under zero-
wind conditions. The results of this simulation are presented in Table 2.2.
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Table 2.2: Attitude and actuation during steady hovering flight under zero-wind
conditions.

Variable FW VTOL
ϕ −0.338◦

θ 0◦

Ω1 6047 rpm
Ω2 6047 rpm
Ω3 4909 rpm
δarms 2.484◦

δr 0◦

From the analysis of these results, it is possible to draw several conclusions re-
garding the behavior of the configuration in hover. Even though this may not hold
for all vehicles that assume this multi-rotor configuration, for the present study case
it was concluded that the drag torque developed by the rear rotor in hovering flight
conditions surpassed the accumulated drag torques of the front rotors. Given the
sense of rotation defined for the various propellers in Fig. 2.13, this results in a net
drag torque that is non-zero in magnitude and assumes negative values along the
vertical (yaw) axis of the aircraft’s local reference frame.

Consequently, to counterbalance this phenomenon by means of thrust vectoring,
the front rotors must tilt to the right, producing a lateral (positive Y ) thrust com-
ponent and an associated positive torque along the yaw axis. This balances the net
drag torque, and is manifested in the positive value of δarms. However, while this
lateral thrust vectoring balances yaw torque, it introduces an imbalance of forces
along the local Y axis. To avoid drifting to the right, the vehicle simultaneously
rolls slightly to the left, allowing the lateral thrust to be offset by a component of
the aircraft’s weight. Meanwhile, the pitch angle remains approximately zero. The
rotational speeds of the different rotors depend on the powertrain characteristics of
each specific vehicle. Should the balance of torques along the yaw axis shift (e.g., if
the frontal rotors produce more drag torque than the rear rotor), the exact hover-
ing attitude and actuation required will naturally change, but the underlying logic
driving this behavior remains the same.

The devised optimization tool was also used to obtain a preliminary vertical flight
envelope regarding the gust magnitudes (and directions) under which the concep-
tualized vehicle could operate while hovering in a fixed position and respecting the
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operational boundaries from Table 2.1. Such results are shown in Table 2.3.

Table 2.3: Maximum allowable gust magnitudes by direction for the FW VTOL in
hover, given the operational limits of Table 2.1.

Variable FW VTOL
Front > 10

Rear > 10

Left 4

Right 4

Up 7

Down 4

Finally, an additional study on the relation between the angle assumed by the
rear rotor and the forward speed achieved during a hypothetical transition maneuver
was carried out using a modified version of the same optimization tool. In this
scenario, we included the rear rotor tilting angle as an extra optimization variable,
aiming to minimize total mechanical power while maintaining level flight at constant
altitude under no-wind conditions. The aerodynamic model assumed a null pitch
angle throughout the transition and a canard incidence matching that of the trimmed
flight condition at cruise speed. The resulting optimal transition curve is plotted in
Fig. 2.15.
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Figure 2.15: Relation between rear rotor tilting angle (µ) and the forward speed
achieved by the aircraft for the optimal transition scenario.

µ: Rear rotor’s tilting angle

Considering that the theoretical stall speed for the conceptualized FW VTOL
aircraft has been established at 13 m/s [82], it was found that such forward flight
condition could be reached with a rear rotor tilt angle as low as 5◦, assuming suf-
ficient time for the vehicle to accelerate. From Fig. 2.15, once the theoretical stall
speed is achieved, there is a noticeable ramp-up in the progression of the rear rotor’s
tilting angle with forward speed. This behavior arises from two factors: (1) increas-
ing forward velocity augments the contribution of aerodynamic surfaces (wing and
canard) toward lift generation, thereby reducing the required vertical thrust from the
rotors (in fact, rotor speed is gradually reduced for all rotors during transition); and
(2) as forward speed grows, the horizontal drag likewise increases, requiring more
horizontal thrust to maintain speed, which means reducing the tilting angle of the
rear rotor in the later stages of the transition.
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2.3.3 Vehicle Design

Flight Controller Development

In order to perform proof-of-concept flights to attest the airworthiness of the pro-
posed configuration, a test vehicle was built, and a custom flight control firmware
was developed. The latter step was carried out in the PX4 environment by creat-
ing a custom airframe configuration. Although two pre-existing “Y”-shape tri-rotor
flight controllers were available in the PX4 repository, neither was applicable to the
proposed configuration for three main reasons:

1. Both pre-existing models assumed that all three rotors were equidistant from
the aircraft’s center of gravity (CG), whereas the presented case features a 20/80
thrust distribution between the front and rear rotors.

2. The sense of rotation of the rotors differed from those envisioned for the pro-
posed configuration.

3. The pre-existing controllers presumed that yaw control was dependent on lateral
tilting of the rear rotor, while in our configuration, this task is assigned to the
frontal rotors’ tilting mechanism.

Once the characteristics of the proposed configuration were translated into the
required PX4 files and the firmware was compiled, the resulting autopilot was flashed
onto a Pixhawk 4 board. Communication with the hardware was achieved via the
QGroundControl software.

A primary concern during this development was the neutralization of possible
coupled dynamics. This is particularly relevant because the sense of rotation of the
frontal rotors is opposite to that of the rear rotor. Although this design choice was in-
tentional to minimize the natural drag torque imbalance along the yaw axis (and thus
reduce the lateral thrust vector needed to achieve torque equilibrium, consequently
minimizing overall power in hover), it presented a potential undesirable effect. This
effect stemmed from the conventional approach of multirotor flight controllers toward
yaw attitude management, which typically involves adjusting the rotational speed of
specific rotors (depending on their sense of rotation) to induce yaw. In the proposed
configuration, however, applying a similar yaw control method would inadvertently
couple into the pitch axis.
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To solve this, and to exploit the thrust vectoring capabilities of the front rotors,
complete yaw control authority was assigned to the front tilt mechanism. Meanwhile,
the flight controller was prevented from varying the rotational speeds of the rotors
when yaw attitude changes were required. Consequently, pitch, roll, and heave remain
dependent on the manipulation of rotor speeds (as is standard practice in multirotor
controllers), whereas the yaw axis is governed solely by the frontal tilt mechanism.

Tilt Mechanisms Development

In the context of the test vehicle’s design, the two subsystems that warrant particular
attention, given their novelty and importance to the function of the proposed con-
cept, are the tilt mechanisms for the front and rear rotors. These mechanisms were
developed from an initial conceptual sketch through to the final prototyping stage.

Figure 2.16: CAD models for both the rear (top) and front (bottom) rotor tilting
mechanisms.
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Rear Rotor Mechanism. The rear rotor design was pursued with the overarching
intention of emulating the use of an internal combustion engine (ICE) to power the
rear rotor, as required in the future, larger-scale version of the fixed-wing VTOL
aircraft. It was also determined that this power unit should remain fixed relative to
the airframe, thus necessitating a 90◦ gearbox to transfer mechanical power from the
stationary power source to the output shaft of the system, which tilts. The propeller
is mounted on this tilting output shaft. Naturally, as in any mechanical system,
this gearbox will introduce losses that affect the overall efficiency of the rear rotor
assembly. This aspect will be examined in a later stage of this work.

Front Rotors Mechanism. Regarding the front rotors’ tilting mechanism, one of
the main considerations was that the chosen design should allow for future modifica-
tions enabling a retraction of the frontal arms of the tri-rotor during horizontal flight
in the full-scale FW-VTOL aircraft. Consequently, it was deemed necessary to equip
each arm with its own dedicated actuator (servo). This choice not only provides re-
dundancy in the yaw attitude management system (in case of a servo failure) but also
enables the support structure of the tilt mechanism (shown in orange in Fig. 2.16) to
be separated into two symmetrical parts capable of rotating independently, facilitat-
ing future integration of a suitable retraction mechanism. This additional mechanism
was not developed for the current multirotor because it has negligible influence on the
vehicle’s dynamics (beyond the added weight contribution), and thus was not critical
to proof-of-concept tests.

Ground Testing

Once the different mechanisms were built, their actuation was measured and mapped
before being installed on the airframe. This process made it possible to update the
previously devised flight dynamics model (FDM) and collect valuable data for future
interpretation of flight logs. Static thrust testing was likewise conducted on both the
front and rear rotor systems with the same objective. In addition, the study on the
performance loss caused by introducing a 90◦ gearbox between the rear electric motor
and the propeller shaft was performed, comparing the power required to generate a
given thrust in two scenarios: a direct drive configuration and the complete rear tilt
mechanism system.

To obtain these results, a set of static thrust tests was first conducted with the
rear rotor’s propeller mounted conventionally on the motor shaft. Then, once the tilt



46

mechanism had been assembled, the gearbox was fixed in place using two wedges to
align the output propeller shaft with the static thrust test bench, allowing further
thrust tests to be performed. The results are shown in Figure 2.17.

Figure 2.17: Static thrust test results for the rear ESC/motor/propeller system in
direct drive and when fitted to the rear tilting mechanism.

From these data, there is a clear increase in the electrical power required by the
motor in the presence of the complete rotor tilt system, as expected. It was estimated,
for instance, that to generate the rear rotor thrust required for hovering flight, the
additional power demanded by the tilt-mechanism-equipped system (relative to the
direct drive case) is approximately 19%. This reduction in efficiency is primarily due
to losses introduced by the 90◦ gearbox. In fact, the efficiency-loss curve obtained
matches the typical gearbox efficiency behavior reported by several authors [108, 109],
who observed that mechanical transmissions tend to reduce losses under increased
loading conditions.

Additional ground tests were performed to assess continuous-operation static
thrust for the rear rotor system. In particular, these tests monitored the gearbox’s
gears and the electric motor’s temperature under sustained operation. The main mo-
tivation was the possibility that, with the motor no longer positioned in the propeller
wake (as originally designed), higher temperatures could arise and risk magnet de-
magnetization [110, 111]. However, the measured temperatures stayed well below the
manufacturer’s maximum allowable values, indicating that the subsystem could be
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considered safe and was thus integrated into the vehicle’s airframe.

2.3.4 Flight Testing

After all subsystems were tested individually and the prototype was fully assembled,
flight testing commenced. The initial flights were conducted indoors with the proto-
type tethered to ensure the safety of the personnel involved and to protect the vehicle
during the early test phases (see Fig. 2.18). These indoor flights allowed tuning of
the various aircraft subsystems, from the controller parameters to airframe and power
distribution refinements, all of which underwent continual upgrades throughout the
preliminary testing phase. Once the vehicle’s performance and controllability were
deemed satisfactory, the tethers were removed, and the team proceeded with the first
untethered flight. In this test, the aircraft demonstrated stable hovering capability
while maintaining position (as required for a vertical take-off or landing maneuver)
and was also able to maneuver effectively around all three attitude axes. The pilot
reported that the vehicle was easily controllable and displayed predictable dynamics
despite its unconventional design.

Figure 2.18: Test vehicle during indoor, untethered flight testing.

Encouraged by these results, the team proceeded with outdoor flight tests (see
Fig. 2.19). The first set of outdoor experiments involved five flights, each comprising
maneuvers such as chirps, doublets, and periods of static hovering. The objective was
to collect data for subsequent system identification. An initial practice flight allowed
the pilot to become familiar with the maneuvers and the aircraft’s tendencies. This
was followed by three flights, each focusing on one attitude axis (roll, pitch, or yaw).
In each flight, the pilot executed multiple chirps and doublets on that specific axis,
interspersed with periods of hovering. Finally, a validation flight was conducted in
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which chirps and doublets were performed on alternating axes, ensuring at least one
example of each maneuver across all three axes. These validation flight data would
later be used to check the robustness of the flight dynamics models derived from
system identification, providing a test scenario different from the ones that generated
the models.

The only remaining configuration capability to be tested was initiating and main-
taining stable forward flight by tilting the rear rotor system. Since the experimental
vehicle lacks the fixed-wing surfaces of a conventional aircraft, a complete transition
from vertical to horizontal flight was not possible. Instead, the goal of this final test
flight was solely to assess whether the multi-rotor configuration could commence a
simulated transition maneuver. To that end, the aft rotor was tilted by 5◦, based on
prior parametric studies suggesting that such thrust vectoring would allow the aircraft
to maintain level attitude and constant altitude while gaining forward momentum,
as would be required in a true transition maneuver.

Figure 2.19: Test tri-rotor during outdoor flight testing.

The results were highly satisfactory, with the aircraft proving capable of initiat-
ing and sustaining stable forward flight and requiring minimal pilot input for attitude
corrections. These findings support the feasibility of the proposed multi-rotor con-
figuration for both stationary and transition flight phases, thereby validating the
fundamental design concepts.

2.3.5 System Identification

After collecting the necessary flight data from the tests described in Section 2.3.4,
the next objective was to derive a suitable dynamics model from these experimental
data. The chosen approach for this work was based on a frequency-response model,
following the methodology described by Tischler and Remple [24]. In practice, this
method was implemented in a custom transfer-function estimation tool that took as
inputs:
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• The rate setpoints of the flight controller for each of the three attitude axes
(roll, pitch, and yaw),

• The corresponding angular rate responses recorded by the onboard gyroscope.

Additionally, for each flight test data file, the user supplied the time intervals cor-
responding to specific maneuvers within that test. The data from the three system-
identification (SID) flights (one per axis) were then partitioned so that each data
segment encompassed a single maneuver on a single axis. Next, all possible combi-
nations of these maneuvers for a given axis were compiled, yielding several simulated
“flight examples.” Each such example was used to estimate a single transfer function
relating the relevant input-output pairs.

Afterward, each derived transfer function was tested against the separate valida-
tion flight dataset (which was not used during transfer-function estimation) for the
same axis. The transfer function that provided the highest correlation (i.e., best re-
produced the validation flight outputs when driven by the same inputs) was deemed
to represent the aircraft’s dynamic behavior on that axis.

It should be noted that this model is linear and thus ignores coupled dynamics,
which may reduce fidelity, given that the proposed concept exhibits some notable
couplings. Although certain coupling tendencies were mitigated in the flight controller
design (as discussed in Section 2.3.3), others could not be fully neutralized. One
of the more prominent couplings was observed between pitch and yaw, particularly
noticeable during high-frequency pitch maneuvers. In such cases, the rapid variation
in thrust required of the front rotors to execute pitch chirps inadvertently induced an
uncommanded yaw-rate chirp (of the same frequency but smaller amplitude). This
was a direct consequence of the thrust-vectoring scheme used for yaw control, which,
while beneficial for managing yaw in vertical flight, also introduces coupling paths.

Nonetheless, the frequency-response-based dynamics model obtained via this ap-
proach is sufficiently accurate for many practical purposes, such as axis-specific au-
topilot tuning and optimization. For configurations less prone to dynamic coupling,
this method yields an even closer match between simulated and real flight dynamics.
The goodness-of-fit values (G) achieved in the present study are shown in Figures 2.20,
2.21, and 2.22.
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Figure 2.20: Comparison between replicated and recorded roll dynamics during the
validation flight.

Figure 2.21: Comparison between replicated and recorded pitch dynamics during the
validation flight.
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Figure 2.22: Comparison between replicated and recorded yaw dynamics during the
validation flight.

2.3.6 Conclusions

The work presented in this paper characterizes the airworthiness of the proposed
multi-rotor configuration for future application in the VTOL system of a fixed-wing
aircraft. An initial study on the expected behavior of a potential fixed-wing VTOL
aircraft equipped with the proposed tilt tri-rotor propulsive system was performed.
This study provided:

• An understanding of the vehicle’s attitude and actuation during hovering, sta-
tionary flight under various wind conditions,

• A preliminary vertical flight envelope regarding the maximum acceptable gust
magnitudes (from multiple directions) that still permit stable hover,

• Insights into the expected attitude and actuation of the conceptualized vehicle
during a transition from vertical to horizontal flight (via the rear rotor tilting).

Additionally, the proposed solutions for both the front and rear rotor tilt mecha-
nisms were successfully developed and validated through ground tests. The complete
prototype was then flight-tested, both indoors and outdoors, demonstrating:
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• The ability to sustain continuous and stable hovering flight under external dis-
turbances,

• Adequate maneuverability along all three attitude axes over a range of frequen-
cies,

• The successful initiation and maintenance of stable forward flight by tilting the
rear rotor, thus paving the way for future transition-condition studies of the
larger hybrid aircraft under development.

Finally, a custom frequency-response-based system identification tool was applied
to the collected flight data. Despite neglecting some of the coupled dynamics inherent
to the tilt tri-rotor configuration, the resulting model still provided satisfactory fidelity
when replicating real flight test dynamics, showing the practicality of this approach
for future autopilot optimization and simulation studies.
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Chapter 3

Flight Dynamics Modeling

In the chapter preceding this, we explored the development of the Eusphyra project
and its associated prototypes, culminating in the Mini-E 5050B. This prototype
achieved Technology Readiness Level 6 (TRL 6), demonstrating readiness for op-
erational environments. Achieving this milestone required mission simulations and
refined control system tuning to meet the stringent flight requirements of its pay-
load. To address this, a classic control development cycle was employed, beginning
with an initial flight dynamic model (FDM) generated from computational fluid dy-
namics (CFD) data. This model was preliminarily tuned and validated using the
Mini-E 5050A prototype. The same controller was then used for the initial flights
of the Mini-E 5050B vehicle that incorporated pilot-generated system identification
maneuvers.

This chapter focuses on developing a nonlinear flight dynamic model for the fixed-
wing portion of the eVTOL aircraft, using flight test data collected from the first 20
flights of the Mini-E 5050B. The methodology accounts for the limited data avail-
able from onboard systems, especially regarding the aero-propulsive system, and em-
phasizes generating a high-fidelity model validated against out-of-sample flight data.
While this approach yields highly accurate models, it requires substantial data, time,
and human supervision. Despite these challenges, it remains one of the most reliable
methods for achieving high model fitness. Subsequent chapters will explore alterna-
tive methods aimed at reducing the workload and data requirements associated with
this process.

The content of this chapter is based on the following published journal article:

• Figueira, J. C., Bazzocchi, S., Warwick, S., Suleman, A. (2024). Nonlinear
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Aero-Propulsive Modeling for Fixed-Wing eVTOL UAV from Flight Test Data.
In: Journal of Aircraft, pp. 1-13. [https://doi.org/10.2514/1.C037964]

Abstract
This paper presents a methodology for constructing an aero-propulsive system iden-
tification model for a fixed-wing propeller-driven aircraft with limited flight data.
Developing a flight dynamics model is an iterative process involving costly and time-
consuming flight testing to collect relevant data. To maximize the utilization of
available data, this study employs a time-domain system identification procedure on
flight data from various maneuvers and flights. The methodology incorporates multi-
variate orthogonal functions to capture the nonlinear terms representing the coupled
effects of the propeller and airframe dynamics. A stepwise regression is then employed
to identify the most pertinent model parameters. Estimation of variables associated
with the propulsive contribution is accomplished through an electrical propulsive
model, identified using command and battery data from static thrust and flight tests.
Aero-propulsive derivatives are determined using the output-error method, where the
accuracy is assessed based on a colored noise correction. To validate the predictabil-
ity of the flight dynamics model, out-of-sample data is employed. The construction
of the electrical propulsive model and identification of aerodynamic derivatives from
flight data were specifically carried out for a particular eVTOL flight test vehicle;
however, the techniques employed are generalizable and applicable to other aircraft
models.

Nomenclature

ax, ay, az = measured body-axis translational acceleration, m/s2

b = projected wingspan, m
CQ = propeller torque coefficient
CX , CY , CZ = body-axis force coefficients
Cl, Cm, Cn = body-axis moment coefficients
c̄ = mean aerodynamic chord, m
D = propeller diameter, m
g = gravitational acceleration, m/s2

https://doi.org/10.2514/1.C037964
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Ix, Iy, Iz, Ixz = aircraft moments of inertia, kg· m 2

J = advance ratio
L,M,N = applied body-axis moments, N·m
m = aircraft mass, kg
p, q, r = body-axis angular velocity, rad/s
q̄ = dynamic pressure, N·m2

S = wing reference area, m2

u, v, w = body-axis translational velocity, m/s
up, vp, wp = local propeller velocity, m/s
V = true airspeed, m/s
VN , VE, VD = Earth-fixed translational velocity components, m/s
X,Y, Z = applied body-axis forces, N
α = angle of attack, rad
β = angle of sideslip, rad
δc, δa, δr = control surface deflections, rad
ηt = throttle command, %
φ, θ, ψ = inertial orientation Euler angles, rad
Ωp = propulsor rotational speed, rad/s

Superscripts
T = transpose
˙ = time derivative
−1 = matrix inverse
CG = center of gravity

Subscripts
c = centered value
o = bias or reference value

3.1 Introduction
System Identification (SID) from flight data has proven to be the most accurate
approach for constructing a high-fidelity simulation model of an aircraft [112, 113].
Understanding the dynamics of an aircraft is crucial for its successful flight. However,
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building, optimizing and validating a Flight Dynamics Model (FDM) is often an
iterative and resource-intensive process [114].

The focus of this investigation centers on the Eusphyra aircraft (Figure 3.1), an
electric Vertical Take-Off and Landing (eVTOL) platform featuring a canard config-
uration, intricately designed to meet stringent requirements [82]. When in VTOL
mode, the aircraft functions as a quadcopter. In Fixed-Wing mode, the propulsive
system consists of a rear propeller. This specific Unmanned Aerial Vehicle (UAV)
has been chosen as the primary subject for conducting extensive research aimed at
testing and validating advanced control strategies and online system identification
techniques, as outlined in [115].

The aircraft uses an off-the-shelf autopilot tuned with a model derived from ana-
lytical analysis. The same aerodynamic model did not align with real flight data. To
advance ongoing research, a new FDM is essential to facilitate testing novel techniques
in a simulation environment, validated through subsequent flight tests.

Figure 3.1: Eusphyra aircraft.

The development of an FDM for the fixed-wing configuration of the Eusphyra
faced two main challenges: determining the propulsion contribution and addressing
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constraints during flight testing due to a lack of accurate a priori data.
The Eusphyra’s fixed-wing configuration relies on a propeller-driven system, intro-

ducing potential interactions between the airframe and propeller airflow. Achieving
a coupled propulsion and airframe model enhances simulation accuracy [112]. Refer-
ence [116] outlines two approaches for coupled and decoupled aero-propulsive model
identification from flight data. The coupled approach involves exciting all control
surfaces along with the throttle, while the decoupled approach uses data from ma-
neuvers at no throttle to capture bare-airframe dynamics. This paper follows the
coupled approach due to the unmet conditions required for the second approach.

In the present propulsion configuration, the propeller rotation rate cannot be
directly measured during flight. To address this issue, the propulsive system com-
prising an Electronic Speed Controller (ESC), electrical motor, and propeller blade is
modeled. ESC losses are estimated as the propulsive system underperformed during
flight testing compared to expectations. The model uses the commanded throttle and
battery voltage logged in the flight data as inputs.

Multiple-input designs, such as orthogonal multisine input design, have been em-
ployed in SID procedures to enhance aircraft dynamics excitation [117]. Although
multisine inputs offer advantages over traditional inputs [118], they necessitate an
automated system to command the aircraft. Considering safety concerns, the ma-
neuvers were conducted in closed-loop (stabilized mode), supervised by the pilot, to
ensure a certain level of safety during perturbation injection. Closed-loop maneuvers,
while safe, introduce challenges such as input distortion, data collinearity, and lim-
ited excitation beyond the feedback control. However, it is still feasible to employ
open-loop parameter estimation processes from closed-loop data [112]. To mitigate
potential issues, a comprehensive data analysis is conducted to ensure that the quality
of available data aligns with the assumptions required for parameter identification.

The goal of this paper is to employ offline system identification techniques on
a specific eVTOL aircraft when operating in a fixed-wing configuration. The paper
is organized as follows: Section II describes the aircraft and general aerodynamics.
Section III details the model responsible for outputting parameters related to the
propulsion contribution. Section IV presents the techniques used to determine the
structure of the aero-propulsive model and its parameter estimation. In Section V, the
analysis and processing of flight data are explained to ensure data quality meets the
assumptions of the presented techniques. Finally, Section VI validates and discusses
the obtained propulsive system modeling and aero-propulsive parameters.
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The methods applied in this work were adapted from the System IDentification
Programs for AirCraft (SIDPAC) software toolbox [119] and supplemental software
materials from reference [113]1.

3.2 Aircraft Properties and Vehicle Dynamics
The modeling of flight dynamics involves computing aerodynamic forces (X,Y ,Z) and
moments (L,M ,N), which are influenced by the vehicle’s state and control inputs. The
equations of motion, derived from Newton’s second law, govern the translational and
rotational dynamics. The specific equations utilized in this project are as follows:

u̇ = rv − qw +X/m− g sin θ
v̇ = pw − ru+ Y /m+ g cos θ sinϕ
ẇ = qu− pv + Z/m+ g cos θ cosϕ

(3.1)

ṗ− Ixz
Ix
ṙ =

L

Ix
− (Iz − Iy)

Ix
qr +

Ixz
Ix
qp

q̇ =
M

Iy
− (Ix − Iz)

Iy
pr − Ixz

Iy

(
p2 − r2

)
− Ip
Iy
Ωpr

ṙ − Ixz
Iz
ṗ =

N

Iz
− (Iy − Ix)

Iz
pq − Ixz

Iz
qr +

Ip
Iz
Ωpq

(3.2)

ϕ̇ = p+ q sinϕ tan θ + r cosϕ tan θ
θ̇ = q cosϕ− r sinϕ
ψ̇ = q sinϕ sec θ + r cosϕ sec θ

(3.3)

The equations related to the moments (Eq. 3.2) incorporate the gyroscopic con-
tribution of the rotor. Ωp is the rotational rate of the propulsive system and Ip is
the moment of inertia of the motor and propeller combined. Notably, the transient
response’s roll contribution is neglected due to the constant throttle command in
selected flight segments.

Force coefficients (Cx, Cy, Cz) are derived from linear accelerations at the center
of gravity (Eq. 3.4), with the non-dimensional form eliminating dynamic and pressure
dependency.

1Information available online at https://arc.aiaa.org/doi/suppl/10.2514/4.102790
[retrieved February 2024]

https://arc.aiaa.org/doi/suppl/10.2514/4.102790
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Cx =
max
q̄S

, Cy =
may
q̄S

, Cz =
maz
q̄S

(3.4)

To correct measured accelerations from the accelerometers displaced from the
center of gravity, adjustments are made as follows:

aCG
x = aIMU

x +
(
q2 + r2

)
∆x− (pq − ṙ)∆y − (pr + q̇)∆z

aCG
y = aIMU

y − (pq + ṙ)∆x+
(
p2 + r2

)
∆y − (qr − ṗ)∆z

aCG
z = aIMU

z − (pr − q̇)∆x− (qr + ṗ)∆y +
(
p2 + q2

)
∆z

(3.5)

Moment coefficients (Cl, Cm, Cn) are calculated from Eq. 3.2 in their non-
dimensional form:

Cl =
1

q̄Sb
[Ixṗ− Ixz ṙ + (Iz − Iy) qr − Ixzpq]

Cm =
1

q̄Sc̄

[
Iy q̇ + (Ix − Iz) pr + Ixz

(
p2 − r2

)
+ IpΩpr

]
Cn =

1

q̄Sb
[Iz ṙ − Ixzṗ+ (Iy − Ix) pq + Ixzqr − IpΩpq]

(3.6)

Here, q̄ = 1
2
ρV 2 represents dynamic pressure, and Table 3.1 details the inertial

and geometric properties of the Eusphyra aircraft. The inertial properties of the
aircraft were determined through a combination of experimental and computational
methods. The principal moments of inertia (Ix, Iy, and Iz) were measured using a
bifilar pendulum test. In this test, the aircraft is suspended by two parallel strings,
and its oscillatory motion is analyzed to extract the moments of inertia about its
principal axes. The off-diagonal terms were derived from a detailed CAD model of
the vehicle, where the masses and positions of each component were measured, and
the inertia values were computed using the CAD software’s built-in application of the
parallel axis theorem.
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Table 3.1: Inertial and geometric properties of the Eusphyra aircraft.

Property Value Units
m 8.152 kg
Ix 1.159 kg · m2

Iy 1.230 kg · m2

Iz 2.386 kg · m2

Ixz 0.000 kg · m2

c̄ 0.208 m
b 2.400 m
S 0.499 m2

The Eusphyra aircraft, controlled by a PixHawk autopilot, utilizes avionic instru-
mentation, including an Attitude and Heading Reference System (AHRS), GPS, LI-
DAR altimeter, and an airspeed sensor. The PX4 software uses an Extended Kalman
Filter (EKF) process to estimate the vehicle state variables, including attitude angles,
Earth-relative linear velocity, inertial position and wind estimates. The logging sam-
pling rate for raw acceleration, angular rates, attitude angles and commanded controls
is 200 Hz. The inertial velocities estimated by the EKF have a sampling rate of 10 Hz.
The remaining states, the wind velocities and battery data are logged at 5 Hz to 1 Hz.

The actuated surfaces of the vehicle are a canard, two ailerons and a rudder. The
control signals, generated by the control laws, are non-dimensional (from -1 to 1).
The surface actuation process, from the command output to the surface deflection,
is modeled in the FDM as a first-order system. This includes the mixing matrix
that converts the control output into a PWM signal, the resolution of the protocol
and servo-actuator, the linkage geometry, the hysteresis of the system, the actuation
speed, the deflection limits and the response delay. The actuator model parameters
were derived from bench tests, where the servo-motor and actuator surfaces were
tested under varying load conditions (e.g., no load, cruise load, VNE load, and max-
imum actuator load). These tests involved sending command signals to the actuator
and measuring the output shaft position with an external angular encoder synchro-
nized with the command signal. This setup allowed for precise measurements of
delay, gain, hysteresis, and the transfer function representing the actuator’s dynamic
behavior. To simplify the simulation model, we used the cruise load transfer function
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for all simulations. Cruise load conditions were replicated on the test bench using
springs to simulate the in-flight loads. The time constant corresponds to the coeffi-
cient in the transfer function. This, along with the response delay, quantization, rate
limiter, hysteresis, gain, surface limits, and linkage ratio, is used to generate the final
actuator model in the simulation. The parameters of the servo-motor actuation and
the actuator surfaces were determined from bench tests and are summed in Table 3.2
and Table 3.3, respectively.

Table 3.2: Servo-motor parameters.

Model Gain [°] Time constant [s] Response delay [s] Rate Limit [°/s]
MKS HBL 6625 51 0.0132 0.0132 530

Table 3.3: Actuator surface configurations.

Surface Linkage ratio [°] Upper limit [°] Lower limit [°]
Aileron 20.3 20.5 -20
Canard 5.85 5.8 -5.9
Rudder -46.3 44.7 -45

Due to the noise and unreliability of the airspeed sensor [120], speed V and the
flow angles, α and β, are calculated from the body velocities (u, v, w), with the
following relations:

V =
√
u2 + v2 + w2 α = tan−1

(w
u

)
β = sin

( v
V

)
(3.7)

The body velocities are calculated from the rotated inertial velocities (VN , VE,
VD) by removing the wind components (WN , WE, WD), see Eq. 3.8.

uv
w

 =

 cos θ cosψ cos θ sinψ − sin θ
cosψ sin θ sinϕ− cosϕ sinψ cosϕ cosψ + sin θ sinϕ sinψ cos θ sinϕ
cosψ sin θ cosϕ+ sinϕ sinψ sin θ cosϕ sinψ − sinϕ cosψ cos θ cosϕ


VN −WN

VE −WE

VD −WD


(3.8)

After analyzing the power spectrum densities, the frequency interval of [0 5Hz]
was identified to contain all the rigid body dynamics. The angular accelerations were
then derived from the angular rates after being properly smoothed [121]. The filter
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used to accomplish this is the optimal Fourier smoother filter available in the SIDPAC
toolbox [23]. This filter is described in detail in reference [112].

