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ABSTRACT

Optimal Task Scheduling and Flight Planning for Multi-Task

Unmanned Aerial Vehicles

by

Bin Liu

Unmanned aerial vehicles (UAVs), also known as drones, play an important role

in various areas due to their agility and versatility. Integrated with many embed-

ded components, the UAV is capable of conducting multiple tasks simultaneously.

Coordinating different tasks to a multi-task UAV can be challenging. The reason is

that tasks may require different levels of commitment and tolerate different laten-

cies. Another reason is that multi-tasking can give rise to difficulties in the UAV’s

energy management, as many UAVs are battery-powered. In this thesis, we study

the optimal flight planning, control, and routing for the multi-task UAV.

The main contributions of this thesis can be summarized as follows.

• This thesis presents a novel energy-efficient UAV flight planning framework,

which integrates UAVs into intelligent transportation systems for energy-efficient,

delay-sensitive delivery services. The UAV can dynamically choose actions

from cruise speed, full speed, recharging at a roadside charging station, or

hitchhiking and recharging on a collaborative vehicle. The objective is to min-

imize the energy consumption of the UAV and ensure timely delivery. We

reveal the conditions under which the UAV’s flight planning changes in terms

of the remaining flight distance or the elapsed time. Consequently, the optimal

flight planning can be instantly made by comparing with the thresholds.

• This thesis presents a new online control framework for multi-task UAVs,

which allows a UAV to perform in-situ sensing while delivering goods. A new



finite-horizon Markov decision process (FH-MDP) problem is formulated to

ensure timely delivery, minimize the UAV’s energy consumption, and maximize

its reward for in-situ sensing. We prove the monotonicity and subadditivity of

the FH-MDP, such that the FH-MDP has an optimal, monotone deterministic

Markovian policy. We find that the optimal policy consists of flight distance-

related and time-related thresholds at which the optimal action of the UAV

switches. As a result, the optimal actions of the UAV can be obtained by

comparing its state with the thresholds at a linear complexity.

• This thesis presents a novel multi-task UAV routing framework, which aims

to minimize the UAV’s energy consumption, maximize its sensing reward,

and ensure its timely arrival at the destination. We interpret possible flight

waypoints as location-dependent tasks, hence accommodating the waypoints

and in-situ sensing in a unified process of task selection. We construct a

weighted time-task graph, and transform the optimal routing of the UAV to

a weighted routing problem, which can be optimally solved by the celebrated

Bellman-Ford algorithm.
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Chapter 1

Introduction

1.1 Background

Unmanned aerial vehicles (UAVs), also known as drones, are playing an im-

portant role in various areas due to their agility and versatility [1–3]. Featured by

on-board data processing, autonomy and boundless mobility, the UAV is empowered

to provide close integration of the cyber and physical worlds by a synergy of compu-

tational power and physical processes [4, 5]. It can be used for various applications

in the smart city, such as environmental sensing [6,7], weather monitoring [8], cargo

delivery [9], emergency search and rescue [10,11], etc.

UAV optimization has been recently widely actively as an important use case in

5G advanced working groups, such as 3GPP Technical Specification Group Service

and System Aspects (SA) 6, ITU. For example, in 3GPP release-17 [12], the UAV

optimization is specified as the new usage area. With UAV optimization, timely

delivery can be guaranteed, which can provide a delay-aware delivery service. As

shown in this case in Fig. 1.1, the delivery approach can be customized with the

delivery time requirement. In the paradigm of smart cities, UAVs can unify the

physical and cyber world via ubiquitous and heterogeneous smart devices through

3D connectivity [13].

Equipped with embedded sensors, such as cameras, microphones, and thermome-

ters, a drone is often capable of conducting multiple different tasks [14, 15]. As

illustrated in Fig. 1.2, a multi-task drone equipped with sensors and dispatched to

deliver goods can also carry out in-situ sensing along its delivery route.
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Figure 1.1 : Delay-aware delivery service: a timely aerial delivery can be guaranteed

by the UAV optimization.

1.2 Research Challenges

Coordinating different tasks (e.g., goods delivery and in-situ sensing) to a multi-

task UAV can be challenging. The reason is that roadside tasks may require different

levels of commitment and tolerate different latencies. Another reason is that multi-

tasking can give rise to difficulties in the energy management of a UAV, as many

UAVs are powered by batteries. It is important to utilize the battery energy effi-

ciently while completing multiple tasks by their deadlines. The key challenges for

coordinating different tasks are listed as follows.

• Challenge 1: Battery limitation and energy management. Though the UAVs

have great flexibility, the problem is that many UAVs are powered by batteries,

limiting delivery range. Moreover, multi-tasking can give rise to difficulties in

the energy management of the UAVs.

• Challenge 2: Muti-Tasking management. Different tasks may require dif-

ferent levels of commitment and tolerate different latencies. For example, the

goods delivery is typically subject to strict deadlines, while in-situ sensing is
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Figure 1.2 : Multi-task UAV for joint goods delivery and in-situ sensing.

a secondary task and only performed when possible.

• Challenge 3: Time management. The UAV needs to slow down and to

perform tasks, which may prevent the timely arrival of the UAV.

• Challenge 4: Time-sensitive and location-dependent task request. The sens-

ing task is often time-sensitive and location-dependent, as sensing platforms

usually interest in information at a specified location and time. The UAV

needs to arrive at the the place of interest within the requested time.

1.3 Research Objectives

In this thesis, we study the flight planning, optimal control, and optimal routing

for the multi-task UAV in smart city with consideration of diverse service require-

ments. The aims of this thesis are to:

• Objective 1: establish a novel energy-efficient UAV flight planning frame-
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Figure 1.3 : Research Objectives

work, which aims to minimize the energy consumption of the UAV and ensure

timely arrival of the UAV.

• Objective 2: establish a novel multi-task UAV control framework, which

aims to maximize its reward for sensing task conducted, minimize the drone’s

energy consumption, and ensure the ensuring timely goods delivery.

• Objective 3: establish a novel multi-task UAV routing framework, which

aims to minimize the UAV’s energy consumption, maximize its sensing reward,

and ensure its timely arrival at the destination.

1.4 Research Contributions

This subsection provides a brief summary of the contribution this thesis.
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1.4.1 Energy-Efficient Flight Planning of Multi-Task UAV

Chapter 3 presents a novel closely integrated framework of UAVs and road ve-

hicles for energy-efficient delay-sensitive goods delivery, where a UAV can hitchhike

and get recharged on willing vehicles. The UAV also has access to roadside charging

stations. The different speeds of a UAV can be selected for energy saving [16, 17].

We optimize the UAV’s selection of actions to minimize the energy consumption of

the UAV over the flight distance while ensuring its timely arrival at the destination

within a specified delay. The action selection is formulated as a finite-horizon Markov

decision process (MDP) problem. A new dynamical programming (DP)-based algo-

rithm is developed to obtain the optimal action policy. Another important aspect is

that we analyze the conditions under which the optimal selections can be made. By

exploiting the conditions of the optimal policy, we prove that the optimal policy is

monotone to the remaining flight distance and the elapsed travel time. The optimal

policy only changes when the remaining flight distance or the elapsed time meets the

conditions. As a result, the optimal actions of the UAV can be instantly made by

comparing the distance and time against the thresholds derived from the conditions,

thereby eliminating the need of DP.

The key contributions of the chapter are as follows:

• We establish a novel UAV delivery framework, which closely integrates UAVs

into the ITS to provide energy-efficient, delay-sensitive goods delivery ser-

vices. The UAV can dynamically choose actions from cruise speed, full speed,

recharging at a roadside charging station, or hitchhiking and recharging on a

collaborative vehicle. The objective is to minimize the energy consumption of

the UAV and ensure timely delivery.

• We formulate the action selection problem of the UAV as a finite-horizon

discrete-time MDP problem, and solve the problem by developing a new DP
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and backward induction-based algorithm.

• We unveil the necessary conditions under which the action of the UAV changes

in the optimal policy. Accordingly, we derive the thresholds for the remaining

flight distance and the elapsed travel time, at which an optimal action changes.

As a result, the optimal actions can be selected instantly by thresholding.

1.4.2 Optimal Routing of Multi-Task UAV

Chapter 4 presents a new online control framework for multi-task UAVs, which

allows a UAV to perform in-situ sensing while delivering goods. A new finite-horizon

Markov decision process (FH-MDP) problem is formulated to ensure the timely

delivery of goods, minimize the UAV’s energy consumption, and maximize its reward

for in-situ sensing. The key idea is that we prove the monotonicity and subadditivity

of the FH-MDP, and hence the FH-MDP has the optimal, monotone deterministic

Markovian policy. Another important finding is that the optimal policy consists of

flight distance- and time-related thresholds at which the optimal action of the UAV

switches. As a result, the multi-task UAV can select its optimal actions (i.e., flight

speed, or in-situ sensing) online by comparing its state with the thresholds at a linear

complexity. The optimality of the proposed approach is validated numerically by

comparing with its computationally expensive, dynamic programming (DP)-based

alternative. The main contributions of this chapter are listed in the following.

• We establish the new multi-task UAV control framework, where the UAV can

dynamically select its action at each slot, including full speed, cruise speed, or

performing in-situ sensing. A new FH-MDP problem is formulated to max-

imize its reward for sensing, minimize the UAV’s energy consumption, and

ensure the timely goods delivery.

• By proving the monotonicity and subadditivity of the FH-MDP, we prove the
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existence of the monotone deterministic Markovian policy which is the optimal

policy for the FH-MDP problem.

• We unveil the new threshold-based structure of the optimal policy, and derive

the thresholds at which the action of the UAV optimally switches. The UAV

can select its optimal action instantly at each time slot by comparing its current

state with the thresholds at a linear complexity.

Extensive simulations corroborate that the new approach is able to guarantee the

UAV’s timely delivery, minimize its energy consumption, and maximize its sensing

reward, as validated by comparison with the computationally expensive, standard

dynamic programming (DP)-based solver for the FH-MDP problem. The simula-

tions also show that our algorithm can save 24% of the energy of the UAV under

our considered simulation setting, as compared to its alternative methods.

1.4.3 Optimal Routing of Multi-Task UAV

Chapter 5 optimizes the route of a UAV for joint goods delivery and in-situ sens-

ing, so as to ensure timely goods delivery, minimize the UAV’s energy consumption,

and maximize its reward for in-situ sensing conducted. The key idea is that we in-

terpret possible flight waypoints as location-dependent tasks, hence accommodating

the waypoints and in-situ sensing in a unified process of task selection. Another

crucial aspect is that we construct a weighted time-task graph, where each vertex

captures both the location and time of a task. The feasible routes of the UAV are

interpreted as a series of feasible vertexes which do not violate the delivery deadline

and speed limit in the graph. By distributing the rewards of sensing tasks to the

edges of the graph, we transform the optimal routing of the UAV to a weighted

routing problem in the time-task graph and solve the problem using the Bellman-

Ford algorithm. As validated by simulations, the new approach can outperform its
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potential alternatives by at least 18% in terms of task reward in a real-world case

study. The main contributions of this chapter are listed in the following.

• We establish a new UAV routing framework for joint goods delivery and in-situ

sensing. A new routing problem is formulated to jointly ensure timely goods

delivery, minimize the UAV’s energy consumption, and maximize its reward

for in-situ sensing conducted.

• We convert this joint aerial sensing and delivery routing problem to a task-

time routing problem, where the task-time route refers to a series of differently

located tasks selected over time. By interpreting the UAV’s flight as virtual

tasks, we reveal that the task-time route of the UAV has a unified graph

representation.

• We derive the feasible task-time route conditions, under which a timely arrival

of the UAV at the destination is guaranteed. By distributing the rewards of

sensing tasks to the edges of the graph, we finally transform the routing of

the UAV to a weighted routing problem in the time-task graph and optimally

solve the problem using the celebrated Bellman-Ford algorithm.

1.5 Thesis Organization

This thesis focuses on flight planning, optimal control, and optimal routing for

the multi-task UAV with consideration of diverse service requirements. This thesis

is organized as follows:

Chapter 1: This chapter gives an overview of this research. It presents the

research background of this thesis, followed by the main motivations and key

research contributions.
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Chapter 2: This chapter presents a comprehensive literature review of the

related work on energy management, task scheduling, flight planning of the

UAV.

Chapter 3: This chapter thesis presents a novel energy-efficient UAV flight

planning framework, which integrates UAVs into intelligent transportation

systems for energy-efficient, delay-sensitive goods delivery. Dynamic program-

ming is first applied to minimize the energy consumption of a UAV and ensure

its timely arrival at its destination, by optimizing the flight planning of the

UAV.

Chapter 4: This chapter thesis present presents a new online control frame-

work for multi-task UAVs, which allows a UAV to perform in-situ sensing

while delivering goods. A new finite-horizon Markov decision process (FH-

MDP) problem is formulated to ensure the timely delivery of goods, minimize

the UAV’s energy consumption, and maximize its reward for in-situ sensing.

Chapter 5: This chapter presents a novel multi-task UAV routing framework,

which aims to minimize the UAV’s energy consumption, maximize its sensing

reward, and ensure its timely arrival at the destination. The optimal routing

of the UAV is transformed to a weighted routing problem in the time-task

graph and solved by the Bellman-Ford algorithm.

Chapter 6: This chapter summarizes the research of this thesis, and discusses

future works.
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Chapter 2

Literature Survey

Unmanned aerial vehicles play an important role in various areas due to their agility

and versatility, which have attracted significant attention from academia and indus-

try in recent years. The UAV can emerge as an aerial platform that integrates

sensors, devices, networks, and/or applications. With the onboard communication,

computation, sensing and control units, the UAV can build a closed loop from data

perceiving, information exchanging, decision making to the final execution, thus

providing a close integration of the cyber and physical worlds.

The rest of this chapter will review the related work on energy management,

task scheduling, flight planning of the UAV and UAV-assisted sensing and relay

communication.

2.1 Energy Management of the UAV

Many UAVs are powered by batteries, limiting delivery range. The delivery range

can extended delivery range with optimal battery management [18] and trajectory

optimization [19], but the delivery over a large distance is still challenging. Deploying

charging stations along roads is an option to overcome the battery limitation [20–22].

The position and density of charging stations are critical to the delivery range.

The minimum number of charging stations that satisfy a coverage requirement was

presented in [23]. Nonetheless, it would take non-trivial effort, investment, and delay

to deploy the charging stations densely.

Another existing option is to allow UAVs to collaborate with ground vehicles [24–
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26], where a truck carries a set of packages and one or several UAVs. The UAVs can

launch from the truck, deliver the packages, and return and dock onto the truck after

completing the deliveries. A joint optimization and planning framework of ground

truck and UAV goods delivery was proposed in [24,25]. The framework decides the

use of ground trucks, drones, or combined to serve customers through multi-stage

stochastic integer programming. However, the uncertainty of customers’ demand

and travel time was not considered in the framework. Das et al. [26] formulated

synchronized truck and drone routing as a vehicle routing problem (VRP), and

applied the genetic algorithm to minimize the travel cost. The model is limited

to a fixed pair of trucks and drones. Flexibilities were explored by using public

passenger vehicles, such as buses and trams, instead of trucks [27, 28]. Huang et

al. [27] presented drone routing problem under a stochastic public transportation

model. A label setting algorithm was developed to solve a drone path problem to

minimize travel time in [28].

While extending UAV delivery coverage, the collaboration of UAVs and trucks

could incur high running costs because drivers are still needed. The maintenance, la-

bor, and fuel costs of trucks are relatively high. With increasingly maturing automa-

tion technologies, connected and automated vehicles (CAVs) and shared mobility are

revolutionizing intelligent transportation systems (ITS) [29–31]. Delivery logistics

benefit from systems of shared vehicles [32]. In particular, UAVs can hitchhike on

vehicles driving in the same direction to save energy. With docking mechanisms and

the power charging connectors on the roof of vehicles [33, 34], UAVs can latch onto

the vehicles and get recharged while hitchhiking.

2.2 Task Scheduling of the UAV

UAVs enjoy excellent flexibility and have been widely applied to provide envi-

ronmental sensing [6,35], weather monitoring [8,36], goods delivery [9], and disaster
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rescue [10,11,37]. Existing studies have been predominantly focused on the schedul-

ing of single-task drones . In [38], the navigation of a drone was formulated as a

generalized traveling salesman problem (TSP) for persistent monitoring missions.

By determining the order of the targets to be visited and monitored, the longest

interval elapsed between consecutive visits was minimized to optimize the route of

the drone. Based on a vector field approach, a curved path-following method was

proposed in [39] to control a drone conducting video tracking and surveillance. By

exploiting the notion of input-to-state stability, the along-track error and the cross-

track error were reduced for robust surveillance and tracking. Bartolini et al. [40]

investigated the multi-trip task assignment of squads of drones for early target in-

spection. To maximize the target coverage, an NP-hard Integer Linear Programming

(ILP) was formulated to schedule multiple drones. A greedy and prune (GaP) algo-

rithm was developed to obtain 1/2-approximation of the optimality in polynomial

time. Scheduling a truck-drone delivery system was studied in [41] and [25], where

a truck carries parcels and acts as a moving dock for drones. The scheduling policy

developed in [41] and [25] ensured a drone to take off from the truck, return to

the truck after finishing the deliveries. The drone schedule problem was an MINLP

problem [42].

While a decomposition approach was adopted, a high computational complexity

was still undergone [26]. A distributed schedule framework was proposed for drone

navigation and roadside charging in [43], and multi-agent deep reinforcement learn-

ing was used to minimize the energy consumption of the drone. Zhang et al. [44]

considered a drone powered by both solar energy and roadside charging stations. By

optimizing the drone’s trajectory and schedule policy, sustainable communication

services were maintained with energy outage prevention. However, the above exist-

ing works cannot be extended to schedule a multi-task drone running both goods

delivery and in-situ sensing. Moreover, the existing works are computationally ex-
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pensive despite their focus on single-task drones, due to the MINLP nature of the

works.

2.3 Flight Planning of the UAV

Flight planning for joint goods delivery and in-situ sensing has yet to be stud-

ied in the literature. Existing studies have been on either delivery route planning

or task selection. The UAV delivery routing problem was characterized as finding

the optimal route for the UAV to deliver goods to the destination [21]. In [9], the

navigation of a delivery drone was formulated as a generalized vehicle routing prob-

lem (VRP), which was a mixed-integer linear programming (MILP). The simulated

annealing algorithm was applied to find the optimal route that minimizes both the

delivery time and energy consumption. Francesco et al. [45] considered the drone

delivery problem under varying wind conditions. The routing was carried out by the

shortest path algorithm to maximize the percentage of delivery completion under

a given battery budget. A synchronized truck and drone routing framework was

developed in [24] and [26]. By jointly planning the routes of a ground truck and

UAV for goods delivery, timely deliveries were guaranteed with the minimum travel

costs.

