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This paper presents a comprehensive framework for energy-efficient trajectory planning

and feasibility assessment in drone package delivery operations across urban areas. The

framework is designed to assist unmanned aerial systems (UAS) operators within the Unmanned

Aircraft System Traffic Management (UTM) architecture by generating feasible operational

plans for a given set of package delivery missions. The framework addresses the multifaceted

computational challenges of this problem using a two-layer approach. The upper layer consists

of a Markov Decision Process (MDP)-based trajectory planner that generates energy-efficient

trajectories by considering factors such as the aircraft model, the length and smoothness

of the trajectories, and the interaction of the aircraft with the wind field. The lower layer

then assesses the feasibility of these energy-efficient trajectories through a battery state of

charge (SoC) prediction-based uncertainty quantification scheme. We demonstrate the efficacy

of the proposed framework in a realistic drone package delivery scenario set in an urban

environment in Boston City. In addition, an actual flight experiment was conducted to

validate the framework’s performance. The results highlight the framework’s capability to

generate energy-efficient trajectories and assess the feasibility of each mission. Source code:

github.com/Abenezergirma/ETP-FA-Package-Delivery

I. Introduction

A. Motivation

Drone package delivery using small unmanned aerial systems (sUAS) is experiencing accelerated progress and is

closer to becoming reality. The FAA recently granted approval for companies such as Zipline and Wing Aviation to

operate commercial drones in the Dallas-Fort Worth (DFW) area without requiring visual observers, thus enabling

beyond-visual line of sight (BVLOS) operations [1–3]. This historic authorization marked a significant shift in the

regulatory landscape, aiming to incorporate routine drone deliveries safely into the national airspace. It allows leading
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drone delivery companies to deliver packages while keeping their drones safely separated using Unmanned Aircraft

System Traffic Management (UTM) technology [2].

The UTM Concept of Operations (ConOps) proposed by the FAA [4] serves as a blueprint outlining how sUAS

operations are intended to function. It consists of an architecture with various components, among which sUAS operators

play a critical role. The primary responsibility of sUAS operators is to generate operational plans, which are developed

"prior to the operation and indicate a four-dimensional (4D) volume of airspace within which the operation is expected

to occur" [4]. After these plans are generated, they must be submitted to sUAS service suppliers (USS) for final flight

authorization. Therefore, the framework proposed in this paper can be viewed as an automated tool that assists sUAS

operators in generating these operational plans.

The framework proposed in this paper specifically addresses the challenge of generating energy-efficient trajectories

while ensuring the safe operation of the aircraft involved. In this context, the safety of the sUAS system is considered

from two perspectives. The first aspect is collision avoidance between participating aircraft, which is achieved through

separation assurance using a reachability analysis-based collision avoidance scheme. The second aspect addresses

the risk associated with insufficient battery energy, as sUAS operations typically rely on electric-powered unmanned

aerial vehicles (UAVs). To mitigate this risk, the framework generates energy-efficient trajectories and conducts battery

energy-related feasibility assessments on these trajectories. Figure 1 illustrates a drone package delivery scenario in an

urban environment, demonstrating how the framework generates safe, energy-efficient flight trajectories and performs

battery-related feasibility assessments.

B. Contributions

This work presents several key contributions to the field of sUAS trajectory planning and battery energy-related

feasibility assessment for sUAS operations. These contributions are outlined as follows:

1) Energy-efficient sUAS trajectory planning in the presence of wind: We developed a Markov Decision

Process-based trajectory planner that generates energy-efficient flight trajectories, accounting for various aircraft

and environmental factors, including wind field, the length and smoothness of trajectories, that influence the

energy consumption of the flight mission.

2) Battery energy-related flight mission feasibility assessment: A feasibility assessment scheme based on battery

state of charge (SoC) prediction was developed to account for uncertainties in battery states. This scheme

evaluates the feasibility of the generated trajectories and determines whether to proceed with the flight mission.

3) Realistic drone package delivery scenario: A realistic drone package delivery scenario was developed for a

region in Boston City, incorporating factors such as a wind field in the urban environment, to demonstrate the

practical application of the proposed framework in a real-world setting.

4) Flight test validation: An actual flight experiment was conducted to validate the performance of the feasibility
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Fig. 1 Our proposed framework generates safe and energy-e�cient trajectories for each aircraft in the
environment, followed by battery energy-related feasibility assessments for the generated trajectories.

assessment scheme using real �ight data.

The rest of the paper is structured as follows. Section II highlights existing research relevant to our work. Section III

provides a brief discussion of the necessary background material related to the proposed framework. In Section IV, we

present the problem formulation and give an overview of our two-layer approach. We then elaborate on the components

of the upper-layer trajectory planner in Section V and the reward functions in Section VI. Section VII discusses the

lower feasibility assessment layer, while Section VIII explains the overall framework's working procedure. Finally, in

Section IX, we present the package delivery scenario developed for an area near Boston City, including experimental

results and hardware tests conducted to validate the feasibility assessment. The paper concludes with Section X.