The key parameters that characterize the FDM are the aerodynamic derivatives
from equations 3.4 and 3.6. These are functions of the aircraft states and the param-
eters related to the propulsive system.

3.3 Modeling of the Propulsive System
The methodology for obtaining parameters related to the contribution of the propul-
sive system is outlined in this section. The propeller dynamics and their related
variables used in the System Identification of the aero-propulsive model are detailed
in reference [116] and briefly summarized here.

3.3.1 Propeller Dynamics

The propeller’s axis of rotation aligns with the aircraft’s longitudinal axis. Accord-
ing to the model proposed in reference [116], the primary variable describing the
contribution of the thrust is the inverse advance ratio, denoted as:

J =
2πΩpD

V
(3.9)

The value of the inverse advance ratio is centered around Jo = 1.12:

Jc = J − Jo (3.10)

For the Eusphyra aircraft, Jo is determined from the average of several longitu-
dinal steady-state flights.

Propeller forces and moments depend on the angle between the freestream airflow
and the propeller rotation axis, known as the propeller incidence angle, ip, calculated
as:

ip = cos−1

(
up√

u2p + v2p + w2
p

)
(3.11)

The projections of the airflow incidence on the propeller disk, represented by iz

and iy, influence their corresponding axes. This projection is determined by the angle
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εp:

εp = tan−1

(
vp
wp

)
(3.12)

The projections of the propeller incidence angle characterize the off-axis force and
moment component due to incidence relative to the airflow. iz affects CZ and Cn and
iy influences CY and Cm. These variables are given by:

iz = ip cos εp iy = ip sin εp (3.13)

Local velocities (up, vp, wp) are derived from the aircraft’s body velocities using
the relation [122]:

up = u+ q∆zp − r∆yp

vp = v + r∆xp − p∆zp

wp = w + p∆yp − q∆xp

(3.14)

where ∆xp = −0.6458 m and ∆yp = ∆zp = 0 denote the displacements between
the center of gravity and the propeller’s disk. ∆xp is negative due to the pusher
configuration with the propeller located behind the center of gravity.

The rotation rate (Ωp) is a crucial measurement for the characterization of the
propeller dynamics. In this case, Ωp is estimated from the model comprising the ESC,
brushless motor, and blade propeller.

3.3.2 Electrical System Model

The motor is modeled as a combination of an ideal motor, armature resistance (Rm)
and no-load current (I0). The motor velocity constant, Kv, describes the relation
between the armature voltage and the output rotational speed of the ideal motor.
The inductance contribution is neglected since the motor is considered in a steady-
state condition. Although this value is not usually provided by the manufacturer it
could be measured experimentally if necessary. Figure 3.2 illustrates the propulsive
system.
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Figure 3.2: Schematic of the propulsive system, including the representation of the
equivalent circuit for a DC motor.

This model takes as inputs the throttle command and battery voltage. The current
is calculated within the model itself. The motor dynamics are described by the
equation:

Ω̇p =
1

Ip

(
1

Kv

Im −Q− BmΩp

)
(3.15)

The rotational acceleration of the motor, Ω̇p, is integrated to obtain the rotation
rate in rad/s. Viscous friction is neglected (Bm = 0), and the current Im is calculated
as:

Im =
Vin − Vm
Rm

(3.16)

Vin is the voltage provided by the ESC, equal to the battery voltage Vb for an
ideal ESC. However, as discussed in section D of this chapter, the efficiency losses of
the ESC cannot be neglected. Vm is the voltage in the motor, directly related to the
rotation rate:

Vm =
1

Kv

Ωp (3.17)

To complete the model, the remaining variable to calculate is the torque Q.

3.3.3 Propeller Torque Estimation

A propeller is conventionally characterized by thrust, power, and torque coefficients.
In the proposed method, as thrust is integrated into the aerodynamic model, the
propeller model focuses solely on torque, defined by the coefficient CQ:
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CQ =
Q

4π2ρΩ2
pD

5
(3.18)

Here, D is the diameter of the propeller disk. Given that Q is the output of the
motor model, and considering the steady-state case (Ω̇p = 0), the torque is obtained
from Eq. 3.15 as:

Q =
1

Kv

Im (3.19)

CQ is a function of the advance ratio, J , and the propeller geometry. While small-
dimension propellers (D < 9in) typically require consideration of Reynolds number
and viscosity effects [123], the Eusphyra’s propeller, despite not being small, exhibits
a calculated Reynolds number below 100,000 for the considered flight conditions. The
final torque model is expressed as:

CQ = CQ0 + CQJ
J + CQRe

Ωp (3.20)

The Reynolds effect can be characterized by the variable Ωp as this variable is
directly proportional to the Reynolds number [124].

3.3.4 Static Thrust Test

The validation of the motor model is conducted through static thrust tests, measuring
propulsor rotational speed, thrust, and torque generated by the propulsive system.
These tests are carried out in a steady-state condition at various throttle command
levels (in increments of 10%).

The bench tests showed that the actual RPM values were lower than expected
for the given Kv value. References [125, 126] employed similar motor models and
confirmed that the motor constant given by the manufacturer is accurate. Assuming
the correctness of the tabulated Kv value, system losses are estimated. In reference
[127], these losses are modeled by determining the ESC voltage ratio function, FESC%,
and the efficiency of the ESC, ηESC . The ESC voltage ratio function depends on the
commanded throttle:

FESC% (ηth) =
Vin
Vb

(3.21)
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The ESC efficiency, ηESC , is calculated for different ηth and Vb using:

ηESC (Vb, ηth) =
VinIin
VbIb

= FESC% (ηth)
(QKv + I0)

Ib
(3.22)

As demonstrated in [126], this method might inaccurately model the current across
the entire throttle range. Therefore, parameters are determined only for the throttle
range used during system identification maneuvers: [70 100] %.

After establishing the model defined by equation 3.15, the output Ωp is compared
with the measured Ω.

With the ESC and electrical motor components modeled, the Ωp is estimated from
the flight data by incorporating the model for the torque of the propeller blade as
described in the previous subsection. The propeller model parameters are estimated
with the same methods employed for aerodynamic derivatives in the following section.

3.4 Determination and Estimation of Model Pa-
rameters

An overview of model structure determination, parameter estimation and model val-
idation methods is provided in this section. Detailed descriptions of these techniques
and other system identification methods are available in references [112, 113].

3.4.1 Parameter Estimation

Output-Error Method

The Output-Error Method (OEM) is the most common method applied to time-
domain system identification for aircraft cases [113]. The model parameters are
adjusted to minimize the error between the model and predicted outputs through
numerical integration of the dynamic model. The model, described as a deterministic
and time-invariant system, is represented in state space as follows [112, 113]:

ẋ(t) = f [x(t),u(t),Θ], x (t0) = x0

y(t) = g[x(t),u(t),Θ]
(3.23)

Here, x is the nx × 1 state variables vector, u is the nu × 1 control input vector,
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y is the ny × 1 system output vector, Θ is the np × 1 system parameter vector, and
f and g are nonlinear functions representing the model dynamics and the observer
transformation, respectively.

The parameter vector Θ is estimated from N discrete measurements of the model
outputs y�. The measurement equation is given as:

z (k) = y (k) + v (k) , k = 1, 2, . . . , N (3.24)

With z the ny × 1 measurement vectors and the v the measurement noise vec-
tor, assumed to be characterized by a sequence of ny independent Gaussian random
variables with zero mean and measurement noise covariance R.

The measurement noise comes from N samples of m random variables, where m
is the number of measured outputs.

The maximum likelihood estimation consists of searching the vector Θ that max-
imizes the probability distribution of the measurements. The likelihood function is
maximized by minimizing a cost function given by [113]:

J(Θ) = det(R) (3.25)

Equation 3.25 is derived under the assumption that the measurement noise co-
variance matrix is unknown a priori. The estimation of R is defined as:

R =
1

N

N∑
k=1

[z (k)− y (k)] [z (k)− y (k)]T (3.26)

The minimization of the cost function is achieved using the Gauss-Newton method.
At each iteration, the parameters are updated by:

Θi+1 = Θi +∆Θ (3.27)

∆Θ = −F−1G (3.28)

The information matrix F and the gradient vector G are defined as:

F =
N∑
k=1

[
∂y (k)

∂Θ

]T
R−1

[
∂y (k)

∂Θ

]
(3.29)
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G =
N∑
k=1

[
∂y (k)

∂Θ

]T
R−1 [z (k)− y (k)] (3.30)

Equations 3.29 and 3.30 utilize first-order sensitivities calculated with a forward
difference approximation [113].

The statistical accuracy of the parameters is evaluated based on the Cramér-Rao
lower bound [112, 113]. The Cramér-Rao inequality for the parameter error covariance
matrix is obtained with the inverse of the information matrix:

Cov (Θ) ≥ F−1 (3.31)

Factors that can prevent the complete modeling of all dynamics present in a flight
test can arise from the limitations of the experiment. Insufficient excitation of all
aircraft modes can produce low signal-to-noise ratio on some aircraft dynamics. The
non-modeled dynamics show up in the residuals as sequences that resemble colored
noise [112, 113]. A method that corrects the accuracy of the parameter error bounds
for a time-domain analysis is described in reference [128]. The white residual assump-
tion is replaced and the correction is obtained by including an estimate of the residual
coloring in the expression for the Cramér-Rao bound estimate. The residual coloring
is quantified by the correlation between the residuals with their adjacent neighbors
[112]. The colored noise correction is applied at the end of the Gauss-Newton opti-
mization procedure.

The N discrete measurements result from concatenating nE time segments corre-
sponding to individual maneuvers. The colored noise correction from reference [128]
is adapted so that the residual coloring is calculated for each time segment, modifying
the inequality of equation 3.31 as follows:

Cov(Θ) ≥ F−1

[
nE∑
i=1

Ni∑
j=1

[
∂y (j)

∂Θ

]
R−1

Ni∑
k=1

Rvv(j − k)R−1

[
∂y (k)

∂Θ

]]
F−1 (3.32)

where Rvv is the autocorrelation matrix for the output residual vector, calculated
as:

Rvv (l) =
1

Ni

Ni−l∑
i=1

vivi+l = Rvv (−l) l = 0, 1, 2, . . . , r (3.33)

Here, r represents the maximum time difference used in the computation of the
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residual autocorrelation and is set to be equal to Ni.
The parameter error is obtained from the standard deviation s(Θ):

s(Θ) =
√

diag [Cov (Θ)] (3.34)

The standard deviation is represented as a relative quantity, denoted as the error
of the estimates:

Error [%] = 100× s(Θ)

Θ
(3.35)

To ensure convergence of the Gauss-Newton method to the global maximum of
the likelihood function, the initial parameter vector estimate must be near the value
of Θ corresponding to the minimum of the cost function J(Θ) [112, 113]. The initial
parameter vector is obtained using the Equation-Error Method.

Equation-Error Method

The Equation-Error Method (EEM) is a simple and computationally efficient tech-
nique chosen for obtaining an initial guess of the parameter vector. Parameters are
estimated using ordinary least-squares regression. The unknown model is given by
y = ΘX, where X is the regressor matrix and each column is the xi regressor vec-
tor. The equation that relates the output of the model y and the response variable
z obtained from the measurements is equivalent to the output equation (Eq. 3.24).
For this method, z is the force and moment coefficients calculated with equations 3.4
and 3.6.

For least-squares parameter estimation, the optimal estimate of the unknown pa-
rameter vector Θ is determined by minimizing the cost function:

J (Θ) =
1

2
[z −XΘ] [z −XΘ]T (3.36)

The minimum of the cost function provides an optimal estimate of the unknown
parameters, given by:

Θ =
(
XTX

)−1
XTz (3.37)

The statistical accuracy of the least-squares estimates is measured by the standard
deviation s(Θ) as expressed in equation 3.34. The parameter error covariance matrix
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is calculated with a colored noise correction, resulting in the following expression:

Cov(Θ) =
(
XTX

)−1

[
N∑
i=1

xi

N∑
j=1

Rvv(i− k)xT
j

] (
XTX

)−1 (3.38)

The autocorrelation matrix Rvv is estimated following Equation 3.33. Equation
3.38 presents the general form of the parameter error covariance matrix, corrected
for colored noise. Understanding the importance of parameter error results from the
EEM is crucial for determining the feasibility of progressing with the OEM optimiza-
tion. Consequently, extra attention is given to the calculation of the error. Reference
[121] provides a comprehensive equation applicable when dealing with multiple con-
catenated maneuvers. By defining Σi as the covariance matrix of the i-th maneuver,
the total covariance is calculated as:

Cov (Θ) =

[
nE∑
i=1

Σ−1
i

]−1

(3.39)

Calculation of the parameter error covariance matrix individually accounts for
differences in the noise sequence v during each maneuver. This approach is crucial to
avoid assuming the noise v has the same characteristics for concatenated maneuvers,
which could lead to inaccuracies in estimated parameter uncertainties [121]. The EEM
provides a good parameter estimation solution if the correct regressors are considered.
To obtain a good model and take advantage of the least-squares regression solution,
a dedicated model structure determination technique is used.

3.4.2 Model Determination

The model structure determined analytically proved to be inconsistent with flight
data. Additionally, incorporating propulsive terms in the aerodynamic model necessi-
tates a new model structure. Candidate regressors include linear terms corresponding
to state variables and propulsive system variables, while regressors related to the cou-
pling of the propulsive system and airframe surfaces, along with other non-linearities,
are identified through multivariate orthogonal function (MOF) modeling.

The MOF modeling, explained in references [112, 129], has proven successful in
fixed-wing aircraft system identification cases using flight data [116, 130]. The or-
thogonalization of a predefined set of candidate regressors is the starting point for
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this approach. Regressors are ranked based on their ability to improve the model,
and the final set is constituted by polynomial terms defining the selected orthogonal
functions. The selected functions are the ones that minimize a specific metric that
accounts for the mean squared fit error and overfitting [112], obtained through au-
tomated software [23]. The algorithm was set to generate the orthogonal functions
with the state variables and combinations up to the third order.

The resulting polynomial regressors form an extensive list, sometimes lacking ex-
pected linear terms. To refine this list to include only significant regressors, both state
variables and polynomials from the MOF modeling are used in a stepwise regression
procedure. The stepwise regression is detailed in references [112, 113].

In the stepwise regression, regressors are manually selected to incorporate the
model based on several statistical metrics:

ri =
(xi − x̄i)

T (z − z̄)√[
(xi − x̄i)

T (xi − z̄i)
]
[(z − z̄)T (z − z̄)]

(3.40)

F0i =
Θ2

i

s (Θi)
2 (3.41)

R2 =
ŷTz −N z̄2

zTz −N z̄2
(3.42)

Equation 3.40 expresses the partial correlation coefficient, ri. The partial F statis-
tic (Eq. 3.41), F0, indicates the significance of the added regressor. The coefficient of
determination R2, (Eq. 3.42) measures the goodness of the fit between the measure-
ments and modeled data. The regressor with the highest ri is added first. To verify
that the term added contributes significantly to the model, F0 should be higher than
the given cut-off value. The addition of a new term is stopped if the R2 does not
increase more than 0.5%. If a nonlinear term would have a bigger ri than the linear
terms it constitutes, then the addition of both individually should be analyzed. If the
difference in the goodness of fit between a more complex model and a simpler one is
not significant, then the simplest model should be chosen. Knowing the final model,
the EEM is applied to estimate the respective coefficients.
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3.5 Flight Data Analysis
The flight data is analyzed to obtain a data set that meets the assumptions that
enable the parameter estimation techniques used. The main concerns of this analysis
are the collinearity assessment and kinematic compatibility of the flight data. The
analysis techniques are described in this section.

3.5.1 Data Collinearity Diagnosis

Collinearity in the regressors can negatively impact parameter estimation procedures
[112, 113]. The system identification maneuvers were executed in stability mode with
active feedback control. For instance, in the presence of roll and yaw motion coupling,
when a manual pilot initiates a roll excitation, the active feedback control adjusts the
rudder deflection to correct the yaw moment response. In this scenario, at least three
variables (δa, δr, r) may exhibit some level of linear dependency.

To assess the severity of linear dependencies, an eigensystem analysis of the stan-
dardized regressor matrix is conducted. Variance decomposition proportions are then
calculated to identify the specific regressors involved in the dependency [112].

The regressor vectors are standardized using unit length scaling, defined as:

x∗
i =

xi√
N∑
k=1

x2
i (k)

(3.43)

Reference [131] discusses whether the data should be centered; however, as this
paper utilizes the entire measured dataset, the regressor vectors are not centered to
avoid masking dependencies related to the constant term [131, 132].

Utilizing Singular Value Decomposition (SVD), X = UDT 2, the condition index
(kj) is obtained as:

kj =
µmax

µj

j = 0, 1, 2, . . . , n (3.44)

Here, µj corresponds to the diagonal elements of matrix D with n elements, each
associated with an eigenvalue. The largest condition index is called the condition
number. A condition number between 10 and 30 indicates collinearity, and when
exceeding 30, collinearity is considered strong [133].

After detecting collinearity, variance proportion decomposition helps identify the
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involved regressors. The variance for each estimated parameter can be decomposed
into a sum of components, each corresponding to one of the n eigenvalues of the
regressor matrix [112].

Using SVD of the regressor matrix, the i, j variance proportion πij is defined as
the proportion of the variance of the i-th estimated parameter, associated with the
j-th eigenvalue. Given,

ϕij ≡
t2ij
µ2
j

and ϕi ≡
n∑

j=1

t2ij
µ2
j

=
n∑

j=1

ϕij (3.45)

tij is the i-th element of the j-th eigenvector associated with µj, and the j-th
eigenvector is the j-th column of T [131]. The variance decomposition proportions
are obtained as follows:

πij =
ϕij

ϕj

(3.46)

If two or more variance decomposition proportions corresponding to condition
indices higher than 10 to 30 exceed 80%, collinearity is determined between the re-
spective explanatory variables [133].

3.5.2 Flight Path Reconstruction

Flight Path Reconstruction (FPR) validates data accuracy in measured aircraft re-
sponses. Systematic errors, such as constant bias in the Inertial Measurement Unit
(IMU), can cause mismatches between measured and reconstructed responses [112].
Measured responses take the form:

ym(t) = y(t) + by (3.47)

Systematic errors, dependent on factors like temperature and vibrations, are time-
variant. Bias terms are independently determined for each time segment to enhance
reconstructed state accuracy.

Incorrect initial conditions can lead to integrated errors over time. Following the
suggestion in reference [113], initial conditions regarding body velocities (u0, v0, w0)
and attitude angles (ϕ0, θ0, ψ0), and altitude above ground (h0) are optimized. The
Output-Error Method, a suitable parameter estimation method, is employed to obtain
systematic sensor errors and optimal initial conditions.

The state equations for the FPR procedure are as follows:
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u̇ = − (qm − bq)w + (rm − br) v − g sin θ + (axm − bax) , u (t0) = u0

v̇ = − (rm − br) u+ (pm − bp)w + g cos θ sinϕ+ (aym − bay) , v (t0) = v0

ẇ = − (pm − bp) v + (qm − bq) u+ g cos θ cosϕ+ (azm − baz) , w (t0) = w0

ϕ̇ = (pm − bp) + (qm − bq) sinϕ tan θ + (rm − br) cosϕ tan θ, ϕ (t0) = ϕ0

θ̇ = (qm − bq) cosϕ− (rm − br) sinϕ, θ (t0) = θ0

ψ̇ = (qm − bq) sinϕ sec θ + (rm − br) cosϕ sec θ, ψ (t0) = ψ0

ḣ = u sin θ − v cos θ sinϕ− w cos θ cosϕ, h (t0) = h0
(3.48)

Equation 3.48 corresponds to the force and kinematic equations (Eq. 3.1), mod-
ified to have as input the measured linear accelerations and angular rates. Table
3.4 shows the input, state variables, measured/model output vectors, and unknown
estimated variables for the flight path reconstruction procedure.

Table 3.4: Input, State, Output Vectors and Unknown Variables in the Flight Path
Reconstruction for the Output Error Method

Symbol Description Variables
u Input Vector [ax, ay, az, p, q, r]

x State Variable Vector [u, v, w, ϕ, θ, ψ]

y Model Observation Vector [um, vm, wm, ϕm, θm, ψm]

θ Unknown Variables [u0, v0, w0, ϕ0, θ0, ψ0, bax, bay, baz, bq, bq, br]

The measured output data corresponds to the EKF data coming from the Pixhawk
autopilot. The body velocities come from the inertial velocities which are sampled at
10 Hz. The bias estimation is conducted at 10 Hz, since that is the rate with available
data. After the bias was estimated, the states are reconstructed using acceleration
and angular rates data sampled at 200Hz.

The FPR reconstructed states serve as inputs for aero-propulsive parameter esti-
mation. The reconstructed states, with bias correction, aim for a fit evaluated by the
R2 coefficient of at least 95%, given the expected accuracy of the Extended Kalman
Filter (EKF) data.
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3.5.3 Data Set

The data set is constructed from SID maneuvers, including commanded doublets and
chirps. The maneuvers were performed at a target altitude of 120 m above mean
sea level, and reference airspeed ranging from 23 to 27 m/s. During the flight tests
the wind conditions were calm, 3kts variable. Collinearity diagnosis is performed
separately for state variables describing longitudinal and lateral-directional modes.
Flight path reconstruction filters out segments violating the kinematic laws and pro-
vides systematic error corrections.

Unlike commonly used perturbation data, the entire measured dataset is used,
including information about trim conditions. This inclusion is advantageous as the
dataset consists of segments from different flights with potentially divergent trim
conditions. The disadvantage of using the entire measured data is that the estimator
can have difficulty predicting the constant terms [113]. However, it is considered that
the advantage of utilizing this type of data outweighs the estimation difficulties.

The final data set incorporates 26 segments, encompassing eleven pitch excita-
tion maneuvers, thirteen lateral- directional maneuvers, and two pitch, roll, and yaw
doublet sequences for validation.

3.6 Results and Discussion

3.6.1 Propulsive System Model

ESC Parameters

Static thrust tests were conducted for battery charge levels of 30%, 50%, and 100%,
corresponding to average battery voltages of 22.2V, 23V, and 24.5V, respectively. The
motor parameters, namely Kv, Rm, and I0, were adopted from the manufacturer’s
specifications. The voltage ratio function (FESC%) was computed and averaged for
each throttle percentage. Figure 3.3 illustrates minimal divergence in FESC% for
varying throttle percentages. Notably, FESC% was found to be relatively constant,
regardless of battery voltage, aligning with findings in [127]. Theoretically, ESC
efficiency (ηESC) is a function of both throttle and battery voltage. However, Figure
3.4 demonstrates negligible variations in ηESC across the considered throttle range
and different battery voltages. Consequently, ηESC is treated as a constant, with an
average value of ηESC = 83.947%.
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Figure 3.3: ESC voltage ratio function map.

Figure 3.4: ESC efficiency map.



77

Motor Model Validation

Having estimated the ESC parameters, the motor model is subjected to validation.
The propulsor rotation speed is directly measured in the test bench. The armature
current is derived from the measured battery voltage, Ib , and the ESC mappings.
From equations 3.19 and 3.22, the measured derived current is obtained as:

Im =
ηESC

FESC% (ηth)
Ib − I0 (3.49)

The test bench measurements are compared against the simulated model results.
The propulsor rotation speed, Ωp, is obtained by integrating the motor’s dynamic
equation (Eq. 3.15). The model’s armature current is obtained by combining Eq.
3.16, 3.17 and 3.21, with this variable being function of the rotational speed, input
throttle and battery voltage:

Im =
1

Rm

(
VbFESC% (ηth)−

Ωp

KV

)
(3.50)

The Root Mean Squared Error (RMSE) is employed to quantify the fit error, and
it is normalized to express the relative error, defined as follows:

RMSE =

√
(z − ŷ)T (z − ŷ)

N
and NRMSE = 100× RMSE

(zmax − zmin)
(3.51)

Figure 3.5 presents the time series of measured and predicted rotation rates in
RPM, as well as armature current. The model exhibits an acceptable fit, simulating
armature current with an NRMSE of 3.52% and rotation rate with an NRMSE of
5.39%. This level of error is deemed acceptable given the model’s ability to predict
an averaged Ωp for a specific throttle level.
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Figure 3.5: Model prediction of the rotation rate Ωp (left) and the armature current
Im (right).

3.6.2 Torque Model

To determine the parameters of the torque coefficient, the equation-error method was
employed on flight data segments where the throttle command remains approximately
constant. Figure 3.6 illustrates the throttle command, rotation rate, airspeed, and
calculated advance ratio for the dataset.

Figure 3.6: Throttle command, RPM, airspeed and advance ratio of the training and
validation data sets.

The rotation rate of the motor is derived from the throttle, battery voltage, and
current. Table 3.5 presents the coefficients obtained along with their respective errors
for the modeling set.
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Table 3.5: Parameters of the torque coefficient estimated using the Equation-Error
Method.

Parameter Value Error %
CQ0 1.229e-02 0.1
CQJ

-5.72853e-03 9.7
CQRe

-1.27613e-06 8.2

Figure 3.7 shows the time series of the torque coefficient. For the modeling set,
the R2 obtained for the CQ model is 83.5%. The RMSE is 0.00016, equivalent to 1.3%
of the average value of CQ. In the validation set, the model fitting yields R2 = 81.6%
with an RMSE of 0.00021, indicating that the model is a reliable predictor. Notably,
the flight data is noisy, but the model is capable of predicting an averaged trend.

Figure 3.7: Comparison between modeling and validation data and model fit of the
torque coefficient.

The evaluation of the model involves predicting the output Ωp. The measurement
of Ωp used to compare against the model’s output is obtained with Eq. 3.50, where
the armature current is the battery data and throttle command derived from Eq.
3.49:

Ωp = Kv

(
VbFESC% (ηth)−

ηESC

FESC% (ηth)
Ib + I0

)
(3.52)

Figure 3.8 illustrates the plots of Ωp calculated from flight data and estimated
using the Equation-Error Method for the entire dataset.
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Figure 3.8: Model prediction of the rotation rate for the training and validation sets.

The Output-Error Method is then applied to optimize the results obtained by the
EEM. Table 3.6 displays the updated parameters, and Table 3.7 shows the RMSE and
NRMSE for both models obtained from the Equation-Error and Output-Error meth-
ods. This optimization improves the agreement between the measured and predicted
outputs while maintaining the predictability of the model.

Table 3.6: Parameters of the torque coefficient estimated using the Output-Error
Method.

Parameter Value Error %
CQ0 1.232e-02 0.2
CQJ

-8.213e-03 6.8
CQRe

-1.743e-06 8.0

Table 3.7: RMSE and NRMSE for the rotation rate estimation.

EEM OEM
Training Validation Training Validation

RMSE [rad/s] 1.30 1.25 0.85 0.96
NRMSE [%] 1.4 4.4 0.9 3.4

The determined propulsive model yields Ωp for the dataset used for determining
and estimating the aerodynamic model.

3.6.3 Aerodynamic Model

The coefficients for longitudinal forces and moments (CX , CZ , Cm) and lateral-
directional forces and moments (CY , Cl, Cn) are determined for each respective data
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subset. The predefined set of candidate regressors corresponds to the variables that
define the longitudinal mode (α, q̂, δc) and the lateral-directional mode (β, p̂, r̂, δa,
δr). The propulsive parameters (Jc, iy, iz) are considered for both modes, and Ωp is
included to account for Reynolds effects related to thrust.

The MOF method generated candidate model terms from these variables and their
combinations up to the third order. Then, a stepwise regression is applied to select
the more significant terms. Following the stepwise regression, the resulting model is:

CX = CXαα + CXα2α
2 + CXq q̂ + CXδc

δc + CXJc
Jc + CX0

CY = CYβ
β + CYδr

δr + CY0

CZ = CZαα + CZδc
δc + CZJc

Jc + CZ0

Cl = Clββ + Clp p̂+ Clr r̂ + Clδa
δa + Clβδr

βδr + Cl0

Cm = Cmαα + Cmq q̂ + Cmδc
δc + Cmαδc

αδc + Cm0

Cn = Cnβ
β + Cnδa

δa + Cnδr
δr + CnJcδ

2
r
Jcδ

2
r + Cn0

(3.53)

The derivative coefficients of the model are determined using the Equation-Error
Method. The longitudinal parameters are summarized in Table 3.8, and the lateral-
directional coefficients are presented in Table 3.9.

Table 3.8: Longitudinal aerodynamic coefficient parameters results with the
Equation-Error method.

Term Value Error % Term Value Error % Term Value Error %
CXα 0.4401 5.0 Cmα -1.6357 3.2 CZα -6.1813 1.0
CXα2 4.5146 3.8 Cmq -4.1543 38.5 CZδc

-0.5621 6.0
CXq -1.6160 14.6 Cmδc

0.8528 6.9 CZJc
-0.3675 25.5

CXδc
-0.0473 9 Cmαδc

-9.2875 9.5 CZ0 -0.7714 0.8
CXJc

0.1195 3.6 Cm0 -0.0932 3.8
CX0 -0.0148 5.3
R2 88.0% R2 91.2% R2 92.8%
NRMSE 4.38% NRMSE 4.16% NRMSE 4.34%
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Table 3.9: Lateral-directional aerodynamic coefficient parameters results with the
Equation-Error method.

Term Value Error % Term Value Error % Term Value Error %
CYβ

0.0733 1.9 Clβ -0.0364 3.2 Cnβ
0.0315 3.6

CYδr
-0.4103 3.0 Clp -0.4937 2.3 Cnδa

-0.0108 3.6
CY0 -0.0020 46.5 Clr 0.1277 10.8 Cnδr

-0.0158 2.4
Clδa

0.1058 1.8 CnJcδ
2
r

0.0618 19.9
Clβδr

0.0268 11.8 Cn0 -0.0001 131.3
Cl0 -0.0008 16.1

R2 92.4 % R2 90.8 % R2 83.6 %
NRMSE 4.06 % NRMSE 3.22 % NRMSE 5.77 %

The longitudinal and vertical force coefficients incorporate the propulsive term
Jc. Commonly, propeller blade thrust coefficient models present a quadratic form.
The absence of the term associated to J 2

c could be attributed to poorly excitation of
the propulsive system dynamic response. The presence of CnJcδ

2
r

signifies a coupling
effect between the rudder surface and the propulsive system. The influence of iy, iz,
and Ωp did not merit inclusion in the model.