In a different yet relevant context, UAVs were employed to collect data from

ground sensors, where the velocity and data collection schedule of a UAV was op-

timized to minimize the packet loss of the sensors in [46] and [47]. The trajectory

planning and ground node selection of a UAV was jointly optimized in [48] to min-

imize network data loss with incomplete network states knowledge. The trajectory

was optimized in [49] to improve the throughput of cell-edge users. The UAV-

enabled Internet of Things (IoT) networks were studied in [50], where the velocity

control of UAV and the transmission scheduling of IoT nodes was jointly designed to

minimize the data packet losses. However, these existing results [9,21,24,26,45–53]
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cannot apply to the routing problem for multi-task UAVs, such as used for the joint

goods delivery and in-situ sensing, because of the stringent delay requirement of

goods delivery, as well as the time sensitivity and location dependence of in-situ

sensing.

2.4 UAV-assisted In-Situ Sensing and Relay Communication

Wireless sensor networks have been largely deployed for various sensory solutions:

agricultural and environmental monitoring or smart cities application, enabled by an

enormous amount of sensor nodes (SNs) [54–60]. The sensory nodes typically send

the collected data to the sink node. Constrained by the distance and channel char-

acter, the direct sink node transmission approach is nevertheless energy-consuming.

Powered by a battery, these sensor nodes are challenging to be recharged [61, 62].

Hence, it is of great importance to design the energy-efficient data collection ap-

proach for prolonging the lifetime of WSNs [63,64]. The mobile sink was considered

in [65] to enhance the network capacity in the WSNs.

Utilizing the UAV for WSNs has been deemed as a promising solution of energy-

efficient data collection [66–68]. Featured by flexible mobility, the UAV can move

sufficiently close to the SNs. The line-of-sight (communication links between the

UAV and SNs can reduce transmission energy consumption. Different from conven-

tional communication techniques, UAV’s deployment and trajectory optimization

issues are the new challenges for UAV-aided wireless communications. The perfor-

mance is enhanced by the UAV placement optimization [69]. Many efforts have been

devoted to the UAV’s deployment optimization. Aiming at downlink coverage max-

imization, a three-dimensional (3D) UAV deployment optimization was considered

in [70]. Moreover, 3D UAV deployment was also investigated in [71] to maximize the

serving users. Apart from the placement optimization, the authors in [72] maximized

throughput by power allocation together with the UAV’s trajectory optimization.
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The compressive sensing (CS) for WSN data gathering was studied in [73] to of-

fer a transmission-efficient architecture. Using the UAV as LoRaWAN gateways,

the energy-efficient surveillance scheme was investigated in [74] for the intelligent

transportation systems.

As a promising solution for data collection and dissemination, UAV-aided WSNs

has captured great attention [75]. With practical protocols and experiments, char-

acterization of communication links of UAV-aided WSNs was given in [76,77]. The

multi-sensor uplink interference mitigation was proposed in [78] by leveraging the

UAV beamforming. The SNs’ wake-up policy and UAV’s trajectory were jointly

optimized in [63] to minimize the energy consumption of SNs. The UAV flight time

for sensory data collection was minimized in [79]. The multi-agent reinforcement

learning (MARL) framework was proposed in [80], where each UAV acts as the

agent and automatically selects its communicating node, power levels and subchan-

nels without any information exchange among UAVs. Leveraging proactive caching,

reference [81] disseminated the popular data to a set of selected nodes that coop-

eratively cache all the files. Then, one SN retrieved the requested data from its

local cache or from its nearest neighbour cached the file via device-to-device (D2D)

communications, which could largely enhance the UAV endurance. The UAV was

deployed in the WSN to gather environmental data for monitoring area [82]. The

UAV also play an active role in optimizing the WSN topology. The authors in [83]

further considered recharging out-of-battery ground devices with energy transfer

from the UAV to extend the network lifetime. The system power consumption is

minimized by deploying the UAV as a relay between the base station and sensors

in [84].

It is worth noting that most of the existing works mentioned above focused on

energy efficiency or throughput enhancement and only considered the UAV trajec-

tory optimization [85], but overlooked the SNs transmission policy design. Most
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Figure 2.1 : UAV-assisted WSN

of the sensory data are delay-tolerant. This character helps to enhance further the

UAV data collection performance in energy efficiency and throughput since the sen-

sory data only needed to be uploaded to the data collector before the given time

expires. Each SN needs to upload an amount of data to the data collector within a

given time. At each slot, the SNs decide to upload data with optional transmission

modes: i.e., 1) waiting, 2) directly transmitting data to the sink node, 3) uploading

data to UAV transmission when available. On one side, the direct sink node trans-

mission approach is always available. It costs more energy due to the distance and

poor transmission link. On the other side, the UAV data gathering is an energy-

effective transmission mode with the short-distance LoS link, which may not always

be available. As the sensory data transmission is delay-tolerant, it is of the SN’s

interest to wait for the UAV collecting data, which save transmission energy of SNs.

However, constrained by the buffer size and transmission time, the long wait leads

to the unfinished transmission and incurs a buffer overflow and new sensory data

loss.

A few works have aslo been seen for the UAV-assisted relaying communication
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[86–91]. Two kinds of UAV relays are mainly investigated, i.e., static and mobile

relays [92]. The static UAV relays are usually designed to enhance the wireless

network’s performance. By optimizing the static deployment, including altitude [93],

horizontal placement [94], the static UAV relays harvest the line-of-sight link to

improve the throughput or reliability of the network system. The optimum altitude

of UAV to maximize the reliability, including power loss, outage probability, and

bit error rate, was derived in [93]. It further clarified the optimum altitudes of

UAV would be affected by the relay protocols, i.e., decode-and-forward (DF) and

amplify-and-forward (AF). Fixed flying altitude, the horizontal locations of UAV

were optimized in [94] to reap the higher throughput by deploying the UAV relay

to the LoS position.

However, the static placement of UAVs cannot fully utilize the degree of freedom

of UAV mobility and manoeuvrability features [72,95–98]. The UAV trajectory op-

timization for data offloading in the edge area of multiple cells was proposed in [99]

to enhance the sum rate of edge users. The UAV relays can achieve better per-

formance to assist the wireless network by continuous position optimization. The

throughput maximization with the consideration of the UAV mobility is studied

in [72]. Constrained by the UAV flight duration, the trajectory optimization was

investigated in [95] to minimize the transmission completion time. Aimed at rate-

maximization and energy-minimization designs, the authors in [96] jointly optimized

the initial/final locations, velocities, and minimum/maximum speed and accelera-

tion of UAV. The hover duration of UAV together with trajectory was studied

in [97, 100] to achieve better performance in terms of the average data rate. Form-

ing the multiple UAVs as relays, both the single multi-hop link or multiple dual-hop

links were evaluated in [101] under different path loss parameters and UAV posi-

tions. Trajectory optimization for multiple UAV relays was studied in [102]. Joint

multiple UAVs trajectories and power allocation were optimized in [92] to obtain
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the maximum end-to-end throughput. Moreover, the security issue in UAV-assisted

relaying is critical [91, 103–107]. The significant throughput gain in UAV-assisted

communication is due to its mobility and line-of-sight channel. However, on the

other side, the LoS channels make UAV transmission easy to eavesdrop [108]. The

UAV-assisted secure transmission for scalable videos in hyper-dense networks via

caching was studied in [109].

However, most of these works do not consider Simultaneous Wireless Informa-

tion and Power Transfer (SWIPT) to charge the UAV for data forwarding [110,

111, 111–115]. The source node sends data and energy instantaneously over differ-

ent subcarriers (SCs) to the UAV relay, and then UAV relay forwards the data to

the destination with the harvested energy. Several studies have integrated wireless

power transfer (MPT) technologies into the UAV network. The authors in [116]

deployed a UAV to deliver wireless energy to a set of receivers and maximize the

amount of energy transferred by the UAV trajectory optimization. It was found

that hovering location and duration of UAV can be leveraged to enhance the MPT

efficiency. With UAV’s trajectory prediction, the energy harvesting efficiency was

improved in [117]. SWIPT was introduced into UAV-assisted relay [118], where

file, power, and trajectory jointly optimized to maximize the throughput. However,

most of these works did not fully consider the resource allocation problem for energy

transfer, such as the power allocation and SC allocation. In the two-hop SWIPT

OFDM relay systems, the SC allocation and power allocation are jointly optimized

to maximize the capacity in [119, 120]. The joint subcarrier and power allocation

for the full-duplex wireless powered OFDM communication networks was studied

in [121]. The authors in [122] developed a dynamic SC allocation to improve the

achievable rate, where the SCs are both used for information transmission and en-

ergy harvesting. However, these works failed to consider the dynamic position of

relays or the transmission nodes in time.
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2.5 Summary

Most of the current work considers deploying the UAV for a single kind of tasks,

such as good delivery, traffic monitoring, and data gathering [123]. Facing the trend

of digital transformation and Industrial Internet of Things (IIoT) , more vertical

and horizontal integration is expected in the future [124–126]. The single-task

optimization is not usually optimal in the system integration, for example, the energy

consumption of UAV flight is typically much greater than the sensing and data

collection [127]. It is not cost-effective to consume a large amount of propulsion

energy to collect low-value, and delay-tolerant information [128].

With various onboard cameras, sensors and transmitters, UAVs can perform

weather and air quality monitoring, scene monitoring and understanding, and var-

ious data-gathering tasks, such as meter reading. However, coordinate different

tasks (e.g., goods delivery and in-situ sensing) to a multi-task UAV. The reason

is that roadside tasks may require different levels of commitment and tolerate dif-

ferent latencies. Another reason is that multi-tasking can give rise to difficulties

in the energy management of a UAV. Many UAVs are powered by batteries. It is

important to utilize the battery energy efficiently while completing multiple tasks

by their deadlines. This thesis studies flight planning, optimal control, and routing

for the multi-task UAV in the smart city, considering diverse service requirements.
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Chapter 3

Energy-Efficient Flight Planning for Multi-Task

UAV

3.1 Introduction

Unmanned aerial vehicles have emerged as a promising platform for fast, energy-

and cost-efficient package delivery [129,130]. More recently, UAVs have been an im-

portant tool during the COVID-19 pandemic, creating more resilient supply chains

and contactless delivery services [131, 132]. The Federal Aviation Administration

(FAA), for example, has issued numerous drone flight waivers to enable UAV-assisted

pandemic response [133,134]. Amazon, Alphabet, and JD.com are rolling out UAV

delivery for quicker and cheaper on-demand delivery services while avoiding unnec-

essary human contact [135].

Many UAVs are powered by batteries, limiting delivery range. The delivery range

can extended delivery range with optimal battery management [18] and trajectory

optimization [19], but the delivery over a large distance is still challenging. Deploying

charging stations along roads is an option to overcome the battery limitation [20,21].

The position and density of charging stations are critical to the delivery range.

The minimum number of charging stations that satisfy a coverage requirement was

presented in [23]. Nonetheless, it would take non-trivial effort, investment, and delay

to deploy the charging stations densely.

Another existing option is to allow UAVs to collaborate with ground vehicles [24–

26], where a truck carries a set of packages and one or several UAVs. The UAVs can

launch from the truck, deliver the packages, and return and dock onto the truck after
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completing the deliveries. A joint optimization and planning framework of ground

truck and UAV goods delivery was proposed in [24,25]. The framework decides the

use of ground trucks, drones, or combined to serve customers through multi-stage

stochastic integer programming. However, the uncertainty of customers’ demand

and travel time was not considered in the framework. Das et al. [26] formulated

synchronized truck and drone routing as a vehicle routing problem (VRP), and

applied the genetic algorithm to minimize the travel cost. The model is limited

to a fixed pair of trucks and drones. Flexibilities were explored by using public

passenger vehicles, such as buses and trams, instead of trucks [27, 28]. Huang et

al. [27] presented drone routing problem under a stochastic public transportation

model. A label setting algorithm was developed to solve a drone path problem to

minimize travel time in [28].

While extending UAV delivery coverage, the collaboration of UAVs and trucks

could incur high running costs because drivers are still needed. The maintenance,

labor, and fuel costs of trucks are relatively high. With increasingly maturing au-

tomation technologies, connected and automated vehicles (CAVs) and shared mo-

bility are revolutionizing intelligent transportation systems (ITS) [29, 30]. Delivery

logistics benefit from systems of shared vehicles. In particular, UAVs can hitchhike

on vehicles driving in the same direction to save energy. With docking mechanisms

and the power charging connectors on the roof of vehicles [33, 34], UAVs can latch

onto the vehicles and get recharged while hitchhiking.

This chapter presents a novel closely integrated framework of UAVs and road

vehicles for energy-efficient delay-sensitive goods delivery, where a UAV can hitch-

hike and get recharged on willing vehicles. The UAV also has access to roadside

charging stations. The different speeds of a UAV can be selected for energy sav-

ing [16, 17]. We optimize the UAV’s selection of actions to minimize the energy

consumption of the UAV over the flight distance while ensuring its timely arrival
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at the destination within a specified delay. The action selection is formulated as

a finite-horizon Markov decision process (MDP) problem [136]. A new dynamical

programming (DP)-based algorithm is developed to obtain the optimal action pol-

icy. Another important aspect is that we analyze the conditions under which the

optimal selections can be made. By exploiting the conditions of the optimal policy,

we prove that the optimal policy is monotone to the remaining flight distance and

the elapsed travel time. The optimal policy only changes when the remaining flight

distance or the elapsed time meets the conditions. As a result, the optimal actions

of the UAV can be instantly made by comparing the distance and time against the

thresholds derived from the conditions, thereby eliminating the need of DP.

The key contributions of the chapter are as follows:

• We establish a novel UAV delivery framework, which closely integrates UAVs

into the ITS to provide energy-efficient, delay-sensitive goods delivery ser-

vices. The UAV can dynamically choose actions from cruise speed, full speed,

recharging at a roadside charging station, or hitchhiking and recharging on a

collaborative vehicle. The objective is to minimize the energy consumption of

the UAV and ensure timely delivery.

• We formulate the action selection problem of the UAV as a finite-horizon

discrete-time MDP problem, and solve the problem by developing a new DP

and backward induction-based algorithm.

• We unveil the necessary conditions under which the action of the UAV changes

in the optimal policy. Accordingly, we derive the thresholds for the remaining

flight distance and the elapsed travel time, at which an optimal action changes.

As a result, the optimal actions can be selected instantly by thresholding.

The rest of this chapter is organized as follows. Section II describes the system
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Figure 3.1 : A UAV flies along a route to deliver goods at different flight speeds.

As shown in the left-hand side (LHS) of the figure, the UAV can hitchhike on

collaborative vehicles and get recharged by the vehicle. As illustrated in the right-

hand side (RHS) of the figure, the UAV can stop and recharge at roadside charging

stations.

model. Section III formulates the problem of interest and solves the problem by using

DP. In Section IV, we reveal that the optimal action selection can be translated to

a thresholding process, and achieved with a substantially low, linear computational

complexity. Simulation results are provided in Section V, followed by conclusions in

Section VI.

3.2 System Model

Fig. 3.1 illustrates the proposed system, where a UAV is employed to collect

goods at a number of locations and deliver the goods to the destination within a

specified delay T . The UAV flies along roads to avoid buildings and foliage [137]. The

pickup locations are also along the roads and accessible to the UAV. The UAV has

access to roadside charging stations. The UAV flies along a route with the length of

L (km) to visit the pickup locations sequentially, until it reaches the destination. In

this chapter, we propose the UAV to collaborate with ground vehicles driving along



24

(some parts of) the flight path: The UAV can hitchhike on the vehicles driving in the

same direction to save energy. With the docking mechanism and the power charging

connector on the roof of the vehicles [33], the UAV can latch onto the vehicles and

get recharged while hitchhiking.

A central coordinator (or coordinating platform) monitors road traffic and re-

sponds to the requests for goods delivery. The coordinator collects the routes of

ground vehicles (and their willingness to collaborate with the UAV), e.g., via cellu-

lar systems or other wireless technologies. Accordingly, the coordinator plans the

route and schedule of the UAV, so that the UAV can provide energy-efficient, delay-

sensitive goods delivery services. The UAV and the collaborative vehicles are notified

of the route and schedule, e.g., via cellular systems. This model has been considered

in practice. For example, Mercedes-Benz has run a pilot project in Zurich to test

an efficient van and drone-based cooperative system for on-demand delivery [138].

Amazon has planned to extend the service range of the Amazon Prime Air drone

by integrating the autonomous robotaxi [139].

The objective is to minimize the energy consumption of the UAV, and ensure the

UAV arrives at the destination within the time T . We discretize T into time slots

with slot length τ , denoted by t ∈ T = {0, τ, 2τ, · · · , T/τ}. We assume that the

UAV can choose different speeds, or get recharged at a roadside charging station, or

hitchhike on a collaborative vehicle and get recharged when hitchhiking. The action

a specifies the UAV’s decision at a decision epoch, and

1. Cruise speed (CS: a = 0): the UAV flies at the cruise speed (i.e., the eco

mode), v0 = veco;

2. Full speed (FS: a = 1): the UAV flies at its full speed, i.e., v1 = vmax;

3. The UAV stops at a roadside charging station to get recharged (CE: a = 2);
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4. The UAV hitchhikes on and gets recharged by a vehicle driving at the speed of

v3 = vcar, which depends on the speed limit of the road (VE: a = 3).

The total flight length L is discretized with granularity υ, and collected in the

set l ∈ L = {0, υ, 2υ, · · · , L/υ}. We segment the UAV’s route in accordance with

street blocks. The indexes to the street blocks are b ∈ B = {1, · · · , B}, where B is

the number of street blocks along the route of the UAV. Lb is the length of street

block b. All street blocks are divided into four categories, according to their resource

and service availability:

1. B(0): the street blocks without service and resource available for the UAV;

2. B(1): the street blocks with a roadside charging station;

3. B(2): the street blocks with vehicles willing to provide hitchhiking and on-

board charging services;

4. B(3): the street blocks with both a roadside charging station and willing vehi-

cles.

Note that a street block can be categorized differently at different time slots, de-

pending on the presence of willing vehicles [140–142]. For example, a street block

belonging to B(0) at an earlier time slot can belong to B(2) if a willing vehicle passes

at a later time slot. By optimally selecting the UAV’s action at each time slot, we

minimize the energy consumption of the UAV over the flight distance L and ensure

its timely arrival at the destination within the delay T .

3.3 Problem Formulation

In this section, we formulate the UAV’s action selection problem, which mini-

mizes the energy consumption of the UAV while ensuring its timely arrival at the
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destination. The problem is shown to be a finite-horizon Markov decision process

(FH-MDP) [136,143]. We develop a new dynamical programming (DP)-based algo-

rithm to obtain the optimal action policy.

Let s = (l, b) define the state of the UAV, where l is the remaining flight distance

to the destination (in meters), and b indicates the street block which the UAV is

currently in. Charging at a roadside station or hitchhiking on a vehicle can only take

place in the street blocks with a charging station or willing vehicles. The different

actions which can be possibly taken at different categories of street blocks are given

by

A(b) =

⎧⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎩

{0, 1}, if b ∈ B(0);

{0, 1, 2}, if b ∈ B(1);

{0, 1, 3}, if b ∈ B(2);

{0, 1, 2, 3}, if b ∈ B(3).

(3.1)

In other words, actions a = 0 and a = 1 are always possible to the UAV, while the

rest of the actions (a = 2 and 3) depend on the UAV’s location.