II. Related Work

We now summarize three areas of previous work related to our overall problem: multi-agent trajectory planning,

trajectory optimization, and �ight mission feasibility assessment. They utilize a range of concepts from arti�cial

intelligence, operations research, and prognostics.

A. Multi-Agent Trajectory Planning

The literature on multi-agent trajectory planning algorithms is extensive and can be broadly classi�ed into centralized

and decentralized methods. Centralized methods involve a central controller that, using data from sensors and radar,
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observes the state of each aircraft, obstacles, and trajectory constraints to precompute trajectories for all aircraft,

typically within an optimal control framework. Various techniques, such as semide�nite programming [5], nonlinear

programming [6, 7], and mixed-integer linear programming [8� 11] are employed to resolve con�icts and pursue a global

optimum. In addition, evolutionary techniques [12], reinforcement learning [13, 14], and particle swarm optimization

[15] based approaches have been proposed. However, these methods often face scalability issues as the number of

aircraft and obstacles increases and require recomputation when new aircraft enter the scene.

In contrast, decentralized methods, where each aircraft resolves con�icts locally in either a cooperative or non-

cooperative manner, scale better with the number of aircraft and objects in the system, although they may not achieve

globally optimal solutions. Decentralized approaches are often more robust, avoiding a single point of failure, but

involve trade-o�s between computational scalability and solution quality. For instance, decentralized trajectory planning

frameworks such as MADER ensure collision-free paths in dynamic 3D environments through asynchronous trajectory

optimization [16], while spatiotemporal occupancy grid maps have been employed to enhance real-time collision

avoidance for multiple UAVs in dynamic settings [17]. Similarly, probabilistic safety guarantees under uncertainty

can be achieved through reinforcement learning combined with robust optimization, as demonstrated in [18]. Further,

distributed model predictive control has shown scalability in handling multi-agent collision avoidance [19]. Building on

this, we previously proposed a Markov Decision Process (MDP)-based decentralized trajectory planning algorithm that

is highly scalable, operates in a 3D environment, and is formally veri�ed [20]. We now extend this trajectory planner to

generate energy-e�cient trajectories in addition to ensuring the safe operation of the aircraft.

B. UAV Trajectory Optimization in the Presence of Wind

An essential component of the trajectory planning framework presented in this paper is the generation of energy-

e�cient trajectories under wind in�uence, commonly referred to as trajectory optimization in the literature [21]. Various

approaches have been proposed, including customized versions of the A-Star algorithm, such as those by Rienecker

et al. [22] and Ebert et al. [23], which enable UAVs to exploit local wind patterns. Hong et al. [13] introduced

a Twin-Delayed Deep Deterministic Policy Gradient (TD3) algorithm for real-time, energy-e�cient path planning

in windy conditions, while Baskar et al. [24] developed a probabilistic roadmap (PRM) path planning framework

that dynamically balances energy and navigation costs in response to wind. Additionally, Al et al. [25] proposed an

MDP-based approach prioritizing actions that align the UAV's path with favorable wind components, and Banerjee et al.

[26] introduced a Deep Q-learning-based method that incorporates a surrogate battery model to penalize voltage drop in

energy-intensive trajectories. Souto et al. [27] presented a Q-learning approach adjusting UAV altitude to minimize

wind exposure by maintaining altitude above the tallest buildings in each grid cell.

However, most of these approaches rely on simpli�ed models with two-dimensional discrete state spaces, limiting

their practical application. Moreover, they generally focus on wind interaction at a single decision-making step, without
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fully accounting for factors that impact overall trajectory energy consumption, such as the aircraft model, powertrain

characteristics, and trajectory length and smoothness. To address these limitations, we propose a method that generates

energy-e�cient trajectories by integrating all these critical factors.

C. Flight Mission Feasibility Assessment

In the lower layer of our framework, we conduct battery energy-related �ight mission feasibility assessment. Recent

works in this area include Corbetta et al. [28] presented a framework to quantify uncertainty in mission success due to

available battery energy, but only considered the power train model of a UAV. Quinones-Grueiro et al. [29] studied the

UAV navigation problem in urban environments while taking the battery energy into account. Additionally, Schumann et

al. [30] introduced a prognostics-as-a-service (PaaS) framework for UAVs that monitors the health and state of charge of

the battery (SoC), among other features of the UAV online, communicates the state of the aircraft to ground controllers,

and can perform contingency planning. Furthermore, in [31, 32], we considered complex aircraft and battery dynamic

models, along with actual wind forecasts, to examine the impact of battery energy on �ight missions.

III. Background

This section provides the necessary background material to understand the trajectory planning and feasibility

assessment layers of the proposed framework. It begins with a brief discussion of the fundamentals of Markov Decision

Processes (MDPs), followed by an overview of the prognostics architecture used to assess the feasibility of the �ight

mission. Finally, the section formulates the entire trajectory planning and feasibility assessment framework.