In a broader context, actuation surface deflections are found to contribute more
significantly to the model than their corresponding angular rates. For both lateral
force and yaw moment coefficient models, the model determination step appears less
sensitive to the effects of angular rates. A possible explanation could be collinearity.
Table 3.10 indicates low pair-wise correlations between candidate regressors, suggest-
ing no significant collinearity. Similarly, Table 3.11 demonstrates no evidence of
multicollinearity based on the eigenvalues and condition indices.

Table 3.10: Pair-wise correlation between Cn and CY candidate regressors.

β p̂ r̂ δa δr Jcδ
2
r

β 1.0 -0.082 -0.216 0.172 0.215 -0.003
p̂ 1.0 -0.139 0.705 -0.051 0.016
r̂ 1.0 -0.138 -0.150 -0.027
δa 1.0 0.039 -0.011
δr 1.0 0.604

Jcδ
2
r 1.0



83

Table 3.11: Variance Proportions of Cn and CY candidate regressors.

µi ki πij

1 β p̂ r̂ δa δr Jcδ
2
r

1.694 1.0 0.032 0.028 0.000 0.013 0.010 0.032 0.028
1.283 1.3 0.002 0.001 0.140 0.018 0.098 0.032 0.028
0.966 1.8 0.001 0.021 0.019 0.620 0.007 0.006 0.007
0.910 1.9 0.068 0.076 0.006 0.276 0.019 0.028 0.184
0.531 3.2 0.536 0.049 0.270 0.014 0.329 0.177 0.045
0.493 3.4 0.010 0.066 0.162 0.015 0.132 0.741 0.604
0.443 3.8 0.350 0.758 0.403 0.043 0.405 0.004 0.019

The results of the Equation-Error Method serve as an initial guess for the Output-
Error Method procedure. Model outputs include accelerations at the CG, angular
accelerations, angular rates, body velocities, and Euler angles. Bias terms are incor-
porated for each equation of motion (3.1-3.3), estimated alongside other parameters
after the simulated model drifts from flight data. These bias terms account for sys-
tematic errors undetected during the Flight Path Reconstruction procedure.

An initial iteration for each longitudinal and lateral-directional channel was con-
ducted. During longitudinal parameter optimization, lateral-directional states were
used as inputs and vice-versa. Due to systematic errors in measured data, the opti-
mization was conducted by covering the entire 6-Degree-of-Freedom (6DoF) model.
When the complete 6DoF model was used, the longitudinal and lateral-directional
parameters were optimized iteratively for their respective dataset until convergence.
Tables 3.12 and 3.13 present parameters determined using the output-error method
for longitudinal and lateral-directional modes, respectively. ∆C denotes the change
relative to initial values generated from the EEM (Tables 3.8 and 3.9), reflecting
greater changes for parameters with initial higher uncertainty.
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Table 3.12: Longitudinal aerodynamic coefficient parameters from the Output-Error
Method.

Term Value Error % ∆C % Term Value Error % ∆C % Term Value Error % ∆C %
CXα 0.4193 15.2 4.7 Cmα -1.6902 2.8 2.8 CZα -6.7902 3.8 9.9
CXα2 4.5176 10.0 0.1 Cmq -3.5464 51.2 14.6 CZδc

0.0753 266.7 113.4
CXq -0.6025 115.8 62.7 Cmδc

0.7507 5.1 12.0 CZJc
-0.3669 4.9 0.2

CXδc
-0.0384 25.9 18.9 Cmαδc

-9.7356 6.2 4.8 CZ0 -0.8169 2.5 5.9
CXJc

0.1168 9.3 2.2 Cm0 -0.0984 4.5 5.6
CX0 -0.0159 14.1 7.7

Table 3.13: Lateral-directional aerodynamic coefficient parameters from the Output-
Error Method.

Term Value Error % ∆C % Term Value Error % ∆C % Term Value Error % ∆C %
CYβ

-0.5784 12.5 41.0 Clβ -0.0434 4.4 19.2 Cnβ
0.0376 4.1 19.5

CYδr
0.0713 16.8 2.7 Clp -0.5132 0.9 4.0 Cnδa

-0.0072 10.2 33.2
CY0 0.0144 82.1 825.7 Clr 0.1226 11.7 4.0 Cnδr

-0.0154 2.5 2.4
Clδa

0.1007 1.1 4.9 Cl
Jcδ

2
r

0.0597 15.1 3.3
Clβδr

0.0326 10.4 21.8 Cn0 -0.0007 63.9 724.8
Cl0 -0.0001 365.2 81.2

The changes in parameter values could be due to low signal-to-noise ratios and
insufficient excitation of the aircraft dynamic response. The bias terms, specifically
for the lateral-directional parameters, show a large parameter error in percentage,
because these parameters are small in magnitude. Additionally, CXq and CZc

present
a large parameter uncertainty.

On a follow-up iteration, the mentioned parameters were removed and the Output-
Error Method was applied again. Table 3.14 indicates the results of the new longi-
tudinal parameters, and in this table ΔC denotes the change relative to the previous
OEM results (Table 3.12).

Table 3.14: Longitudinal aerodynamic coefficient parameters from the Output-Error
Method after removal of high uncertainty terms.

Term Value Error % ∆C % Term Value Error % ∆C % Term Value Error % ∆C %
CXα 0.4183 15.6 0.2 Cmα -1.6987 3.0 0.5 CZα -6.7561 2.2 0.2
CXα2 4.5914 10.6 1.6 Cmq -3.6466 48.1 2.8 CZJc

-0.3682 4.5 0.5
CXδc

-0.0456 11.8 18.8 Cmδc
0.7384 4.8 1.6 CZ0 -0.8152 2.2 0.4

CXJc
0.1182 9.1 1.1 Cmαδc

-9.8573 5.8 1.3
CX0 -0.0163 12.3 2.5 Cm0 -0.0984 4.6 0.6
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Most of the longitudinal terms remained consistent with the previous OEM results,
with no significant deviations. The most significant change was observed in CXδc

,
which showed an increase in magnitude and a reduction in percentage error. This
change could potentially be attributed to collinearity between q̂ and δc; the pairwise
correlation of 0.599 suggests this is unlikely in this case. Another plausible explanation
is that the previously identified term CXq may have incorrectly attributed the effects
of canard deflection on longitudinal dynamics to the pitch rate.

To assess the predictive capability of the developed model, simulations were con-
ducted on the validation set. The goodness of fit was quantified using the R2 coeffi-
cient (Equation 3.42). Additionally, Theil’s Inequality Coefficient (TIC), a metric for
comparing time histories [113, 134], was employed as a quality criterion, as observed
in prior aerodynamic modeling works [120, 135, 136]. TIC is a normalized metric,
where 0 indicates a perfect match, and is defined as follows:

TIC =

√
1
N
(z − ŷ)T (z − ŷ)√

1
N

zT z +
√

1
N

ŷT z
(3.54)

To mitigate potential issues with TIC caused by nonzero means in time series
[120, 134–136], the mean of both measured (z) and estimated (ŷ) time histories was
subtracted. A TIC in the range of 0.25-0.3 signifies good agreement between time
series [113].

Table 3.15 presents the R2 and TIC coefficients for both the modeling and valida-
tion sets. Metrics were computed separately for longitudinal and lateral-directional
variables. Overall, the TIC values indicate a good match for all variables. While the
R2 values are generally satisfactory, longitudinal acceleration (ax) exhibits a lower fit
compared to other states for the out-of-sample data.
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Table 3.15: R2 and TIC coefficients for observation variables in the Output-Error
Method.

Modeling Validation Modeling Validation
Variable R2 TIC R2 TIC Variable R2 TIC R2 TIC

ax 0.847 0.182 0.538 0.273 ay 0.762 0.216 0.912 0.114
az 0.952 0.093 0.825 0.137 ṗ 0.930 0.215 0.935 0.131
q̇ 0.926 0.141 0.950 0.116 ṙ 0.867 0.197 0.931 0.139
q 0.953 0.099 0.951 0.107 p 0.954 0.135 0.975 0.078
θ 0.945 0.107 0.864 0.171 r 0.867 0.164 0.941 0.120
u 0.949 0.094 0.895 0.156 ϕ 0.973 0.105 0.976 0.075
w 0.869 0.151 0.869 0.169 ψ 1.000 0.107 0.929 0.137
h 0.969 0.064 0.928 0.119 v 0.875 0.234 0.925 0.135

Figures 3.9 and 3.10 display time series plots of model outputs, flight data, and
corresponding surface excitations for longitudinal and lateral-directional states, re-
spectively, for the validation set. Visual inspection reveals discrepancies in simulated
and measured longitudinal and lateral accelerations, consistent with the observed
metrics in Table 3.15. The timeseries of simulated linear and angular accelerations
exhibit some inconsistencies when compared to the actual data. These discrepancies
could come from atmospheric perturbations or inaccurately modeled dynamics. The
potential causes of modeling inaccuracies include the assumptions of rigid-body dy-
namics, limitations in the function library used for system identification, insufficient
excitation of the vehicle dynamics, or low signal-to-noise ratio in the measurements.
Additionally, in fixed-wing mode, the VTOL aircraft’s quadcopter propellers are not
locked in place, potentially contributing to unmodeled dynamics. The largest discrep-
ancy is observed in the longitudinal acceleration, ax, suggesting the model struggles
most with predicting this variable. Other states show a more satisfactory alignment
between the simulated outputs and the flight data.
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Figure 3.9: Comparison between the model and flight data for the longitudinal states
of the validation set.
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Figure 3.10: Comparison between the model and flight data for the lateral-directional
states of the validation set.
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3.7 Conclusions
This paper introduced a systematic approach to identifying parameters of a model
representative of the fixed-wing configuration of a propeller-based eVTOL aircraft.

Simple static thrust tests were performed to validate the motor model and deter-
mine the losses of the electronic speed controller. The contribution of the propeller to
the electrical propulsion model was extracted from flight data, utilizing information
such as commanded throttle, battery voltage, and logged airspeed during flight. This
propeller-based electrical propulsion model facilitated the identification of coupling
effects between the propeller and airframe dynamics.

The Multivariant Orthogonal Functions method proved to be crucial in determin-
ing nonlinear aero-propulsive variables. The Stepwise Regression and Equation-Error
Method established the model and provided an initial prediction of the model pa-
rameters, which were ultimately refined with good accuracy using the Output-Error
Method.

Factors such as safety constraints during flight testing may have impacted the
identifiability of certain aerodynamic terms, particularly angular rate derivatives.
This was most notable in the lateral force and yaw moment coefficients. Additionally,
the model exhibited reduced predictive capability for longitudinal acceleration, likely
due to a low signal-to-noise ratio in the accelerometer data and insufficient excitation
of the propulsive system. Nonetheless, the identified models demonstrated strong
predictive capability for the other output variables.

To enhance the Eusphyra flight dynamic model, the methodologies and techniques
outlined in this paper can be applied to future flight test data with appropriate exci-
tation. The insights gained from this system identification effort offer the potential to
reduce safety constraints, expand the flight envelope, and allow for more sophisticated
input designs. Despite these potential improvements, the current model provides a
realistic representation of the aircraft flight dynamics, serving as a foundation for
future research.
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Chapter 4

Automatic Autopilot Tuning
Framework

In the previous chapter, we explored the development of a physics-based flight dy-
namic model (FDM), highlighting the significant effort required to produce such a
high-fidelity model. The benefits of having this model extend beyond its initial devel-
opment, as it enables flight simulation in various conditions, allowing for the testing of
different controllers and tunings without the necessity of costly and risky flight tests.
Furthermore, real-time and accelerated simulations open the door to advanced opti-
mization techniques that generate controllers tailored to specific flight performance
requirements.

This chapter introduces a framework for automated autopilot tuning. While lever-
aging a high-fidelity physics-based FDM remains the preferred approach when avail-
able, the true strength of this framework lies in its adaptability to faster modeling
techniques. When modifications are made to the aircraft but it remains flight-capable,
this method allows for the rapid generation of a new model and subsequent controller
tuning. The technique has demonstrated satisfactory results for rate and attitude
controllers across different UAV platforms and autopilot systems. Consequently, the
extensive FDM development described in the previous chapter is not always necessary
if the primary goal is to derive an updated controller tuning efficiently.

The chapter details the full development, testing, and validation of the complete
framework, which integrates a simplified system identification process with controller
tuning optimization via genetic algorithms. The Mini-E 5050A VTOL rate controller
is used as a case study, though the methodology has been successfully applied to
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various vehicles and control systems. While the simplified system identification ap-
proach forms the foundation of the framework, it can and should be replaced with a
higher-fidelity FDM when available to further enhance accuracy.

This chapter is based on the following published journal article:

• Bazzocchi, S., Warwick, S., Suleman, A. (2024). Automatic autopilot tuning
framework using genetic algorithms and system identification. In: Aerospace
Science and Technology, Volume 157, 2025, 109779, ISSN 1270-9638. [https:
//doi.org/10.1016/j.ast.2024.109779]

Abstract
This paper presents a comprehensive framework for offline optimization of tuning
parameters in unmanned aerial vehicle (UAV) flight controllers. The framework uses
system identification to create a simplified flight dynamics model, followed by con-
trol law matching to ensure the simulated controller’s output closely replicates real-
world autopilot commands. The optimization phase employs genetic algorithms to
tune parameters based on a defined cost function that incorporates performance re-
quirements. Each stage, from flight dynamics model development to optimization, is
validated to ensure enhanced controller performance. Finally, real-world flight tests
confirm the effectiveness of the optimized controller, demonstrating the validity of
the proposed framework for autopilot tuning optimization.

4.1 Introduction
The integration of autopilot systems has become increasingly common in the develop-
ment of new vehicle configurations, particularly with sub-scale models. This approach
enables the development of progressively more complex vehicles, thereby facilitating
significant advancements in vehicle design. However, designing and tuning these sys-
tems pose substantial challenges, requiring an optimal balance among metrics such
as stability, efficiency, safety, and overall performance.

Several approaches exist for tuning flight controllers in autopilots, including hand-
tuning, simulation-based optimization, and machine learning techniques. While hand-
tuning remains prevalent in UAV prototyping with off-the-shelf autopilots, it is time-

https://doi.org/10.1016/j.ast.2024.109779
https://doi.org/10.1016/j.ast.2024.109779
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consuming and often challenging to achieve robust tuning that ensures satisfactory
performance.

In environments characterized by rapid prototyping, hand-tuning becomes imprac-
tical due to the frequent tuning changes required for modifications in the vehicle’s
structure, controls, actuation, or sensors. The need for a structured tuning frame-
work that enhances autopilot performance and robustness motivates the exploration
of alternative tuning techniques.

This paper presents an autopilot tuning framework developed and tested on the
Eusphyra vehicle, a highly specialized Vertical Takeoff and Landing (VTOL) UAV [82,
137]. The project involved several demonstrators, including the Mini-E 5050A vehicle
with a flexible structure (Figure 4.1a), which serves as an illustrative example in this
paper. Although a single vehicle is used as an example, the proposed autotuning
framework has demonstrated success across various other vehicles (Figure 4.1) and
control laws. Further details on the development and tuning of these demonstrators
can be found in related papers [80, 83, 84, 96, 138].

Autopilot tuning can be approached in two ways: online or offline. Online tuning
involves adjusting autopilot parameters during flight, allowing real-time optimization
based on current operating conditions [115]. Although advantageous for adapting
to changing conditions, online tuning carries risks related to potential impacts on
stability and safety during flight. Offline tuning, on the other hand, adjusts param-
eters when the vehicle is not in flight, using data collected under various conditions
for subsequent analysis and control parameter optimization. This paper primarily
adopts offline tuning due to its safety, reliability, and compatibility with off-the-shelf
solutions.

Several methods exist for offline tuning, such as Ziegler-Nichols, Cohen-Coon,
Frequency Response Analysis, and Pole Placement. However, many of these methods
require a simplified control law, typically PID or dynamic inversion, which may not
align with more sophisticated controllers designed for complex vehicle dynamics or
higher control levels, such as Total Energy Control Systems or Navigation Controllers.
An optimization-based approach overcomes these limitations by accommodating any
control law design without requiring controller modifications. Therefore, this paper
adopts an optimization-based tuning method.

To solve the optimization problem, various methods can be used, depending on
the problem’s complexity, the ability to calculate gradients of the objective function,
and the number of tuning parameters. Since this architecture is intended for use with
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(a) Eusphyra Mini-E 5050A flexible structure

(b) Mini-E 5050B
rigid

(c) Mini-E 8020 Tri
POC (d) Tarot 650 Swarm

(e) MIMIQ Hybrid
Quad

Figure 4.1: Vehicles used to test the tuning optimization architecture

different types of Flight Dynamics Models (FDM), only optimization methods that do
not require explicit knowledge of the system equations were considered. These include
Particle Swarm Optimization, Simulated Annealing, Nelder-Mead Direct Search, and
Genetic Algorithms. For the simple case study presented in this paper, involving a
few tuning parameters, all of these methods successfully converged to the same set
of tuning parameters that minimized the cost function. Ultimately, Genetic Algo-
rithm was selected as a robust choice capable of adapting to a wide range of tuning
optimization problems and for its ease of implementation, as highlighted in other
research papers comparing the performance of nature-inspired optimization methods
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[139, 140].
A noteworthy paper that aligns with our requirements is by Pereira D. S. and

Pinto J. O. [141], who proposed a framework using Genetic Algorithms for both Sys-
tem Identification (SID) and tuning. However, the work presented in that paper is
largely theoretical, lacking real-world application and specificity to UAVs. Other re-
searchers, such as Khuwaja [142] and Tran [143], have explored similar problems in
simulation but did not consider critical factors like delays and sensor noise. Tishler
and his team have conducted extensive research in the frequency domain, providing
valuable tools for system identification (CIFER) [24] and controller tuning (CON-
DUIT) [144], but their closed-source software limits its applicability. Faced with the
absence of a comprehensive architecture for identification and tuning of a generic
off-the-shelf autopilot validated through flight tests, this project was initiated.

The remainder of this paper is structured as follows: the methodology section
outlines the steps of the proposed approach, and the results section demonstrates the
efficacy of the proposed method using simulation and real flight data. The specific
example presented involves tuning the rate controller of a PX4 autopilot controlling
the Mini-E 5050A UAV during the vertical take-off phase.

4.2 Methodology

Overall Architecture

The proposed tuning optimization architecture, illustrated in Figure 4.2, begins with
the input of flight test data. This data undergoes pre-processing, including filtering
and interpolation, to ensure consistency for the subsequent steps. Next, both the
control laws and the flight dynamic model (FDM) are implemented within the simu-
lation environment. For the control implementation, two alternatives are considered:
encoding the control laws directly into the simulation environment or wrapping the
autopilot source code. The flight dynamic model is developed using system identifica-
tion (SID). Alternatively, if a physics-based model of the aircraft is already available,
it can be directly integrated into the simulation. Both the flight dynamic model
and the control implementation are validated through flight dynamic matching and
control matching techniques, ensuring the simulated behavior aligns accurately with
real-world performance. At the core of this architecture is the optimization of the con-
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troller tuning parameters. This process involves defining relevant states and control
signals, designing a cost function, and tuning the hyperparameters. The final stage
of validation assesses the performance of the new tuning. Initially, this validation is
performed in a simulated environment; however, if available, flight test data is also
used to verify the tuning under real-world conditions. The output of this process is a
set of optimized autopilot tuning parameters, tailored to the specific vehicle and the
desired control objectives.

Figure 4.2: Overview of the proposed tuning optimization architecture

The source code developed in this manuscript is available in the the GitHub repos-
itory: ”Automatic-Autopilot-Tuning-Optimization-PX4-MC-RateController” [145].

The subsequent sections delve into specific steps for developing this tuning frame-
work, exemplified by a rate controller tuning for a multicopter flight-phase of a VTOL
aircraft. However, this method is applicable to various vehicles and controllers.

4.2.1 Pre-processing the Flight Log

The first step in the data preparation process involves importing flight data into
the chosen programming environment. In this study, data from real flight tests and
hardware-in-the-loop (HIL) simulations was used. The data serves two main purposes:
it’s used for control law matching and, in the case of real flight data, to support the
development of a flight dynamics model. To ensure that the dataset is comprehen-



96

sive, it must contain maneuvers that sufficiently excite the vehicle’s dynamics. The
selection of autopilot and programming tools, such as PX4 and Matlab/Simulink,
influences the data import process.

Once the data is loaded, it undergoes processing through filtering and interpo-
lation techniques. Filtering is applied to eliminate sensor noise, while interpolation
ensures uniform timestamp alignment across all data points. Several filtering meth-
ods were tested, including the low-pass Butterworth filter, Savitzky-Golay filter, and
Extended Kalman Filter (EKF). For the IMU data in this example, a second-order
low-pass Butterworth filter with a cutoff frequency of 20 Hz was selected. This choice
was made as the low-pass filter effectively removed high-frequency noise while pre-
serving the integrity of data below the cutoff frequency. Although the low-pass filter
produced satisfactory results, other filters remain valuable alternatives depending on
the application. The EKF is particularly useful when attitude estimation is required.
The Savitzky-Golay filter offers stronger smoothing, which may be beneficial when
dealing with more significant noise, though with a potential trade-off in altering the
dynamic response of the system.

Interpolation is applied to resample the data at a consistent timestep, ensuring
compatibility with certain Matlab/Simulink libraries. In this study, simple linear
interpolation was used to resample all data to a uniform timestep of 0.0033 seconds
(300 Hz). Care must be taken during this process to avoid introducing artifacts that
could distort the re-sampled signals.

4.2.2 Control Law Implementation

Efficient automatic tuning requires running the controller faster than real-time within
the simulation environment. Although connecting the physical autopilot through a
hardware-in-the-loop (HIL) architecture ensures fidelity in the controller’s outputs,
the main advantage of this method lies in its ability to initiate simulations from
specific flight conditions and execute control laws at speeds higher than real-time.

Two approaches are considered for integrating the controller into the simulation
environment: wrapping the autopilot source code or directly encoding the control
laws into the integrated development environment (IDE).

The first approach involves accessing the autopilot’s source code, identifying the
relevant control law scripts, and generating a wrapper function around these scripts.
This method facilitates easier transitions to newer firmware versions but limits de-
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bugging capabilities and requires full access to the autopilot’s internal software ar-
chitecture, which can be restrictive in some cases.

The second approach, adopted in this project, involves directly coding the specific
control logic into the simulation environment. This method isolates and optimizes
a specific controller while enabling the use of advanced debugging and probing tech-
niques within the IDE. However, any changes made to the control law in future
autopilot firmware releases must be manually updated in the simulation model.

For this project, the PX4 angular rate control law from firmware version 1.12.3
was implemented in a Simulink model. A block diagram of the controller is shown in
Figure 4.3.

Figure 4.3: Block diagram of the PX4 angular rate control law implemented in
Simulink

In this model, K is the proportional gain in the standard form, P is the propor-
tional gain in the parallel form, I is the integrator gain for the anti-windup integrator,
and D is the differential gain. The term Der = s

1e10·s+1
represents the derivative term,

while DGLPF = 1
1+ s

(2πfc)
is the Differential Gyro Low-Pass Filter applied to angular

acceleration data, with a cutoff frequency of fc = 20Hz. Finally, A(s) simulates the
dynamic response of the vehicle, and its development is described in the next section.

4.2.3 Flight Dynamic Model Development

This section outlines the development of the flight dynamic model (FDM), which can
be achieved through two distinct approaches: physics-based modeling and data-driven
modeling.
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A physics-based FDM is formulated using mathematical equations that describe
the vehicle’s dynamics. In the context of a multicopter, essential parameters such as
mass, moments of inertia, geometric properties, motor characteristics, and propeller
specifications are considered. Submodules are constructed to compute forces and
moments, which are then used to solve the equations of motion. For fixed-wing
models, aerodynamic forces are also incorporated. This approach allows for adjusting
various vehicle parameters to evaluate their impact on the vehicle’s response and to
assess controller robustness. The model can be further refined by introducing more
detailed submodules to increase fidelity.

Notably, during the development of the Mini-E flight dynamic model, a correla-
tion between yaw dynamics and the torsional elasticity of the frame was discovered.
System identification was subsequently employed to refine the fixed-wing physics-
based model, particularly focusing on certain aero-propulsive parameters [79]. This
iterative refinement, though time-consuming, significantly improved model accuracy.

The second approach, which is employed in this work, involves using a data-
driven model represented by a single-input single-output (SISO) transfer function.
This approach, based on system identification, enables the rapid extraction of dy-
namic models from measured responses to specific input excitations [146]. While it
offers advantages such as speed and accuracy, it has certain limitations, including the
inability to modify physical parameters for robustness analysis and the requirement
for the vehicle to be flown prior to model tuning and optimization. Nevertheless,
in cases where a rapid and accurate dynamic model is prioritized over the ability to
manipulate physical characteristics, the system identification method is the preferred
choice within this framework.

Transfer Function Estimation with System Identification

The transfer function (TF) identification process is illustrated in Figure 4.4.
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Figure 4.4: Block diagram of the transfer function estimation process

In the presented case study, the system identification (SID) process aims to iden-
tify the angular rate response from actuator commands. To execute the SID process,
four flight logs are used: one for each axis (roll, pitch, yaw), and one for out-of-sample
validation. Parsing these logs isolates the autopilot commands and the vehicle’s re-
sponse, measured as angular rates from gyroscopes. The parsing script also extracts
information about control law parameters and filters used during the flights. While
four flights were used to segregate the data, it is possible to collect all necessary test
points in a single flight and segment the log afterward.

After loading and parsing the data, the pre-processing tasks are executed. Signals
are filtered using low-pass filters and re-sampled to synchronize the data on a common
timestamp. The data, now a time-series object, is converted into an iddata object,
a suitable Matlab structure for the SID process, and is then split into training data
and validation data to avoid overfitting.

Before the actual TF estimation, the time-series flight data is processed via an
algorithm that identifies and isolates flight segments during which maneuvers were
executed. This process is automated using a threshold-based logic that isolates flight
segments containing maneuvers exceeding a predefined command threshold and a
signal-to-noise ratio (SNR) within a maximum response time. The function identifies
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when the maneuver ends by detecting the vehicle’s return to nominal trim conditions
and only saves maneuvers that exceed a minimum time duration.

For the example presented in this manuscript, the threshold values used for ma-
neuver identification are provided in Table 4.1.

Axis Command Threshold SNR Threshold [dB] Min Duration [s] Max Response Time [s]
Roll 0.3 10 1 1
Pitch 0.3 10 1 1
Yaw 0.065 5 1 1

Table 4.1: Threshold values for the maneuver identification process for each axis

Figure 4.5 illustrates the maneuver identification process, highlighting the identi-
fied maneuvers using different colors.

(a) Roll angular rate response and setpoint
from flight test data

(b) Maneuvers detected by the auto-
identification function

Figure 4.5: Maneuver isolation process for system identification

The discrete-time transfer function (TF) estimation, using time-domain data, is
performed using the Output-Error (OE) model estimation algorithm [147]. The ini-
tialization begins with an Autoregressive with Exogenous Variables (ARX) model
[148], followed by nonlinear least-squares updates to minimize a weighted prediction
error norm [149]. Equation (4.1) outlines the relationship between the output y(t),
input u(t), transfer function G(s) = B(s)

F (s)
, and error e(t).

y(t) =
B(s)

F (s)
u(t− nk) + e(t) (4.1)
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Adjusting the SID process involves modifying the polynomial orders nb and nf of
the polynomials B(s) and F (s) in Equation (4.2), which determines the number of
poles and zeros of the transfer function G(s).B(s) = bnb

snb−1 + bnb−1s
nb−2 + · · ·+ b1

F (s) = snf + fnf
snf−1 + · · ·+ f1

(4.2)

The SID process adjustments also involve incorporating transport delay and ma-
nipulating the input-output data for estimating polynomial coefficients. System delay
is introduced by multiplying the transfer function G(s) by e−d·s, where d represents
the transport delay in seconds. This typically improves the model’s fit to the data.
The SID algorithm allows for setting the delay to zero, a known value, or letting the
initialization process estimate the delay by setting it to Not a Number (NaN).

The SID process further involves adjusting the training data used for estimating
the transfer function. A grid search method is used to explore different combinations
of parameters, such as the number and type of maneuvers, the three delay options,
and different numbers of poles and zeros. The resulting multidimensional matrix
is populated with fitness values for each estimated model. Model fitness, assessed
against validation data to ensure out-of-sample optimization, is calculated using the
Normalized Root Mean Square Error (NRMSE) between the validation data output
y and the identified system output ŷ, as per Equation (4.3).

fit = 100

(
1− ∥y − ŷ∥

∥y − mean(y)∥

)
(4.3)

The best-fitting models are highlighted within the matrix and presented to the
user. Generally, it is preferable to select lower-order models that provide satisfactory
fitness levels. While the process is automated, visual inspection of the simulated time-
series response of these models is recommended to ensure that the selected model
exhibits no undesirable behavior that may not be captured by the goodness-of-fit
metric.

In the initial Mini-E 5050A flights, the autopilot’s actuator command signal exhib-
ited noise due to a poorly tuned controller and filters. To address this, the angular
rate setpoint, a cleaner signal generated by the pilot in ”acro-mode”, was used as
the input for the transfer function estimation (instead of using the actuator com-
mands directly). However, this required an additional step: subtracting the con-
troller model from the estimated transfer function. From the control law shown in
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Figure 4.3, the transfer function estimated by the SID process can be expressed as
G(s) = Angular Rate

Angular Rate Setpoint , which can be decomposed as G(s) = C(s) · A(s), where
C(s) = Torque Command

Angular Rate Setpoint is the controller transfer function and A(s) = Angular Rate
Torque Command

is the plant model transfer function. Using block diagram reduction rules (series,
parallel, and feedback connections), the diagram can be simplified as shown in Figure
4.6.

Figure 4.6: Reduced block diagram of the angular rate controller and plant model

By further reducing the block diagram, G(s) can be expressed as per Equation
(4.4).

G(s) =

(
K · P + K·I

s

)
A

1+A·K·D·Der·DGLPF

1 +
(
K · P + K·I

s

)
A

1+A·K·D·Der·DGLPF

(4.4)

Note that the ”I anti-windup” PX4 logic was simplified to a basic integrator term.
This assumption holds true as long as the I term does not reach saturation. By solving
for A(s), we obtain Equation (4.5), which provides the isolated dynamic model of the
vehicle for a specific axis based on the identified TF and controller parameters.

A(s) = − G

G
(
K ·D ·Der ·DGLPF +K · P +K · I

s

)
−K · P −K I

s

(4.5)

Reducing noise and vibration from the data used for identification is crucial. In-
vestigating potential sources of vibration before starting the SID process, including
propeller balancing, checking for loose components, and employing onboard filtering
methods, can significantly simplify and improve the system identification process.

Noise and Vibration Design

While noise and vibration suppression are important for the system identification
process, reintroducing realistic noise that the controller will encounter in real-life
scenarios is equally crucial for controller tuning.
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To achieve this, the FDM outputs are passed through sensor models, which add
white noise and biases to replicate onboard sensor measurements. In this study,
noise and vibrations are introduced by using a white noise source, a gain to set the
appropriate amplitude, and a filter to mimic the onboard filtering performed by the
autopilot. The values used are derived from real flight data collected during a trim
condition without commanded perturbations. The noise is added as the standard
deviation from the mean of the response signal, with values of 1 × 10−4 for roll,
3× 10−4 for pitch, and 7× 10−5 for yaw. To improve the design, noise and vibration
should be separated into different subsystems: the first subsystem should account only
for sensor noise using sensor data from ground tests, while the second should model
vibrations as a function of the motor RPMs. Introducing noise into the feedback
signals allows the tuning and optimization of filters while preventing the controller
from overreacting to noise. For robustness analysis, noise and vibration may be
artificially increased to ensure that the optimized controller is resilient to elevated
noise levels.