For each action, the distance traveled per time slot (in meters) along the route

is given by

Z(a, b) =

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩
vaτ, a ∈ {0, 1}, b ∈ B;

v0(τ − τc(b)− τd(a, b)), a = 2, b ∈ {B(1),B(3)};

vcar(τ − τd(a, b))− v0τd(a, b), a = 3, b ∈ {B(2),B(3)}.

(3.2)

where τc(b) is the charging time at a charging station. τd(a, b) is the time for the

docking and undocking operations at a charging station (a = 2) in street block

b ∈ {B(1),B(3)}, or the latching and unlatching operations on a vehicle (a = 3) in

street block b ∈ {B(2),B(3)}. We assume that the UAV flies at the cruise speed

(v = v0) to get recharged or get onto a vehicle. Both the charging time τc(b) and

the docking/latching time τd(a, b) can differ between the street blocks b ∈ B. The

total of the charging and docking/latching time is shorter than a time slot, i.e.,
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τc(b) + τd(a, b) ≤ τ .

The energy consumption of the UAV depends on its speed and takeoff weight.

The power consumption of the UAV (in Watts) is a function of its speed, i.e., p(v),

given the takeoff weight [144, 145]. The energy consumption (in Joules) caused by

action a in street block b is given by

Et(a, s) = Et(a, b)

=

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩
p(va)τ, a ∈ {0, 1}, b ∈ B;

p(v0)(τ − τc(a, b)), a = 2, b ∈ {B(1),B(3)};

p(v0)τd(a, b), a = 3, b ∈ {B(2),B(3)}.

(3.3)

When the UAV hitchhikes on a vehicle, the UAV does not consume energy, but the

energy is consumed for latching/unlatching operations. When the UAV stops at a

charging station, the UAV does not consume energy.

The UAV’s power consumption depends on its speed and takeoff weight [19,146].

Given the takeoff weight, the cruise speed gives the maximum power efficiency [144,

147, 148]. The vehicle can accelerate or decelerate to allow the UAV to latch. The

energy consumption of the UAV for acceleration and deceleration is assumed to be

negligible.

The energy that the UAV gets charged (in Joules) depends on the charging

efficiency η (in Watts) and the charging time:

Gt(a, s) = Gt(a, b) =

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩
ηaτc(b) a = 2, b ∈ {B(1),B(3)};

ηa(τ − τd(a, b)), a = 3, b ∈ {B(2),B(3)};

0 otherwise,

(3.4)

where ηa denotes the charging efficiency of a charging station if a = 2, or the charging

efficiency of a vehicle if a = 3.

The UAV needs to arrive at the destination within time T , and the penalty
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occurs if it does not arrive by T + τ . We define the penalty as

ET+τ (s) = ET+τ (l) = ψ(l), (3.5)

where ψ(l) is a non-negative, non-decreasing convex function of l, and ψ(0) = 0.

The total cost with the penalty considered can be written as

Rt(a, s) =

⎧⎪⎨⎪⎩ Et(a, b)−Gt(a, b), t ∈ T ;

ET+τ (l), t = T + τ.
(3.6)

The transition probability of the state, i.e., the probability that the current state

s transits to state s′ at the next time slot if action a is taken, is expressed as

P(s′|s, a) = P ((l′, b′)|(l, b), a) = P (b′|b)P (l′|(l, b), a) , (3.7)

where the conditional transition probability of the distance l becoming l′ on the

condition that action a is taken in street block b is given by

P (l′|(l, b), a) =

⎧⎪⎨⎪⎩ 1, if l′ = [l − Z(a, b)]+;

0, otherwise,
(3.8)

and [x]+ = max{0, x}. P(b′|b) is the conditional probability of the UAV flying from

street block b to b′, as given by

P (b′|b) =

⎧⎪⎨⎪⎩ 1, if Z(a, b) ≥ Lb;

0, otherwise,
(3.9)

where the UAV flies from block street b to b′, if the flight distance exceeds the length

of the former street block, Lb, during the time slot. With the objective to minimize

the energy consumption of the UAV and ensure its timely arrival at the destination,

the problem of interest is formulated as

minimize
π∈Π

E
π
s1

[
T∑
t=1

Rt (s
π
t , πt (s

π
t )) +RT+1

(
sπT+1

)]

s.t. πt ∈ {0, 1, 2, 3};

s0 = (L, b0) ,

(3.10)
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where the action policy is a set of sequential actions, denoted by π = {πt(l, b), ∀l ∈

L, b ∈ B, t ∈ T }. Here, πt(l, b) is the action taken under state s = (l, b) at time t,

i.e., πt(l, b) : L × B → A. The feasible set of π is denoted by Π. Let sπ denote the

state after policy π is taken at the state s. E
π
s1
[·] takes the expectation over the

probability distribution of the UAV’s mobility trajectory. s0 = (L, b0) is the initial

state. b0 is the UAV’s starting street block.

Problem (3.10) is an FH-MDP problem [136, 149], and can be solved by DP.

We define the step value function Vt(s) as the Bellman equation [150], which is the

minimum value of the expected cost function Ht(l, b, a), as given by

Vt(s) = Vt(l, b) = min
a∈A(b)

{Ht(l, b, a)}, (3.11)

where

Ht(l, b, a)

= Et(a, b)−Gt(a, b)+
∑
b′∈B

∑
l′∈L

p ((l′, b′)|(l, b), a)Vt+τ (l
′, b′) (3.12a)

= min {l, Z(a, b)} · ξt(a, b) +
∑
b′∈B

P (b′|b)Vt+τ

(
[l − Zt(a, b)]

+,b′
)
. (3.12b)

The expected cost function Ht(l, b, a) consists of two parts: the energy consumption

at time t, and the expected cost at the next time slot t + τ . (3.12b) is obtained

by substituting the energy consumption (3.3), charged energy (3.4) and transition

probability (3.7) into (3.12a). ξt(a, b) is the normalized energy consumption for a

unit flight distance, as given by
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ξt(a, b) =
Et(a, b)−Gt(a, b)

Zt(a, b)

=

⎧⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎩

p(va)
va

, a ∈ {0, 1}, b ∈ B;
p(v0)(τ−τc(b))−ηaτc(b)
v0(τ−τc(b)−τd(a,b))

, a = 2, b ∈ {B(1),B(3)};

p(v0)τd(a,b)−ηa(τ−τd(a,b))
vcar(τ−τd(a,b))−v0τd(a,b)

, a = 3, b ∈ {B(2),B(3)}.

(3.13)

Based on the principle of optimality [136], the optimal policy π∗ = {π∗
t (l, b), ∀l ∈

L, b ∈ B, t ∈ T } collects the optimal action taken at each state s, as given by

π∗
t (s) = π∗

t (l, b) = argmin
a∈A(b)

Ht(l, b, a). (3.14)

Algorithm 1 summarizes the proposed DP-based algorithm to achieve the optimal

policy, where the optimal action π∗
t (l, b) is specified at each time slot by using the

backward induction. Specifically, π∗
t (l, b) is obtained by evaluating the expected cost

function Ht(l, b, a) in (3.12), and then updating these actions recursively backward

from time slot t = T to t = 1. The computational complexity of Algorithm 1 is

O(ATL/υ) [151]. With the increase of the flight distance L, the time T , and the

location B, the state space of the FH-MDP can be large, resulting in a prohibitive

computational complexity.

3.4 Monotone Optimal Policy and Threshold Structure

In this section, we reduce the computation complexity of the proposed DP-

based Algorithm 1 by unveiling and exploiting the conditions of the optimal policy.

Specifically, the optimal policy is monotone to the remaining flight distance l and

the elapsed travel time t. The policy only changes when either of two conditions

about l and t is met at every time instant. As a result, the optimal actions of the

UAV can be generated by comparing the system state st with the thresholds of l

and t developed from the conditions, instead of searching the entire state space.
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Algorithm 1 DP-Based Optimal Policy Algorithm

1: Input: Required flight distance L, time constraints T , the map B containing the

locations of charging station by GPS and willing vehicles.

2: Set boundary condition: RT+1(a, s) using (3.6)

3: Set t ← T

4: while t > 1 do

5: for b ∈ B do

6: Set l ← 0

7: while l < L do

8: Compute Ht(l, b, a) using (3.12)

9: Set π∗
t (l, b) using (3.14)

10: Vt(l, b) ← Ht(l, b, π
∗
t (l, b))

11: l ← l + υ

12: end while

13: end for

14: t := t− 1

15: end while

16: Output the optimal policy π∗.

3.4.1 Monotone Properties of Optimal Policy

We first deduce the monotone properties of the optimal policy. Assume that the

charging time τc and the docking/latching time τd are location-independent, i.e., for

∀b ∈ B, τc := τc(b), τd(2) := τd(2, b), and τd(3) := τd(3, b). For notation brevity, we

denote the power consumption p0 = p(v0) and p1 = p(v1). The distance traveled per
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time slot in (4.2) can be rewritten as

za =

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩
vaτ, if a ∈ {0, 1};

v0(τ − τc − τd(2)), if a = 2;

vcar(τ − τd(3))− v0τd(3), if a = 3.

(3.15)

From (3.15), z1 > z0 ≥ z2 holds for the non-zero docking/latching time of action

a = 2, i.e., τd(2) > 0. The normalized energy consumption of the UAV, i.e., (3.13),

is written as

ξa =

⎧⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎩

p0/v0, if a = 0;

p1/v1, if a = 1;

p0(τ−τc)−η2τc
v0[τ−τc−τd(2)]

, if a = 2;

p0τd(3)−η3[τ−τd(3)]
vcar[τ−τd(3)−v1τd(3)]

, if a = 3.

(3.16)

According to [19], the normalized energy consumption of the UAV is higher at the

full speed (action a = 1) than it is at the cruise speed, i.e., ξ1 > ξ0. Then, the

expected cost function (3.12) can be rewritten as

Ht(l, b, a) = min {l, za} · ξa +
∑
b′∈B

P (b′|b)Vt+τ

(
[l − za]

+,b′
)
. (3.17)

With the above observations, we reveal the following property of the optimal

policy of the UAV.

Lemma 3.1. The overtime penalty function satisfies

ET+1(l)− ET+1(l − za) ≥ Et(a, b). (3.18)

Proof. Et(a, b) = ξaza grows linearly with the traveled distance za. From (3.5), we

obtain ET+τ (l) − ET+τ (l − za) = ψ(l) − ψ(l − za). Since the penalty function ψ(l)

is a non-decreasing convex function of l, the marginal penalty function with respect

to za, i.e., ψ(l) − ψ(l − za), grows at least quadratically with za. Therefore, the

marginal penalty with respect to za is larger than the energy cost Et(a, b).
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Lemma 3.1 indicates the possible penalty for late arrival is much higher than

the energy consumption cost. We proceed to prove the monotone property of the

minimum cost Vt(l, b) in Lemma 3.2.

Lemma 3.2. The Bellman equation (i.e., the minimum cost function), Vt(l, b),

satisfies

(i) Vt(l, b) is non-decreasing in l, ∀b ∈ B, t ∈ T .

(ii) Vt(l, b) is non-decreasing in t, ∀b ∈ B, l ∈ L.

In other words, the expected cost is higher, when a longer flight distance is ahead,

or the deadline is closer.

Proof. (a) By mathematical induction, we prove the Lemma (3.2), as follows. From

t = T+τ , we have VT+τ (l, b) = ET+τ (l) = ψ(l), which is non-decreasing in l. Assume

that Vt+1(l, b) is non-decreasing in l. Therefore, Ht(l, b, a) is a non-decreasing func-

tion of l from (3.12). As the minimum function does not change the monotonicity

of the function, we observe that Vt(l, b) is a non-decreasing function of l from (3.11).

We can conclude that Vt(l, b) is a non-decreasing function of l for ∀t ∈ T
⋃
{T + τ}.

(b) Similarly, we use mathematical induction from t = T + τ

VT (l, b) = min
a∈A(b)

{HT (l, b, a)} ≤
∑
b′∈B

P (b′|b)VT+τ (l, b
′)

= ET+τ (l) = VT+τ (l, b
′).

(3.19)

Assume that ∀l ∈ L, ∀b ∈ B, Vt+1(l, b) is non-decreasing in t. We have Ht(l, b, a)

is a non-decreasing function of t, as can be obtained from (3.12). As the minimum

function does not change the monotonicity of the function, Vt(l, b) is also is a non-

decreasing function of t from (3.11). We conclude that Vt(l, b) is a non-decreasing

function of t, for ∀t ∈ T
⋃
{T + τ}, which completes the proof.
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With the monotone property given in Lemma 3.2, we can conclude that the

action needs to be taken only when these parameters satisfy certain conditions, as

stated in Lemma 3.3.

Lemma 3.3. (i) If the traveled distance yields z3 ≥ z1, i.e., the latching/unlatching

time of action a = 3, τd(3), and the vehicle’s speed, vcar, satisfy

vcar ≥ vmax, (3.20)

τd(3) ≤
vcar − vmax

vcar + veco
τ, (3.21)

then action a = 3 is optimal in street block b ∈ {B(2),B(3)}, ∀l ∈ L, t ∈ T ,

i.e.,

π∗
t (l, b) = 3. (3.22)

(ii) If the normalized energy consumption of the UAV yields ξ2 ≥ ξ0, i.e., the

docking/undocking time of action a = 2, τd(2), and the charging time, τc,

satisfy

τd(2) ≥
η2
p0
τc, (3.23)

then action a = 2 should not be selected and the action set (4.1) is written as

Ã(b) =

⎧⎪⎨⎪⎩ {0, 1}, if b ∈ {B(0),B(1)};

{0, 1, 3}, if b ∈ {B(2),B(3)};
(3.24)

Proof. (a) We prove that a = 3 is the optimal action by showing that it can achieve

the minimum cost Ht(l, b, a) among all actions. Since z3 ≥ z1, we have z3 ≥ z1 >
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z0 ≥ z2. Then,

Ht(l, b, a)

= min {l, za} ξa +
∑
b′∈B

P (b′|b)VT+τ

(
[l − za]

+, b′
)

(3.25a)

≥ min {l, z3} ξ3 +
∑
b′∈B

P (b′|b)VT+τ

(
[l − za]

+, b′
)

(3.25b)

≥ min {l, z3} ξ3 +
∑
b′∈B

P (b′|b)VT+τ

(
[l − z3]

+, b′
)

(3.25c)

= Ht(l, b, 3), (3.25d)

where (3.25b) is obtained due to the fact that Vt(l, b) is non-decreasing in l, as shown

in Lemma 3.2. Since action a = 3 can achieve the minimum expected cost function,

a = 3 is optimal under the above conditions.

(b) We prove that action a = 2 should not be chosen by showing that the action

gives the higher expected cost Ht(l, b, a) than the action a = 0.

Ht(l, b, 2) = min {l, z2} ξ2 +
∑
b′∈B

P (b′|b)VT+τ

(
[l − z2]

+, b′
)

≥ min {l, z2} ξ0 +
∑
b′∈B

P (b′|b)VT+τ

(
[l − z2]

+, b′
)

≥ min {l, z0} ξ0 +
∑
b′∈B

P (b′|b)VT+τ

(
[l − z0]

+, b′
)

= Ht(l, b, 0).

(3.26)

Since action a = 2 always achieves a higher expected cost than action a = 0, it is

always better to choose the action a = 0 instead.

Lemma 3.3 indicates that action a = 3 is optimal, when the average driving speed

of the vehicle hitchhiked by the UAV is faster than the UAV’s maximum speed, and

the latching/unlatching delay is negligible. The vehicle can slow down to allow the

UAV to latch. Another observation is that the charging action a = 2 should not be

chosen if the docking/undocking time is longer than the threshold provided in (3.23).
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In other words, the threshold of taking action a = 2 depends on the charging time

τc and the charging efficiency η2 of a roadside charging station. It is concluded that

the optimal action a changes as a function of the traveled distance za and the energy

consumption ξa, while the willing vehicle’s speed, the docking/undocking time, the

latching/unlatching time, the charging time, and the charging efficiency serve as the

parameters shaping the function. In this sense, we only need to consider za and ξa

in the optimal action selection process in the following.

3.4.2 Threshold Structure of Optimal Policy

As revealed in Lemma 3.3, the optimal action is only chosen when a condition is

met. We extract the conditions when the action can be possibly chosen and define

the valid action set, denoted by Ã, as stated Lemma 3.4.

Lemma 3.4. (Valid Action Set) Consider two actions in the action set, â, and

ǎ ∈ A. If zâ ≥ zǎ and ξâ ≤ ξǎ, then the action ǎ should not be chosen and needs to

be precluded from the action set. The action set shrinks to Ã = A \ {ǎ}.

Proof. For action â, and ǎ ∈ A , if zâ ≥ zǎ and ξâ ≤ ξǎ,

Ht(l, b, â) = min {l, zâ} ξâ +
∑
b′∈B

P (b′|b)VT+τ

(
[l − zâ]

+, b′
)

= Ht(l, b, â) + (min {l, zâ} ξâ −min {l, zǎ} ξǎ)

+
∑
b′∈B

P (b′|b)
[
VT+τ

(
[l − zâ]

+, b′
)
− VT+τ

(
[l − zǎ]

+, b′
)]

≤ Ht(l, b, ǎ),

(3.27)

where the inequality is based on Lemma 3.1. In other words, for action â and ǎ in

the action set A, if action ǎ provides in a larger expected cost Ht(l, b, â) than action

â, it is always better to choose action â. Therefore, action ǎ is not in the action

set.
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With Lemma 3.4, we show the subadditivity and superadditivity of Ht(l, b, a) in

the valid action set with respect to the remaining flight distance l and the elapsed

time t, as shown in Theorems 3.1 and 3.2. The definition and some properties of

subadditivity and superadditivity are summarized in brief in Appendix A, with more

details in [150, 152]. By comparing any two actions in the valid set, we first reveal

that there exist the thresholds of the remaining flight distance and the elapsed time

at which the optimal action changes in Theorems 3.1 and 3.2. Then, we derive

the thresholds and propose the new threshold-based optimal action selection, as

summarized in Theorem 3.3.