A. Markov Decision Process

An MDP is de�ned as a tuple((– �– '– ) ), where( is the set of states,� is the set of actions,' (B– 0) is the reward

function that assigns a reward for taking action0 2 � from stateB2 ( , and) (B– 0– B0) is the transition function that

describes the dynamics of the environment. The solution to the MDP, the optimal policyc � , speci�es the optimal action

0� 2 � to take from each stateB2 ( to maximize the expected return. The maximum expected value obtained from

each stateB2 ( is represented by the optimal value function+ � (B), which is computed recursively using the Bellman

equation:

+ � (B) = max
02 �

"

' (B– 0) ¸ W
Õ

B0

) (B– 0– B0)+ � (B0)

#

– (1)

whereW2 [0–1] is the discount factor. The optimal policyc � is recoverable from+ � (B).

B. Model-Based Prognostics Architecture

Given a system model de�ned as:
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G(: ¸ 1) = 5(:– G(: )– \(: )– D(: )– E(: ))– (2)

H(: ) = � (:– G(: )– \– D(: )– =(: ))– (3)

where: is the discrete time variable,G(: ) 2 R=G is the sate vector,\ (: ) 2 R=\ is unknown parameter vector,D(: ) 2 R=D

is the input vector,E(: ) 2 R=a is the process noise vector,5 is the state equation,H(: ) 2 R=H is the output vector,

=(: ) 2 R== is the measurement noise vector, and� is the output model.

For the system described above, a model-based prognostics architecture, adopted from [33], consists of two major

steps: estimation and prediction. In the estimation step, the joint state-parameter estimate?(G(: )– \(: )jH(: 0 : : )) is

computed using the system dynamics and observation history up to time: , denoted asH(: 0 : : ). This step typically

involves the use of a state estimator. In the prediction step, the probability distribution?(: � (: %)jH(: 0 : : %)) at the

prediction time: ? is computed using the joint state-parameter estimate along with hypothesized future inputs of the

system.

IV. Methodology

In this section, we provide a high-level description of the problem formulation and the proposed framework, along

with a discussion of the various interconnected components of the framework.

A. Problem Formulation

We consider a drone package delivery operation in unstructured airspace, where a homogeneous �eet of drones

operates within a city-scale domain. The operation involves product depots with known geographic locations. The

drones transport packages from these depots to delivery locations. Based on the payload capacities of drones [34], we

assume that each drone carries one package at a time and is assigned to �y to a single destination.

The problem we address is ensuring the safe and e�cient operation of these drones in terms of both collision avoidance

and available battery energy. Therefore, a feasible solution to our problem must provide safe and energy-e�cient

trajectories for each aircraft and assess the mission's feasibility concerning battery capacity before departure.

B. Approach Overview

The overall objective of this paper is to introduce a trajectory planning and decision-making framework that

facilitates the generation of energy-e�cient and strategically de-con�icted �ight plans, along with the assessment of

their feasibility concerning potential battery energy insu�ciency. To address this challenge, we present a comprehensive

algorithmic framework, illustrated in Figure 2, which employs a two-layer approach.

The upper layer (Section VII) handles the trajectory planning task by generating safe and energy-e�cient trajectories
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Fig. 2 We developed a two-layer framework to address the challenges of trajectory planning and battery
energy-related feasibility assessment.

for each aircraft in the environment. It takes the depot-to-package delivery location assignments for each aircraft as input

and employs an MDP-based multi-agent trajectory planning framework to generate trajectories that:(8) avoid collisions

with other aircraft in the environment,(88) are smooth and short to minimize excessive energy consumption, and(888)

are energy-e�cient with respect to the wind �eld in the urban environment. This formulation inherently supports

decentralized trajectory planning, as each aircraft optimizes its trajectory based on its own local reward function while

still ensuring separation from others.

The lower layer (Section VII), focuses on feasibility assessment and decision-making regarding the execution of

the mission. It takes the safe and energy-e�cient trajectories generated by the upper layer and utilizes a model-based

prognostic architecture to predict the �nal State of Charge (SoC) and quantify the uncertainty associated with each �ight

mission. Finally, the lower layer decides whether to proceed with the �ight mission using the generated trajectory and at

the assigned �ight time.

V. Upper Layer: Trajectory Planner

The trajectory planner implemented in this paper, introduced in [35] and [20], represents the decision-making

problem as a Markov decision process (MDP). A signi�cant update to the current planner, as compared to [20], is the

inclusion of energy considerations in the trajectory planning problem. Therefore, this paper focuses on highlighting the

main components of the planner, with a particular emphasis on the energy-related reward function. It is also worth

noting that, although the trajectory planner is designed for online guidance of aircraft in a free-�ight manner, in this

study, it has been employed o�ine to perform pre-departure �ight planning.
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A. Aircraft Dynamics

The state transition function) (BC– 0– BÇ 1) of the MDP-based decision maker is given by a six-degree-of-freedom

(6-DOF) low-�delity dynamic model of octo-rotors, adopted from [36], where inertia is described by lumped masses.