4.2.4 Optimization Framework

After integrating the control laws into the simulation environment and identifying
the flight dynamic model of the vehicle, it becomes possible to evaluate the vehicle’s
performance with different tuning parameters. This process is encoded in a script that
automates simulations, enabling the exploration of various parameter configurations
and the identification of the optimal tuning set. A schematic representation of this
optimization algorithm is illustrated in Figure 4.7.
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Figure 4.7: Block diagram of the optimization algorithm

Steps for Developing a Controller Tuning Optimization Framework:

1. Define Control Loops and Tuning Parameters to Optimize

The first step involves selecting which control loops will be optimized at the
same time during the tuning process. To simplify the optimization, it is rec-
ommended to isolate the control loops both laterally (optimizing one axis at a
time) and vertically (optimizing inner loops separately from outer loops). In
this study, the angular rate controller was optimized independently from the
attitude controller, and each axis (roll, pitch, and yaw) was optimized in isola-
tion. This approach reduces the complexity of the cost function and improves
convergence. Simultaneously optimizing related controllers would expand the
design space, requiring a more complex cost function. Tischler [144] discusses
the benefits of sequential versus simultaneous optimization for nested control
architectures. For this study, isolation was preferred to focus on optimizing
the attitude and rate controllers independently for each axis. In more complex
control systems, such as the Total Energy Control System (TECS), isolating
control loops can be more challenging due to the numerous inter-dependencies
between loops. For example, in the PX4 firmware, TECS involves multiple
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interconnected loops, complicating the isolation process.

The next aspect of this step is determining which parameters of the defined
control loops should be optimized. Emphasizing essential parameters reduces
the design space and, thus, the time needed for convergence. In the case of
the angular rate controller, only four parameters were considered: P , D, I, and
DGLPF . Other parameters, such as K, iwindup, FF , and GLPF , were excluded
from the optimization. K was set to 1 to maintain the PID in the parallel form
instead of the standard one [150]. The integral anti-windup parameter iwindup

was not included since it does not directly affect controller performance during
nominal simulations, assuming the integral term does not saturate. If satura-
tion occurs, it indicates an imbalance in the model that should be addressed
separately. The feed-forward term FF was excluded due to its potential to
cause instability if there are discrepancies between the flight dynamic model
and the real vehicle, as demonstrated by Sanchez-Cuevas [151]. Given that
acceptable performance was achievable with a standard PID architecture, FF
was set to zero. The low-pass filter cut-off frequencies, DGLPF and GLPF ,
were also considered: GLPF was manually set to minimize noise while main-
taining minimal latency, and DGLPF , which applies to the derivative term,
was included as a parameter for optimization.

Properly setting bounds and resolutions for each variable is crucial to avoid an
unnecessarily large design space and to enhance convergence speed. Considering
the limitations imposed by the autopilot documentation or tuning parameters
for similar vehicles can help in defining suitable upper and lower bounds. The
bounds and resolution used in this study are presented in Table 4.2.

Parameter Lower Bound Upper Bound Resolution
P 0.01 5 0.01
I 0 5 0.01
D 0 1 0.0005

DGLPF 12 120 1

Table 4.2: Bounds and resolution constraints for optimization

2. Design the Cost Function
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A critical part of the optimization process is designing the cost function, which
balances the performance and robustness of the controller. The cost func-
tion quantifies the objectives the control engineer aims to achieve, with the
primary component typically being the error between the setpoint and the ve-
hicle response. In this case, the error is represented as a modified Integrated
Time-weighted Squared Error (ITSE) between the angular rate setpoint and the
estimated angular rate, where the error is doubled in the event of an overshoot.
To further reduce controller aggressiveness and improve robustness, additional
components, such as the deviation of the command signal from the trim con-
dition and the rate of change of the command signal, were incorporated. The
cost function J for this study is presented in Equation (4.6).

J = Q·
∫ tsim

0

[(e+ min(0, e)) · t]2 dt+R·
∫ tsim

0

u2dt+C·
∫ tsim

0

(
du

dt
· t
)2

dt (4.6)

The tunable weights (Q, R, and C) balance the contributions of each compo-
nent. The ITSE was chosen after analyzing various objective functions [152–
154]. The deviation from the trim point was not time-weighted to avoid penal-
izing a steady-state command necessary to reach the setpoint.

The cost function complexity can vary depending on the controller being op-
timized. Metrics such as overshoot, settling time, steady-state error, and rise
time may also be included in the cost function to fulfill specific project require-
ments. For more complex control systems, additional signals can be included
to prevent undesirable behavior.

3. Design the Command Input

Control optimization commonly employs command inputs such as steps, sin-
glets, and doublets. The selection of input shape, amplitude, and timing should
ensure that the amplitude aligns with the vehicle’s expected response under
nominal conditions. An amplitude that is too small may be overwhelmed by
noise, while an excessively large amplitude may lead to overly aggressive tun-
ing. Additionally, the maneuver duration must be sufficient to capture the full
response and should remain consistent across optimizations to maintain the
relative weighting of steady-state error. In this study, a simple step input was
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used with amplitudes of 1 rad/s for roll and pitch, and 0.8 rad/s for yaw. The
step durations are 1.5 s for roll and pitch, and 1.6 s for yaw.

4. Set Optimization Hyperparameters

Selecting appropriate hyperparameters, such as population size, initial pop-
ulation, termination conditions, design variable properties, and evolutionary
properties, is essential for effective optimization. A well-distributed and well-
sized population is crucial for adequately exploring the design space. Using the
rule of thumb derived from the maximum clique problem by Gotshall [155], a
minimum population size of 77 was chosen for optimizing four parameters. In-
creasing population size improves design space exploration but also increases the
number of simulations per generation. The termination criteria, ideally based
on proof of convergence, can be determined by tracking the average relative
change in the best fitness value over a given number of generations. Additional
termination flags, such as maximum runtime or number of generations, should
also be set. Design variable properties, including bounds and resolution, help
define and constrain the design space. Evolutionary properties determine muta-
tion, crossover, migration, and survival rules, which must be balanced between
exploiting the current best individuals and exploring for a global minimum
[156].

Two sets of hyperparameters are recommended: one for the actual optimization
and one for tuning the cost function. The latter should be optimized for speed
to evaluate the cost function’s behavior quickly, which may involve reducing
variable resolution, increasing function tolerance, reducing population size, and
narrowing the design space.

5. Tune the Cost Function

The final step before running the optimization script is to tune the cost func-
tion weights. These weights should not only scale each component to similar
magnitudes but also prioritize the desired performance aspects. Running indi-
vidual simulations with different tuning parameters provides diverse responses
to verify each component’s effect on the cost function. Then, fast optimization
runs with various weight combinations help determine appropriate weight mag-
nitudes. If a weight’s contribution is negligible, it may indicate an issue with
the cost function design. This process can be iteratively refined by gradually
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reducing the resolution of weight adjustments or manually fine-tuning weights.
The weights used for the optimization in this study are Q = 1.2, R = 2 and
C = 0.002. Cost function tuning often requires multiple optimization runs,
making the use of a faster set of hyperparameters advantageous.

6. Run the Optimization

With the optimized and tuned script, the final optimization can be executed
using the main set of hyperparameters. For gain scheduling, separate optimiza-
tion runs should be conducted for each set of flight conditions. Visual inspection
of the time-series plot of the optimized response is recommended to ensure the
algorithm does not exploit flaws in the flight dynamics model or cost function
to minimize the cost value. It is also essential to verify that optimized parame-
ters do not reach user-imposed upper or lower limits. If they do, relaxing these
constraints might lead to improved solutions.

4.2.5 Validation

Each fundamental component of the tuning optimization framework undergoes a val-
idation process to ensure its effectiveness. Although validation needs to be performed
only once, it is recommended to repeat the process when applying the method to
different vehicle designs or implementing new control laws. Similar to other stages
of this optimization framework, the validation process is automated, utilizing inputs
such as the FDM, optimized gains, and, if available, real flight test logs featuring the
optimized gains.

The validation process is structured into three parts:

1. Flight Dynamic Model Matching

This step involves confirming the fidelity of the Flight Dynamic Model (FDM)
with respect to the actual dynamics of the vehicle. While validating a physics-
based FDM can be time-consuming, an FDM constructed through system iden-
tification inherently undergoes a basic validation process. The validation al-
gorithm extends this by calculating additional fitness metrics, such as Mean
Squared Error (MSE), Final Prediction Error (FPE), and R-Square against
both training and validation data. Time-series plots of the best-fitting mod-
els, along with additional plots that analyze artificially introduced noise versus
real recorded noise, and comparisons between the command signal generated by
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the autopilot during simulation and real flight data, provide a comprehensive
validation.

2. Control Matching

Control matching ensures that the output of the control law implemented in the
simulation environment aligns with the output from an actual autopilot. An ad-
ditional validation step is conducted in this study to verify the correct isolation
of the control law from the estimated transfer function G(s), which contains
both vehicle dynamics (A(s)) and the control law (C(s)). Subsequently, the
controller itself is directly compared with the real controller output, using flight
data from the system identification (SID) flights that contain autopilot inputs
and outputs. It is important to note that matching during specific flight phases
does not guarantee universal matching across all flight conditions, as autopilots
often employ logic switches for different control laws in various phases. More-
over, the matching process becomes more intricate if the control law is encoded
in the simulation environment rather than wrapping the compiled controller
used in the autopilot.

3. Optimization Process Validation

The validation of the optimization process assesses whether the newly optimized
parameters genuinely enhance performance compared to the initial tuning pa-
rameters. The validation script conducts a series of simulations that directly
compare the two tuning sets. Assuming the cost function was appropriately
designed and the optimization converged to a solution, the new optimized re-
sponse should meet the performance requirements that guided the design of
the optimization process. This evaluation is carried out both graphically, using
time-series plots, and analytically, by calculating performance metrics such as
rise time, damping factor, overshoot, and steady-state error. The script also
plots several responses from the last generation, demonstrating convergence to-
ward the optimal response with a few diverging traces (under and over-tuned)
to ensure a balance between exploitation and exploration of the evolutionary
properties. Additionally, the validation process checks for convergence by exam-
ining the cost function value of the best individual in each generation. Finally,
the optimization’s predicted response can be validated against real flight test
data by loading the optimized gains into the autopilot configuration, flying the
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vehicle, and comparing the flight data with the predicted optimized response.
This test, like the SID flights, is preferably conducted in a controlled envi-
ronment with minimal disturbances and similar inputs to those used during
optimization.

The following section presents plots and analyses generated during the valida-
tion process, demonstrating the effectiveness of the architecture and the performance
improvements achieved through optimization.

4.3 Results
The results section presents the outcomes of applying the tuning optimization frame-
work to the PX4 multi-copter rate controller governing the Mini-E 5050A VTOL
vehicle. This section is structured similarly to the Validation section described pre-
viously, with three subsections: Flight Dynamic Model Matching, Control Matching,
and Optimization Results.

4.3.1 Flight Dynamic Model Matching

The system identification process includes optimizing the transfer function estima-
tion using out-of-sample flight data, which serves as an initial validation step. This
validation uses the NRMSE metric, as described in Equation (4.3). By simulating the
estimated transfer functions with the angular setpoint inputs from real flight data, we
can visualize the identified model’s response against the actual flight data, as shown
in Figure 4.8. The figure provides a close-up view of a maneuver for each axis. It is
important to note that the fit metric is computed using the entire validation flight,
which includes maneuvers across all axes and hovering segments. If only maneuver
sections were used, the fit would be higher.
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(a) Roll rate (b) Pitch rate

(c) Yaw rate

Figure 4.8: Comparison of best-fitting transfer functions against the real vehicle
response

In this case, the models for roll and pitch were derived exclusively from chirp
maneuvers, while the yaw models were obtained from doublet maneuvers. The yaw
chirp maneuvers failed to sufficiently excite the vehicle dynamics because the chirp
frequency range did not extend to low enough frequencies. This is evident in Figure
4.9, which shows the setpoint and response of the yaw angular rate during the SID
flight containing yaw maneuvers. The chirp maneuvers did not reach sufficiently low
frequencies to bring the response in phase with the command, necessitating the use
of doublet maneuvers for system identification.
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Figure 4.9: Command and response of the yaw angular rate during doublet and chirp
maneuvers

As outlined in the methodology, relying only on the fit metric could lead to the
selection of a transfer function that poorly represents the vehicle dynamics. Therefore,
it is recommended to visually inspect the transfer function’s time-series responses
before proceeding with any optimization. In this study, the selected transfer functions
(G) for tuning optimization are presented for each axis in Equation (4.7).

Groll = e−0.0362s · 0.08011s2+2.324s+168.6
s2+15.43s+169.6

Gpitch = e−0.0646s · −0.0418s2+7.602s+18.16
s2+8.174s+19.47

Gyaw = e−0.0547s · 0.07029s2+0.8329s+0.2963
s2+0.9628s+0.4283

(4.7)

Using Equation (4.5), the corresponding open-loop transfer functions (A) are cal-
culated and shown in Equation (4.8).


Aroll = e−0.0362s · 8.011e08s7+3.56e10s6+2.181e12s5+2.996e13s4+2.859e14s3+2.859e04s2

2.76e09s7+8.377e10s6+1.133e12s5+7.433e12s4+4.963e12s3+3.249e11s2+32.49s

Apitch = e−0.0646s · −4.18e08s7+7.26e10s6+7.948e11s5+2.965e12s4+3.536e12s3+353.6s2

2.396e09s7+2.351e10s6+8.315e10s5+1.159e11s4+1.132e11s3+6.373e10s2+6.373s

Ayaw = e−0.0547s · 0.07029s6+0.9005s5+1.128s4+0.642s3+0.1269s2

0.5578s6+0.6336s5+0.4137s4+0.1228s3+0.03758s2+0.001131s

(4.8)
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Note that e−x·s represents the time delay term, introducing x seconds of delay
between the command and response. While G(s) uses setpoints as inputs, A(s) uses
normalized torque commands, and both return angular rates as outputs.

Table 4.3 presents the fitness metrics of the identified models against both the
training data, calculated as NRMSE (Equation (4.3)), MSE, FPE, and the out-of-
sample data, calculated as NRMSE and R-squared.

Fit on training data (in-sample) Fit on validation flight (out-of-sample)
Axis NRMSE MSE FPE NRMSE R-square
Roll 92.41% 2.178e-4 2.204e-4 78.93% 95.26%
Pitch 84.26% 6.288e-4 6.359e-4 71.03% 90.48%
Yaw 95.21% 7.078e-6 7.122e-06 66.60% 88.85%

Table 4.3: Fitness metrics of SID model calculated on training and validation flight
data

The observed discrepancies in vehicle response, as reflected in the various fitness
levels, can likely be attributed to using a SISO model instead of a MISO or MIMO
model, as well as unaccounted dynamics of the motor/propeller, structural elastic-
ity, and coupling effects during flight. The vehicle exhibited high deflections in the
fuselage’s torsional mode and the wing and canard’s bending mode. Additionally,
coupling between roll command and yaw response is likely due to the large aerody-
namic surfaces. Despite potential improvements in fitness metrics achievable through
further refinement of the SID process, the results from this simplified model still pro-
vide a sufficiently representative response to enable controller optimization without
requiring additional iterations or model refinement.

Figure 4.10 validates the identified model’s response, driven by real flight com-
mand setpoints. It illustrates how the designed noise injected into the sensor blocks
matches both the amplitude and frequency of the real flight data, minimally impact-
ing model fitness during both a maneuver, as shown in Figure 4.10.A, and while
hovering, as shown in Figure 4.10.B.
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Figure 4.10: Pitch rate model compared to real vehicle response during a maneuver
and hovering

For completeness, Figure 4.11 shows similar data for the roll and yaw models
during a maneuver.

(a) Roll (b) Yaw

Figure 4.11: Roll and yaw rate models compared to real vehicle response during a
maneuver

The SID flights presented here were conducted indoors to minimize atmospheric
disturbances, whereas the validation flights were conducted outdoors. Nonetheless,
successful outdoor SID flights were achieved under stable atmospheric conditions
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(low wind and minimal turbulence), generating acceptable results. As outlined in
the SID methodology, parameter adjustments, including enabling delay estimation
and modifying maneuver combinations, were explored. The best results consistently
involved enabling delay estimation and limiting transfer function order to 2 or 3 to
prevent overfitting on the training data.

4.3.2 Control Matching

To validate the process of isolating the plant (A(s)) from the controller (C(s)) using
Equation (4.5), a comparison was made between the closed-loop transfer function
(G(s)) and the plant response paired with the simulated controller. Figure 4.12
visually shows the signal matching and the R-squared metric (reported in the figure’s
legend) numerically expresses a goodness of fit exceeding 99% for all axes. The
minor differences at the peaks can likely be attributed to the different differentiation
methods between the controller and the simulation. This aligns with the fact that
the yaw axis has a fit of 100% since the differential gain of the controller for that axis
is set to zero.
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(a) Roll

(b) Pitch (c) Yaw

Figure 4.12: Validation of controller isolation and integration process

The controller integrated into the simulation environment can be further verified
by its self by feeding as input real flight data and comparing the output of the
simulated controller versus the real one. Figure 4.13 and the R-squared value in
the legend also prove the match of the two controllers during the validation flights.
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(a) Roll

(b) Pitch (c) Yaw

Figure 4.13: Simulated controller output compared with real controller output from
flight data

4.3.3 Optimization Results

Table 4.4 presents the optimized controller parameters obtained from the optimization
process alongside the initial hand-tuned values. The differential gyro low-pass filter
(DGLPF ) was optimized during the first iteration and then fixed (using the average
value) for all axes in a second optimization round. This was necessary due to the
autopilot architecture, which requires the DGLPF to have a single value for all axes.
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Roll Pitch Yaw
Hand-tuned Optimized Hand-tuned Optimized Hand-tuned Optimized

P 0.3 0.35 (+16.6%) 0.23 0.35 (+52.2%) 0.6 1.04 (+73.3%)
I 0.2 0.19 (-5%) 0.25 0.24 (-4%) 0.02 0.15 (+650%)
D 0.001 0.0075 (+650%) 0.003 0.007 (+133%) 0 0

DGLPF 30 12 (-60%) 30 12 (-60%) 30 12 (-60%)

Table 4.4: Optimized versus Hand-tuned controller parameters

The simulated step responses with the optimized parameters compared to the
initial hand-tuned parameters, shown in Figure 4.14, demonstrate improvements in
vehicle response across all axes. Additionally, these graphs reveal differences in the
torque command signal between the two sets of controller tunings.

(a) Roll (b) Pitch

(c) Yaw

Figure 4.14: Step response of the optimized controller compared to the hand-tuned
one
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Table 4.5 quantifies these changes using performance metrics, highlighting reduc-
tions in settling time and overshoot for the roll axis, improvements in rise time and
overshoot for the pitch axis, and significant enhancements in all metrics for the yaw
axis.

Roll Pitch Yaw
Hand-tuned Optimized Hand-tuned Optimized Hand-tuned Optimized

Steady-state Error [rad/s] 0.0047 0.0047 0.0550 0.0545 0.0822 0.0334
Rise Time [s] 0.162 0.167 0.218 0.144 ∞ 1.150

Settling Time [s] 0.42 0.22 1.09 0.89 ∞ 3.05
Overshoot [%] 7.35 2.35 7.08 3.16 -10.08 1.90

Table 4.5: Optimized versus Hand-tuned controller performance metrics

Most improvements occurred in the yaw axis due to the vehicle’s severe under-
actuation.

The balance between exploration and exploitation within the optimization algo-
rithm can be illustrated by plotting the population’s step responses. For instance, Fig-
ure 4.15 shows the step response for the last generation of the roll-rate optimization.
The presence of both divergent and convergent responses indicates a well-balanced ap-
proach. Moreover, these plots can be used to evaluate the tuning of the cost function
for the desired performance. The presence of responses that better track performance
requirements might indicate a need to redesign or re-tune the cost function.
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Figure 4.15: Step response of the last generation for roll-rate

The convergence of the genetic algorithm employed in this study was quantified
based on the stability of the best fitness function value over successive generations.
Specifically, convergence was deemed achieved when the best fitness value remained
within a defined tolerance (1e-6 in this case) for 50 consecutive generations. This
criterion ensures that no significant improvement occurred despite the ongoing ex-
ploration mechanisms during these generations. In the example presented here, with
a population size of 77 individuals, the GA typically converged around generation
25, requiring a total of 75 generations to satisfy the convergence criterion. This cor-
responds to a total of 5775 simulations for the optimization process. These results
demonstrate the effectiveness of the optimization algorithm in reaching the optimal
solution for the controller parameters.

After loading the optimized gains into the autopilot and conducting another set
of flight tests, it is possible to validate the predicted optimization results against real
flight data. The results are presented in Figure 4.16. In these plots, the setpoint,
the real flight response with optimized gains, the predicted response with optimized
gains, and the simulated response with initial gains are compared. Despite varying
fit values (91% for pitch and roll, 71% for yaw), the performance of the real vehicle
response improved as predicted by the optimization analysis.
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(a) Roll (b) Pitch

(c) Yaw

Figure 4.16: Validation of optimized tuning against real flight data

4.4 Discussion
This paper introduces an automatic autopilot tuning framework that utilizes Genetic
Algorithms (GA) and System Identification (SID) to optimize the parameters of Un-
manned Aerial Vehicle (UAV) flight controllers. The framework follows a structured,
multi-stage process, involving flight data processing, control law implementation,
flight dynamics model (FDM) development through SID, and subsequent controller
optimization.

The SID process successfully identified transfer functions for the roll, pitch, and
yaw axes, providing valuable insights into the dynamic response of the vehicle. Dis-
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crepancies in the model, mainly due to unmodeled structural flexibility and coupling
effects, highlight the inherent challenges of simplified modeling approaches. Never-
theless, SID process was considerably less resource-intensive compared to the devel-
opment of a full physics-based flight dynamics model and proved sufficient for the
proposed tuning optimization. However, for unconventional vehicle configurations,
additional data sources, such as wind tunnel testing or computational fluid dynamics
analyses, may be required to establish a more accurate baseline model before initial
flights.

The application of GA resulted in notable improvements in autopilot performance
across all control axes. Although GA may not be the most computationally efficient
method for this particular application, it offers scalability for controllers with a larger
number of tuning parameters. Important model features, such as noise and time de-
lays, played a crucial role in shaping the optimization process. The proposed frame-
work, therefore, offers an effective tool for rapid parameter adjustment in response
to vehicle modifications.

While the example in this paper focused on the rate controller of a VTOL air-
craft, the proposed framework demonstrated effectiveness across various control laws,
autopilot systems, and vehicle types. Only minimal adjustments, such as changes to
setpoint step values and simulation duration, were necessary to maintain cost func-
tion balance for similarly sized vehicles, highlighting the framework’s versatility and
broad applicability.

In conclusion, the automatic autopilot tuning framework presented here provides a
valuable tool for optimizing UAV control systems, contributing to the advancement of
autonomous flight capabilities. Future work could focus on refining the optimization
process, including the implementation of parallelization techniques and the explo-
ration of hybrid methods. Additionally, incorporating stability analysis during both
the validation and optimization phases would help ensure stability requirements are
met, further enhancing the robustness of the framework.
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Chapter 5

In-Flight Nonlinear System
Identification for Adaptive Control

In the previous chapters, we explored the development of the aircraft, its flight dy-
namic model, and an automated offline autopilot tuning algorithm designed to accom-
modate the continuous changes during the aircraft’s development and deployment.
Chapter 5 marks a significant shift in approach, addressing the challenge of adapting
to changing dynamics in real time.

This chapter presents the initial steps and findings in developing online system
identification techniques using a novel data-driven algorithm for nonlinear dynamics.
The work detailed here was conducted entirely in simulation, utilizing the flight dy-
namic model of the Mini-E 5050B Eusphyra aircraft. This approach was essential
to evaluate the feasibility of online system identification given the high noise lev-
els typically encountered during flight tests. Additionally, it examined the training
time required for effective implementation, providing foundational insights into the
approach’s practicality.

The research in this chapter also laid the groundwork for two critical compo-
nents of the Model Identification Adaptive Control (MIAC) technique discussed in
later: control perturbation and rapid unsupervised system identification. These ad-
vancements represent key milestones in enabling real-time adaptability in dynamic
environments.

The content of this chapter is derived from the following published manuscripts:

• Bazzocchi, S., Suleman, A. (2023). In-Flight Nonlinear System Identification
for UAS Adaptive Control. In: Karakoc, T.H., Yilmaz, N., Dalkiran, A., Ercan,
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A.H. (eds) New Achievements in Unmanned Systems. ISUDEF 2021. Sustain-
able Aviation. Springer, Cham. [https://doi.org/10.1007/978-3-031-299
33-9_19]

• Bazzocchi, S., Suleman, A. (2024). Non-linear System Identification for UAS
Adaptive Control. In: Karakoc, T.H., Özbek, E. (eds) Unmanned Aerial Vehicle
Design and Technology. Sustainable Aviation. Springer, Cham. [https://do
i.org/10.1007/978-3-031-45321-2_10]

Abstract
Fast aircraft prototyping, fault detection, morphing surfaces and real-time generation
of dynamic models are just some of the advantages of a model identification adap-
tive controller. The research presented in this paper investigates a proposed control
architecture and validates a novel data-driven algorithm to be used for online system
identification of a UAS. The reported simulation results explore the effects and the
limits of short training time and sensor noise on the identified model.

Nomenclature
UAS : Unmanned Aerial System
CFD : Computational Fluid Dynamics
SID : System Identification
MIAC : Model Identification Adaptive Controller
SINDy : Sparse Identification of Nonlinear Dynamics
u : Linear rate on x body axis, m/s
w : Linear rate on z body axis, m/s
q : Pitch angular rate, rad/s
u : Command
X : States
T : Training time, s
k : Harmonic multiplier
t : Time, s
R2 : R-Squared fitness value
θ : Pitch angle, rad

https://doi.org/10.1007/978-3-031-29933-9_19
https://doi.org/10.1007/978-3-031-29933-9_19
https://doi.org/10.1007/978-3-031-45321-2_10
https://doi.org/10.1007/978-3-031-45321-2_10
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Θ : Library of candidate nonlinear functions
Ξ : Sparse coefficient matrix
ξ : Sparse coefficient vector
η : Noise magnitude
c : Canard
t : Throttle
ˆ : Estimated noisy state

5.1 Introduction
The conventional design and tuning method of an autopilot system for UAS is a
highly time-consuming process. This procedure, shown in figure 5.1, usually starts
with ground-based analysis, such as CFD or wind tunnel sessions, to generate the
data needed to develop a flight dynamic model (FDM) of a vehicle. After designing
or selecting appropriate control laws, the model and controller can then be tested in
software-in-the-loop simulations with the goal of tuning control parameters for the
desired performance. The controller is then deployed into hardware and the vehicle
flight tested while recording all observable states from the sensors. This data is then
usually processed to correct the initial FDM allowing for greater precision in a second
tuning iteration. The described process needs to be repeated for all new prototypes
and when a system goes through any modification that alters the dynamics of the
vehicle.
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Figure 5.1: Conventional control design and tuning process.

One of the benefits of adaptive controllers is the elimination of this lengthy pro-
cedure and automation of the tuning process. But rapid prototyping and the ability
to easily overcome changes in system dynamics are not the only motivations that
are driving this research field. As stated by Morelli in [146] there are several other
advantages including:

• Detection and mitigation of failures

• Ability to cope with morphing aerodynamic properties

• Dynamic flight envelope correction

• Exploration of non-linear dynamics for complex aircraft configuration

• Fast generation of a time varying system model

Some of the well-known agencies and companies in the aerospace industries are
pursuing these objectives, including the US Air Force with project RESTORE, Boeing
with project RACE and NASA with the L2F project [50].
This study firstly presents an effective architecture to achieve the stated adaptive
control benefits and secondly validates a system identification method in the context
of a UAS platform developed at the University of Victoria Centre for Aerospace
Research (UVic CfAR).
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5.2 Method
There are many techniques to achieve adaptive control capabilities, including extremum-
seeking control, adaptive pole placement, model reference adaptive control, reinforce-
ment learning, and self-designing control. Among these, model identification adaptive
control (MIAC) is unique in its ability to generate a human-readable, time-varying
system model online.

5.2.1 Model Identification Adaptive Control

Figure 5.2 shows the high-level structure of a model identification adaptive controller.
It is possible to identify several blocks part of a conventional autopilot system such
as the estimator, guidance, and controller. The main difference is the presence of
the System Identification Process which collects data from the controller output and
state estimator with the goal of generating a near real-time model of the vehicle.
This information is then fed to the model-based controller which becomes “adaptive”
by virtue of the updating dynamic model. It is also possible to extrapolate model
performance parameters from the identified system which can be used to tune the
guidance and navigation controller.

Figure 5.2: Model identification adaptive controller architecture.

One of the main advantages of this type of architecture compared to other data-
driven controllers is the human readability. This property allows for formal valida-
tion of the controller. In other words, it is possible to validate the control behaviour
without testing every single condition, something that is not possible with a Neural
Network type of architecture for example [68]. Furthermore, the generation of a real-
time SID model allows for rapid investigation of the system performance and analysis



128

of any changes to the dynamics during flight.

In a real-world application of this controller other three components would need to
be present to complete this architecture: an online simulation of the identified model,
a model supervisor, and a control perturbator. The online simulation is needed to
generate the state prediction form the predicted model. This can be intelligently
obtained from the prediction of a MPC reducing the computational power required.
The model supervisor compares the predicted state of the identified model with the
real states being computed by the estimator. If a discrepancy of a certain amplitude
is recorded for a set number of samples this would trigger the control perturbator and
the SID program to start a system identification process. The control perturbator
generates and injects the desired perturbation signal on top of the actuator commands
coming from the controller.

5.2.2 System Identification Method

The selection and development of the system identification method is crucial since the
MIAC is highly dependent on the capability of the SID process to effectively identify
the vehicle dynamics.

NARMAX, Eigensystem Realization Algorithm (ERA), Genetic Programming
(GP), Neural Newtwork (NN) and Koopman with control, are some of the multiple
data-driven techniques for SID and control discussed in [33], a recommended reference
for an overview on machine learning for control. The method selected and employed
in this project is the Sparse Identification of Nonlinear Dynamics or SINDy for short
[157]. This theory combines sparsity-promoting techniques and machine learning with
nonlinear dynamical systems to discover governing equations from noisy measurement
data. SINDy was published in 2016 and rapidly evolved in SINDYc to include external
inputs and feedback control to the system identification process [35]. In 2018 Kaiser
demonstrated the capability of SINDy algorithm to perform system identification
with limited and noisy data, proving the capability of this technique to be applied
on-line for a control optimization problem [37]. Quade investigated the capability
of SINDy by generating a structure for fault detection based on model prediction to
trigger the system identification process [38]. The results from the tests performed
on nonlinear dynamic system with discrete and noisy data highlighted the interesting
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potential of this new theory to be applied in the ongoing aerospace research of an
adaptive controller.