Theorem 3.1. (Distance threshold) Consider any two actions in the action set,

{a+, a−} ∈ A(b), and the corresponding remaining distances l+ and l− ∈ L, with

a+ > a− and l+ > l−:

(i) If za+ ≥ za− and ξa+ ≥ ξa− , Ht(l, b, a) is superadditive in L × {a−, a+} and

π∗
t (l, b) is a monotone increasing function of l. There exists a threshold of l,

∃l∗(b, t) ≥ 0,

π∗
t (l, b) =

⎧⎪⎨⎪⎩ a+, if l ≤ l∗(b, t);

a−, otherwise.
(3.28)

(ii) If za+ ≤ za− and ξa+ ≤ ξa−, Ht(l, b, a) is subadditive in L × {a−, a+} and

π∗
t (l, b) is a monotone decreasing function of l. There exists a threshold of l,

∃l∗(b, t) ≥ 0,

π∗
t (l, b) =

⎧⎪⎨⎪⎩ a−, if l ≤ l∗(b, t);

a+, otherwise.
(3.29)

(iii) If za+ ≥ za− and ξa+ ≤ ξa−, based on the valid action set in Lemma 3.4, a− is

precluded and

πt
∗(l, b) = a+. (3.30)
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If za+ ≤ za− and ξa+ ≥ ξa−, action a+ is precluded and

πt
∗(l, b) = a−. (3.31)

Theorem 3.2. (Time threshold) Consider any two actions in the action set,

{a+, a−} ∈ A(b), the time slot t+ and t− ∈ T , where a+ > a− and t+ > t−:

(i) If za+ ≥ za− and ξa+ ≥ ξa−, Ht(l, b, a) is superadditive in T × {a−, a+} and

π∗
t (l, b) is a monotone increasing function of t. There exists a threshold of t,

∃t∗(b, l) ≥ 0,

π∗
t (l, b) =

⎧⎪⎨⎪⎩ a−, if t ≤ t∗(b, l);

a+, otherwise.
(3.32)

(ii) If za+ ≤ za− and ξa+ ≤ ξa−, Ht(l, b, a) is subadditive in T × {a−, a+} and

π∗
t (l, b) is a monotone decreasing function of t. There exists a threshold of t,

∃t∗(b, l) ≥ 0,

π∗
t (l, b) =

⎧⎪⎨⎪⎩ a+, if t ≤ t∗(b, l);

a−, otherwise.
(3.33)

(iii) If za+ ≥ za− and ξa+ ≤ ξa−, based on the valid action set in Lemma 3.4, a− is

precluded and

πt
∗(l, b) = a+. (3.34)

If za+ ≤ za− and ξa+ ≥ ξa−, action a+ is precluded and

πt
∗(l, b) = a−. (3.35)

Proof. The proof of the threshold structure is based on the superadditivity or subad-

ditivity of Ht(l, b, a). First, we prove that Ht(l, b, a) is a superadditive or subadditive

function under different L×A(b) conditions. For a+, a− ∈ A(b) and l+, l− ∈ L, with

a+ > a− and l+ > l−, we have
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Ht(l
+, b, a+)−Ht(l

+, b, a−)

= za+ξa+ − za−ξa−

+
∑
b′∈B

P (b′|b)
(
VT+τ

([
l+ − za+

]+
, b′

)
− VT+τ

([
l+ − za−

]+
, b′

))
.

(3.36)

Ht(l
−, b, a+)−Ht(l

−, b, a−)

= za+ξa+ − za−ξa−

+
∑
b′∈B

P (b′|b)
(
VT+τ

([
l− − za+

]+
, b′

)
− VT+τ

([
l− − za−

]+
, b′

))
.

(3.37)

[Ht(l
+, b, a+)−Ht(l

+, b, a−)]− [Ht(l
−, b, a+)−Ht(l

−, b, a−)]

=
∑
b′∈B

P (b′|b)
[(

VT+τ

([
l+ − za+

]+
, b′

)
− VT+τ

([
l+ − za−

]+
, b′

))
−
(
VT+τ

([
l− − za+

]+
, b′

)
− VT+τ

([
l− − za−

]+
, b′

))]
.

(3.38)

With the incremental property, if za+ ≥ za− , we obtain

Ht(l
+, b, a+)−Ht(l

+, b, a−) ≥ Ht(l
−, b, a+)−Ht(l

−, b, a−). (3.39)

Ht(l, b, a) is superadditive in L × {a−, a+} and

π∗
t (l, b) = argmin

a∈{a−,a+}
Ht(l, b, a). (3.40)

is monotone increasing in l. There exists such l∗(b, t) ≥ 0 that: π∗
t (l, b) = a+ when

l > l∗(b, t), and π∗
t (l, b) = a− when l ≤ l∗(b, t).

On the contrary, if za+ < za− , then Ht(l, b, a) is subadditive in L×{a−, a+} and

π∗
t (l, b) is monotone decreasing in l. There exists such l∗(b, t) ≥ 0 that: π∗

t (l, b) = a−

when l > l∗(b, t), and π∗
t (l, b) = a+ when l ≤ l∗(b, t). This completes the proof of

Theorem 3.1.

A similar approach can be applied to prove that Ht(l, b, a) is superadditive in

T × {a−, a+} if za+ ≥ za− and subadditive if za+ < za− . We conclude that π∗
t (l, b)
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Figure 3.2 : Threshold illustration

is monotone increasing in t if za+ ≥ za− , and monotone decreasing in t if za+ < za− .

Then, we obtain the threshold in the elapsed time t:

1. if za+ ≥ za− , there exists such t∗(b, l) ≥ 0 that: π∗
t (l, b) = a+ when t > t∗(b, l),

and π∗
t (l, b) = a− when t ≤ t∗(b, l).

2. if za+ < za− , there exists such t∗(b, l) ≥ 0 that: π∗
t (l, b) = a− when t > t∗(b, l),

and π∗
t (l, b) = a+ when t ≤ t∗(b, l),

which completes the proof of Theorem 3.2. By pairwise comparing the action in the

valid action set as done in this example, we can obtain the threshold-based optimal

policy, as summarized in Theorem 3.3.

For example, for b ∈ B(0), we have the action set as a ∈ A(b) = {0, 1}, a+ = 1,

and a− = 0. Since za+ > za− and ξa+ > ξa− , we conclude Ht(l, b, a) is superadditive

in L × {0, 1} and π∗
t (l, b) is a monotone increasing function of l. In other words,

there exists such l∗(b, t) ≥ 0 that: π∗
t (l, b) = 1 when l > l∗(b, t), and π∗

t (l, b) = 0

when l ≤ l∗(b, t).
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3.4.3 Threshold-Based Optimal Policy Decision

Based on the thresholds established in Theorems 3.1 and 3.2, the optimal policy

can be obtained by comparing the remaining flight distance and the elapsed time,

as described in Theorem 3.3.

Theorem 3.3. The optimal policy π∗ = {πt
∗(l, b), ∀l ∈ L, b ∈ B, t ∈ T } can be

specified as

1. For b ∈ B(0) and a ∈ A(b) = {0, 1}, we have

πt
∗(l, b)=

⎧⎪⎨⎪⎩ 0 (CS), if l ≤ l∗1(b, t);

1 (FS), otherwise;
(3.41)

πt
∗(l, b)=

⎧⎪⎨⎪⎩ 0 (CS), if t ≤ t∗1(b, l);

1 (FS), otherwise.
(3.42)

2. For b ∈ B(1) and a ∈ A(b) = {0, 1, 2}, we have

πt
∗(l, b)=

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩
2 (CE), if l ≤ l∗1(b, t);

0 (CS), if l∗1(b, t) < l ≤ l∗2(b, t);

1 (FS), otherwise.

(3.43)

πt
∗(l, b)=

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩
2 (CE), if t ≤ t∗1(b, l);

0 (CS), if t∗1(b, l) < t ≤ t∗2(b, l);

1 (FS), otherwise.

(3.44)

3. For b ∈ B(2) and a ∈ A(b) = {0, 1, 3}, there are three cases:

(i) Case 1: if z0 > z3, then

πt
∗(l, b)=

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩
3 (VE), if l ≤ l∗1(b, t);

0 (CS), if l∗1(b, t) < l ≤ l∗2(b, t);

1 (FS), otherwise.

(3.45)
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πt
∗(l, b)=

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩
3 (VE), if t ≤ t∗1(b, l);

0 (CS), if t∗1(b, l) < t ≤ t∗2(b, l);

1 (FS), otherwise.

(3.46)

(ii) Case 2: if z1 > z3 ≥ z0, then

πt
∗(l, b)=

⎧⎪⎨⎪⎩ 3 (VE), if l ≤ l∗1(b, t);

1 (FS), otherwise.
(3.47)

πt
∗(l, b)=

⎧⎪⎨⎪⎩ 3 (VE), if t ≤ t∗1(b, l);

1 (FS), otherwise.
(3.48)

(iii) Case 3: if z3 ≥ z1, then

πt
∗(l, b) = 3. (3.49)

4. For b ∈ B(3) and a ∈ A(b) = {0, 1, 2, 3}, there are four cases:

(i) Case 1: if z0 > z3 > z2, then

πt
∗(l, b)=

⎧⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎩

2 (CE), if l ≤ l∗1(b, t);

3 (VE), if l∗1(b, t) < l ≤ l∗2(b, t);

0 (CS), if l∗2(b, t) < l ≤ l∗3(b, t);

1 (FS), otherwise.

(3.50)

πt
∗(l, b)=

⎧⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎩

2 (CE), if t ≤ t∗1(b, l);

3 (VE), if t∗1(b, l) < t ≤ t∗2(b, l);

0 (CS), if t∗2(b, l) < t ≤ t∗3(b, l);

1 (FS), otherwise.

(3.51)

(ii) Case 2a: if z1 > z3 ≥ z0 > z2 and ξ1 > ξ0 ≥ ξ3 > ξ2, the action set

reduces to the valid action set Ã(b) = {1, 2, 3}, then

πt
∗(l, b)=

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩
2 (CE), if l ≤ l∗1(b, t);

3 (VE), if l∗1(b, t) < l ≤ l∗2(b, t);

1 (FS), otherwise;

(3.52)
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πt
∗(l, b)=

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩
2 (CE), if t ≤ t∗1(b, l);

3 (VE), if t∗1(b, l) < t ≤ t∗2(b, l);

1 (FS), otherwise.

(3.53)

(iii) Case 2b: if z1 > z3 ≥ z0 > z2 and ξ1 > ξ3 > ξ0 > ξ2, then

πt
∗(l, b)=

⎧⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎩

2 (CE), if l ≤ l∗1(b, t);

0 (CS), if l∗1(b, t) < l ≤ l∗2(b, t);

3 (VE), if l∗2(b, t) < l ≤ l∗3(b, t);

1 (FS), otherwise;

(3.54)

πt
∗(l, b)=

⎧⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎩

2 (CE), if t ≤ t∗1(b, l);

0 (CS), if t∗1(b, l) ≤ t ≤ t∗2(b, l);

3 (VE), if t∗2(b, l) ≤ t ≤ t∗3(b, l);

1 (FS), otherwise.

(3.55)

(iv) Case 3: if z3 ≥ z1, then

πt
∗(l, b) = 3. (3.56)

Here, l∗n(b, t) is the n-th threshold of l at time slot t and n ∈ {1, 2, 3}. t∗n(b, l) is the

n-th threshold of t.

Theorem 3.3 establishes the threshold structure of the optimal policy to solve

problem (3.10). The optimal actions are generated by comparing the system state st

with the thresholds l∗n(b, t) and t∗n(b, l), instead of searching the state space. Fig. 3.2

illustrates the the optimal action function π∗
t (l, b) with respect to l and t: For

b ∈ B(3), in Case 2b of Theorem 3.3-4), z1 > z3 ≥ z0 > z2, ξ1 > ξ3 > ξ0 > ξ2, and

the action set is A(b) = {0, 1, 2, 3}. As shown in Fig. 3.2a, for a state st = (l, b), the

optimal action is to choose 2 (CE), 0 (CS), 3 (VE), and 1 (FS), with the increase

of the remaining flight distance l.

In practice, the latching/unlatching time of action a = 3 is relatively negligible,

as compared to the docking/undocking time in action a = 2, i.e., τd(3) < τd(2),
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since a vehicle drives in the same direction as the UAV and the UAV does not need

to reduce its speed to zero (as opposed to docking at a charging station). Thus, the

normalized energy consumption yields ξ3 ≤ ξ2 due to the short latching/unlatching

time. As a result, the threshold-based optimal policy can be specified for street

block b ∈ B(3), where both CE (a = 2) and VE (a = 3) are available, as stated in

Corollary 3.1.

Corollary 3.1. If ξ3 ≤ ξ2, then action a = 2 should not be chosen in any street block

belonging to B(3), and the valid action set is Â(3) = {0, 1, 3}. The threshold-based

optimal policy specified in Theorem 3.2 can be simplified into three cases.

1. Case 1: If z1 > z0 > z3, then

πt
∗(l, b)=

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩
0 (CS), if l ≤ l∗1(b, t);

3 (VE), if l∗1(b, t) ≤ l ≤ l∗2(b, t);

1 (FS), otherwise;

(3.57)

πt
∗(l, b)=

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩
0 (CS), if t ≤ t∗1(b, l);

3 (VE), if t∗1(b, l) ≤ t ≤ t∗2(b, l);

1 (FS), otherwise.

(3.58)

2. Case 2: If z1 > z3 ≥ z0, then

πt
∗(l, b)=

⎧⎪⎨⎪⎩ 3 (VE), if l ≤ l∗1(b, t);

1 (FS), otherwise;
(3.59)

πt
∗(l, b)=

⎧⎪⎨⎪⎩ 3 (VE), if t ≤ t∗1(b, l);

1 (FS), otherwise.
(3.60)

3. Case 3: If z3 ≥ z1, then

πt
∗(l, b) = 3. (3.61)
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3.4.4 Threshold-based Optimal Policy Algorithm

The thresholds can be evaluated efficiently by exploiting the property of the

thresholds, as stated in Corollary 3.2.

Corollary 3.2. The threshold l∗n(b, t) is a non-increasing function of t, i.e.,

l∗n(b, t) ≥ l∗n(b, t+ τ), ∀b ∈ B. (3.62)

The threshold t∗n(b, l) is a non-increasing function of l, i.e.,

t∗n(b, l) ≥ t∗n(b, l + υ), ∀b ∈ B. (3.63)

Proof. We prove from the corollary based on the definition of the threshold l∗(b, t) in

Theorems 3.1 and 3.2. We first prove Corollary 3.2 (i): In Case (i) of Theorem 3.1,

for a given b ∈ B and t ∈ T , based on the definition of the threshold l∗(b, t) in (3.28),

we have π∗(l, b) = a+ if l ≥ l∗(b, t). From Lemma 4.1, we observe that the expected

cost is higher when it is closer to the deadline. Thus, we have π∗
t+τ (l, b) = a+ if

l ≥ l∗(b, t). Based on the definition of the threshold l∗(b, t+τ) at time t+τ , we have

l∗(b, t + τ) ≥ l∗(b, t). This also holds in Case (ii) of Theorem 3.1, which completes

the proof of (3.62).

Corollary 3.2 (ii) can be proved likewise, as follows: In Case (i) of Theorem 3.2,

for a given b ∈ B and l ∈ L, based on the definition of t∗(b, l) in (3.32), we have

π∗
t (l, b) = a+ if t ≥ t∗(b, l). From Lemma 4.1, we observe that the expected cost is

higher when a longer flight distance is ahead. Thus, π∗
t (b, l + υ) = a+ if t ≥ t∗(b, l).

Based on the definition of the threshold in (3.32), we have t∗(b, l) ≥ t∗(b, l+υ). The

proof of Case (ii) can be similarly obtained, and (3.63) is proved.

The optimal actions of the UAV can be generated by comparing the system state

st with the thresholds of l and t developed from the conditions, instead of search-

ing the entire state space. Based on Theorems 3.3, we summarize the proposed
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threshold-based monotone optimal action selection policy in Algorithm 3, where the

thresholds are generated by Algorithm 2.

In light of Corollary 3.2, the thresholds, l∗n(b, t) and t∗n(b, l), can be evaluated

by first determining the number of thresholds at time slot t, i.e., NThres = |Ã(b)| −

1. Next, we arrange the action indexes in the ascending order of za in the set

{1, · · · , |Ã(b)|}, and calculate the i-th threshold l∗i (b, t) between the i-th and (i+1)-

th action. Based on Corollary 3.2, we evaluate the distance threshold based on the

threshold of the previous time slot, i.e., l ← l∗i (b, t + τ) (see Line 6 in Algorithm

2). Finally, with the increase of l, the solution for argmina∈A(b) Ht(l, b, a) switches

from the i-th to the (i+ 1)-th action in the set. The value of l at which the switch

occurs is the threshold l∗i (b, t). The time threshold t∗n(b, l) can be obtained in the

same way. As revealed in Theorem 3, the optimal actions of the UAV πt
∗(l, b) can be

obtained by evaluating the thresholds {l∗, t∗} with the state st = (l, b) (see Line 15 in

Algorithm 3) retrospectively from t = T to t = 1. The computational complexity of

the optimal action selection drops from O (ALT/υ) to around O (A ·max {L/υ, T})

by using Algorithm 3 [153], as compared to Algorithm 1.

The proposed algorithms can be potentially extended for UAV swarms. In partic-

ular, the central coordinator monitors the road traffic and responds to the requests

for goods delivery. Multiple UAVs can be assigned to deliver different goods. The

coordinator plans the routes and schedules for the UAVs with the proposed algo-

rithms, to minimize the total energy consumption of the UAVs, while ensuring each

UAV’s timely arrival at the destination. This can be done by running the proposed

DP-based algorithm (Algorithm 1) or the proposed threshold-based algorithm (Al-

gorithm 3). Specifically, the coordinator can generate the policy of the UAVs one

after another by using the proposed algorithms (e.g., Algorithm 3). The policy of

a UAV can impact on the policies of the others, given the shared resources, e.g.,

the available charging stations or willing vehicles at every time slot. Therefore, the
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resources assigned to some of the UAVs are obsolete when scheduling the rest of the

UAVs.

Algorithm 2 Threshold Generation Process

1: function Threshold Generation

2: Obtain the number of threshold NThres = |Ã(b)| − 1

3: Initialization: threshold set Ω

4: Reorder the action index in the ascending order of za in the set

{1, · · · , |Ã(b)|}.

5: for action i ← {1, · · · , |Ã(b)|} do

6: Set l ← l∗i (b, t+ τ)

7: Set the threshold indicator flag ← 0

8: while l ≤ L and flag = 0 do

9: Compute Ht(l, b, a) using (3.12);

10: Set π∗
t (l, b) ← argmina∈A(b) Ht(l, b, a)

11: Set Vt(l, b) ← Ht(l, b, π
∗
t (l, b))

12: if π∗
t (l, b) = i then

13: l∗i (b, t) ← l

14: flag ← 1;

15: end if

16: l ← l + υ

17: end while

18: end for

19: end function
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Algorithm 3 Threshold-based Optimal Policy Algorithm

1: Planning Stage: input L, T , B

2: Set boundary condition: RT+τ (a, s) using (4.7)

3: Set t ← T

4: while t > 1 do

5: for b ∈ B do

6: Call Threshold Generation Process

7: end for

8: t ← t− τ

9: end while

10: Execution Stage: input threshold structure

11: Initialization: t ← 1, l ← L

12: while t ≤ T do and l > 0

13: Get the block index of the UAV location at the time t: b

14: Get the current state st = (l, b)

15: Decide the optimal action πt
∗(l, b) by comparing the current state st with

threshold structure {l∗, t∗} with Theorem 3.3

16: a∗ ← πt
∗(l, b)

17: Update l ← [l − za∗ ]
+, t ← t+ τ

18: end while
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3.5 Numerical Results

In this section, we first verify the threshold structure of the monotone optimal

policy, and show the optimality of the threshold-based action selection. Then, we

evaluate the proposed schemes with practical octocopter flight parameters from DJI

Agras MG-1 [154]. The energy consumption and the flight completion ratio [155]

are evaluated in comparison with benchmarks. The maximum flight distance is also

assessed with consideration of both the battery and arrival deadline T .