The model employs lumped masses to describe the inertia and provides a balance between accuracy and computational

e�ciency. As such, it accurately represents the behavior of the aircraft without imposing excessive computational load.

The model is formulated in the state-space representation as shown in Equation 4, whereB, 2, andCdenotesin, cos, and

tanfunctions, respectively.

¤G=

2

6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
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6
6
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6
6
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¤G

¤H

¤I

(B\ 2k 2q ¸ Bq Bk ) )
< C

(B\ Bk 2q � Bq Bk ) )
< C

� 6 ¸ 2q 2\
)
< C

? ¸ @Bq C\ ¸ A2q C\

@2q � ABq

@Bq
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2 \
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(4)

In the above equation, linear position and velocity variables are represented byB–¤B, and angular position and velocity

variables by[q– \– k] and[?– @– A], respectively. The state vector is de�ned asG= [B–¤B– q– \– k– ?– @– A]) . Additionally,6

denotes the gravitational constant,< Crepresents the lumped mass, and; is the arm length.

B. State Space

The environment is a continuous three-dimensional state space located in any chosen geographic region. Given the

dynamics of an aircraft:

¤Z(C) = 5(Z(C)– D(C))– (5)
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where, 5 : R= � R ! R= is a continuous function.Z denotes the aircraft states. The trajectory of an aircraft

b : R= � R� 0 ! R= is the solution to the di�erential equation (5). For a given initial setG0 2 R=, the state of the system

at timeCis b(Z0– C) = Z(C). The control inputD(C) 2 R< is comprised of the thrust) , and the three torquesg\ – gk , and

gk . In addition, a single state in the state space (B>) contains all the states of an aircraft (Z) and the states of every other

aircraft denoted as59, 8 92 � . Thus, we can de�neB> asB> = [Z– 51– •••– 59], where9represents the number of other

aircraft.

C. Action Space

The action space of the MDP is composed of the individual action spaces of the four inputs: the thrust) , and three

torquesg\ – gk , andgq . The action space of) is composed of9 logarithmically spaced discrete values between50#

and500# . The chosen minimum and maximum values are determined by the performance capabilities of the motors

(KDE-4213XF motors) in terms of the delivered thrust and torque. Consequently, the inputs ofg\ – gk , andgq are

linearly spaced within a range of7 input values.

The linearly spaced input set in#< is constructed as follows:

g\ = [� 150–� 100–� 50–0–50–100–150] (6)

gk = [� 150–� 100–� 50–0–50–100–150] (7)

gq = [� 150–� 100–� 50–0–50–100–150]• (8)

Finally, the joint action space becomes:

A = f )– g\ – gk – gq g• (9)

VI. Reward Function Design

The reward function is the primary mechanism to control the behavior of an MDP agent. It is de�ned asR(BC– 0C– BÇ 1),

representing the reward an agent collects when it transitions from stateBCto BÇ 1 after taking action0C. In this work, we

have utilized both positive and negative rewards, as presented in Table 1, to guide the aircraft to their destination while

avoiding potential collision with nearby aircraft. A detailed description of the methods used to design the collision

avoidance reward function can be found in [35] and [20]. However, since this paper focuses on the energy e�ciency of

trajectories, the remainder of this section discusses the methods used to design the energy-related reward functions.

The goal of the energy-related reward function is to guide the trajectory planning agent in generating energy-e�cient

trajectories. Incorporating energy consumption into trajectory planning is essential because an aircraft's energy usage
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depends heavily on the type of reference trajectories generated. These trajectories play a direct role in determining the

feasibility of the �ight mission. In this section, we outline four approaches for incorporating energy e�ciency into

trajectory generation: energy cost function, trajectory length, deviation from direct paths, and wind-aware planning. A

schematic diagram that shows the overall idea behind these reward functions is presented in Figure 3.

A. Energy Cost Function

A key component of the energy-e�ciency reward function is the learning-based energy cost function, represented by

� (�). This function estimates the energy consumption associated with each future state of the aircraft. LetsC 2 R3

denote the aircraft's current position, and letsÇ :–0 2 R3 represent each future state of the aircraft across multiple time

steps and actions, where: corresponds to the number of steps into the future from the current statesC, and0 represents

control actions. At each decision-making step, the energy cost function� (�) takes the changes in aircraft positions

(� dÇ : ) as input to predict the energy required for the aircraft to transition from its current state to each projected future

state. By using position changes as input, the function avoids dependency on the initial aircraft states, enabling e�cient

energy estimation. Mathematically, the energy consumption of the aircraft at future statesÇ :–0 denotedEÇ : can be

represented as:

EÇ : = � (� dÇ : ; \ ) (10)

where, � (�) is the energy cost function,\ represents the parameters of the model, and the vector� dÇ : =

[� 31–� 32– • • • –� 3: ] represents the change in distance traveled by the aircraft from its position at timeCto the

: C� future state and can be mathematically described as:

� dÇ : =
:Õ

8=1

È
(G8 � G8� 1)2 ¸ (H8 � H8� 1)2 ¸ (I 8 � I 8� 1)2• (11)

Given a datasetD consisting of# samplesf (� d(8)
Ç : –E(8)

Ç : )g#
8=1, where each sample includes a change in distance and

the corresponding observed energy consumption, the learning task is to minimize the prediction error of the model.