Figure 5.3: System Identification Process.

The scheme shown in figure 5.3 illustrates the high-level system identification
process for the longitudinal dynamics (u,w, q, θ) of the Eusphyra aircraft using SINDy.
Note that the same study can be performed on the latero-directional dynamics or both
combined.

During forward flight, the longitudinal actuator commands (uc and ut) generated
by the controller can be perturbed by unique, zero-mean, multi-frequency signals
(δc and δt). This practice ensures that the vehicle dynamics are effectively excited
to allow for an effective system identification. In this study, the nonlinear flight
dynamic model was generated using CFD analysis and coded in Simulink to calculate
the system response (X). The calculated true states are then fed into the sensors
and estimator models, which apply noise to the response depending on the signals’
standard deviation. The estimated or noisy states are used to generate the matrix Θ

which holds the pool of candidate nonlinear equations that may describe the system.
It is important to properly select a list of functions that is capable of describing the
dynamic system. Ideally, this pool of functions contains all the terms necessary to
represent the system but at the same time is small enough to guarantee a convergence
to the correct solution. In this case, the library was formed by constants, polynomial
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terms up to 3rd order, and trigonometric terms. Because only a few terms of the
proposed library of functions will be active in each differential equation, a sparse
regression problem is formulated to determine the vector of coefficients ξ forming the
matrix Ξ:

ξi = arg min
ξ̂i

(
1

2
∥X ′

i − ξ̂iΘ
T (X,U)∥22 + λ∥ξ̂i∥1

)
(5.1)

Each column ξi is a sparse vector of coefficients determining which terms of Θ are
active in the corresponding differential equation:

ẋi = fi(x) = Θ(xT )ξi (5.2)

The sparsity of the resulting equations can be tuned by the parameter λ, which
defines the threshold for the elimination of the small entries [158].

The execution speed of this algorithm depends on the following factors: number
of states, number of functions in the library, length of training data, and number of
iterations required to obtain a solution to the sparse regression problem that does
not present any small entries. In the simulations conducted in this research, the time
required to process the solution was negligible compared to the time needed to acquire
the training data. This is because the solution is calculated only once per buffer of
finite-history data set (near real-time) instead of recalculating the solution for every
new data point by continually shifting the buffer (real-time).

The convergence of this method is not guaranteed. If the parameter λ is not set
correctly or the pool of equations is too vast, the algorithm may terminate with an
incorrect non-sparse solution. It is recommended to set as many constraints as pos-
sible to contain the dimensions of Θ and reduce the number of differential equations
to discover. In the presented study, it was possible to constrain one of the differen-
tial equations (Eq. (5.3)) and reduce the size of the pool of candidate functions by
computing the angle of attack α and therefore eliminating the need for trigonometric
terms (Eq. (5.4)):

θ̇ = q (5.3)

α = tan−1
(w
u

)
(5.4)
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5.2.3 Command Perturbation

One of the most important components in the system identification is the correct
perturbation of the available actuators. This not only serves the purpose of identifying
control effectiveness but also excites the system dynamics across a defined spectrum
of frequencies. The amplitude of the perturbations must also be properly set to ensure
that the signal-to-noise ratio remains above the usable threshold without endangering
the state of the vehicle.

There are several types of perturbation signals that may be used for this purpose,
such as singlets, 3-2-1-1, doublets, sinusoids, and chirps. The signal type used in this
project is orthogonal, phase-optimized, multisine inputs [69]. The primary benefit of
this type of signal is that the orthogonal nature allows simultaneous perturbations of
different actuators without correlating responses. These inputs are also effective in
generating the steady-state response data needed to estimate frequency responses.

Defining the duration of the excitation T is the first step towards the design of
a multisine perturbation. This characterizes the fundamental frequency 1/T and,
by extension, the harmonic multiples k/T . Each actuator uj has a unique subset
of multipliers Kj which define the frequency range spanned during excitation. The
multisine signal is then generated as a sum of sinusoids as shown in equation (5.5):

uj(t) =
∑
k∈Kj

ak sin
(
2πk

T
t+ ϕk

)
(5.5)

The amplitudes ak are calculated according to the desired power spectra for each
input, and the phase angles ϕk are optimized to reduce the peak value of the multisine
signal to keep the response near the desired flight condition.

An example of the multisine signals generated to perturb the thrust and canard
controls is shown in figure 5.4. It is possible to observe the multiple overlaid frequen-
cies and the fact that both signals average to zero, which maintains the vehicle states
close to the desired setpoints.
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Figure 5.4: Multisine perturbation.

5.3 Results and Discussion
After finding the correct order of magnitude of the tuning parameter λ, it was pos-
sible to repeatedly identify the differential equations coded in the FDM with small
deviations from the original coefficients. This error can be eliminated by reducing
the noise injected through the sensor models under a certain threshold.

To better understand the results obtained from the SID process, the response of
the true dynamic system was compared with the simulated response of the discovered
model generated from the same control inputs and initial conditions. The graph in
figure 5.5 displays the simulation results of a model trained with only 5 seconds of
dynamic data and a noise-to-signal ratio of 0.01. The vertical dashed line separates
the training data (on the left) from the validation data (on the right). Once the
training time elapsed, the SID algorithm processes the data and generates a model.
The model can then be initialized with the current flight conditions and fed with the
same control inputs as the true system.

The goodness-of-fit of the identified model can then be numerically evaluated with
the R-Square method.
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Figure 5.5: Validation of the identified system.

Even with this short training time, the SID process was capable of generating a
model with a minimum of 88% goodness of fit across the four states (u,w, q, θ). It is
worth noting that the main deviation of the identified model from the true dynamics
in this example is observed in the response of the linear body rate u. The main
contributing factor to this error is the low-frequency limit of the perturbation input,
which is set to be equal to or greater than 2 times the training time T to allow at least
two full cycles for each frequency. Increasing the training time T lowers the minimum
frequency of the command perturbation, improving the identification of the slower
dynamics associated with the linear body speed u.

Once the identification problem is set, the main variables that can influence the
results are training time T and noise levels. The surface in figure 5.6 reports the mini-
mum fitness level of the identified model as a function of the noise level η and training
time T . As expected, increasing training time improves the fitness of the identified
model. In this study, the vehicles’ system dynamics can be correctly identified with
training times greater than 9 seconds. On the other hand, increasing the noise-to-
signal ratio above 0.5 while holding training time constant significantly reduces the
fitness level of the model.
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Figure 5.6: Fitness level as a function of noise and training time.

Table 5.1 displays the maximum noise-to-signal ratio, in relation to specific train-
ing times, for the SID algorithm to obtain a model with an R-Square greater than
80%.

η T [s] R2 [%]
0.01 5 88
0.22 10 99
0.35 20 98
0.42 30 98
0.53 50 94
0.61 80 86
0.63 120 83
0.63 160 81

Table 5.1: Required training time for extreme noise-to-signal ratios.

Even with large increases in training data, the maximum tolerable noise to obtain
a fitness level of 80% averages around η = 0.64. This asymptotic trend can also
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be observed in figure 5.7. The yellow-colored area defines the region in which it is
possible to correctly identify the studied system. The curve that outlines this region
flattens for T > 60 seconds; therefore, for higher levels of noise, increasing the training
time does not show any substantial improvement in the model fitness.

Figure 5.7: Fitness level distribution for high noise and increased training time.

It is important to mention that if the training time is increased, the harmonic
multipliers Kj should also increase in value to ensure that the higher frequencies are
still being excited. Failing to do so results in a degradation of the fitness level.
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5.4 Conclusion
The innovation in vehicle configurations and the increase of onboard computational
power are contributing to the growing interest towards adaptive controllers and data-
drive models.

Model identification adaptive controller (MIAC) stands as the preeminent archi-
tecture to meet the objectives set in this project, allowing for exploration of a machine
learning technique while maintaining a certain level of verification for the safety of
flight. In this paper the high-level MIAC structure was presented, highlighting the
benefits of having a human readable controller. This method heavily relies on the SID
process to correctly identify the vehicle dynamics, therefore a significant part of this
research focused on the study of an effective technique for online system identification
processing. SINDy method was proven to successfully identify the nonlinear dynamics
of the flight test vehicle. The results demonstrate the fitness of the identified model
in several condition of noise and training time. Lastly, the analysis of the simulation
data established the limit conditions within which the SID process can produce an
accurate model.

To conclude, it is worth pointing out the conflicting nature of this type of control
theory. The controller’s main objective is to suppress perturbations and track the set
point in the most actuator-efficient way, while the SID process requires some degree
of vehicle perturbation and control actuation in order to generate a dynamic model.
The outcomes of this study indicate that it is possible to generate a suitable model
from the system identification process described with minimal perturbation. The
next steps of this research will be firstly to run the SID process online using real
flight data fed from an autopilot then secondly pair the validated SID algorithm with
a model-based controller to close the loop and control the vehicle.
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Chapter 6

Model Identification Adaptive
Control

In the previous chapter, we introduced the concept of a Model Identification Adaptive
Controller (MIAC) and focused on developing an online system identification (SID)
method suited for this application. The SID method was designed, tested in simula-
tion, and analyzed for its response to noise and training time using the high-fidelity
flight dynamic model (FDM) of the Mini-E 5050B.

Building upon these findings, this chapter presents the full development of the
MIAC system. The method was refined to operate unsupervised onboard a UAV,
transitioning from Matlab to Python to facilitate development and integration within
a unified environment. Several enhancements were incorporated into the SID, includ-
ing multiple regression optimization methods, system delay identification, actuator
modeling, and a comprehensive suite of preprocessing tools to prepare sensor data for
system identification, including state estimation.

A key advancement in this work is the integration of Model Predictive Control
(MPC) as a model-based controller, completing the MIAC framework. Additionally,
a model supervisor was introduced to manage the SID-generated models, evaluate
their quality, and assign the most suitable one for control. The perturbation injection
process was also improved, allowing for more flexible perturbation types and easier
design modifications.

The objective of this research was to develop a fully functional MIAC system
ready for deployment on real hardware for flight testing. While the Mini-E 5050B
high-fidelity FDM was utilized for initial development, a more cost-effective and eas-
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ily deployable UAV was chosen for early flight tests, given the risks associated with
testing an experimental controller. Ultimately, the MIAC framework enhances rapid
prototyping capabilities, supporting the research and development of novel UAV con-
figurations.

The content of this chapter is based on the following manuscript, currently in
preparation for journal submission:

• Bazzocchi, S., Grant, H., Suleman, A. (2025). Model Identification Adaptive
Control for UAVs: Development, Implementation and Flight Testing. [Manuscript
in preparation]

Abstract
This paper presents a Model Identification Adaptive Controller (MIAC) architecture
for Unmanned Aerial Vehicles (UAVs), integrating online system identification and
adaptive model-based control to handle unknown nonlinear dynamics. The proposed
approach combines control perturbation, Sparse Identification of Nonlinear Dynam-
ics (SINDy) for real-time model identification, Model Predictive Control (MPC) for
setpoint tracking, and adaptive model selection and validation to ensure the most
accurate model is used for control. The MIAC framework is first developed in simu-
lation and then validated on a real UAV using a dual-autopilot setup, where a reliable
off-the-shelf autopilot serves as the primary controller while the experimental MIAC
operates in parallel. Flight tests demonstrate that MIAC successfully identifies the ve-
hicle’s governing equations, maintains stable control, and improves setpoint tracking
performance. These results highlight the feasibility of real-time system identification
for adaptive flight control, offering a robust architecture for rapid UAV prototyping
to support research and development.

6.1 Introduction
Unmanned Aerial Vehicles (UAVs) have emerged as pivotal tools in both research and
commercial aviation, enabling rapid prototyping and experimental validation of inno-
vative design concepts. However, UAVs often operate in dynamic environments where
variations in payload, aerodynamic configurations, and external disturbances signifi-
cantly alter vehicle behavior. Conventional control methods, such as gain scheduling
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and dynamic inversion, rely on accurate models that are derived from extensive aero-
dynamic analysis, system identification campaigns, and flight tests. This modeling
process is not only time-consuming but also lacks the flexibility required for rapidly
evolving systems.

Adaptive control strategies that incorporate online system identification offer a
compelling alternative. By updating control laws based on real-time flight data,
these methods can accommodate shifts in UAV dynamics and generate time-varying
models useful for simulation, performance evaluation, and fault diagnosis. As Morelli
[9] points out, integrating an online adaptive dynamic model with full-envelope flight
control can accelerate prototyping while enhancing capabilities in fault detection,
self-learning systems, morphing wing control, and flight envelope protection.

Over the past decades, a variety of adaptive control techniques have been proposed
to address the inherent uncertainties in UAV operations. For example, Sayyaadi and
Sharifi [159] introduced a nonlinear adaptive impedance controller, while Chowdhary
et al. [160] developed model reference adaptive controllers applicable to both fixed-
wing and rotary-wing platforms. Hybrid methods that incorporate fuzzy logic [161]
and artificial neural networks (ANN) [162] have improved adaptive control robustness.
More recently, reinforcement learning approaches have gained traction as adaptive
control methods; however, these typically yield “black box” solutions that do not
provide an explicit vehicle model during adaptation, complicating validation and
troubleshooting, especially in safety-critical aerospace applications [68].

Direct adaptive schemes, such as Model Reference Adaptive Control (MRAC)
and L1 adaptive control, have demonstrated improved robustness to payload changes
and environmental disturbances by forcing the plant to track a desired reference
model [53]. Yet, these methods depend critically on the designer’s choice of reference
model and adaptation law, and their performance can degrade when actual system
dynamics deviate from the underlying assumptions or when unmodeled phenomena
are present. In contrast, indirect adaptive control methods (those that perform online
system identification to update the control law) offer increased flexibility and provide
an explicit representation of the system dynamics.

The Model Identification Adaptive Control (MIAC) framework is an example
of such an indirect approach. MIAC decouples the system identification from the
controller design, allowing independent validation of the model identification compo-
nent. In [163], an adaptive predictor-based controller based on MIAC was successfully
demonstrated on a high-fidelity aircraft simulation, showing that these schemes can
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handle large variations across the flight envelope. Despite these advances, applying
MIAC to smaller UAVs and ensuring real-time performance remains challenging due
to practical constraints such as short data windows and sensor noise.

Recent advances in data-driven identification techniques offer a promising solu-
tion. Among these, the Sparse Identification of Nonlinear Dynamics (SINDy) algo-
rithm has demonstrated impressive capabilities in extracting compact, interpretable
models of nonlinear systems from limited data [115, 164]. By employing sparse regres-
sion to identify the most significant terms governing the system’s behavior, SINDy
yields simplified yet accurate representations of complex UAV aerodynamics,an essen-
tial feature for onboard implementation where computational resources are limited.

One notable example of adaptive control using model identification is the Learn-
to-Fly (L2F) project led by NASA’s Langley and Ames research centers [50]. Their
approach, based on nonlinear dynamic inversion supplemented by an adaptive dis-
turbance rejection module [60], used orthogonal phase-optimized multi-sine inputs to
excite the aircraft dynamics [31]. In contrast, the framework presented in this paper
adopts a more flexible nonlinear model structure via SINDy and integrates a Model
Predictive Controller (MPC) that updates its model during flight. Whereas existing
MPC frameworks for UAVs [165, 166] typically require accurate precomputed models,
recent extensions have introduced some fault tolerance [102]. The proposed MIAC
system leverages the adaptability of MPC while reducing the dependency on fixed
models.

In this work, we develop a comprehensive MIAC architecture that combines a
flight data pre-processing pipeline, a Model Supervisor module to detect inconsisten-
cies between the current model and incoming flight data, an MPC-based controller
that uses the most accurate, currently identified model to generate control commands,
and a Command Perturbation Injector designed to excite the system when necessary,
thereby improving identification quality. This architecture is first validated in simula-
tion and then integrated into an onboard target computer for real-world flight testing.
Unlike many studies that stop at simulation, our work bridges the gap between the-
ory and practice by demonstrating performance differences between simulation and
actual flight conditions.

The remainder of the paper is organized as follows. Section 2 details the proposed
system architecture for MIAC, providing an overview and an in-depth discussion of
each component. Section 3 describes the hardware integration, deployment process,
modifications made for flight testing, and the test plan. Section 4 presents the ex-
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perimental results, and Section 5 discusses the challenges encountered, limitations of
the current approach, and potential directions for future research. Appendices A and
B contain the model library and the reference model used in this study.

6.2 System Architecture
Figure 6.1 illustrates the high-level concept of the proposed Model Identification
Adaptive Controller (MIAC) architecture.

Figure 6.1: Block diagram of the MIAC architecture.

The overall architecture comprises several interconnected modules that collabo-
ratively enable adaptive control of UAVs. Sensor data is initially processed by an
estimator (employing a Kalman Filter) to yield accurate estimates of the vehicle
states. These estimates are used in two parallel streams:

1. They serve as input to a model-based controller, which computes the actuator
commands necessary for the UAV to track given setpoints.

2. They are stored in data buffers, along with the corresponding actuator com-
mands, to form discrete chunks of flight data.

After buffering, the collected flight data is processed by a pre-processing algorithm
that organizes the data into neatly time-synchronized matrices. This pre-processed
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data is then evaluated by the model supervisor. The supervisor compares the pre-
dictions of candidate models, stored in a model library, with the actual flight data.
Should the model predictions prove unsatisfactory, the supervisor triggers a command
perturbation.

The command perturbation injector is responsible for executing a pre-planned ma-
neuver that excites the UAV’s dynamics by actuating all control surfaces. Following
the perturbation, the system identification process is activated. This process loads
the buffered flight data corresponding to the perturbation segment and identifies a
new model for the system. The newly identified model is added to the model library
and its performance is verified and scored against existing models.

Each execution of a perturbation prompts the model supervisor to update the fit
values for all stored models. The best-performing model is then forwarded to the
model-based controller to be used for active vehicle control. In normal operations
(when no perturbation is executed) the controller continuously relies on the best-
fitting model to generate actuator commands that ensure the estimated states track
the desired setpoints.

In the following subsections, the individual components of the MIAC architecture
are described in greater detail.

6.2.1 Estimator and Buffering

As with all UAV control systems, accurate state estimation is critical. In this project,
an Extended Kalman Filter (EKF) algorithm developed by Riseborough [167] and
implemented in the PX4 firmware [168] is employed. This estimator fuses various
sensor measurements to provide estimates of the following states:

• Attitude: A quaternion representing the rotation from the North-East-Down
(NED) local navigation frame to the vehicle body frame.

• Velocity: The linear velocity at the Inertial Measurement Unit (IMU) in the
NED frame (m/s).

• Position: The geographic position at the IMU, given as latitude (rad), longi-
tude (rad), and altitude (m).

• IMU Biases: Gyroscope bias estimates (X, Y, Z in rad/s) and accelerometer
bias estimates (X, Y, Z in m/s2).
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• Magnetic Field: Earth magnetic field components in the NED frame (gauss)
along with magnetic field bias estimates in the body frame (X, Y, Z in gauss).

• Wind Velocity: Wind speed components in the North and East directions
(m/s).

• Relative Altitude: The altitude of the vehicle relative to the takeoff point
(m).

Each of these state topics is estimated at a frequency appropriate to its nature
and is individually timestamped. The estimated states are published as topics on
the uORB data bus. These topics are used both for real-time control (by the model-
based controller) and for offline analysis. To facilitate the latter, dedicated data
buffers accumulate both state topics and the corresponding actuator commands.

The lengths of these buffers are user-configurable through two parameters:

• Ttrain: the duration (in seconds) of the training or perturbation phase.

• Tdead: the duration (in seconds) of the dead band before and after the pertur-
bation.

The total number of samples stored in a buffer, Lbuf, is defined by

Lbuf = (Ttrain + 2Tdead) · ftopic, (6.1)

where ftopic is the frequency (in Hz) at which the topic is published.
The buffer is implemented as a circular (FIFO) buffer. That is, when a new

message is received, the oldest message is discarded to maintain a constant buffer
size. This ensures that the buffers always contain the most recent flight data segments,
which are critical for subsequent model identification and performance evaluation.

6.2.2 Flight Data Pre-Processing

This subsection details the data pre-processing pipeline designed to convert raw flight
data buffers into synchronized matrices suitable for further analysis, such as state-
derivative estimation and system identification. The pipeline consists of several key
stages:

1. Signal Filtering: Attenuates high-frequency noise in sensor measurements
using a digital Butterworth filter.
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2. Data Resampling via Interpolation: Aligns data from different sensors
onto a uniform time grid, ensuring precise time synchronization.

3. State and Derivative Estimation: Constructs the state vector and computes
its time derivative using both sensor measurements and EKF outputs.

4. Command Delay Estimation and Shifting: Detects and compensates for
temporal misalignments between actuator commands and measured states.

5. Actuator Modeling: Optionally incorporates actuator dynamics by filtering
control commands to better reflect the physical behavior of the actuators.

Each of these stages is described in detail in the subsequent subsubsections.

Filtering

Although the Extended Kalman Filter (EKF) already applies a degree of filtering to
the raw flight data, certain signals benefit from additional noise attenuation, especially
when differentiation is required for system identification. High-frequency noise can
mask the true dynamics of the UAV and negatively affect parameter estimation. To
address this, a digital Butterworth low-pass filter is applied to the measured signals.

The Butterworth filter is chosen for its maximally flat passband response, which
minimizes amplitude distortion up to the cutoff frequency. This property ensures that
the signal dynamics are preserved within the passband. The filter parameters, such
as the cutoff frequency, are configurable via the system’s configuration file, allowing
targeted filtering for signals with significant sensor noise (e.g., angular rates, linear
accelerations, and airspeed).

A Butterworth filter of orderN , with cutoff frequency ωc, has a magnitude-squared
frequency response given by:

|H(ω)|2 = 1

1 +
(

ω
ωc

)2N , (6.2)

ensuring a flat response in the passband and a steep attenuation beyond ωc. In
discrete time, the filter is implemented using standard infinite impulse response (IIR)
techniques. The filter coefficients bk and ak are computed such that the filtered output
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y[n] satisfies the difference equation:

y[n] =
1

a0

(
M∑
k=0

bk x[n− k]−
N∑
k=1

ak y[n− k]

)
, (6.3)

where x[n] is the discrete input signal, y[n] is the filtered output, and a0 is typically
normalized to unity. The digital cutoff frequency is obtained by normalizing the
desired cutoff frequency to the Nyquist frequency (half the sampling rate).

Data Resampling via Interpolation

Flight data collected from various estimator processes often feature non-uniform
timestamps and different sampling rates, complicating data fusion. To resolve this,
each data stream is resampled onto a common, uniformly spaced time vector with a
frequency of 100Hz.

Uniform Timestamp Generation and Data Cropping: Let {tk}Kk=1 denote the
original timestamps for a given data topic, where tk < tk+1. Since different topics
may begin and end at slightly different times, the first step is to crop the data to a
common interval. Define:

• tstart = max{t(j)start}, the latest start time among all topics (indexed by j),

• tend = min{t(j)end}, the earliest end time among all topics.

Only data within the interval [tstart, tend] is retained, ensuring that no extrapolation
is required during interpolation.

Interpolation onto a Uniform Time Grid: A common sampling period is de-
fined as ∆t = 0.01 seconds (corresponding to 100Hz), and a uniform time vector is
generated:

{τm}Mm=1 = {tstart, tstart +∆t, . . . , tend}. (6.4)
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This vector {τm} serves as the reference time base for all data topics. For a given
topic with measurement vector

x(t) =


x1(t)

x2(t)
...

xd(t)

 , (6.5)

where d is the number of measured variables, linear interpolation is applied component-
wise. Given the original timestamps t1, t2, . . . , tK , the interpolated value for compo-
nent xi(t) at a new timestamp τ (with tk ≤ τ ≤ tk+1) is computed as:

xi(τ) = xi(tk) +
τ − tk
tk+1 − tk

(
xi(tk+1)− xi(tk)

)
. (6.6)

This process produces the resampled values x̃i(τm) for each timestamp τm. Arranging
these values for all components forms the resampled topic matrix:

X̃ =


x(τ1)T

x(τ2)T

...
x(τM)T

 . (6.7)

Yaw Angle Unwrapping and Translation: Yaw measurements, being inherently
circular, often exhibit discontinuities (e.g., abrupt jumps at ±π) that can throw off
simple interpolation schemes. To address this, the yaw angle is first unwrapped prior
to interpolation. This unwrapping is critical, it leverages the very discontinuities it
later removes to correctly reconstruct a continuous angular profile.

After unwrapping, the yaw values are translated so that 0 no longer corresponds
to geographic north, but rather to the heading at which the maneuver was initiated.
This translation simplifies the interpretation of analysis tool plots by aligning the
reference with the maneuver’s start direction. Importantly, while the translated yaw
is used for visualization, the original unwrapped yaw is preserved separately. This
unaltered data is essential for generating the rotational matrix needed to accurately
compute the velocity components u, v, and w.
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Merging State and Command Data: After interpolation, state-related topics
are concatenated column-wise to form a single, time-synchronized state matrix. Sim-
ilarly, command signals are interpolated onto the same time grid, resulting in a com-
mand matrix. These uniformly synchronized matrices facilitate subsequent processes,
including state-derivative estimation and system identification.

This resampling methodology guarantees strict synchronization across data topics
while avoiding the inaccuracies associated with extrapolation. Although the cropping
step slightly reduces the overall data length, it ensures that every resampled data point
lies within the valid range of the original measurements. Additionally, incorporating
a deadband in the buffer helps to fully capture the desired perturbation or maneuver
within the final resampled data arrays.

State and Derivative Estimation

This is a core process that computes the state vector x and its time derivative ẋ using
data from the Extended Kalman Filter (EKF) and raw sensor measurements. The
following steps detail the necessary mathematical operations:

1. Input and Sensor Selection.
From the merged state data matrix, the following signals are extracted:

ϕ, θ, ψ (Euler angles: roll, pitch, yaw),

Vxe , Vye , Vze (Velocities in the Earth frame),

p, q, r (Angular rates),

ṗ, q̇, ṙ (Angular accelerations derived from the EKF),

ax, ay, az (Linear accelerations),

TAS, WindSpeedn, WindSpeede (True airspeed and wind estimates),

h, ḣ (Altitude and altitude rate).

2. Rotation to the Center-of-Gravity (CG) Frame and Angular Accel-
eration.
The IMU measurements are initially reported in the sensor’s frame. To obtain
values at the aircraft’s center of gravity, a fixed rotation is applied using the
matrix RIMU→CG. This transformation converts both the linear accelerations



148

and angular rates:axay
az

 = RIMU→CG

axIMU

ayIMU

azIMU

 ,
pq
r

 = RIMU→CG

pIMU

qIMU

rIMU

 . (6.8)

3. IMU Translation Correction.
If the IMU is not located at the aircraft CG, the measured accelerations must
be corrected for the effects of rotation about the CG. Let rIMU→CG denote the
position vector from the IMU to the CG (expressed in the body frame). The
corrected acceleration in the CG frame is given by:

a(body)
CG = a(body)

IMU − ω̇ × rIMU→CG −
(
ω ×

(
ω × rIMU→CG

))
, (6.9)

where ω =
[
p q r

]T
and ω̇ =

[
ṗ q̇ ṙ

]T
. This correction accounts for the

apparent acceleration effects induced by the sensor’s offset from the CG.

4. Reconstruction of Body Velocities (u, v, w).
The corrected linear accelerations (ax, ay, az) in the body frame are numerically
integrated to obtain preliminary estimates of the body-frame velocities:

utemp(k) =
k∑

τ=0

ax(τ)∆t,

vtemp(k) =
k∑

τ=0

ay(τ)∆t,

wtemp(k) =
k∑

τ=0

az(τ)∆t.

(6.10)

Because numerical integration is susceptible to drift, these temporary velocities
are corrected using the estimated airspeed. First, the relative airspeed in Earth
coordinates is computed as:

Vearth =
(
Vxe − WindSpeedn, Vye − WindSpeede, Vze

)
. (6.11)

Then, by applying the standard direction-cosine matrix Rbody→earth(ϕ, θ, ψ), the
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Earth-frame velocity is transformed into the body frame:

Vbody = RT
body→earth Vearth. (6.12)

The final body-frame velocities are corrected as follows:uv
w

 =

utemp

vtemp

wtemp

+
(

Vbody −

uavg

vavg

wavg

), (6.13)

where uavg, vavg, and wavg represent averaged values over a suitable window to
mitigate drift. An alternative correction using the True Airspeed (TAS) was
evaluated but found less effective due to its lower sampling rate and higher
noise.

5. Euler Angles and Final State Vector Formation.
For simplicity in subsequent analyses, the yaw angle ψ is adjusted by subtracting
its initial value, effectively zeroing the heading at the start of the maneuver.
The final state vector is then defined as:

x =
[
u v w p q r ϕ θ ψ h

]T
. (6.14)

6. Time Derivatives of the State Vector.
The time derivatives of the state vector components are computed using the
vehicle’s translational and rotational dynamics. For the translational dynamics
in the body frame, the following equations are used:

u̇ = ax + r v − q w − g sin(θ),

v̇ = ay + pw − r u+ g cos(θ) sin(ϕ),

ẇ = az + q u− p v + g cos(θ) cos(ϕ).

(6.15)

The evolution of the angular rates (p, q, r) is given by:

ṗ = ṗbody,

q̇ = q̇body,

ṙ = ṙbody,

(6.16)
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where ṗbody, q̇body, and ṙbody are obtained either from the EKF or through
numerical differentiation of the IMU data. The Euler-angle kinematics are
expressed as:

ϕ̇ = p+ q sin(ϕ) tan(θ) + r cos(ϕ) tan(θ),

θ̇ = q cos(ϕ)− r sin(ϕ),

ψ̇ = q
sin(ϕ)
cos(θ) + r

cos(ϕ)
cos(θ) .

(6.17)

Additionally, the height rate is computed as per [169]:

ḣ = u sin(θ)− v cos(θ) sin(ϕ)− w cos(θ) cos(ϕ). (6.18)

Thus, the state derivative vector is assembled as:

ẋ =
[
u̇ v̇ ẇ ṗ q̇ ṙ ϕ̇ θ̇ ψ̇ ḣ

]T
. (6.19)

In summary, the state vector x and its derivative ẋ are returned as two N × 10
arrays that serve as the basis for subsequent system identification or validation steps.
Although ẋ is primarily reconstructed from the available IMU data, an alternative
approach involving direct differentiation of the state vector x is also implemented.
Comparative testing, particularly under higher noise levels, indicated that the recon-
struction approach yields better results. Figure 6.2 compares the two methods for
obtaining ẋ.
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Figure 6.2: Comparison of ẋ derived via direct reconstruction versus numerical dif-
ferentiation.

Command Delay Estimation and Shifting

When actuator commands and measured states are not synchronized, it is necessary
to estimate and compensate for inherent time delays (such as communication lags,
actuator dynamics, and sensor response times) to facilitate accurate system iden-
tification. The following procedure outlines our in-flight method for detecting and
correcting these delays.