3.5.1 Threshold Structure Verification

We verify the threshold structure of the monotone optimal policy and its opti-

mality in Fig. 3.3. First, we compare the proposed DP-based policy and threshold-

based policy obtained by Algorithms 1 and 3, respectively. The total cost is plotted

against the required flight distance L in Fig. 3.3a, where T = 20 min, 〈z0, z1, z2, z3〉 =

〈380, 720, 180, 600〉, and ξ1 > ξ0 > ξ2 > ξ3. It is observed that the threshold-based

optimal policy achieves the same performance with the DP-based method. The

threshold-based method achieves the optimality with a much lower computation

complexity. Here, the total cost includes the energy consumption and the overtime

penalty. As shown in Fig. 3(a), the total cost is dominated by the penalty when the

flight distance L > 15 km. This is because the flight cannot be completed within

20 min.

In Figs. 3.3b-3.3f, we illustrate the threshold structure of the optimal policy. As

shown in Fig. 3.3b, for b ∈ B(0), the valid set is A(0) = {0, 1}. π∗
t (l, b) increases

monotonically with the remaining distance l (i.e., from 0 to 1), when z1 > z0 and

ξ1 > ξ0. There exists such l∗(b, t) ≥ 0 that π∗
t (l, b) = 1 when l > l∗(b, t), and

π∗
t (l, b) = 0 when l ≤ l∗(b, t). The value of l∗(b, t) is the x−axis coordinate of the

switching point from action a = 0 (dark dot ·) to action a = 1 (green circle ◦) in

Fig. 3.3b. This verifies the threshold structure in street blocks of the 0-th category,
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(b) b ∈ B(0),〈z0, z1〉 = 〈480, 720〉 m and

ξ1 > ξ0
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(c) b ∈ B(1),〈z0, z1, z2〉 = 〈480, 720, 180〉 m

and ξ1 > ξ0 > ξ2
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(d) b ∈ B(2),〈z0, z1, z3〉 = 〈480, 720, 360〉

m and ξ1 > ξ0 > ξ3

0 5 10 15 20
Decision epoch t 

0

5

10

15

R
em

ai
n 

D
is

ta
nc

e 
l (

km
)

(e) b ∈ B(3), z1 > z3 > z0 > z2,

〈z0, z1, z2, z3〉 = 〈480, 720, 180, 600〉 m

and ξ1 > ξ0 > ξ2 > ξ3
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(f) b ∈ B(3), z1 > z0 > z3 > z2

〈z0, z1, z2, z3〉 = 〈480, 720, 180, 360〉 m and

ξ1 > ξ0 > ξ3 > ξ2

Figure 3.3 : Threshold structure verification: (b)-(f) are obtained under L = 15 km,

and T = 20 min; dark dot ·, green circle ◦, blue plus +, and red star ∗ represent the

CS (a = 0), FS (a = 1), CE (a = 2) and VE (a = 3) action, respectively.
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i.e., b ∈ B(0), as stated in Theorem 4.3-1). The other cases stated in Theorem 3 are

validated in the same way in Figs. 3.3c-3.3f.

As shown in Fig. 3.3e, for b ∈ B(3), a ∈ A(b) = {0, 1, 2, 3} z1 > z3 > z0 > z2, and

ξ1 > ξ0 > ξ2 > ξ3, and the valid set reduces to Ã(b) = {1, 3}, which is consistent

with Case 2 in Corollary 3.1. In the case where b ∈ B(3), z1 > z0 > z3 > z2, and

ξ1 > ξ0 > ξ3 > ξ2, the threshold structure is shown in Fig. 3.3f, validating Case 1

of Theorem 4.3-4).

3.5.2 Performance Comparisons

We evaluate the schemes with practical octocopter flight parameters from DJI

Agras MG-1 [154], where the UAV takeoff weight is 21 kg, the power consumption

is p0 = 3250 W under the cruise velocity of v0 = 8 m/s, and the power consumption

is p1 = 6300 W under the full speed of v1 = 12 m/s. The UAV is equipped with

two battery packs (DJI MG-12000 [156]), each with the capacity of 532 Wh. Each

battery pack has two charging modes: slow charging at 600 W and fast charging at

1200 W. We assume that the charging stations operate in the fast charging mode at

η2 = 1200 W, and the willing vehicles are only equipped with slow charging modules

η3 = 600 W.

The vehicle’s speed is vcar = 15 m/s. The density of different street block

categories is ρ(B) = [0.6, 0.1, 0.2, 0.1]. The time slot length is τ = 1 min. The

average docking/undocking time is τ̄d(2) = 7.5 s. The average latching/unlatching

time is τ̄d(3) = 6 s. The average charging time at a roadside charging station is

τ̄c = 30 s.

The proposed method is applied to select the action of the UAV in the presence

and absence of collaborative willing vehicles. In particular,

1. Delay-sensitive action selection with vehicles collaboration (DVC): The UAV
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selects the optimal actions with the proposed method, where all actions includ-

ing different speeds, recharging at a roadside charging station, and hitchhiking

are considered.

2. Delay-sensitive action selection with roadside charging station (DRC): The

UAV selects the optimal actions obtained by the proposed method in the

absence of willing vehicles (a = 3).

For comparison purpose, we also simulate the following benchmark schemes:

• On-the-spot action selection schemes: the UAV chooses to get recharged at a

roadside charging station, or hitchhike on a willing vehicle whenever available.

Two actions are chosen with an equal probability in the overlapping area

(B3) [157]. The UAV’s speed can be set up in the following three different

ways as three benchmarks:

1. On-the-spot with low-speed priority (OLP): The UAV chooses the cruise

speed, when there is no charging station or willing vehicle.

2. On-the-spot with equal speed probability (OEP): The UAV chooses the

cruise speed and the full speed with equal probability, when there is no

charging station or willing vehicle.

3. On-the-spot with high-speed priority (OHP): The UAV chooses the full

speed, when there is no charging station or willing vehicle.

• Speed selection only: The UAV only chooses the speed and does not get

recharged at a roadside charging station or willing vehicles.

1. Cruise-speed only (CSO): The UAV flies to the destination at the cruise

speed.

2. Full-speed only (FSO): The UAV flies to the destination at the full speed.
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Figure 3.4 : Energy consumption under different flight distances under delay re-

quirement T = 20 min

First, we compare the energy consumption under different flight distances under

a given delay requirement T . When T = 20 min, the energy consumptions are

shown in Fig. 3.4, where the star (*) marks the farthest flight distance that each

scheme can achieve within the given time T or battery constraint. In the FSO

scheme, the UAV always flies at the full speed, hence giving the steepest growth of

energy consumption. Thus, FSO is the first to meet the battery constraints with the

growing flight distance. It gives the minimum flight distance of 7.2 km among all

schemes. Flying at a single speed, FSO and CSO only allow the UAV to rely on the

battery. Their flight distances are shorter than the other schemes’. We observe that

DRC and CSO have similar performances. This is because the allowed flight delay is

relatively short, as compared to the large flight distance. The UAV using the DRC

scheme is more likely to fly at the cruise or full speed to the destination to avoid

the overtime penalty, even though the charging stations are available. However, a
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slightly lower energy consumption observed in the DRC scheme can be observed

when the overall distance is L < 7 km, as compared with CSO. The reason is that

recharging at some roadside stations is still preferable in the DRC scheme when the

overall flight distance is short.

By allowing hitchhiking and recharging at willing vehicles, OLP, OEP OHP,

and DVC can fly long distances. The maximum flight distances of OLP and OEP

depend on the flight delay T , rather than the battery capacity of the UAV. The

on-the-spot action selection schemes, i.e., OLP, OEP and OHP, are opportunistic

and do not optimize against T and other flight requirements. In the OLP scheme,

the UAV cruises for energy saving when there is no charging station available, and

gets recharged whenever possible without consideration of potential overtime. In

this way, more energy is obtained but the arrival is delayed, as shown in Fig. 3.7.

Being aware of trajectory and arrival deadline, the proposed methods, DVC and

DRC, dynamically choose actions depending on the remaining flight time and flight

distance, and can achieve the lowest energy consumption while guaranteeing timely

arrival.

Fig. 3.5 compares the energy consumption of the considered schemes under T =

30 min. The same observations of FSO, CSO, and DRC can be obtained as in

Fig. 3.4. With a longer allowed flight delay, the maximum flight distances of the

OLP, OEP, and OHP schemes depend primarily on the battery capacity of the UAV.

Moreover, with the longer flight time, the UAV can get more opportunities to be

recharged. This gives a gentle growth of the energy consumption, and extends the

maximum flight distance of the OLP, OEP, OHP, and DVC schemes.

Fig. 3.6 shows the flight completion rate over the flight distance L = 9 km, as T

grows. We see that the proposed method (DVC) is the only one that completes the

flight within 14 min. The maximum flight duration of FSO is around 10 min, and
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Figure 3.5 : Energy consumption under different flight distances under delay re-

quirement T = 30 min

the maximum flight distance is 7.2 km. FSO cannot complete the flight, even with

the growth of T .

Fig. 3.7 shows that the energy consumptions of the considered algorithms under

different allowed flight delays T . The triangle (Δ) marks the earliest arrival time

for the flight distance L = 9km. It is observed that the proposed method (DVC)

completes the flight within 14 min at the cost of high energy consumption. The

energy consumption continuously decreases by choosing to recharge and hitchhike.

39% and 10% energy reductions can be achieved, as compared with CSO and OLP

schemes, respectively. In this sense, the proposed method DVC strikes a good

balance between energy consumption and flight delay.

Fig. 3.8 plots the energy of the UAV obtained from the roadside charging stations

and willing vehicles under different allowed flight delay T and the distance L = 7.2

km. The longer allowed flight time provides the UAV with more opportunities
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Figure 3.6 : Flight completion rate for the flight distance L = 9 km with the increase

of T

to pass the street blocks with charging stations and/or willing vehicles. Without

vehicles for hitchhiking and recharging, DRC obtains the energy from the charging

station and the recharged energy of the UAV can increase with the allowed flight

time. It is observed that the recharged energy obtained by the on-the-spot schemes

keep the same under different allowed flight delays. This is because the on-the-

spot schemes are unaware of the allowed flight delays, and cannot benefit from the

roadside charging stations and willing vehicles. Moreover, the on-the-spot schemes

choose actions without comparing their costs, and cannot provide the optimal action

policy. The proposed methods, DVC and DRC, schedule actions with full awareness

of the allowed flight delay and distance. Therefore, they can make the best use of the

charging stations and willing vehicles, and achieve timely arrivals at the destination.

Fig. 3.9 evaluates the proposed method in terms of its capability to extend the

flight distance, where flight completions are plotted under different flight delays.
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It is observed that the maximum flight distance increases with the allowed flight

delay T . The maximum flight range can reach as far as 13.8 km. Even with no

delay requirement, the maximum flight distances of FSO and CSO are around 7.2

km and 9.3 km, respectively. To this end, the proposed methods improve the flight

distance by at least 48%. In particular, by getting recharged at the roadside charging

stations during the flight alone, the UAV flight range of the proposed method DVC

can approach to 10.3 km under T = 30 min. By leveraging hitchhiking and on-

vehicle charging, 34% extension in the flight range can be achieved.

3.6 Conclusion

In this chapter, we integrated closely UAVs and ground vehicles to deliver delay-

sensitive goods delivery services, where a UAV can hitchhike on collaborative vehicles

for energy saving and recharging. We minimized the energy consumption of the
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UAV and ensured its timely arrival at the destination, by optimizing its actions

at different points of its planned route, including its flight mode (i.e., full speed

or cruise speed), hitchhiking (and recharging on collaborative ground vehicles), or

stopping and recharging at roadside charging stations. A new DP-based algorithm

was first developed to obtain the optimal action of the UAV. Then, we revealed

that the optimal action of the UAV only changes when the remaining flight distance

or the elapsed time meets certain conditions. Accordingly, thresholds were derived

for the distance and time. By comparing the remaining flight distance and the

elapsed time with the thresholds, the optimal actions of the UAV can be instantly

made. Simulation results showed that the proposed algorithms can improve the

flight distance by 48%, as compared with existing alternatives. Our future work will

include joint optimization of path planning and action selection to further improve

the efficiency of goods delivery services.
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Chapter 4

Optimal Control of Multi-Task UAV

4.1 Introduction

Equipped with embedded sensors, such as cameras, microphones, and thermome-

ters, a UAV is often capable of conducting multiple different tasks [14, 15]. As il-

lustrated in Fig. 4.1, a multi-task UAV equipped with sensors and dispatched to

deliver goods can also carry out in-situ sensing along its delivery route.

Coordinating different tasks (e.g., goods delivery and in-situ sensing) is challeng-

ing to a multi-task UAV. One reason is that roadside tasks may require different

levels of commitment and tolerate different latencies [158, 159]. In the given ex-

ample of the delivery UAV which also performs in-situ sensing in Fig. 4.1, goods

delivery is typically subject to strict deadlines, while in-situ sensing is a secondary

task and only performed when possible. Another reason is that multi-tasking can

give rise to difficulties in the energy management of a UAV [160]. It is important

to utilize the battery energy efficiently while completing multiple tasks by their

deadlines [21, 161]. The control of the multi-task delivery UAV would involve the

joint optimization of the UAV’s flying speed and task schedule along the trajectory.

The energy consumption of UAVs is a nonlinear function of the speed, leading to

non-convexity in both objectives and constraints [17]. The decisions consist of both

continuous and binary variables, i.e., the UAV’s speed and tasks selection [162].

Such a UAV scheduling problem is typically a mixed integer non-linear program

(MINLP) [163, 164], requires a sequential decision process, and incurs a prohibitive

computational complexity, especially when there is a large state space [165].
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Existing studies have been predominantly focused on single-task UAVs. In [38],

the navigation of a UAV was formulated as a generalized traveling salesman problem

(TSP) for persistent monitoring missions. By determining the order of the targets

to be visited and monitored, the longest interval elapsed between consecutive visits

was minimized to optimize the route of the UAV. Based on a vector field approach,

a curved path-following method was proposed in [39] to control a UAV conducting

video tracking and surveillance. By exploiting the notion of input-to-state stability,

the along-track error and the cross-track error were reduced for robust surveillance

and tracking. Bartolini et al. [40] investigated the multi-trip task assignment of

squads of UAVs for early target inspection. To maximize the target coverage, an NP-

hard Integer Linear Programming (ILP) was formulated to schedule multiple UAVs.

A greedy and prune (GaP) algorithm was developed to obtain 1/2-approximation

of the optimality in polynomial time. Scheduling a truck-UAV delivery system was

studied in [41] and [25], where a truck carries parcels and acts as a moving dock for

UAVs. The scheduling policy developed in [41] and [25] ensured a UAV to take off

from the truck, return to the truck after finishing the deliveries.

While a decomposition approach was adopted, a high computational complexity

was still undergone [26]. A distributed schedule framework was proposed for UAV

navigation and roadside charging in [43], and multi-agent deep reinforcement learn-

ing was used to minimize the energy consumption of the UAV. Zhang et al. [44]

considered a UAV powered by both solar energy and roadside charging stations. By

optimizing the UAV’s trajectory and schedule policy, sustainable communication

services were maintained with energy outage prevention. However, the above ex-

isting works cannot be extended to schedule a multi-task UAV running both goods

delivery and in-situ sensing. Moreover, the existing works are computationally ex-

pensive despite their focus on single-task UAVs, due to the MINLP nature of the

works [162].
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This chapter presents a novel and optimal control policy for a multi-task UAV

which performs delay-bounded goods delivery and in-situ sensing whenever possible.

A new finite-horizon Markov decision process (FH-MDP) problem is formulated to

ensure timely goods delivery, minimize the UAV’s energy consumption, and maxi-

mize its reward for in-situ sensing. By proving the monotonicity and subadditivity

of the FH-MDP, we confirm the existence of a monotone deterministic Markovian

policy for the optimal action selection of the UAV. The optimal action (i.e., the

speed and the decision of performing in-situ sensing) is monotone regarding the re-

maining trip and elapsed time. We also reveal the optimal action only changes when

either of two thresholds regarding the remaining distance or elapsed time is met. By

comparing its state with the thresholds, the UAV can optimally decide its action at

each time slot. This is conducive to the online optimization of the delivery UAV’s

schedule, adapting to arising in-situ sensing requests.

The main contributions of this chapter are listed in the following.

• We establish the new multi-task UAV control framework, where the UAV can

dynamically select its action at each slot, including full speed, cruise speed, or

performing in-situ sensing. A new FH-MDP problem is formulated to max-

imize its reward for sensing, minimize the UAV’s energy consumption, and

ensure the ensuring timely goods delivery.

• By proving the monotonicity and subadditivity of the FH-MDP, we prove the

existence of the monotone deterministic Markovian policy which is the optimal

policy for the FH-MDP problem.

• We unveil the new threshold-based structure of the optimal policy, and derive

the thresholds at which the action of the UAV optimally switches. The UAV

can select its optimal action instantly at each time slot by comparing its current

state with the thresholds at a linear complexity.
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Figure 4.1 : Illustration of a multi-task UAV performing goods delivery and in-situ

sensing at places of interest (POIs).

Extensive simulations corroborate that the new approach is able to guarantee the

UAV’s timely delivery, minimize its energy consumption, and maximize its sensing

reward, as validated by comparison with the computationally expensive, standard

dynamic programming (DP)-based solver for the FH-MDP problem. The simula-

tions also show that our algorithm can save 24% of the energy of the UAV under

our considered simulation setting, as compared to its alternative methods.

This chapter is arranged as follows. Section II depicts the system configuration.

Section III casts the multi-task UAV control problem. In Section IV, we prove

the threshold-based structure of the optimal policy, which can be obtained online

with a considerably low complexity. Numerical and simulation results are provided

based on practical flight parameters in Section V. Finally, Section VI concludes the

chapter.
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4.2 System Model

Fig. 4.1 illustrates the proposed multi-task UAV system, where a multi-task

UAV delivers the parcels to the destination and performs in-situ sensing along the

delivery route. The UAV is expected to reach the destination by no later than a

specified time T , and the preplanned route length is M (km). The UAV can perform

in-situ sensing at the places of interest (POIs) along the delivery route and report

the sensing results to get rewards. The UAV needs to slow down and hover over

POIs to perform sensing. Hovering over the POI takes extra time and may prevent

the timely delivery. Since the UAVs are typically powered by on-board batteries,

it is critical to meticulously control the speed of the UAV and sensing activities for

timely goods delivery and maximum sensing rewards.

We divide T evenly into time slots with the duration of each slot being τ (in

seconds). Let t ∈ T = {1, 2, · · · , T/τ} be the index to the time slots. The UAV

can choose A number of different speeds, or hover and sense over POI at a time

slot. Let va denote the UAV’s speed, a ∈ A = {1, · · · , A}. v1 = vmax is the full

speed. vA = veco is the cruise speed. a = A+ 1 indicates the UAV performs in-situ

sensing. The total flight length M is discretized into segments with length λ per

segment. Let m ∈ M = {0, λ, 2λ · · · ,M} be the index to the segments. We also

divide the UAV’s path in line with street blocks. The index to a street block is

l ∈ L = {1, · · · , L}, where L denotes the number of street blocks along the flight

path from start to destination. Each street block has a length of L0. The street

blocks are categorized into two types:

1. L(0): The street blocks that have no POI;

2. L(1): The street blocks that have POIs and require in-situ sensing.

We define s = (m, l) to be the state of the UAV. m is the distance ahead towards
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the final destination. l is the UAV’s current street block. Since in-situ sensing is

only performed in the POIs, the different actions that the UAV can possibly take

at different street blocks are expressed as

A(l) =

⎧⎪⎨⎪⎩ A, if l ∈ L(0);

A
⋃
{A+ 1}, if l ∈ L(1).