This can be formalized as:

\ � = arg min
\

#Õ

8=1

€
E(8)

Ç : � � (� d(8)
Ç : ; \ )

Š2
• (12)

To this end, we trained a regression model given in Equation 13 that predicts the energy cost (EÇ : ) based on changes

in aircraft positions.

EÇ : = A> � � dÇ : ¸ B> – (13)
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where,A> andB> are the transposed coe�cient vectors of the energy cost function, they are de�ned as follows:

A = [0–520•699–203•742–127•606–86•3024–71•8159–63•1053–57•9294–50•7294–46•399]–

B = [0–369•168–869•01–1119•61–1459•52–1368•97–1279•89–1128•54–1144•29–1183•82]•

Fig. 3 The energy-e�ciency reward function consists of three components: the energy cost reward, the trajectory
type reward, and the wind-aware planning reward.

Finally, the energy-related reward (Renergy) at timeCcan be expressed as:

Renergy= � FE � (A> � � dÇ : ¸ B> )• (14)

The negative sign in the above equation indicates that higher energy consumption leads to a lower reward, thereby

encouraging the aircraft to select actions that minimize energy usage. The termFE is a constant scaling factor.

B. Trajectory Deviation Reward

The trajectory deviation reward is another component of the energy e�ciency reward function, designed to minimize

deviations from the straight-line trajectory that directly connects the aircraft's initial position and its goal. A straight-line

path is generally the most energy-e�cient route, as it minimizes unnecessary maneuvers that can increase energy

consumption. By penalizing deviations from this ideal path, the reward function encourages the aircraft to maintain a

smooth and e�cient trajectory throughout its �ight.

The overall idea of the trajectory deviation reward function is to compute the angle between a straight line that

connects the goal state, denoted ass� 2 R3, and current position,sC2 R3 and each future state of the aircraftsÇ :–0 2 R3.

To that end, we �rst compute the goal vectorg, which is the direction from the current positionsCto the goals� . This
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vector is obtained as the di�erence between the two positions,s� andsC. Then, to facilitate comparisons with other

vectors, the goal vector is converted to a unit vectorĝ. This procedure can be described mathematically as:

ĝ =
g

kgk
=

s� � s0È
62

G ¸ 62
H ¸ 62

I

• (15)

Similarly, for each possible future state, a unit vector that represents the direction from the current state to the future

statev̂C–0is computed as:

v̂Ç :–0 =
vÇ :–0

kvÇ :–0k
=

sÇ :–0 � sCÈ
E2

Ç :–0–Ģ E2
Ç :–0–Ḩ E2

Ç :–0–I

• (16)

Once these vectors are computed, the angle between the vectors leading to future states and the goal direction\ C–0can

be found using the dot product between each normalized future state vectorv̂Ç :–0 and the normalized goal vectorĝ. The

result of this dot product gives the cosine of the angle\ Ç :–0 between the vectors. Mathematically, this is expressed as:

\ Ç :–0 = cos� 1(v̂Ç :–0 � ĝ)• (17)

Finally, the trajectory deviation reward,Rdeviation, is then de�ned as the negative of the deviation at each time step

multiplied with a scaling factorF � :

Rdeviation = � F � � \ Ç :–0• (18)

This formulation ensures that the aircraft is encouraged to follow the most direct and energy-e�cient path from its

initial position to its goal, minimizing unnecessary deviations that could lead to increased energy consumption.

C. Trajectory Length Reward

The trajectory length reward is designed to minimize the total distance traveled by the aircraft from the initial

position to the goal. The key di�erence between this and the trajectory deviation reward is that the latter focuses on

maintaining alignment with the straight-line reference path � a distinction that is particularly signi�cant in the presence

of dynamic obstacles or wind disturbances. To accurately account for the entire trajectory, the path is divided into

three distinct segments: the past trajectory (! past), the current decision-making horizon (! horizon), and the remaining

distance to the goal (! goal). This segmentation enables a comprehensive evaluation of the entire trajectory, thereby

encouraging the aircraft to minimize the length of its path across the full mission duration. The total path length! total

for the trajectory from the initial positions0 to the goals� is, therefore, the sum of these three segments. This can be

expressed mathematically as:

! total = ! past¸ ! horizon ¸ ! goal– (19)
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where,! total represents the distance traveled by the aircraft from the initial positions0 to the current statesC, ! horizon

represent the predicted distance within the current decision-making horizon, extending from the current statesCto the

state at th future step, and! goal represent the distance from the predicted state at time: to the goals� . These are

de�ned mathematically as:

! past =
CÕ

8=1

ks8 � s8� 1k– !horizon =
 Õ

: =Ç 1

ksÇ : � sÇ : � 1k– and! goal = ks� � s k• (20)

Accordingly, the trajectory length reward' Length is de�ned as the negative of the total trajectory length:

RLength = � FL � ! total– (21)

whereFL is a constant scaling factor. This formulation e�ectively captures the entire trajectory from the initial position

to the goal and incentivizes the aircraft to minimize the overall path length and enhance energy e�ciency throughout

the mission.