Let ui[n] denote the command signal for actuator i, and let xj[n] represent a
measured state that is strongly influenced by that actuator (for example, roll rate or
pitch rate). The delay estimation process proceeds as follows:

1. Signal Normalization: Both the command and state signals are normalized
to zero mean and unit variance:

ũi[n] =
ui[n]− µui

σui

, x̃j[n] =
xj[n]− µxj

σxj

, (6.20)

where µui
and σui

(respectively, µxj
and σxj

) denote the sample mean and standard
deviation of the command (state) signal.
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2. Cross-Correlation Calculation: To quantify the delay between ũi[n] and
x̃j[n], we compute the discrete cross-correlation for nonnegative lags:

Rũi,x̃j
[τ ] =

∑
n

ũi[n] x̃j[n− τ ], (6.21)

with τ ≥ 0 to reflect the physical constraint that the system response cannot precede
the command.

3. Delay Identification: Within the interval [0, τmax], where τmax is set based on
prior knowledge of plausible system latencies (e.g., 500 ms in our case), the optimal
delay τ̂ is determined by:

τ̂ = arg max
0≤τ≤τmax

∣∣∣Rũi,x̃j
[τ ]
∣∣∣. (6.22)

Because an actuator command may influence multiple states, the cross-correlation
is computed for each candidate state, and the state yielding the largest absolute
correlation identifies both the effective delay and the most directly influenced state.

Figure 6.3 illustrates a representative cross-correlation between an aileron com-
mand and the roll rate measured by the gyroscope. The prominent peak at a positive
delay indicates the effective time offset between the control signal and the aircraft
response.
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Figure 6.3: Example cross-correlation between an aileron command and the roll rate
during a SID maneuver in turbulence.

4. Command Shifting: Once the delay τ̂i for each actuator command is identified,
the delay is converted to an integer number of samples. Given a common sampling
period dt, the sample delay is

∆ni =

⌊
τ̂i
dt

⌋
. (6.23)

The time-aligned (shifted) command signal ûi[n] is then constructed as:

ûi[n] =

ui[n−∆ni], for n ≥ ∆ni,

ui[0], for 0 ≤ n < ∆ni.
(6.24)

Filling the initial segment with ui[0] ensures continuity. This procedure is repeated for
every actuator command signal to guarantee that the control inputs are temporally
aligned with the corresponding system responses.
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Actuator Model

In practice, the command sent to an actuator does not directly reflect the physical
input due to the inherent filtering characteristics of the actuator. Sudden or rapid
changes in the command signal are not executed instantaneously; rather, the actuators
behave like low-pass filters. Ideally, direct measurements of control surface deflections
(in degrees) or motor RPMs would be available for system identification. However,
in many UAVs—including the one used in this work—such feedback signals are not
accessible.

There are several options for addressing this limitation:

• In-Flight Identification: Include the actuator dynamics within the online
system identification (SID) problem.

• Bench Testing: Identify actuator dynamics in a controlled test bench envi-
ronment (as demonstrated in [79]) and use fixed models for each actuator.

• Neglect Actuator Dynamics: Omit actuator modeling at the cost of a re-
duced fit in the SID model.

In our controller implementation, the option to account for actuator dynamics is
configurable. When enabled, each control input is passed through a first-order filter
that approximates the actuator behavior. The filter is defined as

α =
∆t

τa +∆t
,

udeflected[k] = (1− α) udeflected[k − 1] + αK u[k],

(6.25)

where:

• ∆t is the sampling period,

• τa is the actuator time constant (we use τa = 0.015 seconds, based on bench
tests of the servo under cruise load conditions),

• K is the actuator gain (set to K = 1 in our implementation, with any effec-
tiveness discrepancies compensated by the aerodynamic coefficients identified
during SID), and

• k is the discrete time index.
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The output udeflected[k] represents the effective command that mimics the physical
response of the actuator.

Finally, the processed commands, states, and state derivatives are concatenated
into a time-synchronized matrix. This matrix serves as the input for the Model Su-
pervisor and the Online System Identification Process, ensuring that all components
of the system are aligned and accurately reflect the underlying dynamics.

6.2.3 Model Supervisor and Library

The Model Supervisor plays a critical role in maintaining an accurate representation
of the vehicle dynamics by continuously evaluating and updating the model used for
control. Its responsibilities can be summarized in two primary tasks:

1. Real-Time Model Fit Evaluation: The supervisor continuously compares
the predictions of the active vehicle model against the actual flight data. If
the discrepancy between the model’s predicted states and the measured states
exceeds a predefined threshold, the supervisor initiates a new command pertur-
bation, thereby triggering the system identification process. This mechanism is
designed to detect changes in vehicle dynamics and prompt an investigation of
any new or evolving dynamics. For experimental flexibility, this triggering can
be manually overridden from the ground station.

2. Model Library Management and Selection: After a command perturba-
tion, newly identified models are archived in a library. The supervisor then
evaluates these models against the currently active model, as well as previ-
ously stored models, to determine which best represents the vehicle’s dynamics.
The evaluation is based on a fitness metric—specifically, the coefficient of de-
termination R2—which quantifies the agreement between the predicted state
derivatives and the measured (or numerically differentiated) state derivatives.
Only a model that improves upon the current fit is selected for subsequent use
by the model-based controller.

To quantify model performance, let x(t) denote the vector of vehicle states,
ẋmodel(t) the time derivatives predicted by a candidate model, and ẋmeas(t) the mea-
sured or numerically differentiated time derivatives. For each state i, the R2 score is
computed as:
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R2
i = 1−

∑
t

(
ẋmeas,i(t)− ẋmodel,i(t)

)2∑
t

(
ẋmeas,i(t)− ¯̇xmeas,i

)2 , (6.26)

where ¯̇xmeas,i is the mean of ẋmeas,i(t) over the evaluation window. For multi-
output systems, an aggregate R2 value may be obtained by averaging or weighting
the individual R2

i scores. In our implementation, a single scalar R2 is used to reflect
the overall goodness-of-fit across all states [170].

The R2 metric is advantageous because it compresses the model’s performance into
a single interpretable value within the interval (−∞, 1]. An R2 value close to 1 (or
100%) indicates that the model explains most of the variance in the measured data,
whereas a value near or below 0 suggests that the model performs poorly relative to a
simple constant baseline. This single numeric score thus simplifies model comparison
and selection within the library.

Additional parameters, such as model complexity, are monitored as well. Ex-
cessive model complexity may indicate issues with the convergence or tuning of the
system identification (SID) process, leading to overfitting or poorly converged models.
In such cases, overly complex models are flagged and discarded in favor of sparser
representations.

Furthermore, the MIAC architecture offers the option for the supervisor to search
the model library for a better-fitting model under current flight conditions before
triggering a new command perturbation. This capability is particularly useful when
the vehicle configuration changes (e.g., landing gear deployment), allowing a seamless
model switch without the delay of a new SID process.

The fact that the model library maintains a historical archive of models over
time means that can be used to parameterize certain model coefficients as operating
conditions change or, in some cases, averaging model coefficients from multiple stored
models can enhance robustness.

At the maiden flight, the model library is initialized with a reference model. This
reference model incorporates estimated aerodynamic properties, control surface ef-
fectiveness, and mass/inertia characteristics, and in our case, it was derived from a
CFD analysis of a similarly sized UAV. Details of this reference model are provided
in Appendix A.
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6.2.4 Command Perturbation

When the command perturbation process is triggered, the reference commands gen-
erated by the model-based controller are temporarily replaced with predefined per-
turbation signals. This intentional injection of external commands serves several
purposes:

• Dynamic Excitation: It excites the vehicle’s dynamics to achieve a high
signal-to-noise ratio (SNR) for system identification.

• Actuator Characterization: It activates all control surfaces and propulsion
units so that both their individual and collective contributions to the vehicle’s
dynamics can be observed.

• Flight Envelope Exploration: It allows the vehicle to safely explore its
flight envelope by inducing controlled changes in state, thereby revealing how
variations in airspeed and attitude affect overall dynamics.

To ensure safety, the amplitude and frequency content of the perturbation signals are
carefully designed to avoid excessive loads, high angles of attack, extreme attitudes,
or speeds outside the allowable range.

Data collection efficiency is also a key consideration. Perturbations that maxi-
mize the information content in the shortest possible training time reduce risk. For
this reason, open-loop perturbations are chosen to simplify the system identification
process by removing the confounding effects of feedback compensation. For vehi-
cles that require continuous active control (such as inherently unstable platforms) a
closed-loop perturbation approach may be necessary.

In this work, four different perturbation signals are implemented: multisine, se-
quences of chirps, 3-2-1-1, and doublets. The multisine and chirp inputs are partic-
ularly well-suited for system identification due to their rich frequency content, while
the 3-2-1-1 and doublet inputs serve as convenient validation signals. The following
subsubsection provides a detailed description of the multisine perturbation.

Multisine

A key perturbation strategy adopted in this study is the multisine control input de-
sign, as proposed by Morelli [117] and validated in subsequent flight testing for system
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identification [171, 172]. The multisine approach superimposes multiple sine waves—
each with distinct frequencies, amplitudes, and phases—into the control command
of each actuator. By exciting each control surface with a unique set of frequency
components, the contribution of each actuator to the overall vehicle response can be
identified simultaneously, enabling robust dynamic identification over a broad fre-
quency range.

For the jth control actuator, the multisine input signal is defined as:

uj(t) =
∑
k∈Kj

A
√
Pk cos

(
2πk

T

(
t+ tshift

)
+ ϕk

)
, (6.27)

where:

• A represents the maximum allowed amplitude of the perturbation (relative to
the trim condition),

• Kj is the set of integer frequency indices allocated to the jth actuator,

• T is the total training (or excitation) time,

• tshift is a time shift ensuring that the signal starts and ends at zero,

• ϕk is the phase lag for the kth frequency component, and

• Pk characterizes the power spectral distribution among the frequency compo-
nents, satisfying

∑
k Pk = 1.

While a uniform power distribution (i.e., Pk = 1/n for n frequencies) is commonly
used, it is sometimes beneficial to bias or dampen certain frequency bands accord-
ing to known or anticipated vehicle dynamics. For instance, for the elevator control
input, an exponentially decaying power spectrum is applied to avoid excessive am-
plitudes at lower frequencies. This modification ensures sufficient excitation of the
pitch dynamics without over- or under-speeding the vehicle.

The phase angles ϕk are optimized to minimize the Relative Peak Factor (RPF)
of the control signal, which is defined as:

RPF
(
uj
)
=

max
(
uj(t)

)
− min

(
uj(t)

)
2
√
2 rms

(
uj(t)

) , (6.28)
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where rms
(
uj(t)

)
is the root-mean-square value of the jth control input over one

period of excitation. A lower RPF is preferable, as it indicates that the signal provides
high excitation energy without causing large deviations from the trim condition.

To compute the phase angles that minimize the RPF, a non-convex optimization
is performed offline for each actuator. In this study, a variant of the Nelder-Mead
simplex method is used, terminating the optimization either when the RPF improve-
ment falls below a predefined threshold (e.g., 0.05) or after a maximum number of
iterations (e.g., 300). Although this approach does not guarantee a global optimum, it
substantially reduces computational cost and typically yields acceptable RPF values
(around 1.25) within the constraints of flight safety.

After optimizing the phase angles, a time shift tshift is applied to ensure that the
multisine signal begins and ends at zero. This is accomplished by locating the first
zero crossing of the generated signal and adjusting the phase accordingly, thereby
ensuring a smooth transition between the baseline and perturbed flight states.

Additional considerations are made when mapping the frequency indices k to a
user-defined frequency range [fmin, fmax]. The minimum spacing between consecutive
frequencies and the total number of frequencies are determined based on actuator-
specific constraints and the training duration. A new parameter is introduced to
enforce a higher minimum frequency spacing between actuators, ensuring adequate
separation for reliable identification of each actuator’s contribution. Moreover, if fmin

is set too low relative to T , it is adjusted so that the corresponding low-frequency
sine completes a full cycle.

Figures 6.4 and 6.5 show a representative multisine control input and its corre-
sponding frequency spectrum, respectively. In the FFT plot, distinct peaks represent
each frequency component, with the amplitude at each frequency determined by the
chosen power distribution Pk. (In this example, only actuator 3 (elevator), actuator
4 (rudder), and actuator 7 (motor) employ a non-uniform Pk distribution.)
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Figure 6.4: Example of a multisine control input.

Figure 6.5: FFT of the example multisine input, showing the distinct frequency
components that collectively excite the system.
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Overall, the multisine approach is highly effective for online flight system iden-
tification. It provides a broad excitation spectrum while minimizing abrupt control
deflections and reducing the training time required. This ensures that the vehicle’s re-
sponse remains within a safe operating envelope while yielding rich data for accurate
model identification.

Chirp Sequence

For comparative testing and to explore a more classical perturbation approach, chirp
signals (or swept-sine signals) are also implemented for control excitation. Chirps sys-
tematically excite the system across a specified frequency range by gradually sweeping
from a lower bound frequency f1 to an upper bound frequency f2. This frequency
sweep yields valuable insight into the dynamics over that range.

The chirp design adopted in this work is an exponential swept-sine signal as pro-
posed by Novak and Burrascano [173, 174]. The signal is defined by a time-varying
amplitude a(t) and an instantaneous phase ϕ(t):

u(t) = a(t) sin
(
ϕ(t)

)
. (6.29)

In this formulation:

• The amplitude a(t) is designed to decay exponentially over time, mitigating the
risk of large deviations from trim at low frequencies where system gains may
be high. Typically, the amplitude is given by

a(t) = A0 exp
(
−α t

)
, (6.30)

where A0 is the initial amplitude and α > 0 is a constant controlling the decay
rate.

• The instantaneous phase ϕ(t) ensures that the frequency sweeps exponentially
from f1 at t = 0 to f2 at t = T . Following [173], the phase is defined as

ϕ(t) = 2π f1 L
[
et/L − 1

]
+ ϕ0, (6.31)

with
L =

T

ln
(

f2
f1

) , (6.32)
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where T is the total duration of the chirp and ϕ0 is an optional phase offset.
The instantaneous frequency is then given by

f(t) =
1

2π

dϕ(t)

dt
, (6.33)

which produces a logarithmic distribution of frequencies over the interval [f1, f2].

In practice, the total training time Ttrain may be divided equally among Nactuators,
assigning each actuator a time slice Tslice = Ttrain/Nactuators. During its allocated
slice, an actuator performs the exponential chirp while the others maintain trim or
zero perturbation. This serial approach minimizes the risk of overlapping frequency
content between actuators, thereby simplifying parameter estimation.

Figure 6.6 illustrates an example of a chirp excitation sequence, showing the am-
plitude decay over time and the exponential frequency sweep from f1 to f2. Compared
to the multisine input, the chirp approach generally requires a longer training period
to acquire equivalent frequency-response data. However, by isolating the frequency
content in separate time windows, actuator-to-actuator interference is reduced, an
advantage when dynamic responses at closely spaced frequencies are challenging to
distinguish or when cross-coupling is a concern.

Figure 6.6: Example of a chirp sequence (exponential swept-sine).

3-2-1-1 Sequence

A classical step-based excitation used in flight control system identification is the
3-2-1-1 sequence. This method applies a series of step inputs with alternating signs
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following a prescribed ratio, typically denoted as “3,” “2,” “1,” and “1” in terms of
relative magnitude or duration. Like the chirp signal, these excitations are executed
sequentially across different actuators within the available training time.

In its simplest implementation, each 3-2-1-1 maneuver divides the total allocated
time for an actuator into four distinct segments:

• The total duration of the maneuver matches the time slice allocated to that
actuator.

• Each segment applies a step of either +A or −A, where A is a design parameter.

• The sign of A alternates to ensure the vehicle experiences both positive and
negative deflections.

The amplitude pattern is scaled according to the ratios (3, 2, 1, 1), ensuring that the
excitation remains within safe flight conditions.

In our experimental setup, the total training time Ttrain is divided among Nactuators,
with each actuator assigned a time window Tslice = Ttrain/Nactuators. Within this
window, the actuator steps through four sub-windows that correspond to the 3-2-1-1
pattern plus a deadband. The durations of these sub-windows are proportional to the
specified timing ratios (i.e., 3 + 2 + 1 + 1 + 1 = 8 parts in total), and the deflection
amplitude alternates in sign accordingly.

Figure 6.7 shows a representative 3-2-1-1 sequence. This pattern produces clear,
well-separated step responses, which simplifies the interpretation of transient dynam-
ics during system identification. However, since the steps are executed sequentially,
the approach can be time-consuming for vehicles with many actuators. Moreover,
large step amplitudes (especially in the initial or intermediate phases) may risk driv-
ing the aircraft outside its normal flight envelope. Therefore, careful selection of the
amplitude A is essential to balance sufficient excitation energy with safety constraints.



164

Figure 6.7: Example of a 3-2-1-1 control input sequence.

Doublet Sequence

Another well-known step-based maneuver is the doublet input. A doublet consists of
two consecutive step commands of equal magnitude and opposite sign, causing the
control surface to move quickly from a positive deflection to a negative deflection (or
vice versa). This approach is widely used for simpler excitation and quick checks of
the dynamic response.

In practice, each actuator is assigned its own time window Tslice, which can be
subdivided to accommodate the doublet maneuver. The simplest doublet sequence
for a single actuator is defined as:

u(t) =


+A, 0 ≤ t < ∆t,

−A, ∆t ≤ t < 2∆t,

0, t ≥ 2∆t,

(6.34)

where A is the chosen amplitude and ∆t is the step duration. In our implementation,
each actuator executes its doublet in turns and then returns to zero or its trim value,
allowing the remaining actuators to perform their excitations during their allocated
time windows.
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Figure 6.8: Example of a doublet control input sequence.

Similar to the 3-2-1-1 and chirp approaches, doublets are applied sequentially
across actuators. In our scheduling, actuators that induce minimal disturbances are
tested first, followed by those with more significant effects. This strategy helps keep
the aircraft closer to trim during the initial portions of the test and minimizes abrupt
deviations from safe flight conditions.

Compared to complex signals like multisine or chirps, doublet inputs provide
fewer frequency components and thus yield less rich information for high-fidelity sys-
tem identification. However, their simplicity, ease of implementation, and distinct
transient responses make them valuable for rapid checks or to supplement more so-
phisticated perturbation methods.

Note on Sequencing. The order in which actuators execute these perturbation
sequences can significantly affect data quality and flight safety. Actuators with mini-
mal impact on overall flight dynamics are typically perturbed first to ensure stability,
while actuators with opposing effects (e.g., ailerons on opposite wings) are excited in
succession to maintain symmetry in the vehicle’s response. This sequencing concern
is less critical for multisine inputs, which are generally injected concurrently over the
entire training period.

Trim

To prevent the aircraft from departing excessively from trim conditions during per-
turbation sequences, a trim offset is added to the command signal. This offset ensures
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that the vehicle’s nominal state remains close to a safe, steady flight condition, even
during strong or prolonged excitations.

Static Trim Estimation. A static trim value, utrimj
, is computed before the per-

turbation procedure begins by averaging the autopilot commands over a recent time
window. Formally, if uAPj,t

denotes the jth channel command from the onboard
autopilot at time t, then:

utrimj
=

1

n

∑
t∈Twindow

uAPj,t
, (6.35)

where Twindow is the interval covering the last n seconds (e.g., 3 seconds in our tests).
This value captures the nominal control positions required to maintain a stable flight
state. Once established, utrimj

is added as a baseline offset to all subsequent pertur-
bation commands.

Active (Dynamic) Trimming. In addition to the static trim, a slow, low-gain
dynamic trim adjustment is optionally applied during excitation. Its purpose is to
gently nudge the aircraft back toward nominal flight if it drifts too far from desired
states such as roll angle, airspeed, or altitude. The dynamic trim can be expressed
as a feedback term:

udyn_trimj
(t) = f

(
e(t)

)
, (6.36)

where e(t) represents the error between the current flight state and the initial refer-
ence, and f is a slow-reacting controller that filters and limits the rate of change in
the trim correction.

An exponential smoothing (low-pass) filter is applied to the raw error e(t) to avoid
reacting to the rapid variations induced by the perturbation signal:

ef (tk) = α e(tk) +
(
1− α

)
ef (tk−1), (6.37)

where 0 < α < 1 is the smoothing factor, tk denotes the kth discrete time step, and
ef (tk−1) is the previously filtered error.

The filtered error is then scaled by a small proportional gain to produce a prelim-
inary correction command c0(tk). For example, for roll and speed channels:

cϕ1(tk) = kϕ eϕf
(tk), cϕ2(tk) = − kϕ eϕf

(tk), cv(tk) = − kv evf (tk), (6.38)
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or in vector form,
c0(tk) = K ef (tk), (6.39)

where K is a gain matrix mapping each filtered error component to the relevant
control channel.

To avoid abrupt or large changes in the trim command, the magnitude of the
change per unit time is capped. Let ∆t = tk − tk−1 and denote the dynamic trim
command at time tk−1 by c(tk−1). Then:

∆c(tk) = c0(tk)− c(tk−1), (6.40)

∆c(tk) = clip
(
∆c(tk),− ċmax ∆t, ċmax ∆t

)
, (6.41)

and the updated dynamic trim command is

c(tk) = c(tk−1) + ∆c(tk). (6.42)

Here, the clip function limits each component of ∆c(tk) to the range ±ċmax ∆t.
Finally, the total command sent to each actuator is given by the sum of the

static trim, the dynamic trim, and the perturbation command, all constrained by the
actuator limits:

ufinalj(t) = clip
(
utrimj

+ cj(t) + upertj(t), −1, 1
)
. (6.43)

In practice, parameters such as α, kϕ, kv, and ċmax are tuned to ensure that the
dynamic trim gently counteracts low-frequency drifts or disturbances without negat-
ing the higher-frequency excitation required for system identification. This approach
keeps the aircraft near its desired flight condition while preserving the integrity of
the perturbation input.

Considerations for System Identification. For short-duration excitations, open-
loop tests using only a static trim are generally preferred because any active feedback
may distort the measured vehicle responses or interfere with the intended input fre-
quencies. However, for longer test campaigns or in environments with significant
disturbances (e.g., gusty winds), a slow dynamic trim can help maintain safety and
prevent large deviations. Care must be taken (especially in multisine perturbations)
since low-frequency components might be counteracted by the feedback trim, compro-
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mising the orthogonality of the actuator signals. Future work may consider dynamic
inversion or other feedforward strategies to maintain altitude or speed without sacri-
ficing identification fidelity.

Transition to System Identification. At the conclusion of the command per-
turbation phase—and after a brief waiting interval to allow transients to settle—the
collected input-output data are passed to the identification routine. The System
Identification process then fits a new dynamic model or updates the existing model
library based on the most recent vehicle responses, setting the stage for adaptive
control updates as described in subsequent sections.

6.2.5 Online System Identification

The online system identification (SID) process is the core component of the MIAC
architecture. Its ability to accurately and robustly capture the vehicle dynamics is
critical for effective adaptive control. The conceptual basis for the online SID is
outlined in [115] and builds upon the Sparse Identification of Nonlinear Dynamical
Systems (SINDy) framework developed by Brunton et al. [35, 157, 170, 175, 176]. By
leveraging sparse regression techniques, the SID method strikes a balance between
performance and flexibility, enabling real-time estimation of the governing equations
of motion for the UAV from measured states and control inputs.

When triggered, the online SID process receives a flight data matrix contain-
ing the pre-processed, time-synchronized measurements of the vehicle states, their
time derivatives, and the control inputs. These data have been carefully filtered, re-
sampled, and adjusted for command delays and actuator dynamics, as described in
previous sections. This rigorous data preparation is essential for successful system
identification.

State Representation and Control Input

An important early decision in the SID process is the selection of the state variables.
In our work, we use the standard fixed-wing states. Note that certain variables, such
as air density, are omitted from the state vector; consequently, the identified models
are not explicitly parameterized with respect to air density. For the vehicles used
in this research, this limitation is acceptable given the limited range of operating
conditions.
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The state vector is defined as:

x =
[
u v w p q r ϕ θ ψ

]T
, (6.44)

where u, v, w represent the body-frame linear velocities, p, q, r denote the angular
velocities, and ϕ, θ, ψ are the roll, pitch, and yaw Euler angles, respectively. The
altitude h is omitted from the SID process because its dynamics are well defined for
fixed-wing aircraft:

ḣ = u sin(θ)− v cos(θ) sin(ϕ)− w cos(θ) cos(ϕ). (6.45)

The control input vector for the test vehicle is defined as:

u =
[
uailR uailL uele urud uflapR uflapL uthr

]T
. (6.46)

The time derivatives of the states, ẋ, are computed as described in Section 6.2.2.

Function Library

The underlying assumption in our model is that the system dynamics follow a general
nonlinear form:

ẋ = Θ(x, u)Ξ, (6.47)

where Θ(x, u) is a library of candidate functions, and Ξ is the coefficient matrix that
selects the active terms in the model. The candidate function library is constructed
to capture a wide range of dynamic behaviors, including:

• Bias Term: Constant offset for baseline effects.

• Linear Functions: Identity mappings of states and inputs for proportional
dynamics.

• Polynomial Functions: Higher-order terms (squares, cross-products) to cap-
ture nonlinear interactions.

• Trigonometric Functions: Sine and cosine terms to model periodic and os-
cillatory behavior, particularly in angular motions.

• Kinematic Equations: Predefined relations that enforce the constraints of
rotational motion.
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• Gravity and Force Terms: Functions incorporating gravitational accelera-
tion and force-based effects.

• Moment Equations: Terms representing rotational interactions involving in-
ertia and angular rates.

• Aerodynamic Angle Terms: Angle of attack (α) and sideslip angle (β),
which are critical for accurate aerodynamic modeling.

• True Airspeed: Functions capturing the magnitude of velocity components
to reflect aerodynamic influences.

A careful selection of the library is crucial. A library that is too large increases the
complexity of the regression problem, whereas one that is too small may fail to capture
the vehicle dynamics. The complete library of functions used in our simulation and
flight tests is available in Appendix B.

Sparse Regression Problem

The identification of Ξ is achieved by solving a sparse regression problem with
sparsity-promoting constraints. Several methods can be employed:

• Constrained Sparse Relaxed Regression (Constrained SR3): This method
solves a relaxed regression problem with constraints that enforce physical con-
sistency. The objective function is formulated as:

min
Ξ,W

1

2
∥ẋ −Θ(x, u)Ξ∥22 + λR(W) +

1

2
ν∥Ξ− W∥22,

subject to C W = d,

(6.48)

where W is an auxiliary variable, λ and ν are hyperparameters, and C and d

encode physical constraints.

In our formulation, the regularization function R(W) is treated as a hyperpa-
rameter that can be set to different functions:

– ℓ0: Enforces strict sparsity by directly penalizing the number of non-zero
coefficients.

– ℓ1: Provides a convex relaxation of the ℓ0 norm, promoting sparsity while
keeping the optimization computationally efficient.
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– ℓ2: Applies ridge regularization, which smoothly shrinks coefficients prior-
itizing robustness over aggressive sparsity.

More information about this optimization and the implementation may be found
in [177, 178].

• Mixed Integer Optimization for Sparse Regression (MIOSR): This
approach enforces sparsity through combinatorial constraints:

min
ξ,z

∥ẋj −Θ(x, u) ξ∥22 + λ∥ξ∥22, (6.49)

subject to ML
i zi ≤ ξi ≤MU

i zi, i = 1, . . . , D, (6.50)
D∑
i=1

zi ≤ kj, (6.51)

ξi ∈ R, zi ∈ {0, 1}, i = 1, . . . , D. (6.52)

The parameters ML
i and MU

i are bounds on the coefficients, and kj specifies
the target sparsity. More information about this optimization method might
be found in [179].

• Sequential Threshold Least Squares (STLSQ): This iterative method
solves a least-squares problem while thresholding small coefficients to zero:

min
Ξ

∥ẋ −Θ(x, u)Ξ∥22 + λ∥Ξ∥22. (6.53)

More information about the application of this optimization method may be
found in [157].

Initialization Strategy: For all methods, the optimization’s convergence is highly
sensitive to the initial guess for the coefficients. Instead of starting with random
values, we initialize the coefficients using prior models. Specifically, the previous
current best model is used as the initial guess, while a reference model is employed
for the first flight. Remarkably, even an initial guess from a completely different
vehicle has been observed to substantially improve convergence.

For the SR3 and MIOSR methods, the identification can be constrained using
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prior physical knowledge, such as enforcing the kinematic equations for angular rates:

ϕ̇ = p+ q sin(ϕ) tan(θ) + r cos(ϕ) tan(θ), (6.54)
θ̇ = q cos(ϕ)− r sin(ϕ), (6.55)

ψ̇ =
q sin(ϕ) + r cos(ϕ)

cos(θ) . (6.56)

These constraints improve convergence by ensuring that the estimated model adheres
to fundamental flight dynamics. In our experiments, only the equations for ϕ̇, θ̇,
and ψ̇ were constrained, as unconstrained trigonometric functions often degraded
convergence in the optimizer.

Hyperparameter Selection

Hyperparameter optimization plays a critical role in balancing model accuracy and
complexity. The optimization process searches over key hyperparameters such as:

• Regularization thresholds (λ) for sparsity enforcement.

• Penalization terms for the SR3 and STLSQ methods.

• Target sparsity levels for MIOSR.

• Maximum iteration limits to ensure convergence.

Each hyperparameter configuration is evaluated based on:

1. The model’s ability to reconstruct the training dataset (ẋ) from x and u.

2. The validation score computed on an independent dataset (out-of-sample).

3. The model complexity, measured by the number of nonzero coefficients in Ξ.

Rather than selecting the hyperparameters that yield the absolute highest out-of-
sample fit, we choose those that achieve a fit within a specified threshold of the
maximum while minimizing model complexity. Figure 6.9 shows an example hyper-
parameter search outcome for the SR3 method.
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Figure 6.9: Model Score and Complexity of the SID model as a function of the
optimization hyperparameters.

A careful analysis of the sparsification parameter is crucial to ensure that the
regression converges reliably over a broad range of operating conditions.

Real-Time Identification Process

The real-time SID process proceeds as follows:

1. Pre-process sensor data to obtain the state x, its time derivative ẋ, and control
input u.

2. Generate the function library Θ(x, u) based on the selected candidate functions.

3. Load a reference model as an initial guess for the optimization.

4. Solve the sparse regression problem to estimate the coefficient matrix Ξ.

5. Evaluate model accuracy using a scoring function (e.g., R2).

6. Save the identified model for use within the adaptive control framework.

Additional options for enhancing the SID process include:

• Using Multiple Trajectories: If training data is limited (e.g., due to con-
strained flight space or significant deviations from setpoints), perturbations can
be performed multiple times. The resulting data can be concatenated, and the
sparse regression can be run with multiple initial conditions.
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• Ensembling: The training data may be segmented (e.g., into 20 segments)
and the SID process applied separately to each. The resulting models can
be averaged to yield an “ensemble” model with statistical measures (such as
coefficient deviation) to improve robustness.

• Library Ensembling: Alternatively, the function library itself can be seg-
mented into subsets, and identification performed on each subset. This ap-
proach is generally less effective if the library is small.