(4.1)

In other words, the action of selecting different speeds a ∈ A are always possible,

while the action of in-situ sensing (a = A+1) heavily depends on the current location

of the UAV.

4.2.1 Mobility Model of the UAV

The traveled distance of the UAV over a time slot when the UAV takes action a

is given by

Dt(l, a) = D(l, a) =

⎧⎪⎨⎪⎩vaτ, if a ∈ A, l ∈ L=L(0)
⋃
L(1);

vA(τ − τs(l)) + vaτs(l), if a = A+ 1, l ∈ L(1).
(4.2)

where τs(l) is the sensing duration at street block l. After sensing, the UAV proceeds

at the cruise speed vA for the rest of the slot.

4.2.2 Energy Consumption of the UAV

The UAV’s energy consumption is primarily dominated by its propulsion energy

and the in-situ sensing related energy [144,145]. The propulsion power consumption

of the UAV (in Watts) depends on its flying speed and is usually a function of the

flying speed, i.e., p(va) [16]. Consider a rotary-wing UAV, and the propulsion power

of the UAV at the speed va is given by [19]

p(va) =P0

(
1 +

3v2a
Q2

tip

)
︸ ︷︷ ︸

blade profile

+Pi

(√
1 +

v4a
4V 4

0

− v2a
2v20

)1/2

︸ ︷︷ ︸
induced

+
1

2
χf0gWv3a︸ ︷︷ ︸
parasite

, (4.3)
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where P0 and Pi are the blade profile power and induced hovering power, respec-

tively; Qtip is the tip speed of the rotor blade; V0 is the mean rotor induced hovering

speed; f0 and g are the fuselage drag ratio and rotor solidity, respectively; and χ

and W are the air density and rotor disc area, respectively.

The energy consumption (in Joules) when action a is chosen at street block l can

be written as

Et(l, a) = Et(l, a)

=

⎧⎪⎨⎪⎩p(va)τ, if a ∈ A and l ∈L;

p(v1)[τ−τs(l)] +[p(va)+ps]τs(l), if a=A+1 and l ∈L(1),

(4.4)

where ps is the normalized power consumption for collecting and reporting informa-

tion at block l. When the UAV performs in-situ sensing, the UAV also consumes

power to hover over the POIs. The energy used for in-situ sensing is usually much

lower than the UAV’s propulsion [19].

4.2.3 Reward for In-situ Sensing

A reward can be provided to the UAV for the in-situ sensing activities conducted

at the POIs, as given by

Rt(l, a) = R(l, a) =

⎧⎪⎨⎪⎩ μτs(l), if a = A+ 1 and l ∈ L(1);

0, otherwise,
(4.5)

where μ is the unit (monetary) sensing reward per second.

4.2.4 Penalty for Late Arrival

The UAV is expected to reach the destination by time T . A (monetary) penalty

is issued if the UAV fails to do so, i.e., the UAV arrives at or after time T + 1. We

define the penalty as

ET+1(s) = ET+1(m) = Φ(m), (4.6)
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where Φ(m) is non-decreasing and convex in m, and Φ(m) = 0, ∀m ≤ 0. The cost

function concerning the considered penalty is expressed as

Ut(s, a) =

⎧⎪⎨⎪⎩ Et(l, a)−Rt(l, a), if t ∈ T ;

ET+1(m), if t = T + 1.
(4.7)

4.3 Problem Statement

In this section, we select the actions of the UAV to minimize the energy us-

age of the UAV, maximize the sensing reward, and complete the goods delivery in

time. With the definition of state s = (m, l), the state transition probability is the

probability of state s transiting to state s′ if action a is performed, as given by

Pr(s′|s, a) = Pr ((m′, l′)|(m, l), a)

= Pr (l′|l) Pr (m′|(m, l), a) ,

(4.8)

where Pr (m′|(m, l), a) gives the distance transition probability, i.e., the conditional

probability of the remaining distance transiting from m to m′ if the UAV takes

action a at street block l, and can be written as

Pr (m′|(m, l), a) =

⎧⎪⎨⎪⎩ 1, if m′ = [m−D(l, a)]+;

0, otherwise,
(4.9)

and [m]+ = max{0,m}. Pr(l′|l) is the location transition probability of the UAV

when the UAV’s location changes from street block l to street block l′, as given by

Pr (l′|l) =

⎧⎪⎨⎪⎩ 1, if D(l, a) ≥ L0;

0, otherwise,
(4.10)

where the UAV flies from street block l to street block l′ on the condition that the

flight distance over the time slot outreaches a street block.

To minimize the energy consumption of the UAV, maximize the sensing reward,
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and deliver the goods in time, the multi-task UAV control problem is formulated as

minimize
π∈Π

E
π
s

[
T∑
t=1

Ut (s
π
t , πt (s

π
t )) + UT+1

(
sπT+1

)]

s.t. πt ∈ A ∪ {A+ 1};

s0 = (M, l0) ,

(4.11)

where the control policy of the UAV, denoted by π, is composed of sequential actions

during the flight. π = {πt(m, l), ∀m ∈ M, l ∈ L, t ∈ T }, where πt(m, l) denotes

the action chosen at state s = (m, l) for t ∈ T , i.e., πt(m, l) provides the mapping:

πt(m, l) : M × L → A∪ {A+ 1}. All the possible action policies of the UAV

constitute the feasible set, denoted by Π. sπ represents the state after applying

policy π under state s. Eπ
s [·] denotes the expectation with respect to the probability

mobility distribution of the UAV. s0 = (M, l0) is the initial state of the UAV. l0 is

the starting street block of the UAV.

Problem (4.11) is an FH-MDP problem. Conventionally, the optimal control

policy can be obtained offline by using dynamic programming (DP) [136]. The

minimum cost Vt(s) is the optimal Bellman equation [150], as given by

Vt(s) = Vt(m, l) = min
a∈A(l)

{Kt(m, l, a)}, (4.12)

where Kt(m, l, a) is the expected cost function and

Kt(m, l, a) = Et(l, a)−Rt(l, a)

+
∑
l′∈L

∑
m′∈M

Pr ((m′, l′)|(m, l), a)Vt+τ (m
′, l′) (4.13a)

= min {m,Dt(l, a)} · ζt(l, a)

+
∑
l′∈L

Pr (l′|l)Vt+τ

(
[m−Dt(l, a)]

+,l′
)
. (4.13b)

The expected cost function Kt(m, l, a) is composed of the immediate cost at slot t,

and the estimated cost in the remaining slots. (4.13b) is achieved by substituting

the energy consumption (4.4), the in-situ sensing reward (4.5), and the transition
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probability (4.8) into (4.13a). ζ(l, a) is the normalized cost regarding the traveled

distance per time slot, i.e.,

ζt(l, a) =
Ut(l, a)

Dt(l, a)
=

⎧⎪⎨⎪⎩
p(va)
va

, if a ∈ A, l ∈ L;

p(vA)(τ−τs(l))+[p(va)+ps−μ]τs(l)
vA(τ−τs(l))+vaτs(l)

, if a = A+ 1, l ∈ L(1).

(4.14)

From the principle of optimality [136], π∗ = {π∗
t (m, l), ∀m ∈ M, l ∈ L, t ∈ T } is

the optimal policy, when the action selected at state s satisfies

π∗
t (s) = π∗

t (m, l) = argmin
a∈A(l)

Kt(m, l, a). (4.15)

The optimal action π∗
t (m, l) can be achieved by using the backward induction of

DP. However, the computational complexity of DP is O((A + 1)TM/λ) [166]. As

the growth of the trip distance M , allowed time T , and speed mode number A,

the state space of the multi-task UAV control problem, i.e., problem (4.11), can be

large, incurring an excessive complexity.

4.4 Optimal Monotone Policy and Threshold Structure

If the Bellman equation of an FH-MDP satisfies two conditions of monotonicity

and subadditivity, a monotone deterministic Markovian policy can be built as the

optimal policy for the FH-MDP [167]. The monotone deterministic Markovian policy

can be obtained by comparing the state of the FH-MDP with thresholds pertinent

to the monotonicity and subadditivity conditions, hence reducing the computational

complexity significantly.

In this section, we develop the monotone deterministic Markovian policy for

the action selection of the multi-task UAV. Specifically, we first verify that the

optimal Bellman equation of the FH-MDP, i.e., Vt(m, l), is non-decreasing in both

the remaining distance m and the elapsed time t. In other words, the Bellman
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equation is monotone. We also prove the subadditivity of the expected cost function

of the FH-MDP, Kt(m, l, a). Then, we establish the optimal monotone deterministic

Markovian policy of problem (4.11), based on the subadditivity, i.e., the optimal

action π∗
t (m, l) in (4.15) is monotone in both m and t. The optimal policy exhibits

a threshold-based structure, where the switch of the optimal action is only triggered

when either of two thresholds about m and t is met. By evaluating the UAV’s state

against the thresholds, the action of the UAV can be optimally selected at each time

slot.

4.4.1 Monotonicity of Bellman Equation

We first reveal the monotonicity of the optimal Bellman equation Vt(m, l) in

(4.12). Assume that the sensing time τs is location-independent, i.e., τs := τs(l),

∀l ∈ L. The traveled distance of the UAV over a slot in (4.2) can be updated as

da =

⎧⎪⎨⎪⎩ vaτ, if a ∈ A and l ∈ L;

vA(τ − τs) + vA+1τs, if a= A+1 and l ∈ L(1).
(4.16)

From (4.16), d1 > · · · > dA > dA+1 holds for vmax > veco > vhov and non-zero sensing

time, i.e., τs > 0. We normalize the cost function of the UAV, i.e., (4.14), with the

unit traveled distance per time slot, as given by

ζa =

⎧⎪⎪⎨⎪⎪⎩
p(va)/va, if a ∈ A;

p(vA)(τ−τs) + [p(vA+1)+ ps−μ]τs
vA(τ − τs) + vA+1τs

, if a= A+1, l∈ L(1).
(4.17)

Hence, the expected cost function (4.13) is reformed as

Kt(m, l, a) = min {m, da} · ζa +
∑
l′∈L

P (l′|l)Vt+1

(
[m− da]

+,l′
)
. (4.18)

The following lemma shows that the overtime penalty function for not completing

the delivery in time is much higher than the rewards for executing the in-situ sensing,

or the energy saving of choosing a lower speed.
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Lemma 4.1. The cost function Ut(l, a) in (4.7) satisfies

UT+1(m)− UT+1(m− da) ≥ Ut(l, a). (4.19)

Namely, the incurred overtime penalty is higher than the energy consumption for

the same flying distance.

Proof. Ut(l, a) = ζada is a linearly increasing function of the traveled distance da.

With (4.6), for t = T + 1, the cost function UT+1(m) − UT+1(m − da) = Φ(m) −

Φ(m − da). The penalty function Φ(m) gives a non-decreasing convex function of

m, and Φ(m) − Φ(m − da) rises more than quadratically with da. The penalty of

not accomplishing a flight distance of da in time is larger than the cost of flying the

distance.

Based on Lemma 4.1, we establish the monotonicity of Vt(m, l) in (4.12), as

follows.

Theorem 4.1. (Monotonicity) ∀l ∈ L, the optimal Bellman equation Vt(m, l)

satisfies

(i) Vt(m, l) does not decrease in m, ∀t ∈ T .

(ii) Vt(m, l) does not decrease in t, ∀m ∈ M.

Namely, the higher expected cost incurs when a longer flight distance or less flight

time remains before the UAV can reach the destination in time. The Bellman

equation (4.12) exhibits monotonicity.

Proof. (a) The proof of Theorem 4.1 is built on mathematical induction, as follows.

From t = T + 1, we get VT+1(m, l) = UT+1(m) = Φ(m), which is non-decreasing in

m. Under the assumption that Vt+1(m, l) increases with m, so is Kt(m, l, a) based on
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(4.13). Since the minimum function does not violate monotonicity, Vt(m, l) is non-

decreasing in m. In conclusion, Vt(m, l) does not decrease in m, ∀t ∈ T
⋃
{T + 1}.

(b) The mathematical induction is adopted again. First, for t = T , we have

VT (m, l) = min
a∈A(l)

{KT (m, l, a)} ≤
∑
l′∈L

Pr (l′|l)VT+1(m, l′)

= UT+1(m) = VT+1(m, l′).

(4.20)

Under the assumption that ∀l ∈ L, ∀b ∈ L, we find that Vt+1(m, l) does not decrease

in t. Based on (4.13), Kt(m, l, a) is non-decreasing in t. Since the minimum function

preserves the monotonicity, Vt(m, l) does not decrease with the increase of t, ∀t ∈

T
⋃
{T + 1}.

4.4.2 Subadditivity and Optimal Policy

As revealed in Theorem 4.1, we obtain the monotonicity of the minimum cost

function, which is the prerequisite for the optimal monotone deterministic Markovian

policy of problem (4.11). In this subsection, we reveal the optimal policy, and show

its threshold-based structure. In what follows, we first derive the irreducible set

of candidate actions at any street block l, denoted by Ã(l). Then, we prove the

subadditivity of the expected cost function in (4.13), i.e., Kt(m, l, a), in the action

set. Based on the subadditivity, we reveal the threshold-based structure of the

optimal policy.

Lemma 4.2. Suppose that there are two candidate actions, i.e., a+, a− ∈ A(l). If

da+ ≥ da− and ζa+ ≤ ζa− , (4.21)

then action a− would never be selected in the optimal policy and the candidate action

set can be reduced to Ã(l) = A(l) \{a−}. In other words, the actions satisfying (4.21)

would consume more energy over the same flight distance and can be precluded for

the selection of the optimal action.
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Proof. For actions a+, a− ∈ A , if da+ ≥ da− and ζa+ ≤ ζa− ,

Kt(m, l, a+)

= min {m, da+} ζa+ +
∑
l′∈L

Pr (l′|l)Vt+1

(
[m− da+ ]

+, l′
)

= Kt(m, l, a+) + (min {m, da+} ζa+ −min {m, da−} ζa−)

+
∑
l′∈L

Pr (l′|l)
[
Vt+1

(
[m− da+ ]

+, l′
)
− Vt+1

(
[m− da− ]

+, l′
)]

≤ Kt(m, l, a−),

(4.22)

where the inequality is obtained according to Lemma 4.1, namely, for actions a+,

a− ∈ A, if action a− expects a higher cost Kt(m, l, a+) than action a+, it is more

cost-effective to select action a+ instead. As a result, action a− must not be included

in the irreducible candidate action set.

Based on Lemma 4.2, we can derive that the sensing action (a = A+1) can only

be selected in the optimal policy when the following condition specified in Lemma 4.3

is satisfied.

Lemma 4.3. If the distance traveled per time satisfies dA > dA+1, the sufficient

condition of choosing the sensing action in the optimal policy is given by

ζA+1 ≤ ζA. (4.23)

There is also a low bound of the sensing reward per POI, denoted by μLow, which is

achieved if τs = 1 and satisfies

μLow > p(vA+1) + ps −
vhov
veco

p(vA). (4.24)

Proof. Lemma 4.3 is proved by showing that action a = A+1 should not be selected
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if ζA+1 > ζA, as it would lead to a higher expected cost Kt(m, l, a),

Kt(m, l, A+ 1)

= min {m, dA+1} ζA+1 +
∑
l′∈L

Pr (l′|l)Vt+1

(
[m− dA+1]

+, l′
)

(4.25a)

≥ min {m, dA+1} ζA +
∑
l′∈L

Pr (l′|l)Vt+1

(
[m− dA+1]

+, l′
)

(4.25b)

≥ min {m, dA} ζA +
∑
l′∈L

Pr (l′|l)Vt+1

(
[m− dA]

+, l′
)

(4.25c)

= Kt(m, l, A), (4.25d)

where (4.25b) is obtained by the condition ζA+1 > ζA, (4.25c) is established, since

Vt(m, l) is a non-decreasing function of m, as stated in Theorem 4.1. Due to the fact

that action a = A+1 results in a higher cost than action a = A in any circumstance,

action a = A is more cost-effective and can be selected. As a result, action a = A+1

can only be chosen when ζA+1 ≤ ζA.

Lemma 4.3 suggests that the in-situ sensing action a = A + 1 should not be

chosen if the sensing reward is not larger than the threshold specified in (4.24), as

the reward cannot compensate for the energy and time consumed to complete the

sensing task. The threshold of selecting action a = A + 1 is dependent on the unit

reward μ, flight speed, and power consumption, which are salient parameters of the

optimal policy and thresholds.

Next, we introduce the definitions and important properties of subadditivity in

Definition 4.1 [136,150].

Definition 4.1. Function g(i, j, k) is subadditive in I×J , for given k, if ∀i+, i− ∈ I,

i+ > i−, and ∀j+, j− ∈ J , j+ > j−.

g(i+, j+, k)− g(i+, j−, k) ≤ g(i−, j+, k)− g(i−, j−, k). (4.26)
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If g(i, j, k) is subadditive in I × J for a given k, then

f(i, k) = argmin
j∈J

g(i, j, k) (4.27)

decreases monotonically with the increase of i.

Following Definition 4.1, we can show the subadditivity of Kt(m, l, a), and the

optimal action π∗
t (m, l) in (4.15) is monotone in regards of the remaining distance m

and the elapsed time t. By pairwise comparing the actions in the action set, we find

two thresholds regarding m and t, at which a switch of the UAV’s optimal actions

takes place.

Theorem 4.2. Suppose two candidate actions, a+, a− ∈ Ã(l) with a+ > a−:

(i) (Distance threshold) If da+ ≤ da− and ζa+ ≤ ζa−, then Kt(m, l, a) yields

subadditivity in M × {a−, a+} and π∗
t (m, l) decreases monotonically with m.

The following threshold of m exists: ∃m∗(l, t) ≥ 0,

π∗
t (m, l) =

⎧⎪⎨⎪⎩ a+, if m ≤ m∗(l, t);

a−, otherwise.
(4.28)

(ii) (Time threshold) If da+ ≤ da− and ζa+ ≤ ζa−, then Kt(m, l, a) yields sub-

additivity in T × {a−, a+} and π∗
t (m, l) decreases monotonically with t. The

following threshold of t exists: ∃t∗(l,m) ≥ 0,

π∗
t (m, l) =

⎧⎪⎨⎪⎩ a+, if t ≤ t∗(l,m);

a−, otherwise.
(4.29)

Proof. The threshold-based structure can be revealed by exploiting the subadditivity

of Kt(m, l, a). First, we deduce that the subadditivity of Kt(m, l, a) in M × A(l).