D. Wind-Aware Planning Reward

In designing energy-e�cient trajectories, considering wind e�ects on energy consumption is essential. The

wind-aware planning reward function aims to generate energy-e�cient paths by encouraging the aircraft to seek tailwinds

and avoid headwinds. The main idea is to minimize energy usage by aligning the aircraft's velocity with favorable wind

directions.

A key insight behind the formulation of this reward function is the anglej between the wind vector and the aircraft's

velocity vector, which signi�cantly impacts energy requirements. Whenj is close to 0 radians (headwind scenario),

the wind opposes the aircraft's travel direction, increasing air resistance and energy consumption. Conversely, when

j is nearc radians (tailwind scenario), the wind aligns with the aircraft's direction, reducing energy consumption.

In crosswind conditions, wherej = c
2 or j = 3c

2 , the wind blows perpendicular to the aircraft's path, resulting in

moderate energy consumption.

Let vaircraft = [EG– EH] represent the velocity vector of the UAV, whereEG andEH are the components of the UAV's

speed in theGandHdirections, respectively. Letw = [F G– FH] denote the wind speed vector, whereF G andF H are the

wind speed components in theGandHdirections. Finally, letp = [G– H] denote the position of the UAV in the horizontal

plane. The wind-aware reward function is computed at each positionp, based on the relative orientation between the

UAV's velocity vector and the wind vector at that location.

To compute the angle between the UAV's velocity vectorvaircraft and the wind vectorw, we use the dot product
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between the two vectors:

cos(j ) =
vaircraft � w

kvaircraftkkwk
– (22)

wherevaircraft � w = EGF G ¸ EHF H, kvaircraftk =
È

E2
G ¸ E2

H andkwk =
È

F2
G ¸ F2

H are the norms of the UAV's velocity

and wind vectors, respectively. The above dot product quanti�es how well the UAV's velocity aligns with the wind

direction. A positive value indicates a tailwind e�ect, while a negative value indicates a headwind e�ect. Finally, the

wind-aware planning reward is computed as:

Rwind = � FW (B � A cos(j )) – (23)

whereFW is a scaling factor, andA andB are constants that modulate the reward. The constantA controls the amplitude

of the reward function, with larger values ofA enhancing the di�erence in penalty between headwind and tailwind

scenarios, thus penalizing headwinds more severely while reducing the penalty for tailwinds. The constantB adjusts the

baseline of the reward function, ensuring that crosswinds (j � c
2 ) are also penalized to an appropriate degree.

E. Combining the Reward Functions

Now that we have discussed the formulation of each energy-e�ciency-related reward function, we can combine

these functions to enable our trajectory planning agent to generate safe and energy-e�cient trajectories, expressed as:

Rtotal = Rdestination¸ R separatioņ R e�ciency – (24)

whereRdestinationandRseparationrepresent rewards that guide the aircraft to its assigned destination while maintaining

safe separation from other aircraft. These reward functions are discussed in [20] and [35], with details presented in

Table 1. The separation is ensured using reachability analysis, which computes the set of states reachable by each

aircraft over a given time horizon and identi�es potential con�icts. By penalizing states that overlap with these reachable

sets, the framework guarantees collision avoidance while enabling e�cient trajectory planning. The termRe�ciency

denotes the sum of energy-e�ciency-related reward functions discussed in this section, de�ned as:

Re�ciency = FLRlength ¸ FDRdeviation¸ FERenergy¸ FWRwind• (25)

The weightsFL , FD, FE, andFW are tuning parameters that control the relative importance of each reward function

in the overall trajectory planning process. In this work, we set these weights asFL = 0•1, FD = 0•5, FE = 0•2, and

FW = 0•2, re�ecting a higher emphasis on minimizing trajectory deviation while balancing trajectory length, energy

consumption, and wind in�uence.
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Table 1 Reward Functions for Each Aircraft

Reward Source Reward Function Location Decay Factor Purpose

Intruder aircraft � (100Ç 500) Intruder 0•97 Collision avoidance

Destination 200 Manually placed 0•999 Destination attraction

Ownship � FE�(A> �� dÇ : ¸ B> ) Aircraft next states 0 Energy e�ciency

Ownship � FD � \ Ç :–0 Aircraft next states 0 Energy e�ciency

Ownship � FL � ! total Aircraft next states 0 Energy e�ciency

Ownship � FW (B � A cos(j )) Aircraft next states 0 Energy e�ciency

VII. Lower Layer: Feasibility Assessment and Decision Making

A key task in assessing the feasibility of a mission related to battery energy is predicting the battery's state of

charge (SoC) at the end of the �ight mission. The SoC of a battery is typically de�ned as 1 when fully charged and

0 when discharged to a predetermined voltage threshold. By obtaining the ending SoC with certain probabilistic

guarantees, we can evaluate the mission's feasibility by comparing this prediction against system requirements and

deciding whether to execute the mission. To achieve this, we adopted a model-based prognostics architecture from [33]

and its implementation from [37], whose basic working principles are discussed in Section III.B.