• Incorporating Prior Physical Knowledge: Adding inequality constraints
(rather than strict equality constraints) to the differential equations provides
some leeway while still enforcing fundamental physical relationships.

Once the SID model is identified, extracting aerodynamic coefficients is straight-
forward if the vehicle’s mass, inertia, and geometric properties are known. This
capability is useful not only for simulating the test vehicle but also for exploring
flight scenarios with modified physical properties.

6.2.6 Model-Based Controller

This section describes the model-based controller used in our research. The controller
leverages the best available model, obtained from the online system identification
(SID) process and selected by the model supervisor, to generate optimal control in-
puts that drive the vehicle toward desired setpoints. In a model-based controller, a
mathematical representation of the system dynamics is used to predict future behav-
ior and plan control actions accordingly. For our UAV application, a Model Predictive
Control (MPC) strategy was chosen due to its proven performance in similar appli-
cations [180].

The controller is implemented using the state-of-the-art do-mpc framework [181],
which formulates and solves a finite-horizon optimal control problem at each time
step. The identified model from the SID process is used as the internal prediction
model. In the following sections, we detail how this MPC model is constructed,
how delays and actuator dynamics are incorporated, and how the cost function and
constraints are designed.
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MPC Model Formulation

Before the MPC can be applied, the SID model must be transformed into a form
suitable for real-time optimization. The SID model, originally obtained as a sparse
regression solution with many candidate functions, is first “cleaned” to retain only
the active terms. It is then translated into CasADi notation [182] to facilitate efficient
nonlinear optimization.

After conversion, additional dynamics that were not directly captured in the SID
process are re-introduced:

• Height Dynamics: Although the SID process omits altitude h (given its well-
defined behavior in fixed-wing aircraft), the height dynamics are incorporated
by adding the differential equation (6.18).

• Control Delay and Actuator Dynamics: To account for the identified
delays in the system, a first-order lag filter approximates the time delay. For
each control input u(t), a corresponding delayed state udelayed(t) is introduced:

d

dt

(
udelayed(t)

)
=

1

τ

(
u(t)− udelayed(t)

)
, (6.57)

where τ is the identified delay. In the model equations, every occurrence of u
is replaced by udelayed to accurately represent the lagged effect. More accurate
delay representations (e.g., cascading multiple first-order lags or using higher-
order Padé approximations) can be used if higher fidelity is required.

MPC Cost Function Design

A receding horizon strategy is adopted, where at each time step the following finite-
horizon optimal control problem is solved:

min
{xk, uk}Nk=0

N−1∑
k=0

(
ℓ(xk, uk) + ∆uT

kR∆uk

)
+m(xN , uN) (6.58)

subject to xk+1 = f(xk, uk), k = 0, . . . , N − 1,

x0 = xmeasured,

xk ∈ X , uk ∈ U , k = 0, . . . , N − 1.

In our implementation:
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• The stage cost ℓ(xk, uk) penalizes deviations from reference setpoints. For
example, a typical stage cost is defined as

ℓ(xk, uk) =
(V − Vsp

CSpeed

)2
+
( v

Cv

)2
+
(ϕ− ϕsp

CRoll

)2
+


(

h−hsp
CAltitude

)2
, (TECS mode)(

θ−θsp
CPitch

)2
, (Attitude mode)

(6.59)
where V =

√
u2 + v2 + w2 is the total airspeed, v is the side-slip speed, and

CSpeed, Cv, CRoll, CAltitude, CPitch are user-defined weights.

• The term ∆uT
kR∆uk penalizes the rate of change in the control inputs (∆uk =

uk − uk−1) to ensure smooth control actions, where R is a weighting matrix.

• The terminal cost m(xN , uN) includes the stage cost at the terminal state
and an additional penalty on the angular rates (p, q, r) to ensure that rotational
dynamics settle:

m(xN , uN) = ℓ(xN , uN) + ∆uT
NR∆uN + (p2 + q2 + r2). (6.60)

Optional Constraints and Setpoint Management

Although our core MPC formulation is unconstrained for computational efficiency,
the framework permits the imposition of state and input constraints when necessary.
For instance, one might specify:

9.0m/s ≤ V ≤ 20.0m/s,

and
−1.0 ≤ uailR, uailL, uele, urud, uflapR, uflapL, uthr ≤ 1.0.

These constraints guarantee that the controller operates within safe and hardware-
prescribed limits. However, they add computational overhead, so in our nominal
tests the cost function was designed conservatively enough to naturally keep states
and inputs within acceptable ranges.

The MPC framework also supports time-varying setpoints. Two modes are avail-
able for handling setpoints over the prediction horizon:
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• Future-Aware Setpoints: The MPC is provided with the expected evolution
of the setpoints over the prediction horizon, allowing it to anticipate changes.

• Blind Setpoints: The setpoint is treated as constant over the horizon and is
updated only at each re-optimization. This allows for an easier performance
comparison with traditional PID controllers.

Figure 6.10 illustrates the difference in vehicle response between these approaches.
When the controller is supplied with future setpoints, it effectively anticipates upcom-
ing maneuvers, thereby reducing the overall error between the state and the setpoint.
This advantage is particularly significant for missions that follow a predetermined
plan. In contrast, when the setpoints are provided in real time, such anticipatory
control is not possible, resulting in a delayed and more reactive response.

Figure 6.10: Comparison of MPC setpoint strategies: future-aware versus blind set-
point modes.

Closed-Loop Implementation and Computational Considerations

After solving the finite-horizon optimal control problem, the first control input u∗0
is applied to the system. The MPC then operates in a receding horizon fashion,
re-solving the optimization at each time step using updated measurements.

The computational burden of the MPC is influenced by several factors, including
the prediction horizon N , time step dt, model complexity, number of constraints,
and cost function formulation. For our fixed-wing UAV application, we maintain
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a command frequency between 20 and 50 Hz (using N = 20 and dt = 0.1 s). In
contrast, more agile platforms such as multirotors may require a significantly higher
command frequency (e.g., 100–400 Hz).

Every additional element in the model (e.g., extra dynamics, additional con-
straints) increases computational demand. Attractive options to reduce complexity
is to reduce model order or to adopt alternative state representations. For example,
replacing the body-frame velocities u, v, w with total airspeed, angle of attack (α),
and sideslip angle (β) could lower the computational cost required by the MPC.

6.3 MIAC Integration and Testing
In this section, we describe the integration of the Model Identification Adaptive Con-
troller (MIAC) into hardware. We detail the modifications made for flight testing,
the test vehicle setup, and the validation plan for the proposed architecture.

6.3.1 Hardware Architecture

The MIAC system, described in Section 6.2, was initially developed and validated in
a simulation environment. In simulation, the core adaptive control and model identi-
fication algorithms were implemented in Python, while a high-fidelity Simulink flight
dynamics model emulated vehicle aerodynamics, actuator response, sensor behavior,
and communication delays. This setup enabled rapid prototyping and refinement
with realistic flight variable behavior.

Transitioning from simulation to real flight required addressing several hardware
integration and safety considerations. A key design choice was to adopt a dual-
autopilot configuration (see Figure 6.11). In this configuration, a robust, proven
autopilot (the primary autopilot) handles essential flight tasks such as takeoff, landing,
guidance, and navigation. It also provides a full command-and-control (C2) interface
to Ground Station 1 and the pilot console, while managing low-level sensor drivers
and actuator outputs. This architecture minimizes duplication of critical functions
in the experimental MIAC controller, reducing development overhead and increasing
safety.
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Figure 6.11: High-level hardware and software block diagram of the MIAC integrated
with PX4.

Primary Autopilot. The primary autopilot is implemented using PX4 v1.15.0-beta2
running on Pixhawk 6X hardware. PX4 provides a comprehensive flight control stack
that includes:

• An on-board estimator that fuses data from IMU, GPS, airspeed sensors, Li-
DAR, etc., to compute position, velocity, and attitude.

• Guidance and navigation algorithms for autonomous stabilization, waypoint
tracking, and automated takeoffs/landings.

• A full suite of sensor drivers and multiple flight modes (manual, assisted, and
autonomous).

• A state machine that assigns control authority to the pilot, the internal PX4
controllers, or the MIAC.

PX4’s built-in safety and fallback mechanisms ensure that it can promptly reclaim
control if the MIAC exhibits unexpected behavior, thereby maintaining flight safety
during tests.
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Experimental Autopilot (MIAC). The MIAC is deployed on a Jetson Orin Nano
companion computer running Ubuntu 22.04, which provides sufficient computational
power for real-time model identification, adaptive control, and flight logging. Com-
munication with the primary autopilot is established via a wired Ethernet link using
UDP and the micro XRCE-DDS protocol. On the MIAC side, 3 processes are managed
within a ROS 2 node

• Offboard Control Node: Operating at 100 Hz, this node initiates MIAC
functions and relays commands and data to the PX4 message bus (uORB)
through the DDS bridge.

• Model Identification and Adaptive Control (MIAC) Logic: This module
executes the perturbation, SID, and MPC-based adaptive control strategies.

• Logging System: It records detailed event logs, flight data (including per-
turbation signals), SID process outputs, MPC data, and archives the Model
Library.

This configuration leverages PX4’s full uORB interface, allowing the MIAC to both
monitor sensor/estimator outputs and (when authorized) directly publish actuator
commands, effectively bypassing PX4’s internal controllers. Such direct access is
essential for validating inner-loop control algorithms and would be difficult to achieve
with more restrictive communication protocols.

Operator Interfaces and Ground Stations. Two ground stations facilitate mis-
sion management and development:

• Ground Station 1: Utilizes PX4’s native C2 link for standard flight operations
including takeoff, landing, waypoint navigation, and failsafe procedures.

• Ground Station 2: Connects to the Jetson Orin Nano over a 2.4 GHz WiFi
link. This station provides an SSH-based console for rapid code updates, real-
time monitoring of MIAC logs, and troubleshooting. Although intended for
short-range development and debugging, it is critical for iterative testing.

Fallback Control Mechanism. Safety is further ensured by PX4’s flight State
Machine, which supervises active control authority. An operator at Ground Station 1
or a pilot using an RC transmitter can grant or revoke control from the MIAC.
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The MIAC may voluntarily relinquish control if internal faults are detected, but it
cannot seize control without explicit handover. In the event of a lost heartbeat from
the Companion Computer, PX4 automatically reverts to its internal controllers or
manual pilot control. This robust fallback mechanism is crucial for testing novel
control logic in real-world scenarios.

Overall, the dual-autopilot architecture allows PX4 to manage vehicle-level safety,
communication, and baseline functions, while the MIAC focuses on advanced adaptive
control, real-time model identification, and comprehensive data collection. For further
discussion on ROS 2 integration, the reader is referred to [183].

6.3.2 MIAC Logic Implementation for Testing

The MIAC logic underwent several modifications to support real-world flight tests,
enhance safety, and fully exploit the dual-autopilot configuration. These modifications
primarily focused on:

• Leveraging PX4’s existing estimation and sensor fusion capabilities,

• Introducing new operational modes (e.g., an idle state), and

• Integrating robust safety checks.

Partial State Estimation in MIAC. PX4 already provides an Extended Kalman
Filter (EKF2) that estimates key vehicle states. MIAC reuses these state estimates
whenever possible. However, EKF2 does not supply certain information, such as
body-axis velocity components (u, v, w) or state derivatives required for our SID and
adaptive control algorithms. To bridge this gap, MIAC incorporates a lightweight
estimation routine that supplements PX4’s outputs with the missing parameters.

Idle State for Secondary Control. Since MIAC is not continuously the active
controller, an idle operational state has been implemented. In the idle state, MIAC
continues to:

• Listen to PX4 updates,

• Buffer sensor data,

• Execute internal logic (e.g., model identification and data logging),
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but it does not publish actuator commands. In particular, the MPC module pauses
its output during idle. This design enables a seamless transition from idle to active
control as soon as the primary autopilot hands over authority, without requiring
additional warm-up or initialization.

Manual Perturbation Injection. Originally, the MIAC supervisor automatically
triggered flight perturbations for the SID process. For flight testing, these perturba-
tions are now manually triggered by the pilot or ground station operator. This manual
control allows the test team to precisely time perturbations, gather more meaningful
data, and repeat the SID and validation cycles multiple times during a single flight.

Safety Limit Monitor. A critical new feature is the Safety Limit Monitor, which
continuously checks flight conditions at 100 Hz whenever MIAC has control. By
comparing real-time measurements of roll, pitch, and airspeed against predefined
thresholds, the monitor ensures that the vehicle remains within safe operational limits.
If any threshold is exceeded, the Safety Limit Monitor immediately:

• Relinquishes control back to PX4’s internal controller,

• Halts the MIAC command outputs.

During initial test flights, an additional safeguard capped MIAC’s control authority
to 20 s intervals. Table 6.1 summarizes the safety limits used during these tests.

Table 6.1: Safety Limits Used During Initial Flight Tests

Parameter Value
MAX_SPEED 21 m/s
MIN_SPEED 10 m/s
MAX_PITCH +20◦

MIN_PITCH −25◦

MAX_ROLL 40◦

These stringent limits are essential for early “maiden” flights but are expected to
be relaxed or removed for advanced performance tests once confidence in the MIAC
algorithms increases.
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Controller Handover Considerations. Given that MIAC and PX4 may ex-
change control authority multiple times during a flight, special procedures are im-
plemented to ensure smooth transitions:

• Controller Initialization: When control is handed over, the newly active con-
troller (either PX4 or MIAC) initializes its control loops using the most recent
actuator commands and state measurements from the outgoing controller.

• Filter Reset: Integrators and filter states in the MPC and SID modules are
re-initialized to minimize abrupt changes or “bumps” in the command signals.

These measures help prevent transient disturbances during control handovers, ensur-
ing that the aircraft remains stable and safe at all times.

6.3.3 Flight Test Vehicle

For the initial flight trials of the MIAC system, we selected a cost-effective, off-the-
shelf platform called BAT (Barebone Autopilot Tester). This subscale glider, depicted
in Figure 6.12, offers several advantages for experimental controller development:

• Low Kinetic Energy: Its slow stall speed and foam construction minimize
the risk of severe damage in the event of a crash.

• Ease of Repair: The use of off-the-shelf airframe components allows for rapid
repairs and quick part replacements, reducing downtime.

• Predictable Flight Characteristics: The airframe’s predictable flight char-
acteristics facilitate tuning and streamline data collection during testing.

Airframe Specifications. The BAT is based on a commercially available ASW-28
subscale glider featuring a 2.6 m wingspan and a typical takeoff weight (TOW) of
approximately 2.1 kg. In addition to the main wing, the fuselage is equipped with a
puller folding propeller system for propulsion. Its off-the-shelf design enables rapid
turnaround for repairs or replacements, making it an ideal platform for iterative
control law development prior to testing on more complex UAVs.
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Actuation and Sensors. The BAT features two independent ailerons, two inde-
pendent flaps, one elevator, one rudder, and a folding propeller. These actuators are
managed by the primary autopilot (Pixhawk 6X), which can hand over authority to
the MIAC as needed. A comprehensive sensor suite provides essential flight data:

• Air Data: A pitot tube (MS5525DSO digital sensor) for airspeed measurement.

• Altitude: A Garmin LiDAR-Lite v3HP optical rangefinder for accurate alti-
tude sensing.

• Navigation: A u-blox M9N GPS module, an external IST8310 compass, and
a secondary internal BMM150 magnetometer.

• Inertial Measurements: Three ICM-45686 IMU chips (accelerometer and
gyroscope) and two barometers (ICP20100 and BMP388) for redundant altitude
measurements.

Additionally, an onboard first-person view (FPV) camera mounted on the tail provides
live video feedback to a manual safety pilot.

Figure 6.12: BAT UAV used for MIAC flight testing.

Avionics Architecture. Figure 6.13 shows a close-up of the avionics installed on-
board. The Pixhawk 6X autopilot (running PX4 v1.15) and the NVIDIA Jetson Orin
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Nano companion computer (hosting the MIAC software) reside in the main electronics
bay. The Jetson and Pixhawk communicate via Ethernet using UDP. A Microhard
P900 radio provides a long-range command-and-control (C2) link from Ground Sta-
tion 1 to the Pixhawk, while dual 2.4 GHz Wi-Fi antennas on the Jetson enable a
secondary link for MIAC monitoring and control from Ground Station 2. A Crossfire
receiver connects to a manual pilot console to allow override control in emergencies.
The forward bay houses the electronic speed controller (ESC) and the motor for the
propeller.

Figure 6.13: Avionics installation in the BAT UAV’s main electronics bay.

Power System. All onboard systems are powered by a single 3S 2.2 Ah lithium-
polymer (LiPo) battery, nominally rated at 11.1 V. Despite its compact size, this
battery provides sufficient power to the autopilot, companion computer, and periph-
eral sensors for typical test flights lasting approximately 10 minutes.

6.3.4 Test Plan

The validation of the proposed MIAC architecture was performed in three distinct
phases: Simulation, Hardware-in-the-Loop (HIL), and Flight Testing. The primary
objective was to verify that the key functionalities of the MIAC rather than to ex-
haustively optimize performance.
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Specifically, two major aspects were targeted:

• Online System Identification (SID): To demonstrate that MIAC can ac-
curately and robustly identify the vehicle’s dynamics in real time and update
its internal model accordingly.

• Adaptive MPC Control: To validate that the model, once identified, is
sufficiently accurate to enable the MPC to generate control commands that
effectively track the desired setpoints.

Simulation Setup

Prior to hardware deployment, the MIAC algorithms were developed and tested in a
simulation environment. In this stage:

• Vehicles Simulated: Two distinct platforms were simulated:

1. The BAT platform.

2. A novel VTOL UAV (Eusphyra) exhibiting more complex, highly nonlinear
dynamics [79].

Testing on these two airframes enhanced our confidence in the robustness and
adaptability of the MIAC algorithms.

• Model Sources and Validation: The high-fidelity flight-dynamics model
(FDM) in Simulink was developed using a traditional offline system identifica-
tion procedure as described in [79]. This FDM captured aerodynamic behavior,
actuator response, sensor noise, and communication delays, thereby providing
a realistic simulation environment.

• SID Tuning and Replay: The simulation framework enabled the replay of
logged flight data from previous experiments. This replay capability was used
to tune the SID hyperparameters for improved noise robustness, faster conver-
gence, and higher estimation accuracy.

Hardware-in-the-Loop

After verifying the algorithms in pure software simulation, the next phase involved
hardware-in-the-loop (HIL) testing. In HIL:
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• Target Code Execution: Both the PX4 autopilot stack (on Pixhawk 6X) and
the MIAC software (on the Jetson Orin Nano) were deployed on their respective
hardware platforms. The vehicle’s avionics remained connected on a test bench
while the actual flight dynamics were still simulated in Simulink.

• Real-Time Performance Verification: HIL tests confirmed that timing jit-
ter, communication latencies, and CPU load on the Jetson did not compromise
the control-loop performance.

• Fallback Mechanisms Validation: Full handover routines were exercised
by switching between the primary autopilot, MIAC, and manual pilot over-
ride. Safety logic, including early termination of MIAC control and actuator
reversion, was validated to ensure robust fallback in case of anomalies.

Flight Testing

Following successful simulation and HIL evaluations, flight testing was conducted
using the BAT UAV. Flight tests were conducted incrementally, starting with simple
checks and gradually progressing to more advanced maneuvers as confidence in each
subsystem grew.

Figure 6.14 shows an example first-person view (FPV) captured during a flight
test.

Figure 6.14: First-person view of the BAT during flight tests.
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Flight Test Progression. Each flight session followed a structured procedure to
minimize risk and ensure smooth transitions:

1. Takeoff with the Primary Autopilot (PX4): The vehicle climbs out using
the proven PX4 autopilot to establish a stable initial flight.

2. Holding Pattern: The UAV enters a holding circuit (typically a rectangular
or racetrack pattern with each leg lasting about 30 s) to provide a stable window
for experimental maneuvers.

3. Controller Handover to MIAC: After a period of steady, level flight, control
authority is transferred from PX4 to MIAC. During this handover, the pilot
continuously monitors the flight data and retains immediate override capability.

4. Execution of Perturbation Maneuvers: MIAC injects predetermined per-
turbation signals (e.g., Multisine, Chirps, 3-2-1-1, and Doublets) to excite the
system for SID. Data is collected during these maneuvers, and in subsequent
passes, the models are validated using out-of-sample data.

5. MPC Engagement: Following successful SID, MIAC transitions to MPC-
based control for tasks such as trim flight or executing specific maneuvers (e.g.,
altitude steps, speed changes, roll/pitch doublets).

6. Handover Back to PX4 or Pilot: After completing each test, control is
handed back to PX4 or the manual pilot. Typical flight sessions lasted between
7 to 10 minutes or until approximately 80% of the battery capacity was used.

7. Landing: The primary autopilot regains control to safely land the UAV.

Additional Considerations. Several key factors were addressed during flight test-
ing:

• Safety Margins: Early test flights employed conservative safety limits (e.g.,
tight roll/pitch/airspeed envelopes and a time cap on MIAC control segments)
to minimize risk.

• Data Logging: Both PX4 and MIAC maintained detailed logs of state esti-
mates, actuator commands, and internal model parameters. Synchronization of
these logs was critical for post-flight analysis and validation of SID and MPC
performance.
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• Progressive Complexity: As confidence in the system increased, more ag-
gressive perturbations and longer MIAC control segments were executed. Later
flights also relaxed certain safety constraints and incorporated more dynamic
maneuvers.

The next section summarizes the experimental results, highlighting the perfor-
mance of the online system identification and the closed-loop adaptive MPC control
achieved by the MIAC.

6.4 Results
In this section, we present data and plots from flight testing that demonstrate the
functionality of the proposed MIAC architecture. The results are organized into three
main categories: control perturbation, system identification, and model predictive
control.

6.4.1 Control Perturbation

Figures 6.15, 6.16, 6.17, and 6.18 illustrate the state responses elicited by different
perturbation signals.

Figure 6.15 shows the response to a multisine perturbation. Notably, the multisine
signal, with its broad low-frequency content, excites the airspeed channel over a wider
range. This enhanced excitation allows the system identification process to better
capture the influence of airspeed on the aerodynamic coefficients.
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Figure 6.15: State response to a multisine perturbation.

Figure 6.16: State response to a chirp sequence perturbation.
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Figure 6.17: State response to a 3-2-1-1 sequence perturbation.

Figure 6.18: State response to a doublet perturbation.
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Figure 6.16 presents the state response to a chirp sequence perturbation, while
Figures 6.17 and 6.18 depict the responses to 3-2-1-1 and doublet perturbations,
respectively.

It is important to note that, due to the sequential nature of the chirp, 3-2-1-1,
and doublet perturbations, many flight segments do not continuously excite all states.
While offline system identification can easily discard non-informative segments, an
online SID process that must operate without prior knowledge of the actuator con-
tributions cannot rely on selective data extraction.

We evaluated the excitation performance of the adaptive controller using two pri-
mary perturbations: multisine and chirp sequences. Tables 6.2 and 6.3 summarize
the vehicle state and control command excitation metrics under multisine perturba-
tions. The results indicate a significant increase in the perturbed standard deviations
compared to baseline conditions, leading to high signal-to-noise ratios (SNR) across
most channels.

Table 6.2: Vehicle State Excitation Analysis (Multisine)

Channel Baseline STD Perturbed STD Signal STD SNR (dB) Baseline PTP Perturbed PTP
u 0.4383 1.6176 1.5570 11.01 2.2110 5.3970
v 0.2320 1.7834 1.7682 17.64 1.2061 8.8486
w 0.4069 0.5838 0.4187 0.25 2.1815 2.9202
p 0.0096 0.1309 0.1306 22.70 0.0575 0.6906
q 0.0110 0.1155 0.1150 20.39 0.1348 0.5234
r 0.0426 0.4011 0.3988 19.43 0.2051 2.4019
roll 0.0043 0.0359 0.0356 18.38 0.0193 0.1684
pitch 0.0045 0.0525 0.0523 21.38 0.0327 0.2281
yaw 0.0268 0.1779 0.1759 16.36 0.1051 0.7803

Table 6.3: Control Command Perturbation Analysis (Multisine)

Channel Baseline STD Perturbed STD Signal STD SNR (dB) Baseline PTP Perturbed PTP
AilR 0.0028 0.3441 0.3441 41.65 0.0208 1.2967
AilL 0.0028 0.3418 0.3418 41.59 0.0208 1.2620
Ele 0.0156 0.1229 0.1219 17.86 0.1167 0.4717
Rud 0.0012 0.2043 0.2043 44.30 0.0069 0.7372
FlapR 0.0000 0.3404 0.3404 NaN 0.0000 1.2285
FlapL 0.0000 0.3404 0.3404 NaN 0.0000 1.2274
Throttle 0.0739 0.4163 0.4097 14.87 0.4191 1.2828

Tables 6.4 and 6.5 summarize the analysis for chirp excitation. In comparison to
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multisine, chirp signals result in a more modest increase in standard deviations, with
several channels exhibiting lower or even negative SNR values. Such results could
adversely affect the quality of system identification.

Table 6.4: Vehicle State Excitation Analysis (Chirps)

Channel Baseline STD Perturbed STD Signal STD SNR (dB) Baseline PTP Perturbed PTP
u 0.4383 0.5759 0.3735 -1.39 2.2110 2.7900
v 0.2320 0.4369 0.3702 4.06 1.2061 2.7917
w 0.4069 0.4750 0.2450 -4.41 2.1815 2.4848
p 0.0096 0.0305 0.0289 9.62 0.0575 0.2604
q 0.0110 0.0738 0.0729 16.43 0.1348 0.6684
r 0.0426 0.0998 0.0902 6.52 0.2051 0.6692
roll 0.0043 0.0054 0.0033 -2.28 0.0193 0.0366
pitch 0.0045 0.0548 0.0546 21.74 0.0327 0.2373
yaw 0.0268 0.0305 0.0147 -5.17 0.1051 0.1742

Table 6.5: Control Command Perturbation Analysis (Chirps)

Channel Baseline STD Perturbed STD Signal STD SNR (dB) Baseline PTP Perturbed PTP
AilR 0.0028 0.0838 0.0837 29.37 0.0208 1.1521
AilL 0.0028 0.0846 0.0845 29.45 0.0208 1.1261
Ele 0.0156 0.0755 0.0739 13.50 0.1167 0.7384
Rud 0.0012 0.0557 0.0557 33.01 0.0069 0.7434
FlapR 0.0000 0.0973 0.0973 NaN 0.0000 1.2734
FlapL 0.0000 0.0973 0.0973 NaN 0.0000 1.3134
Throttle 0.0739 0.0868 0.0454 -4.24 0.4191 1.1461

Overall, the multisine excitation produced a more pronounced increase in both the
signal magnitude and SNR compared to the chirp excitation, indicating its superiority
for enhancing the excitation necessary for robust system identification.

6.4.2 SID Process

The SID process runs as a secondary thread within the MIAC framework. Once
the data is collected, the SID computation is carried out whenever computational
resources allow for it, therefore its execution may be delayed. On our desktop com-
puter, the SID process takes an average of 0.463 seconds, while on the Jetson Orin
Nano it requires approximately 2.485 seconds when the MPC is idle and up to 15
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seconds when the MPC is running (this variability depends on the MPC settings and
could most likely be avoided with proper resource management).

Table 6.6 reports the average fit scores (measured as R2) and model complexity
for four different command perturbation types: multisine, chirps, 3-2-1-1, and dou-
blets. For each perturbation, we list the in-sample (training) fit, the out-of-sample
(validation) fit, and the model complexity, defined as the number of active functions
in the differential equation (i.e., the number of nonzero elements in the coefficient
matrix Ξ). In these tests, a validation maneuver consisting of a doublet (with 12
seconds of training data) was used. Note that variations in flight conditions may
cause deviations in these numbers, and a total of 14 perturbations does not necessar-
ily constitute a statistically significant sample. All models were identified using the
same Constrained SR3 method with an l0 regularization function.

Table 6.6: Average Fit Scores (R2) and Model Complexity for Different Command
Perturbations

Perturbation Type Training R2 Out-of-Sample R2 Model Complexity
Multisine 0.8053 0.7831 63
Chirps 0.6757 0.7090 62
3211 0.8205 0.7508 59
Doublets 0.8518 0.7682 59

Among the perturbations, the multisine excitation consistently produces the high-
est out-of-sample fit. Although its training fit is slightly lower than some alternatives,
the model derived from multisine data is more representative when it comes to pre-
diction. In contrast, the chirp excitation yields the poorest overall performance, likely
because the compressed chirp signal does not allow sufficient excitation, suggesting
that a longer training duration might be necessary. The 3-2-1-1 and doublet ma-
neuvers, while yielding high training fits due to their simplicity, show slightly lower
out-of-sample performance. These high out-of-sample fit values are possibly because
the validation maneuver (a doublet) does not explore as broad a range of frequencies or
speeds as the multisine input does. It is also worth noting that the model complexity
remains similar across perturbation types; this parameter is primarily influenced by
the regularization hyperparameters and serves as an indicator of convergence quality
(values that are too low or too high suggest poor convergence).

Equation (6.61) shows the differential equations of one SID model obtained from
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a multisine perturbation.

u̇ = r v − q w − g sin(θ)
− 0.100V + 0.006V 2 + 0.091αV 2 + 0.188α2 V 2

− 0.027V 2 β2 − 0.202 q V − 0.009 q V 2

+ 0.008 uele V
2 − 0.009 u2flapR V

2 + 0.004 uthr V
2

− 0.009 u2flapL V
2 + 0.008 u2thr V

2,

v̇ = pw − r u+ g cos(θ) sin(ϕ)
+ 0.022αV 2 − 0.025V 2 β − 0.091 p V

+ 0.020 p V 2 − 0.003 q V 2 + 0.012 r V − 0.056 r V 2

− 0.005 urud V
2,

ẇ = −0.075 + q u− p v + g cos(θ) cos(ϕ)
− 0.356V − 0.011V 2 − 0.308αV 2 − 0.053α2 V 2

− 0.181 q V + 0.074 q V 2 − 0.003 uele V

+ 0.026 uele V
2 − 0.044 u2ele V

2 − 0.068 u2thr V,

ṗ = −0.200 q r − 0.889 p V + 0.055 p V 2 + 0.161 r V

+ 0.002 r V 2 + 0.005 uailR V
2 − 0.004 uailL V

2

− 0.003 urud V
2 − 0.001 uflapR V

2 + 0.002 uflapL V
2,

q̇ = 0.201 p r − 0.234 q V + 0.005 q V 2 + 0.021 uele V
2

− 0.022 u2ele V
2,

ṙ = −0.020 p q + 0.026V 2 β − 0.066V 2 β2 − 1.157 p V

− 0.051 r V + 0.007 r V 2 + 0.002 uailR V
2

− 0.002 uailL V
2 + 0.011 urud V

2 + 0.001 u2ailR V
2,

ϕ̇ = p+ q sin(ϕ) tan(θ) + r cos(ϕ) tan(θ),

θ̇ = q cos(ϕ)− r sin(ϕ),

ψ̇ = q sin(ϕ) 1

cos(θ) + r cos(ϕ) 1

cos(θ) .