For a+, a− ∈ A(l) with a+ > a− and m+,m− ∈ M with m+ > m−,

Kt(m
+, l, a+)−Kt(m

+, l, a−)

= da+ζa+ − da−ζa−

+
∑
l′∈L

Pr (l′|l)
(
Vt+1

([
m+ − da+

]+
, l′
)
− Vt+1

([
m+ − da−

]+
, l′
))

,

(4.30)
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Kt(m
−, l, a+)−Kt(m

−, l, a−)

= da+ζa+ − da−ζa−

+
∑
l′∈L

Pr (l′|l)
(
Vt+1

([
m− − da+

]+
, l′
)
− Vt+1

([
m− − da−

]+
, l′
))

,

(4.31)

[Kt(m
+, l, a+)−Kt(m

+, l, a−)]− [Kt(m
−, l, a+)−Kt(m

−, l, a−)]

=
∑
l′∈L

Pr (l′|l)
[(

Vt+1

([
m+ − da+

]+
, l′
)
− Vt+1

([
m+ − da−

]+
, l′
))

−
(
Vt+1

([
m− − da+

]+
, l′
)
− Vt+1

([
m− − da−

]+
, l′
))]

.

(4.32)

If da+ ≤ da− , we obtain

Kt(m
+, l, a+)−Kt(m

+, l, a−) ≤ Kt(m
−, l, a+)−Kt(m

−, l, a−) (4.33)

Kt(m, l, a) is subadditive in M×{a−, a+}. Based on Definition 4.1,

π∗
t (m, l) = argmin

a∈{a−,a+}
Kt(m, l, a), (4.34)

monotonically decreases with the growth of m. We can obtain such m∗(l, t) ≥ 0

that: π∗
t (m, l) = a+ if m ≤ m∗(l, t) and π∗

t (m, l) = a− if m > m∗(l, t).

Likewise, we can obtain that Kt(m, l, a) is subadditive in T × {a−, a+} if da+ <

da− , by taking the same approach. We conclude that π∗
t (m, l) decreases monotoni-

cally in t if da+ < da− . The threshold can be established regarding the elapsed time t:

if da+ < da− , we have t
∗(l,m) ≥ 0, and π∗

t (m, l) = a+ if t ≤ t∗(l,m) or π∗
t (m, l) = a−

if t > t∗(l,m). This proves Theorem 4.2. By comparing the actions in the candidate

action set, the threshold-based optimal monotone deterministic Markovian policy is

established.

With the thresholds discovered in Theorem 4.2, the optimal monotone determin-

istic Markovian policy of the UAV’s action selection can be achieved by evaluating

m and t with the thresholds, as stated in Theorem 4.3.
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Theorem 4.3. Suppose that the UAV can take the actions of full speed, cruise speed,

and in-situ sensing for illustration convenience (i.e., A = 2). The optimal policy

π∗ = {πt
∗(m, l), ∀m ∈ M, l ∈ L, t ∈ T } can be given as

1. For l ∈ L(0) and a ∈ A(l) = {1, 2}, we have

πt
∗(m, l)=

⎧⎪⎨⎪⎩ 2 if m ≤ m∗
1(l, t);

1 otherwise;
(4.35)

πt
∗(m, l)=

⎧⎪⎨⎪⎩ 2 if t ≤ t∗1(l,m);

1 otherwise.
(4.36)

2. For l ∈ L(1) and a ∈ A(l) = {1, 2, 3}, we have

πt
∗(m, l)=

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩
3 if m ≤ m∗

1(l, t);

2 if m∗
1(l, t) < m ≤ m∗

2(l, t);

1 otherwise.

(4.37)

πt
∗(m, l)=

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩
3 if t ≤ t∗1(l,m);

2 if t∗1(l,m) < t ≤ t∗2(l,m);

1 otherwise.

(4.38)

Here, m∗
n(l, t) represents the n-th threshold of the remaining flight distance m at

slot t. t∗n(l,m) is the n-th threshold of the elapsed time t at the remaining distance

m. n ∈ {1, 2}. This theorem can be readily generalized to the case of A > 2.

Theorem 4.3 reveals the optimal policy of problem (4.11), which can be pro-

duced by making a comparison between the state st and the two thresholds m∗
n(l, t)

and t∗n(l,m), rather than searching the state space. Algorithm 4 describes the op-

timal policy with the thresholds generated using Algorithm 5 (as described be-

low). The computational complexity of the optimal policy can be reduced from

O((A + 1)MT/λ) using the standard DP method to O ((A+ 1) ·max {M/λ, T})

using Algorithm 4 [168].
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4.4.3 Threshold-based Action Selection

Theorem 4.2 exhibits the threshold-based structure of the optimal policy, which

is monotone in m and t, and remains unchanged as long as neither of the two

thresholds about m and t is satisfied. To derive the thresholds, we first present

conditions that the thresholds satisfy, as specified in Corollary 4.1.

Corollary 4.1. The distance threshold m∗
n(l, t) does not increase with the elapsed

time t, i.e.,

m∗
n(l, t) ≥ m∗

n(l, t+ 1), ∀l ∈ L. (4.39)

The time threshold t∗n(l,m) does not increase with the remaining flight distance m,

i.e.,

t∗n(l,m) ≥ t∗n(l,m+ λ), ∀l ∈ L. (4.40)

Proof. Corollary 4.1 is proved by leveraging the threshold structure m∗(l, t) in The-

orem 4.2. The proof of Corollary 4.1 (i) is first given as follows. In Theorem

4.2, for given l ∈ L and t ∈ T , by referring to the threshold structure m∗(l, t)

in (4.28), we draw π∗(m, l) = a− when m ≥ m∗(l, t). As shown in Lemma 4.1,

it is observed that the estimated cost is higher if the remaining delivery time is

less. Therefore, π∗
t+1(m, l) = a− if m ≥ m∗(l, t). According to the definition of the

threshold m∗(l, t+ 1) at time t+ 1, we have m∗(l, t) ≥ m∗(l, t+ 1).

Corollary 4.1 (ii) is proved likewise: For given l ∈ L and m ∈ M, by leveraging

the definition of t∗(l,m) in (4.29), π∗
t (m, l) = a− when t ≥ t∗(l,m). According to

Lemma 4.1, a longer remaining flight distance can result in a higher expected cost.

π∗
t (l,m + λ) = a− if t ≥ t∗(l,m). With reference to the threshold structure defined

in (4.38), we have t∗(l,m) ≥ t∗(l,m+ λ).

From Corollary 4.1, the thresholds, m∗
n(l, t) and t∗n(l,m), are generated with

the following steps. We start by determining the irreducible set, Ã, based on
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Algorithm 4 Threshold-based Action Selection Algorithm

1: Planning Stage: M , T , and L.

2: Run Generation of the thresholding

3: Selection Stage:

4: Set t ← 1, m ← M

5: while t ≤ T and m > 0 do

6: Collect the current location of the UAV and obtain the current state st =

(m, l)

7: Obtain πt
∗(m, l) by comparing st and the thresholds {m∗, t∗}

8: a∗ ← πt
∗(m, l)

9: Update m ← [m− da∗ ]
+, t ← t+ 1

10: end while

Lemma 4.2, and decide the number of thresholds needed per slot t, NThres = |Ã(l)|−1.

The indexes to the actions are reordered in the descending order of da in the set

{1, · · · , |Ã(l)|}. Then, we assess the n-th threshold, m∗
n(l, t), between the n-th and

the (n+ 1)-th action. Referring to Corollary 4.1, the UAV can start evaluating the

distance threshold on the basis of the threshold at slot t+1, i.e., m ← m∗
n(l, t+1). Fi-

nally, with the growth of m, the action that satisfies argmina∈A(l) Kt(m, l, a) changes

from the n-th to the (n + 1)-th in the action set Ã(l). The value of m when the

UAV changes its action is the threshold m∗
n(l, t). The same approach can apply to

produce the time threshold t∗n(l,m).

Remark: It may not be possible to acquire all sensing requests beforehand in

practice [169]. For example, a POI-free street block can become a POI street block

when a new demand arises for in-situ sensing in the street block. Algorithm 4

suits online applications, as it provides the optimal UAV schedule based on in-situ

requests arisen. Specifically, when a new request of in-situ sensing is generated along
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Algorithm 5 Generation of the thresholds

1: Calculate the total number of thresholds NThres = |A(l)| − 1

2: for action n ← {1, · · · , |Ã(l)|} do

3: Set m ← m∗
n(l, t+ 1)

4: Set the threshold indicator flag ← 0

5: while m ≤ M and flag = 0 do

6: Compute Kt(m, l, a) using (4.13);

7: Set π∗
t (m, l) ← argmina∈A(l) Kt(m, l, a)

8: Set Vt(m, l) ← Kt(m, l, π∗
t (m, l))

9: if π∗
t (m, l) = n+ 1 then

10: m∗
n(l, t) ← m

11: flag ← 1;

12: end if

13: m ← m+ λ

14: end while

15: end for

the UAV flight, we first compare the unit reward of the new in-situ sensing request

with the low bound of the unit reward μLow given in (4.24). If the unit reward of the

new in-situ sensing request is lower than μLow, the in-situ sensing is not performed

and the UAV maintains the current schedule. If the unit reward of the in-situ sensing

request is higher than μLow and the sufficient condition in Lemma 4.3 is satisfied,

Algorithm 2 is executed to update the thresholds of the optimal policy, followed by

Algorithm 1 to compare the UAV’s current state st with the thresholds to decide

if the new in-situ sensing task can be performed without jeopardizing the timely

delivery. In this way, the algorithms can run online to update the UAV’s schedule

in response to new in-situ sensing requests arisen.
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Figure 4.2 : Total cost with the increase of required arrival time T for M = 10.2 km

4.5 Numerical and Simulation Result

In this section, we evaluate the policy based on real-life UAV flight parameters

from DJI Agras [154]. Comparison studies with identified benchmarks are given in

terms of the UAV’s energy consumption, in-situ sensing reward, and timely flight

completion ratio [155].

4.5.1 Threshold Structure Verification

Fig. 4.2 verifies the new threshold-based optimal policy, i.e., the proposed Al-

gorithm 1 by comparing with the DP-based optimal policy described at the end of

previous section. Fig. 4.2 plots the total cost of the flight under the different values

of the required arrival T when the distance M = 10.2 km. The total cost of the

flight is defined in (4.7), consisting of the energy usage and overtime penalty. Fig. 4.2

confirms that the new threshold-based policy coincides with the conventional opti-

mal DP-based approach, with a significantly lower computation complexity. As also

observed in Fig. 4.2, the penalty of late arrival dominates the total cost when the
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Figure 4.3 : Validation of the new threshold-based optimal policy, where are achieved

when M = 6 km, and T = 20 min; blue circle ◦, yellow star ∗, and red stars ∗ stand

for actions a = 1 (full speed), a = 2 (cruise speed), and a = 3 (in-situ sensing),

respectively.

required delay time is T < 18 min, since the flight cannot finish in time.

Figs. 4.3a and 4.3b exhibit the threshold-based structure of the optimal mono-

tone deterministic Markovian policy. Fig. 4.3a shows that, for l ∈ L(0), A(0) = {1, 2}.

π∗
t (m, l) decreases as the remaining distancem grows (i.e., from 1 to 2), when d1 > d2

and ζ1 > ζ2. We can see such m∗(l, t) ≥ 0 that π∗
t (m, l) = 2 when m ≤ m∗(l, t),

and π∗
t (m, l) = 1 when m > m∗(l, t). m∗(l, t) provides the x-coordinate value of

the switching point where the optimal switches from action a = 2 (yellow star ∗) to

action a = 1 (blue circle ◦), as the growth of the remaining flight distance m. This

validates the new threshold-based structure in a POI-free street block, i.e., l ∈ L(0),

as stated in Theorem 4.3-1). It is also observed that the value of the threshold

m∗(l, t) is monotonic to the elapsed time t, which characterizes the monotonic prop-

erty of the threshold, as described in Corollary 3.2. The case of a POI street block

described in Theorem 4.3-2) can be verified in the same way in Fig. 4.3b, and is

suppressed for brevity.
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4.5.2 Performance Comparison

We assess the proposed algorithms based on real-life UAV flight parameters from

DJI Agras [154]. The full speed is v1 = 10 m/s, the cruise speed is v2 = 6 m/s,

and the hover speed is v3 = 1 m/s. The power consumption is p1 = 5700 W and

p2 = 3200 W for flying the full speed and the cruise speed, respectively. The total

power consumption of hovering for in-situ sensing is p3 + ps = 3300 W. The time

slot length is τ = 1 min. The unit sensing reward per second is μ = 3000 W, and

the average sensing time is τ̄s = 48 s. The density of street blocks with sensing

requirements is ρ(L(1)) = 0.4; unless specified otherwise.

For comparison, we also evaluate the benchmarks based on on-the-spot action

policy [170]:

• Benchmark 1: The UAV performs in-situ sensing when required, and chooses

the full speed for the rest of the flight.

• Benchmark 2: The UAV performs in-situ sensing when required, and chooses

the cruise speed for the rest of the flight.

• Benchmark 3: The UAV chooses randomly 50% of the POI street blocks to

conduct in-situ sensing, and flies at the full speed for the rest of the flight.

• Benchmark 4: The UAV chooses randomly 50% of the POI street blocks to

conduct in-situ sensing, and cruises for the rest of the flight.

Fig. 4.4 plots the energy usage under different required delivery distances, when

the specified delay T is 30 min. The star (∗) represents the outmost flight distance

of the UAV that each scheme can reach by T . When the UAV always chooses

the full speed (namely, Benchmarks 1 and 3), the energy consumption of the UAV

undergoes the steepest growth. When the UAV chooses to cruise for energy saving
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Figure 4.4 : The energy usage against the required delivery distances, when the

specified delay T is 30 min.
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Figure 4.5 : The timely flight completion ratio of the distance M = 8.4 km, as the

allowed flight time T increases.

(namely, Benchmarks 2 and 4), more energy is saved but the flight distance is

limited. In particular, in Benchmark 2, the UAV performs in-situ sensing at all
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Figure 4.6 : The normalized in-situ sensing rewards for the flight distance M =

8.4 km, as the allowed flight time T increases.

POI street blocks, at the cost of timely completion of the goods delivery. As a

consequence, Benchmark 2 is the first to be restrained by the delivery deadline as the

required flight distance increases, resulting in the shortest flight distance of 7.9 km

among all schemes. In contrast, Algorithm 1 dynamically chooses the actions of the

delivery UAV by assessing the remaining distance and elapsed time, while ensuring

the delivery is in time with the minimum energy consumption. Fig. 4.4 demonstrates

that the proposed Algorithm 1 can save 18% and 24% of the energy of the UAV, as

compared to Benchmarks 1 and 3.

Figs. 4.5 and 4.6 plot the flight completion rate and the normalized rewards

over the flight distance M = 8.4 km, respectively, as T grows. It is observed in

Fig. 4.5 that only Algorithm 1 can accomplish the flight within 18 min. Being

aware of the delivery deadline, Algorithm 1 dynamically chooses actions for the

UAV in accordance with the remaining distance and elapsed time, and the UAV

performs in-situ sensing when it does not compromise the timely delivery. As shown
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Figure 4.7 : The timely flight completion ratio under different POI densities ρ(L(1))

in Fig. 4.6, the proposed Algorithm 1 only performs in-situ sensing when T > 24 min.

Benchmarks 1 and 2 perform sensing for rewards whenever possible. While more

reward is returned, the arrival is delayed. Here the rewards are normalized over the

unit sensing reward μ. On the other hand, Benchmarks 1 and 3 require the UAV to

fly persistently at the full speed. This leads to a higher completion rate in exchange

for energy consumption, as shown in Fig. 4.4.

Fig. 4.7 plots the completion rate of UAV flight under different POI densities

ρ(L(1)), where the required flight distance is M = 8.4 km and the allowed flight time

is T = 28 min. We see that the proposed Algorithm 1 can dynamically choose to

perform in-situ sensing and hence complete the flight within the allowed delay T .

The flight completion rates of Benchmarks 1 and 2 drop rapidly, as the POI density

grows. This is because performing in-situ sensing takes time and may prevent the

timely delivery.

Fig. 4.8 evaluates the normalized sensing rewards of the UAV obtained under

different flight distances, with the growth of the allowed flight time T . The longer
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Figure 4.8 : The normalized in-situ sensing rewards under different flight distances,

as the allowed flight time T increases.

flight time T grants the UAV more flexibility to choose in-situ sensing. With the

same T , a shorter flight distance allows the UAV to obtain a higher reward through

performing in-situ sensing. In the proposed Algorithm 1, the UAV starts to perform

in-situ sensing, when the allowed flight time is T > 18 min under the flight distance

M = 7 km. No in-situ sensing is performed when the allowed flight time is shorter

than T = 26 min under the flight distance M = 9 km.

4.6 Conclusion

In this chapter, we established a new multi-task UAV control framework, where

the UAV can dynamically choose its action from different speeds or in-situ sensing.

We reveal the optimal control framework is a monotone deterministic Markovian

policy with a simple threshold-based structure of the optimal policy. An optimal

switch of the UAV’s flight speed or in-situ sensing is only activated when the thresh-

olds concerning the flight distance or time is met. By comparing its state with the
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thresholds, the UAV can decide its action optimally in response to in-situ sensing

requests arising. Extensive simulations demonstrated that the proposed algorithm

can guarantee the UAV’s timely delivery, minimize its energy consumption, and

maximize its sensing reward, as validated by comparison with the computationally

expensive, DP-based alternative; and substantially reduce the energy consumption

of the UAV, as compared to existing approaches.
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Chapter 5

Optimal Routing of Multi-Task UAV

5.1 Introduction

UAVs are increasingly widely employed to provide fast and cost-effective last-mile

goods delivery, thanks to their excellent flexibility and maneuverability [171–173].

Equipped with many embedded sensors, e.g., cameras, microphones and thermome-

ters, UAVs have also been widely considered to provide aerial sensing function-

alities [174]. There is a great opportunity of integrating sensing capabilities into

delivery UAVs. A delivery UAV can also carry out in-situ sensing along its delivery

route, as illustrated in Fig. 5.1.

In this chapter, we optimize the flight route for UAV-based goods delivery and

in-situ sensing. Goods delivery and in-situ sensing often have different commitment

and timing requirements [175]. In particular, goods delivery has stringent deadlines,

while in-situ sensing can be only performed when it is possible and does not violate

the delay requirement of the goods delivery. A sensing task is often time-sensitive

and location-dependent [176,177]. On the other hand, it is important for the drone

to utilize the battery energy efficiently while completing the delivery and sensing

tasks, since commercially available drones are primarily powered by onboard bat-

teries [178]. In this sense, it is crucial to meticulously design the UAV flight routes

by taking the delivery requirement, in-situ sensing, and energy consumption into

consideration.

To the best of our knowledge, UAV routing for joint goods delivery and in-situ

sensing has yet to be studied in the literature. Existing studies have been on either
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delivery route planning or task selection. The UAV delivery routing problem was

characterized as finding the optimal route for the UAV to deliver goods to the des-

tination [21]. In [9], the navigation of a delivery drone was formulated as a general-

ized vehicle routing problem (VRP), which was a mixed-integer linear programming

(MILP). The simulated annealing algorithm was applied to find the optimal route

that minimizes both the delivery time and energy consumption. Francesco et al. [45]

considered the drone delivery problem under varying wind conditions. The routing

was carried out by the shortest path algorithm to maximize the percentage of de-

livery completion under a given battery budget. A synchronized truck and drone

routing framework was developed in [24] and [26]. By jointly planning the routes

of a ground truck and UAV for goods delivery, timely deliveries were guaranteed

with the minimum travel costs. However, these existing results [9,21,24,26,45–50]

cannot apply to the considered routing problem for joint goods delivery and in-situ

sensing, because of the stringent delay requirement of goods delivery, as well as the

time sensitivity and location dependence of in-situ sensing.