The battery model utilized in this study is an electrochemical-based model of Lithium-ion batteries, as described in

[33], which are a popular choice for powering unmanned aerial vehicles. In this model, the battery's current draw (� )

serves as the input, while the battery temperature (C1) and the voltage drop caused by solid-phase ohmic resistance (+>)

represent its outputs (H(: )). The estimation algorithm used in this paper is the Unscented Kalman Filter (UKF) [38],

along with the battery model.

The predictor algorithm used in this paper is the Monte Carlo predictor [39], which randomly samples from the

battery's current state distribution, and each sample is simulated to the end of the �ight. By collecting a set of SoC

values from several Monte Carlo simulations, the probability distribution can be built, and the probability of mission

success at a given timeCcan be computed using the following equation:

%success(C) =

Í =
8=1(SoC8(C) ¡ SoCth)

=
– (26)

where= represents the number of Monte Carlo simulations in the prediction step andSoCth is the threshold battery SoC

value required at the end of the �ight.

The battery SoC prediction process is illustrated in Figure 4. According to the procedure, given a reference trajectory

and information about the available battery energy, the �rst step is to simulate the high-�delity octo-rotor model adopted

from [40] along the trajectory to obtain the mission's current requirement (� req), which is used as a future load for

battery SoC prediction. Once the mission's� req is known, the battery model will be simulated from its initial state until

SoC is reached. Finally, the predicted SoC points are collected, and the probability density function for battery SoC at
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the �ight end time is constructed.

Fig. 4 Schematic diagram representation of the feasibility assessment procedure.

VIII. Overall Framework

The overall working procedure of the framework is presented in Algorithm 1. The inputs to the framework are the

aircraft's initial state and destination, the battery's initial state (G0), and mission success probability threshold%threshold

to determine whether to conduct the mission or not. The framework's output is the decision to either take o� or hold the

aircraft. The �rst step is generating trajectories from start to destination for each aircraft. These trajectories are safe (in

terms of collision avoidance with other aircraft) and locally energy optimal. Next, before proceeding to the battery

prognostics process, we sample waypoints from the generated trajectories and feed those waypoints to the detailed

aircraft dynamics as a reference trajectory. Then, we run the detailed octo-rotor dynamics and collect the current

requirements of the missions. Once the current requirement is collected, we randomly sample from the battery's initial

state and simulate the battery model until the end of the �ight is reached.

IX. Experiments and Results

A. Package Delivery Scenario Description

We designed a drone package delivery scenario in a region near the city of Boston around coordinates42� 15017•900N

and71� 08027•700W, to demonstrate the performance of the proposed framework. Figure 5 shows the Google Earth view

of the area. Since the drones are expected to operate within an urban setting where buildings and other static structures

in�uence air�ow patterns, it is essential to use CFD-simulated wind data that captures localized variations in wind

speed and direction. To achieve this, we incorporated CFD-simulated wind data for the area from [41], as shown in

Figure 6. The wind data shown in Figure 6 is a result of simulation for a wind speed of approximately10•2< B, heading
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Algorithm 1: Pre-departure Flight Planning and Mission Feasibility Assessment Framework

ProcedureFlightPlanAndRiskAssessment() :
Input : Aircraft initial state and destination, Battery initial state (G0) and%threshold
Output : Decision to either take o� or hold the aircraft

1 for each aircraft ido
2 Generate safe and energy e�cient trajectory from start to destination
3 Obtain the current requirement of the trajectory
4 Perform Monte Carlo (MC) simulations of the battery using the current requirement
5 Construct End-of-Flight Battery SoC Probability Density Function (PDF) from MC simulation results
6 Compute the probability of mission success using Equation 26
7 if %success¡ %thresholdthen

Execute the mission
8 else

Keep charging the aircraft and/or re-plan the �ight trajectory

9 End of operation

at zero degrees from left to right across the domain.

Fig. 5 Google Earth View of the Area. Fig. 6 CFD-Simulated Wind Field for the Area.

We then designate a depot location, which serves as a hub where drones are stationed for charging, maintenance,

and package loading. This depot is the operational center from which drones depart to deliver packages and return after

completing their missions. In our scenario, the depot is assumed to be located at42� 15021•400N and71� 08020•100W.