(6.61)
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Several observations can be made from this model. For example, the roll rate
is influenced not only by the ailerons but also strongly by the rudder, indicating a
pronounced yaw-roll coupling typical of gliders. Similarly, the presence of multiple
actuator terms in the u̇ equation reflects the contributions of throttle, flaps (which
contribute drag, as indicated by their negative coefficients), and the coupling between
elevator input and forward acceleration. The rudder appears in the v̇ equation as
expected, since rudder deflections produce side forces on the vertical tail that drive
lateral motion. Although throttle is nominally aligned with the fuselage, its influence
in the ẇ equation suggests that misalignment or induced flows (e.g., prop wash)
generate vertical force components. The multiplication of many coefficients by V or
V 2 aligns with the aerodynamic force scaling with dynamic pressure. The presence
of control inputs in seemingly unexpected equations (e.g., elevator in u̇ and ailerons
in ṙ) underscores the inherently coupled nature of real flight dynamics.

From these coefficients, key vehicle parameters such as the inertias can be esti-
mated. For instance, the coefficients in front of qr, pr, and pq relate to the inertia
differences according to:

Izz − Iyy
Ixx

,
Ixx − Izz
Iyy

,
Iyy − Ixx
Izz

,

respectively. Moreover, knowing the vehicle mass m, wing span b, mean aerodynamic
chord (MAC), wing area S = b × MAC, and air density ρ, one can compute the
aerodynamic coefficients by appropriately scaling the identified coefficients. For the
parameters in u̇, v̇, and ẇ, the scaling factor is ρS

2m
; for ṗ it is ρSb

2Ixx
; for q̇ it is ρS MAC

2Iyy
;

and for ṙ it is ρSb
2Izz

.
The delay estimation process applied to this model yielded the delays summarized

in Table 6.7.
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Table 6.7: Estimated Command Delays and Corresponding States for Actuators

Actuator Delay (s) State Used
AilR 0.13 p

AilL 0.13 p

Ele 0.09 q

Rud 0.11 v̇

FlapR 0.15 r

FlapL 0.15 r

Throttle 0.13 u̇

It is worth noting that in some cases the elevator shows higher correlation with
the vertical rate (ẇ) and the rudder with the yaw rate (r). Although the delay
identification process works well for most actuators, the delays for the flaps are more
irregular. This irregularity likely arises because the dynamic effect of the flaps is
lower, resulting in weaker correlations that are more sensitive to noise. Furthermore,
the current delay resolution is limited by the step size of the resampled data (0.01
s, corresponding to 100 Hz); increasing this resolution could further improve delay
estimation accuracy.

Figure 6.19 illustrates the online SID model’s prediction of the state rates (ẋ) on
validation data (out-of-sample) for a model identified using a multisine perturbation.
This prediction is used by the model supervisor to compute the model fitness.
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Figure 6.19: Prediction of the state rates ẋ generated online by a SID model during
validation.

Figure 6.20 shows the vehicle state prediction obtained by integrating the SID
model forward in time from a given initial state, compared with the actual flight data.
While the short-term predictions closely follow the measured states, disturbances such
as turbulence and other unmodeled effects cause the prediction to drift over longer
time horizons. Since the MPC uses a simulation time horizon of only 1 to 2 seconds,
the short-term predictive capability of the SID model is sufficient for our application.
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Figure 6.20: Forward integration of the SID model from an initial state, compared to
actual flight data.

Figure 6.21 presents the evolution of selected aerodynamic coefficients over suc-
cessive SID iterations starting from the reference model. The reference model, though
it initially exhibited a relatively low average fit (approximately 0.28), had coefficients
within the correct ballpark. A good initial guess significantly aids convergence. Some
coefficients that were initially inaccurate or absent (such as the αV 2 term in ẇ) re-
quired several SID iterations to stabilize. Overall, most model coefficients remained
stable across multiple SID updates, providing confidence in the repeatability of the
SID process. An ideal future test would involve an abrupt change in the vehicle prop-
erties to verify that the SID process can reliably detect and adapt to such changes.
One limitation, however, is that when the identified model structure changes be-
tween SID runs, direct one-to-one comparisons of aerodynamic coefficients may not
be feasible.
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Figure 6.21: Model coefficient evolution over time.
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Finally, onboard video footage revealed that the BAT UAV’s wings exhibited
noticeable flexing during aileron commands, likely due to the wing spar not extending
along the full wing span. The current function library does not capture this behavior.
To model wing flex, additional sensors (such as strain gauges, fiber optic sensors, or
accelerometers in the wing) would be required to measure wing deflection. Similar
approaches have been applied by Fonzi et al. [184], representing a promising direction
for future work.

6.4.3 MPC

For the flight tests, the MPC frequency was fixed at 20 Hz to ensure that it would
not consume excessive computational resources and disrupt other critical processes.
However, monitoring of the MPC step time (which includes filtering, state estimation,
simulation, and optimization) revealed an average execution time of 26 ± 2 ms on
bench test and higher execution time of 47±5 ms during later flight tests. This means
that with the flight testing setup the MPC would sometime lag behind the expected
frequency rate expected causing the test to be interrupted. Below are reported only
cases in which this phenomena did not occur but this limitation should be addressed
in future work.

Figure 6.22 shows the vehicle states and control commands during a trim flight
segment when the MPC is in control. In the displayed flight segment, control tran-
sitions occur as follows: the primary autopilot (PX4) is initially in control; control
is then transferred to the experimental autopilot to perform a doublet excitation for
model validation; control reverts briefly to PX4; after about 10 s, control is again
handed over to MIAC running MPC; and finally, control is returned to PX4. In
the figures, the blue background indicates periods when PX4 is in control, while a
green background denotes when the experimental autopilot is active (either during
perturbation or while running MPC).
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Figure 6.22: MPC test for trim flight with doublet validation and PX4 handovers.

Focusing on the second green segment (when MPC is in control) it is evident from
the roll and pitch plots that the MPC achieves superior trim performance compared to
the primary autopilot. The pitch remains nearly constant, and the roll quickly returns
to its zero setpoint. Although some noise and minor perturbations are present, the
overall state tracking is notably more steady. The estimation of the body-axis speed
u via wind measurements is not highly accurate and the small UAV’s airspeed sensor
is inherently noisy; however, the MPC rapidly drives the airspeed toward the 14
m/s target, maintaining this value with relative stability. Additionally, the lateral
speed v quickly converges to zero under MPC control, effectively eliminating sideslip.
This effect is also visible in the reconstructed sideslip angle β plot. In contrast, the
primary autopilot does not actively control the sideslip angle—the rudder control
loop is open-loop for roll coordination—while the MPC trims the rudder command
much more effectively. Moreover, analysis of the control command signals reveals
that MPC outputs are smoother and less reactive to noise, with the rudder command
rapidly converging to a new trim point to reduce sideslip.

Figure 6.23 shows the MPC performance during a roll doublet test, using future-
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aware setpoints. The roll command steps to +5◦ then −5◦ (approximately ±0.087

rad). The high penalty weights on the control command in the MPC cost function
yield a smooth, relaxed response.

Figure 6.23: MPC test for roll attitude doublet with doublet validation and PX4
handovers.

Figure 6.24 displays the MPC response during a speed doublet, where the speed
setpoint is commanded to change from 14 m/s to 15.5 m/s and then to 12.5 m/s. To
maintain a fixed pitch during this test, the MPC optimizer relies solely on throttle
adjustments. Interestingly, the flaps are also actuated to help reduce speed during
the deceleration phase, and the angle of attack α correspondingly follows the changes
in speed.
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Figure 6.24: MPC test of speed doublet with doublet validation and PX4 handovers.

Finally, Figure 6.25 illustrates the MPC performance during a pitch doublet test.
Here, the pitch is commanded to step ±3◦ (approximately ±0.052 rad) from its trim
state of +0.025 rad. Due to the unmodified cost function weights, the pitch doublet
competes with the airspeed component of the cost function. Consequently, the vehicle
is required to change pitch while maintaining steady airspeed, and the throttle is
adjusted accordingly. The throttle response is less aggressive than that of the elevator,
so slight variations in airspeed are observed. Additionally, the MPC slightly adjusts
the pitch to prevent excessive deviations in airspeed. The lateral speed v is effectively
regulated to zero, and the reconstructed sideslip angle β confirms minimal sideslip.
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Figure 6.25: MPC test of pitch attitude with doublet validation and PX4 handovers.

6.5 Discussion
In this manuscript, we proposed an architecture for model identification adaptive con-
trol (MIAC) that integrates sparse identification of nonlinear dynamics with model
predictive control (MPC). The entire system was developed initially in simulation,
then deployed on hardware, and finally flight tested, thereby demonstrating its prac-
tical viability under real-world conditions.

Our experimental results indicate that the online system identification process
can capture the vehicle’s dynamics in real time with sufficient accuracy. Moreover,
the adaptive MPC controller successfully leverages the identified model to generate
control inputs that maintain the desired flight performance. Nonetheless, several
challenges emerged during development. One major challenge was the reconstruction
of the body-axis velocities u, v, and w. The approach of integrating accelerometer
measurements and correcting biases using GPS data and wind estimates proved to
be sensitive to noise, which limits the fidelity of the reconstructed velocities. While
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the obtained results were acceptable, the accuracy is fundamentally constrained by
the quality of the wind estimation. An alternative that employs true airspeed (TAS)
along with aerodynamic angles (α and β) may provide improvements; however, such
an approach would require additional sensors that are not typically available on small-
scale UAVs.

Another challenge involved the estimation of angular accelerations. Deriving these
accelerations from gyroscope data introduces considerable noise, necessitating heavy
filtering. The lack of dedicated angular accelerometers in most autopilot IMU pack-
ages further complicates this task. Despite these difficulties, our simulation tests
demonstrated that the system could achieve acceptable performance even when state
estimation noise was increased.

The system’s robustness is notably compromised under high-turbulence condi-
tions. Although steady wind effects can be effectively filtered out, high levels of
turbulence often prevent the SID process from generating a model with a sufficiently
good fit to maintain control. In such cases, it may be necessary to develop methods
to isolate or subtract turbulence effects to avoid degrading model updates.

The multisine perturbation approach, while effective for the seven actuators tested,
may encounter issues when scaled to platforms with a larger number of actuators, due
to insufficient frequency spacing. Mitigation strategies such as grouping actuators
and employing ensemble methods could be considered. In addition, the requirement
for a minimum training duration to capture slow dynamics (e.g., longitudinal body
speed) limits how rapidly new models can be generated. The current architecture also
presupposes that the vehicle can sustain flight for several seconds to accommodate
perturbation and model identification, an assumption that might not hold for highly
unstable platforms; in such cases, a shift toward closed-loop perturbation strategies
would be warranted.

Computational demands, particularly for the MPC controller, further constrain
performance. The current implementation in Python, although well-suited for rapid
prototyping, is already constraining some of the test performed with a simpler model.
Reimplementation in a compiled language such as C or C++ could be necessary to
meet higher controller rate requirements.

Looking forward, several avenues for future work emerge. Testing the supervi-
sor block in actual flight scenarios by deliberately altering aerodynamic properties
in-flight (such as shifting the center of gravity or simulating an actuator fault) would
provide valuable insights into the system’s ability to detect and adapt to dynamic
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changes. Enhancing the perturbation strategy so that the amplitude and frequency
parameters adjust automatically based on the current model could further optimize
system excitation. Incorporating advanced SID techniques, such as ensemble meth-
ods for both training data and parameter estimation, may enhance robustness and
accuracy. Additional sensors, such as position encoders and RPM sensors, could help
refine delay estimation and actuator model identification. Moreover, exploring al-
ternative state representations (e.g., using TAS, α, and β instead of u, v, and w)
might reduce estimation errors and improve wind rejection. Finally, advanced MPC
techniques, including model order reduction and more refined constraint formula-
tions, may enable longer prediction horizons without compromising computational
performance.

In conclusion, the MIAC architecture demonstrates substantial promise as a tool
for rapid prototyping of adaptive control systems. Although it is not yet at the stage
of completely replacing conventional autopilots, its ability to serve as a secondary
control system for rapid model updates and detailed flight data collection is invalu-
able. The integration of online system identification with MPC provides a flexible
and adaptive framework that can be further improved with future developments in
sensor technology, computational hardware, and advanced control methodologies.
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Chapter 7

Conclusions and Future Work

This dissertation presented a systematic exploration of development, modeling, tun-
ing, and control strategies for novel UAV configurations, ultimately establishing a
rapid prototyping environment for innovative VTOL designs. Adopting a thesis-by-
publication approach, the work has contributed in key areas such as vehicle design,
system identification, controller tuning, and adaptive control methodologies. This
chapter synthesizes the research findings by summarizing the contributions, discussing
overarching challenges and limitations, outlining potential avenues for future work,
and providing final remarks on the overall impact of this study.

7.1 Summary of Contributions
The research comprises a series of interconnected studies that collectively address the
challenges inherent in developing advanced UAV systems. The initial investigation
examined the airworthiness and configuration of a tilt tri-rotor system for fixed-wing
VTOL applications. Through rigorous design, simulation, ground testing, and flight
experiments, a robust understanding of vehicle dynamics during both hovering and
transition to forward flight was achieved. This study established the feasibility of
a smooth transition mechanism via rotor tilting, characterizing the vehicle’s perfor-
mance under varying wind conditions.

Building on this, a high-fidelity flight dynamics model was developed for the pri-
mary vehicle tasked with testing a magnetometer in a mock-up mission. Utilizing
limited onboard sensor data and state-of-the-art system identification techniques,
the research successfully captured the complex interactions between propulsive and
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aerodynamic forces. This model not only served as a reliable baseline for controller
development and tuning but also demonstrated that the vehicle could safely accom-
modate sensitive payloads.

Subsequently, an automatic framework for offline autopilot tuning was introduced.
By combining genetic algorithms with system identification methods, the framework
reliably identified transfer functions for roll, pitch, and yaw dynamics, optimizing
the controller tuning and leading to notable enhancements in vehicle performance.
The method proved versatile and adaptable across different vehicles and control laws,
significantly reducing the workload on control engineers.

Advancing into adaptive control, the concept of a Model Identification Adaptive
Controller (MIAC) for UAVs was proposed. This architecture employed an online
system identification process based on sparse identification of nonlinear dynamics,
enabling real-time updates of the dynamic model. Insights into model fitness as influ-
enced by training time and noise levels were obtained, paving the way for integrating
model-based control with adaptive strategies.

Finally, the integration of the online identification method with a Model Predic-
tive Control (MPC) scheme was validated through simulations, hardware-in-the-loop
tests, and flight experiments. Despite encountering several challenges, the MIAC
framework demonstrated its capability to capture essential vehicle dynamics in real
time, underscoring its potential as a platform for rapid prototyping and adaptive
control for future UAV applications.

7.2 Limitations and Challenges
Each component of this research presented its own set of challenges and limitations.
A central issue was the difficulty of executing online or fully autonomous system iden-
tification (SID) without human intervention. This necessitated additional robustness
checks and validation logic to ensure convergence, which, while effective, sometimes
resulted in suboptimal performance compared to manual, ad hoc tuning approaches.

The SID method developed in controlled, offline scenarios yielded superior results
but required intensive supervision and was specifically tailored to the test vehicle.
Applying the same approach to different configurations would demand significant
additional data and manpower. In both cases, turbulence and gust-induced distur-
bances posed major challenges, often necessitating the rejection of compromised data.
Future implementations may benefit from enhanced sensor suites (e.g., aeroprobes for



210

measuring flow angles) to better isolate environmental effects.
Additional limitations were observed in state reconstruction, where inaccurate es-

timates of body velocities and noise in angular acceleration measurements constrained
the accuracy of the SID. Transitioning to alternative state representations (e.g., true
airspeed and flow angles) and incorporating dedicated sensors could mitigate these
issues. Moreover, many experiments were conducted in open-loop, which is feasible
for stable fixed-wing platforms but would require redesigning perturbation strategies
for more unstable vehicles (closed-loop).

Computational limitations also restricted the MPC controller’s execution speed
and time horizon. While acceptable for the test platform, more unstable configura-
tions may demand higher update rates. Finally, the MIAC framework—by dynami-
cally adjusting control laws online—introduces an inherent risk, as convergence of the
adaptive process cannot always be guaranteed. This risk, along with the challenge of
ensuring safe fallback strategies, remains an area for further refinement.

7.3 Future Research Directions
Several promising avenues for future research emerge from this work. The ongoing
Eusphyra project will focus on integrating the tested tri-rotor VTOL strategies into
a full-scale vehicle and exploring hybrid propulsion techniques to enhance power and
endurance.

Refinements to the automatic autopilot tuning architecture could involve par-
allelization to expedite the optimization process and broaden the design space, as
well as integrating classical stability analysis directly into the tuning process. Fur-
ther improvements in SID robustness might be achieved through ensemble methods,
adaptive perturbation strategies, and alternative state representations that mitigate
the impact of noise.

Additional experimental validation of the MIAC framework (particularly through
fault-injection scenarios such as actuator failures or aerodynamic shifts) would pro-
vide critical insights into the system’s resilience. Moreover, incorporating actuator
feedback sensors could enhance the accuracy of actuator modeling and enable rapid
fault detection.

Transitioning the MIAC implementation from Python to a compiled language
(such as C or C++) may also improve its real-time performance, making it more
suitable for embedded flight controllers. Finally, expanding the application of MIAC
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to a broader range of UAV configurations, including unstable or multi-actuator sys-
tems, will help establish its scalability and potential as an augmentation layer within
conventional autopilot architectures.

7.4 Final Remarks
In closing, this dissertation has significantly advanced the state of the art in con-
trol development and tuning for UAVs in a rapid prototyping environment. The
contributions outlined in this work not only validate the innovative methodologies
developed and tested in real flight conditions but also establish a robust foundation
for future research in UAV technologies. While challenges remain (particularly in
the domains of autonomous system identification and robust control) the insights
gained here provide clear directions for overcoming these challenges. Ultimately, the
integration of advanced modeling, control tuning, and adaptive strategies promises
to enhance the performance, reliability, and safety of next-generation UAVs, driving
further innovation in the field.
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Appendix A

Reference Model

The reference model is used to prime the MIAC architecture with an initial guess
of the aerodynamic, mass/inertia, and control surface effectiveness coefficients before
any online system identification (SID) is performed. Even a rough initial model—
obtained via a CFD analysis or based on a flight dynamics model (FDM) of a similarly
sized UAV [79]—can significantly improve the convergence of the subsequent SID
regression.

In the following, we present the vehicle dynamics in a form that isolates inertial
contributions from aerodynamic (and, where applicable, thrust) effects. First, the
total airspeed V and the flow angles are defined as

V =
√
u2 + v2 + w2, α = arctan

(w
u

)
, β = arcsin

( v
V

)
. (A.1)
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The explicit vehicle dynamics of the FDM are given by

u̇ = r v − q w + X
m
− g sin θ,

v̇ = pw − r u+ Y
m
+ g cos θ sinϕ,

ẇ = q u− p v + Z
m
+ g cos θ cosϕ,

ṗ = L
Ixx

− (Izz−Iyy)

Ixx
q r − Ip

Ixx
Ω̇p,

q̇ = M
Iyy

− (Ixx−Izz)
Iyy

p r − Ip
Iyy

Ωp r,

ṙ = N
Izz

− (Iyy−Ixx)

Izz
p q + Ip

Izz
Ωp q,

ϕ̇ = p+ q sinϕ tan θ + r cosϕ tan θ,

θ̇ = q cosϕ− r sinϕ,

ψ̇ = q sinϕ+r cosϕ
cos θ .

(A.2)

The aerodynamic forces and moments acting on the vehicle are modeled in non-
dimensional form. The aerodynamic force vector F aero and moment vector M aero are
expressed as

F aero = q̄S

CX

(
V ,ω, V̇ , δ

)
CY

(
V ,ω, V̇ , δ

)
CZ

(
V ,ω, V̇ , δ

)
 , M aero = q̄S

 bCl

(
V , V̇ ,ω, δ

)
c̄ Cm

(
V ,ω, V̇ , δ

)
bCn

(
V ,ω, V̇ , δ

)
 , (A.3)

where q̄ = 1
2
ρV 2 is the dynamic pressure, S is the wing area, b is the wing span, and

c̄ is the mean aerodynamic chord.
The non-dimensional aerodynamic coefficients are expressed as follows:

CX = CXαα + CXα2α
2 + CXq q̂ + CXδc

δc + CXJc
Jc + CXJ 2

c
J 2

c + CX0 ,

CY = CYβ
β + CYδr

δr + CY0 ,

CZ = CZαα + CZq q̂ + CZJc
Jc + CZJ 2

c
J 2

c + CZ0 ,

Cl = Clββ + Clp p̂+ Clr r̂ + Clδa
δa + Cl

r δ2a
r̂ δ2a + Cl0 ,

Cm = Cmαα + Cmq q̂ + Cmδc
δc + Cmα δc

α δc + Cm0 ,

Cn = Cnβ
β + Cnδa

δa + Cnδr
δr + Cn

δ2r Jc
δ2rJc + Cn0 .

(A.4)

Here, the terms p̂, q̂, and r̂ are the non-dimensional angular velocities defined as

p̂ =
p b

2V
, q̂ =

q c̄

2V
, r̂ =

r b

2V
. (A.5)
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The governing equations for the vehicle dynamics can then be expressed explicitly
by substituting the aerodynamic forces and moments into the equations of motion:



u̇ = r v − q w + ρS
2m

(
CXα αV

2 + CXα2 α
2 V 2 + CXq

c̄
2
q V + CXδc

δc V
2

+CXJc
Jc V

2 + CXJ 2
c
J 2

c V
2 + CX0 V

2

)
− g sin θ,

v̇ = pw − r u+ ρS
2m

(
CYβ

β V 2 + CYδr
δr V

2 + CY0 V
2
)
+ g cos θ sinϕ,

ẇ = q u− p v + ρS
2m

(
CZα αV

2 + CZq

c̄
2
q V + CZJc

Jc V
2

+CZJ 2
c
J 2

c V
2 + CZ0 V

2

)
+ g cos θ cosϕ,

ṗ = ρSb
2Ixx

(
Clβ β V

2 + Clp
b
2
p V + Clr

b
2
r V + Clδa

δa V
2

+Cl
rδ2a

b
2
r δ2a V + Cl0 V

2

)
− Izz−Iyy

Ixx
q r − Ip

Ixx
Ω̇p,

q̇ = ρSc̄
2Iyy

(
Cmα αV

2 + Cmq

c̄
2
q V + Cmδc

δc V
2 + Cmαδc

α δc V
2

+Cm0 V
2

)
− Ixx−Izz

Iyy
p r − Ip

Iyy
Ωp r,

ṙ = ρSb
2Izz

(
Cnβ

β V 2 + Cnδa
δa V

2 + Cnδr
δr V

2 + Cn
δ2rJc

δ2r Jc V
2

+Cn0 V
2

)
− Iyy−Ixx

Izz
p q + Ip

Izz
Ωp q,

ϕ̇ = p+ q sinϕ tan θ + r cosϕ tan θ,

θ̇ = q cosϕ− r sinϕ,

ψ̇ = q sinϕ sec θ + r cosϕ sec θ.

(A.6)

From the coefficients in these equations, the reference model is defined. Table A.1
lists the numerical values of the non-dimensional aerodynamic coefficients as derived
from the FDM process. In our analysis, the following constants were used:

g = 9.80665 m/s2, m = 2.106 kg, b = 2.555 m, c̄ = 0.160 m,
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Ixx = 1.159 kgm2, Iyy = 1.2301 kgm2, Izz = 2.3864 kgm2, ,

S = 0.4088 m2, ρ = 1.225 kg/m3,

and we define the scaling factors:

rS =
ρS

2m
, rSb =

ρS b

2
, rSCIy =

ρS c̄

2Iyy
.

Table A.1: Coefficients in the Reference Model (approximate numerical values)

State Term Coefficient Value (approx.)

u

V 2 rS CX0 0.2504× (−0.00499) ≈ −0.00125

αV 2 rS CXa 0.2504× 0.19635 ≈ 0.04916

α2 V 2 rS CXa2 0.2504× 1.36622 ≈ 0.34167

q V rS c̄
2
CXdc

0.2504× 0.08× (−9.89184) ≈ −0.198

uthr V
2 rS Cu,thr 0.2504× 0.07633 ≈ 0.01912

u2thr V
2 rS Cu,thr2 0.2504× 0.12124 ≈ 0.03030

v

V 2 rS CY 0 0.2504× (−0.00145) ≈ −0.00036

β V 2 rS CY β 0.2504× (−0.07180) ≈ −0.01795

p V rS b
2
CY p 0.2504× 1.2775× (−0.29753) ≈ −0.09517

r V rS b
2
CY r 0.2504× 1.2775× 0.19579 ≈ 0.06253

urud V
2 rS CY dr 0.2504× (−0.00937) ≈ −0.00234

w

V 2 rS CZ0 0.2504× (−0.14010) ≈ −0.03503

αV 2 rS CZa 0.2504× (−2.13810) ≈ −0.53497

q V rS c̄
2
CZq 0.2504× 0.08× (−8.87196) ≈ −0.17777

Continued on next page
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Table A.1 – Continued

State Term Coefficient Symbol Value (approx.)

p

q r − Izz−Iyy
Ixx

−0.9977

V 2 rSb Cl0

Ixx
0.6396× 0.19309 ≈ 0.1235

β V 2 rSb
Clβ

Ixx
0.6396× 0.03176 ≈ 0.0203

p V rSb b
2

Clp

Ixx
0.6396× 1.2775× (−0.02776) ≈ −0.02266

r V rSb b
2

Clr

Ixx
0.6396× 1.2775× (−0.01554) ≈ −0.01269

uailR V
2 rSb CldaR

Ixx
0.6396× 0.01425 ≈ 0.00911

uailL V
2 rSb CldaL

Ixx
0.6396× 9.4447× 10−5 ≈ 0.00006

uflapR V
2 rSb

CldflR

Ixx
0.6396× 0.04518 ≈ 0.02887

uflapL V
2 rSb

CldflL

Ixx
0.6396× (−0.10382) ≈ −0.06642

q

p r − Ixx−Izz
Iyy

+0.9978

V 2 rSCIy Cm0 0.04006× 0.01975 ≈ 0.00079

αV 2 rSCIy Cma 0.04006× (−0.20172) ≈ −0.00807

q V rSCIy c̄
2
Cmq 0.04006× 0.08× (−77.23817) ≈ −0.2475

uele V
2 rSCIy Cm,de 0.04006× 0.87292 ≈ 0.03490

u2ele V
2 rSCIy Cm,de2 0.04006× (−0.98853) ≈ −0.03960

r

p q − Iyy−Ixx
Izz

−0.0298

V 2 rSb Cn0

Izz
0.6396× 9.4447× 10−5 ≈ 0.00006

β V 2 rSb
Cnβ

Izz
0.6396× 0.04518 ≈ 0.02890

β2 V 2 rSb
Cnβ2

Izz
0.6396× (−0.10382) ≈ −0.06641

p V rSb b
2

Cnp

Izz
0.6396× 1.2775× (−1.41586) ≈ −1.1570

r V rSb b
2

Cnr

Izz
0.6396× 1.2775× (−0.07370) ≈ −0.06030

urud V
2 rSb Cndr

Izz
0.6396× 0.02756 ≈ 0.01762

uailR V
2 rSb CndaR

Izz
0.6396× 0.02608 ≈ 0.01666

uailL V
2 rSb CndaL

Izz
0.6396× (−0.02700) ≈ −0.01727

From the coefficients listed in Table A.1, the sparse coefficient matrix Ξ is gener-
ated. This matrix is then used by the MIAC architecture to initialize the subsequent
system identification regression.
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Appendix B

SID Library of Functions

The library of functions Θ(x, u) comprises all user-defined functions used in the sys-
tem identification process to capture the vehicle dynamics. In our framework, com-
binations of these functions form the basis for the governing equations identified by
the optimization routine.

States and Control Inputs The available states are:

u, v, w, p, q, r, ϕ, θ, ψ (B.1)

The control inputs are:

AilR, AilL, Elev, Rud, FlapR, FlapL, Thr (B.2)

Derived States Additional algebraic equations are incorporated to introduce de-
rived states:

V =
√
u2 + v2 + w2,

α = arctan
(w
u

)
,

β = arcsin
( v
V

)
.

(B.3)
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Base Library Components In schematic terms, the base library for the SID is
organized as follows:

Bias term: 1,

Linear Velocities: u, v, w,

Angular Rates: p, q, r,

Control Inputs: uailR, uailL, uele, urud, uflapR, uflapL, uthr,

u2ailR, u
2
ailL, u

2
ele, u

2
rud, u

2
flapR, u

2
flapL, u

2
thr,

Kinematic Terms: sin(ϕ) tan(θ), cos(ϕ) tan(θ), cos(ϕ), sin(ϕ),

q sin(ϕ)
cos(θ) ,

r cos(ϕ)
cos(θ) ,

Force Equation Terms: rv − qw − g sin(θ), pw − ru+ g cos(θ) sin(ϕ),

qu− pv + g cos(θ) cos(ϕ),

Moment Equations: pq, pr, qr,
(
p2 − r2

)
,

Angle of Attack: α, α2,

Airspeed: V, V 2,

Angle of Side-Slip: β, β2.

(B.4)

Tensoring (Cross Terms) The following base components are allowed to be ten-
sored to form cross terms:

(Angle of Attack) × (Airspeed),

(Angular Rates) × (Airspeed),

(Control inputs) × (Airspeed),

(Airspeed) × (Beta).

(B.5)

Complete Library of Functions The resulting 79 base functions, after tensoring
to include cross terms, were concatenated and formatted as a single library for system
identification. The full library is given in Table B.1.

In total, the library Θ(x, u) comprises 711 elements (79× 9).
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Table B.1: Library of Functions used in the SID Process

Functions (1-40) Functions (41-79)
1 u
v w
p q
r uailR
uailL uele
urud uflapR
uflapL uthr
u2ailR u2ailL
u2ele u2rud
u2flapR u2flapL
u2thr p+ q sin(Roll) tan(Pitch) + r cos(Roll) tan(Pitch)

q cos(Roll)− r sin(Roll) q sin(Roll)
cos(Pitch) +

r cos(Roll)
cos(Pitch)

r v − q w − g sin(Pitch) pw − r u+ g cos(Pitch) sin(Roll)
q u− p v + g cos(Pitch) cos(Roll) p q
p r q r
(p2 − r2) α
α2 V
V 2 β
β2 αV
αV 2 α2 V
α2 V 2 V β
V β2 V 2 β
V 2 β2 p V
p V 2 q V
q V 2 r V
r V 2 uailR V
uailR V

2 uailL V
uailL V

2 uele V
uele V

2 urud V
urud V

2 uflapR V
uflapR V

2 uflapL V
uflapL V

2 uthr V
uthr V

2 u2ailR V
u2ailR V

2 u2ailL V
u2ailL V

2 u2ele V
u2ele V

2 u2rud V
u2rud V

2 u2flapR V
u2flapR V

2 u2flapL V
u2flapL V

2 u2thr V
u2thr V

2
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