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Abstract

Enhancing Safety and Energy-Efficiency in Advanced Air Mobility Through
Trajectory Planning and Mission Feasibility Assessment Strategies

The increasing demands on urban transportation systems, driven by rapid population
growth and urbanization, have exposed critical limitations in existing ground infrastructure,
including safety risks, time inefficiencies, environmental concerns, and economic burdens.
To address these challenges, Advanced Air Mobility (AAM) has emerged as a promising
alternative, enabling the movement of people and goods through next-generation electric
vertical takeoff and landing (eVTOL) aircraft. This dissertation presents a set of trajec-
tory planning and mission feasibility assessment strategies for AAM operations, with the
overarching goal of enabling safe, scalable, energy-efficient, and resilient operations.

First, a decentralized, real-time trajectory planning framework is developed to support
conflict-free and scalable multi-agent operations in dense urban airspaces. The approach
integrates a data-driven reachability analysis module with a Markov Decision Process
(MDP)-based decision-making scheme. Simulation results involving up to 32 aircraft
in a city-scale scenario demonstrate the planner’s effectiveness in reducing near mid-air
collisions while maintaining computational efficiency.

Second, a two-layer framework is proposed for energy-efficient trajectory planning
and battery-related mission feasibility assessment, operating in a pre-departure phase. The
upper layer consists of an MDP-based planner that accounts for aircraft dynamics and wind
disturbances to generate energy-efficient trajectories. The lower layer evaluates the feasibility
of these trajectories using a battery state prediction-based uncertainty quantification scheme.
The framework is validated through high-fidelity simulations involving drone package
delivery in an urban setting, as well as a real-world flight experiment.

Third, a real-time mission feasibility and contingency management system is introduced
to enhance operational safety during flight. The framework continuously monitors battery

energy status by integrating power consumption prediction with battery voltage trajectory

Vil



forecasting. In the event of an unexpected mid-flight incident resulting in energy depletion,
the system autonomously reroutes the aircraft to a predefined emergency landing site. The
effectiveness of this system is demonstrated through a drone delivery mission interrupted by
such an incident.

Collectively, these contributions offer a comprehensive set of tools to support safe,
energy-efficient, and resilient AAM operations, advancing the integration of AAM aircraft

into complex urban environments.
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Chapter 1:  Introduction

1.1 Research Motivation and Background

Rapid urbanization and population growth have intensi ed the demand on transportation
systems in cities around the worl@]] As more people rely on these systems for daily
activities, the limitations of existing infrastructure have become increasingly evident. De-
spite decades of technological advancement, today's transportation networks continue to
suffer from persistent challenges related to safety, congestion, energy consumption, and
environmental impact.

These challenges are clearly re ected in current transportation outcomes across safety,
time ef ciency, environmental sustainability, and economic burden. In 2023 alone, 40,990
people lost their lives in motor vehicle crashes in the United States, equating to one death
every 15 minutesd9]. Globally, a fatality occurs approximately every 27 secorki§. [

Time inef ciency remains a substantial concern: according to the 2024 INRIX Global Traf ¢
Scorecard, the average U.S. driver lost 43 hours to traf c congestion, which is roughly
equivalent to an entire workwee&%]. The environmental impact is similarly signi cant: in

2022, the transportation sector was the largest contributor to U.S. greenhouse gas emissions,
accounting for nearl29% of the total [L0Z. The economic burden is also considerable.

In 2023, American households spent an averadkl8f174 on transportation, making it

their second-largest expense after housit&j.[In addition to these measurable costs, long
commutes have been consistently linked to increased stress, a higher risk of depression and
anxiety, and reduced life satisfaction. These factors can ultimately elevate cardiovascular
health risks [90].

In response to the growing limitations of current ground-based transportation systems,
the concept of Advanced Air MobilityAAM) has emerged as a promising alternative.

Championed by both the National Aeronautics and Space Administréid8A4) and the






	Dedication
	Acknowledgments
	Abstract
	Table of Contents
	List of Figures
	List of Tables
	List of Abbreviations
	Introduction
	Research Motivation and Background
	Problem Statement
	Overview of Contributions
	Dissertation Outline


	Safe and Scalable Trajectory Planning Framework for Urban Air Mobility
	Introduction
	Related Work and Background
	Multi-Agent Trajectory Planning
	Safety Verification

	Contributions

	Problem Formulation
	Problem Description
	Aircraft Dynamics

	Methodology
	Markov Decision Process Formulation
	State Space
	Action Space
	Reward Function
	Value Function

	Reachability Analysis
	The Proposed Trajectory Planning Framework

	Results and Discussion
	Scenario Description
	Action Shielding
	Reward Shaping

	Conclusion

	Energy-Efficient Trajectory Planning and Mission Feasibility Assessment Framework for Drone Package Delivery Operations
	Introduction
	Background and Related Work
	UAV Trajectory Optimization in the Presence of Wind
	Flight Mission Feasibility Assessment
	Contributions

	Problem Formulation and Approach Overview
	Problem Formulation
	Approach Overview

	Upper Layer: Trajectory Planner
	State Space
	Aircraft Dynamics
	Action Space

	Reward Function Design
	Energy Cost Function
	Trajectory Deviation Reward
	Trajectory Length Reward
	Wind-Aware Planning Reward
	Combining the Reward Functions

	Lower Layer: Feasibility Assessment and Decision Making
	Model-Based Prognostics Architecture

	Overall Framework
	Experiments and Results
	Package Delivery Scenario Description
	Simulation Results
	Battery Feasibility Assessment Verification

	Conclusion

	Real-Time Flight Mission Feasibility Assessment and Contingency Management Framework
	Introduction
	Background and Related Work
	Battery State Prediction
	Battery Feasibility Based Flight Planning

	Contributions

	Problem Formulation
	Aircraft Model
	Battery Model
	Problem Description

	Method
	Power Profile Prediction
	Aircraft Power Consumption Model
	Flight Duration Estimation

	Power to Current Conversion
	Feasibility Assessment and Decision Making

	Battery Modeling
	Dataset Generation
	Flight Mission Current Profile Generation
	Battery Voltage Simulation

	Neural ODE Training
	Data Preprocessing
	Neural ODE Model Architecture


	Results and Discussion
	Scenario Description
	Results
	Power Consumption Prediction Results
	Voltage Prediction Results

	Discussion 

	Conclusion

	Conclusion
	Summary of Contributions
	Open-Source Contributions
	Publications
	Non-Dissertation Publications
	Future Works

	Bibliography