From this depot, multiple package delivery missions can be assigned to destinations within the area. A mission is

considered successful when the assigned aircraft takes o� with the package, �ies to the destination, descends to the

drop-o� point, releases the package, and returns safely to the depot. Our objective is to use the proposed framework to

(1) generate safe and energy-e�cient trajectories and (2) assess the feasibility of completing these missions with the

available energy.
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B. Simulation Results

Although the scenario can accommodate a con�gurable number of aircraft that use the proposed planning and

decision-making framework, we present experimental results for a speci�c case involving two aircraft. These aircraft

are assigned to take o� from the depot and �y to two separate destinations located at42� 15013•000N and71� 08036•600W

and42� 14058•500N and71� 08038•900W, respectively. As such, the two �ight trajectories generated by the upper layer

of the framework are shown in Figures 7a and 7b. In each �gure, two sets of trajectories illustrate the impact of the

energy-e�cient reward function. The red dashed lines represent trajectories generated without considering energy

e�ciency, while the blue trajectories account for energy-e�cient planning. As shown, the energy-e�cient trajectories

are smoother, more direct, and maintain a consistent altitude during cruising. Consequently, as illustrated in Figures 7c

and 7d, incorporating energy-e�cient rewards signi�cantly reduces both the power consumption and cumulative energy

consumption for both missions.

Once these trajectories are generated, we proceed to the lower layer of the proposed framework to perform prognostics

and mission feasibility assessment. We generated 500 Monte Carlo simulations to assess the feasibility of each mission.

Additionally, to determine the probability of mission success or failure, we established a threshold State of Charge

((>� th) value of50%at the end of the �ight. Figure 8 shows the SoC and voltage predictions for the two �ight missions

mentioned above. From the two voltage plots in Figures 8d and 8d, we observe a noticeable change in the voltage pro�les

in the middle of the simulations. This change is primarily due to the aircraft transitioning between �ight phases�from

cruising to descending to deliver the package, and then ascending again to return to its depot. Finally, to decide whether

to conduct the mission or not, we used Equation 26 along with the constructed SoC PDF,(>� th, and a probability

threshold%thresholdvalue of95%. As mentioned in Algorithm 1, this%thresholdvalue is used to determine the execution

of the mission. Speci�cally, in our case, if the probability of an aircraft arriving at its depot after completing the delivery

with a SoC value of50%is above95%, then our framework will decide to execute the mission. Accordingly, the �nal

decisions for the mission shown in Figures 7a and 7b are given in Table 2.

Table 2 Mission Success Probabilities and Decisions

Mission ID Success Probability Decision

1 1.00 Cleared for Flight
2 0.08 Hold

C. Battery Feasibility Assessment Veri�cation

In addition to the simulation-based experiments discussed in the previous section, we also conducted a hardware

�ight test to study the performance and accuracy of the feasibility assessment framework. We used an Octocopter aircraft

shown in Figure 9 to conduct the actual �ight test which is equipped with onboard sensors to collect real-time data on the
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(a) Aircraft 1 Trajectory Comparison. (b) Aircraft 2 Trajectory Comparison.

(c) Power Pro�le Comparison for Aircraft 1. (d) Power Pro�le Comparison for Aircraft 2.

Fig. 7 Trajectory and Power Pro�le Comparison for Both Aircraft.

aircraft's battery-related parameters such as current, battery, and SoC to perform the validation. Figure 10 shows a �ight

plan at Poplar Ford Quinn Field test site with the �rst waypoint (waypoint1) indicating (38� 5006•900N–77� 30022•400W)

latitude and longitude coordinates. The maximum wind speed at the time of the �ight experiment was close to 5< B.

After the �ight test was conducted, we collected the current draw of the battery, shown in Figure 11. The �gure

illustrates power consumption variations across di�erent �ight phases, peaking during takeo� and spiking during

aggressive maneuvers or wind disturbances, followed by a reduction during landing. The goal is to evaluate the
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(a) SoC Prediction for Aircraft 1. (b) SoC Prediction for Aircraft 2.

(c) Voltage Prediction for Aircraft 1. (d) Voltage Prediction for Aircraft 2.

Fig. 8 Battery Voltage and SOC Predictions for Both Aircraft.

prediction accuracy of the feasibility assessment framework using this data. To this end, we apply the collected current

to the feasibility assessment framework and compare the predicted voltage and SoC trajectories against the actual voltage

and SoC trajectories of the battery. However, since we are using a Monte Carlo-based feasibility assessment framework,

we take the average of all voltage and SoC predictions to validate the performance of the framework, and the results are

plotted in Figure 11.

As can be seen in the above Figure, the voltage and SoC trajectories we obtained from the feasibility assessment

align well with the actual trajectories. To quantify the performance, we use both Root Mean Square Error (RMSE) and

Mean Absolute Error (MAE) as metrics. RMSE measures the average magnitude of errors, giving more weight to larger

discrepancies, thereby indicating how closely the simulated voltage and SoC trajectories match the actual �ight data. In

contrast, MAE provides a more balanced view of prediction errors, being less sensitive to outliers, which allows us to
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