This chapter presents a new and efficient approach to optimizing the route of a

UAV for joint goods delivery and in-situ sensing. In-situ sensing is time-sensitive

and location-dependent. A new routing problem is formulated to jointly ensure

timely goods delivery, minimize the UAV’s energy consumption, and maximize its

reward for in-situ sensing conducted. To solve the problem, we first interpret the

flight waypoints as location-dependent tasks, hence accommodating the waypoints

and in-situ sensing in a unified process of task selection. Then, we construct a

weighted time-task graph in which each vertex captures both the location and time

of a task. Accordingly, the feasible routes of the UAV can be interpreted as a series

of feasible vertexes which do not violate the delivery deadline and the UAV’s speed

limit in the graph. By distributing the rewards of sensing tasks to the edges of the

graph, we finally transform the routing of the UAV to a weighted routing problem in
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the time-task graph and optimally solve the problem using the celebrated Bellman-

Ford algorithm. As validated by simulations, the new approach can outperform its

potential alternatives by at least 18% in terms of task reward in a real-world case

study.

The rest of this chapter is organized as follows. Section II describes the system

model. Section III formulates the considered problem and elaborates on the proposed

method. Numerical results are provided based on practical flight parameters in

Section IV. Finally, Section V concludes the chapter.

5.2 System Model

Fig. 5.1 illustrates the proposed joint aerial sensing and delivery system, where a

UAV delivers goods to the destination and performs in-situ sensing on the way. The

UAV is expected to reach the destination within a specified delay T . The UAV flies

along roads to avoid buildings and foliage and can conduct in-situ sensing tasks at the

road intersections. The UAV gets rewarded for the in-situ sensing tasks conducted.

We consider a time-sensitive and location-dependent sensing task model [176]. To

incentivize the UAV to perform the sensing tasks, the UAV is offered a (different)

reward for each sensing task. Given the time sensitivity and location dependence of

the in-situ sensing tasks, the UAV performs different tasks and gets different rewards

by taking different routes. To this end, the UAV’s trajectory needs to be carefully

designed to maximize the rewards, minimize the energy consumption of the UAV,

and ensure its timely goods delivery.

We discretize T into time slots with slot duration Δτ = 1. Let T = {1, 2 · · · , T}

collect the indexes to the time slots. The UAV needs to arrive at the destination by

no later than t = T for timely goods delivery. The considered area is segmented into

street blocks, and indexes to the to intersections of the street blocks are collected

in the set B = {1, · · · , B}, where B is the total number of intersections. The initial
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Warehouse

Destination

Route 2

Route 1

Figure 5.1 : Illustration of joint aerial in-situ sensing and delivery framework: A

UAV is dispatched to deliver goods from the warehouse to the destination, and can

also carry out in-situ sensing at the road intersections when required (yellow circle).

position and the delivery destination are bI and bD, respectively. bI , bD ∈ B.

The total number of tasks is N . The index to the sensing tasks is n ∈ N =

{1, · · · , N}. Each task n is featured by its location b[n], starting time t[n], and task

reward μ[n]. The duration of each task is Δτ .

• Task location b[n] ∈ B: The place (road intersection) of interest, where the

sensing task is needed.

• Starting time of task t[n] ∈ T : We assume that each task cannot be executed
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before time t[n], and it takes one time slot to execute the task.

• Task reward μ[n]: The reward μ[n] > 0.

The spatio-temporal map of requested in-situ sensing tasks is described as a function

of location and time:

Λ(b, t) =

⎧⎪⎨⎪⎩ 1, if t = t[n] and b = b[n],

0, otherwise.
(5.1)

We assume that the UAV flies from road intersection b to intersection b′ at a

speed of vf , and the power consumption is pf . The energy consumption of the UAV

moving from road intersection b to b′ is given by

Ef [b, b
′] = τ [b, b′]pf , (5.2)

where τ [b, b′] = l[b, b′]/vf is the flight time from road intersection b to b′, and l[b, b′] is

the distance between intersection b and b′. When the UAV performs a sensing task,

the UAV consumes power to hover over the area at a speed of vh and collect sensing

data. The propulsion power consumption of hovering is ph = p(vh). The power

consumption for sensing is ps. The energy consumption of the UAV performing the

n-th sensing task is given by

Eh[n] = (ps + ph)Δτ = ps + ph. (5.3)

The propulsion power for hovering is much lower than that for moving, i.e., ph < pf .

The energy consumption of the in-situ sensing is usually much smaller than that of

the UAV’s propulsion [19].

5.3 Joint Aerial Sensing and Delivery Routing

In this section, we optimize UAV’s route to minimize the UAV’s energy consump-

tion, maximize its sensing reward, and ensure its timely arrival at the destination.
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We convert this joint aerial sensing and delivery routing problem to a task-time

routing problem, where the task-time route refers to a series of differently located

tasks selected over time. By interpreting the UAV’s flight as virtual tasks, we reveal

that the task-time route of the UAV has a unified graph representation. We derive

the feasible task-time route conditions, under which a timely arrival of the UAV at

the destination is guaranteed. The problem of interest is thus converted to search

the set of feasible task-time routes for the route that minimizes the UAV’s energy

consumption and maximizes its total sensing reward. By aggregating the rewards

and the costs as the edge weight of the unified graph, the task-time routing turns to

be a weighted routing problem which can be optimally solved using the celebrated

Bellman-Ford algorithm.

First, we unify the UAV’s trajectory planning and in-situ sensing task selection

by defining the UAV’s movement as a set of virtual tasks N vir. The virtual task

set should satisfy the condition that the UAV departs from the initial location bI

at starting time t = 0 and arrives at the destination location bD by time t = T . In

other words, the set of virtual tasks should contain the initial task nI and the final

task nD, i.e., {nI , nD} ⊆ N vir, where the locations and times of the initial task nI

and the final task nD satisfy b[nI ] = bI , t[nI ] = 0, b[nD] = bD, and t[nD] = T . The

reward for any virtual task n is zero, i.e., μ[n] = 0 for n ∈ N vir. By this means, the

routing and the in-situ sensing decisions are unified in one task set, as given by

S = N ∪N vir. (5.4)

As a result, each task can be represented by a task-time point (s, t), ∀s ∈ S, t ∈ T ,

as illustrated in Fig. 2, where the solid circles denote the sensing tasks and the

hollow circles denote the virtual tasks. There is a total of K = |S| = BT tasks in

the unified task set. | · | stands for cardinality.

We define the step cost of switching from task s to task s′ as c[s, s′], which
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incorporates both the energy consumption of the UAV’s flight and sensing, as given

by

c[s, s′] =

⎧⎪⎨⎪⎩ Ef [s, s
′] + Eh[s

′], if s �= s′,

0, otherwise.
(5.5)

where Ef [s, s
′] = Ef

[
b[s], b[s′]

]
is the energy consumption for the UAV to fly from

the location of task s to the location of task s′. No cost occurs when s = s′, i.e.,

c[s, s] = 0. According to (5.2), the energy consumption Ef [s, s
′] depends linearly on

the shortest flight distance l
[
b[s], b[s′]

]
from the location of task s to the location of

task s′, i.e., from b[s] to b[s′]. The route may not be unique, as the UAV can take

different paths between the road intersections b[s] and b[s′]. In this case, we can

apply the Dijkstra’s algorithm [179] to find the shortest flight route between task s

and task s′.

Next, we present the UAV’s task-time route with an acyclic directed graph G =

(V , E), where V and E denote the sets of vertexes and edges, respectively. V collects

all the task-time points, as given by

V = {(s, t) : s ∈ S, t ∈ T }. (5.6)

Each edge links two different task-time points. A set of directionally connected,

acyclic edges indicate a possible route for the UAV, i.e.,

E(r) =
{(

(sk, tk), (sk+1, tk+1)
)
: k = 1, . . . , K − 1

}
, (5.7)

where r denotes a UAV potential route, which connects a series of task-time points

visited sequentially by the UAV, k indicates the k-th visited task/location, and K

is the total number of tasks completed, tK ≤ T .

Let V(r) and E(r) denote the set of vertexes and edges traversed by a potential

route r. Each vertex is associated with an expected reward μ[(s, t)]. Each edge is

associated with a cost c[s, s′], as defined in (5.5). The considered routing problem
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Figure 5.2 : Illustration of a feasible task-time route and an infeasible task-time

route, where the solid circles denote sensing tasks and hollow circles represent virtual

tasks (i.e., the UAV’s flight).

can be formulated to maximize the net gain of the UAV, i.e., the total reward

subtracted by the total cost, as given by

max
r∈R

U(r) =
∑

(s,t)∈V(r)
μ[(s, t)]−

∑
((s,t),(s′,t′))∈E(r)

c[(s, t), (s′, t′)] (5.8a)

s.t. b
[
s1
]
= bI , b

[
sK

]
= bD, (5.8b)

0 = t1 < t2 < · · · < tK ≤ T, (5.8c)

tk+1 − tk = τ
[
b
[
sk
]
, b

[
sk+1

]]
. (5.8d)

Here, all the possible routes are collected in set R. Constraint (5.8b) specifies

the starting point and the destination of the UAV. Constraint (5.8c) specifies the

causality, i.e., the time elapses with the expansion of the route, and tK ≤ T also
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ensures the timely arrival of UAV at destination. Constraint (5.8d) represents the

UAV mobility constraint: the time interval between the UAV performing task sk

and performing task sk+1 should allow the UAV to fly between the locations of two

tasks.

Because of the constraints, the standard shortest path algorithm, such as the Di-

jkstra’s algorithm and Bellman-Ford algorithm, cannot readily solve problem (5.8).

Moreover, with the increases of the time T and the number of road intersections B,

the task space and hence the scale of graph can be large, resulting in a prohibitive

computational complexity. Nevertheless, we find that constraints (5.8c) and (5.8d)

can be readily accounted for by assessing the feasibility of the individual edges in

graph G. Specifically, the graph G is a directed graph. A feasible directed edge

exists from vertex (s, t) to vertex (s′, t′) with t < t′, not the other way around, due

to the causality in (5.8c). The feasible edge between the two tasks s and s′ must

satisfies t[s′]− t[s] = l[b[s′], b[s]]/vf , and the weight of the edge is c[s, s′], according

to the mobility constraint (5.8d). As illustrated in Fig. 5.2, the route from sI to s3

is not feasible as the UAV cannot reach the site of s3 from sI within a slot.

By connecting the feasible edges and disconnecting any infeasible edges which

would violate causality and mobility, any possible routes from bI to bD in the result-

ing graph G inherently satisfy constraints (5.8c) and (5.8d). Problem (5.8) becomes

selecting one of the feasible routes that maximizes the objective (5.8a), i.e.,

max
r∈R

U(r) =
∑

(s,t)∈V(r)
μ[(s, t)]−

∑
((s,t),(s′,t′))∈E(r)

c[(s, t), (s′, t′)] (5.9)

s.t. b
[
s1
]
= bI , b

[
sK

]
= bD.

To allow the standard shortest path algorithm [180] to apply, we further update

the graph G by distributing the reward of each vertex s′ into the cost at any feasible

edge [s, s′], ∀s ∈ S, as illustrated in Fig. 5.3. This transformation is equivalent
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Figure 5.3 : Graph Updating: graph G is updated by replicating and distributing

the reward of each vertex s′ to the weights of any edge [s, s′], ∀s ∈ S.

because each of the (directed) edges points to a single vertex. The reward of a

vertex can be replicated and distributed to every edge pointing to the vertex. As a

result, the weight of an edge of G provides a unified cost, as given by

h[(s, t), (s′, t′)] = c[(s, t), (s′, t′)]− μ[(s, t)]. (5.10)

Finally, problem (5.8) can be rewritten to find the route with the minimum sum

edge weight in graph G∗, as given by

r∗ = argmin
r

∑
((s,t),(s′,t′))∈E(r)

h[(s, t), (s′, t′)] (5.11)

s.t. b
[
s1
]
= bI , b

[
sK

]
= bD.

which can be readily solved using the Bellman-Ford Algorithm. The proposed algo-

rithm is summarized in Algorithm 6.
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Algorithm 6 Joint Delivery and In-situ Sensing Routing

Initialization:

1: Obtain the initial location of the UAV (depot) bI , the location of delivery bD,

and the time requirement T .

2: Sensing task collection: Collect the task descriptions from the sensing platform,

including the location b[n], time t[n], and the reward μ[n] of the tasks, ∀n ∈ N ,

t ∈ T .

Route Planning :

3: Calculate the shortest flight route between the locations of any two tasks, e.g.,

by applying the Dijkstra’s algorithm.

4: Construct the graph G∗, including the vertex set V with (5.6) and the edge set

E with (5.7), and preclude any edges violating constraints (5.8c) and (5.8d).

5: Compute the edge weights h[(s, t), (s′, t′)], with (5.10)

6: Run the Bellman-Ford Algorithm in graph G from source to destination

r∗ = argmin
r

∑
((s,t),(s′,t′))∈E(r)

h[(s, t), (s′, t′)]

7: Output the optimal route r∗.

5.4 Numerical Results

In this section, we evaluate the proposed routing method in comparison with two

benchmark schemes. We also present a case study on a practical application with a

realistic map and goods delivery requests.

5.4.1 Performance Comparison

We consider practical octocopter flight parameters from DJI Agras MG-1 [154],

where the UAV takeoff weight is 19.8 kg. The flying speed is vf = 10 m/s, and

the hover speed is vh = 1 m/s. The power consumption of the UAV flying at the
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speed of vf = 10 m/s is pf = 5700 W. The total power consumption of hovering

and performing in-situ sensing is ph + ps = 2350 W. The duration of a time slot

is Δτ = 1 min. In the simulation, we consider an area of 2.4 km × 2.4 km. As

shown in Fig. ??, there are nine street blocks with B = 16 road intersections in the

area, and the length of each street block is around 800 m. The tasks are randomly

generated and distributed at road intersections with probability ρ = 0.4. The reward

of in-situ sensing tasks is in the form of energy (Wh). Three levels of reward are

considered, i.e., μ = [145, 165, 195] Wh, which are equally likely assigned to all

tasks in the simulations. We repeat the simulations for 1000 times with randomly

generated UAV’s delivery destination each time. At each time, the locations and

time of in-situ sensing tasks are also randomly generated.

For comparison purposes, we also simulate the following two benchmarks based

on [45]:

• On-the-spot sensing (OTS) scheme: The UAV flies directly to the delivery des-

tination with the shortest path and performs sensing tasks the in-situ sensing

tasks encountered along the shortest path.

• Greedy sensing routing (GSR) scheme: The UAV minimizes the cost for each

time slot. More specifically, for each time slot, the GSR selects the next

optimal intersection that minimizes the cost using a greedy method. In other

words, the UAV finds the task with the highest reward. The problem of the

GSR scheme is given by

min
s′

h[(s, t), (s′, t′)] s.t. (s′, t′) ∈ E(r) (5.12)

First, we compare the averaged rewards offered by different routing schemes

in Fig 5.4. The averaged rewards are obtained under different delivery deadlines

through 1000 independent tests with randomized depot, destination, and in-situ
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Figure 5.4 : Averaged rewards under different delivery deadline T when the delivery

distance (straight line distance on map) is 3 km.

sensing tasks. The delivery distance (straight line distance on map) is set as 3 km.

As shown in Fig 5.4, the rewards increase with the delivery deadline. The UAV

can perform more sensing tasks and obtain more rewards with a longer allowed

delivery time. The proposed algorithm can considerably outperform GSR, since the

latter only considers the UAV’s route one time slot ahead and finds the task that

maximizes the reward of the slot. In contrast, the proposed algorithm can choose

the route that maximizes its sensing rewards and minimizes its energy consumption

cost, and thus achieve higher averaged rewards than the GSR scheme. The OTS

scheme only allows the UAV to perform the sensing tasks opportunistically. The

sensing tasks are only taken from those which are along the straight flight route and

happen to be required at the time when the UAV passes by. In this way, the rewards

of the OTS scheme can barely increase even given a later delivery deadline.

The energy consumption of different routing schemes is compared in Fig 5.5,
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Figure 5.5 : Energy consumption comparison under different delivery deadline T

when the delivery distance (straight line distance on map) is 3 km.

where the UAV delivers goods to a randomized destination 3 km away from the

depot. Every result is the average of over 1000 independent tests. As shown in the

figure, the energy consumption of both the proposed and GSR schemes increase with

the delivery deadline T . With a longer delivery time, the UAV is allowed to perform

more sensing tasks and increases energy consumption. Nevertheless, the proposed

algorithm has a lower energy consumption than the GRS scheme. The GSR scheme

has a higher energy consumption because the UAV deviates to achieve the highest

reward for the next time slot. The OTS scheme guides the UAV directly to the

destination, but it is at the cost of in-situ sensing opportunities and subsequently

sensing rewards.

Fig. 5.6 plots the net gains of the considered schemes, as defined in (5.8), where

different task demand densities are taken. The task demand density here refers to

the ratio of the sensing tasks and all task-time points. The net gain is evaluated when
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Figure 5.6 : Net gain under different task demand densities when the UAV is

required to complete the 3 km delivery within 12 min.

the UAV is required to complete goods delivery over 3 km (straight line distance

on map) within 12 min. It is observed that the net gains of all schemes grow

with task demands. On the one hand, with large task demands, the UAV has

more opportunities to perform sensing and obtain rewards. On the other hand,

the required tasks are more likely to be along the shortest path. In other words,

the UAV deviate less often from the shortest path to perform in-situ sensing. The

energy consumption can be reduced. It is worth pointing out that a negative net

gain indicates lower rewards obtained than the energy consumption of the flight; see

(5.8).

5.4.2 Case Study

We study a practical application of the proposed routing and two benchmark

schemes on our university campus. As shown in Fig 5.7, the UAV needs to deliver
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Figure 5.7 : The map of our on-campus case study, where the blue, yellow, and

orange lines indicate the proposed algorithm, OTS, and GRS, respectively.

goods to the destination within 15 min. The straight line distance between the

UAV’s initial position and destination is 1.5 km. In-situ tasks distributed with

specified time requirements and rewards, as shown in Fig 5.7. It is found that the

proposed algorithm achieves the maximum reward of 320 Wh, while the rewards of

the OTS and GRS are 120 Wh and 270 Wh, respectively. The proposed algorithm

can outperform OTS and GRS by 166% and 18%, respectively.

As illustrated in Fig 5.7, the GRS scheme finds the highest-reward nearsightedly

for only one time slot ahead, and chooses the task-A instead of task-B. However,

task-B and task-C are close in distance and can be performed sequentially with

little extra energy consumption. Consequently, task-B and task-C can collectively

provide higher reward and demand lower energy consumption than task-A alone.

On the other hand, the flight distances of the proposed algorithm, OTS, and GRS
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are 1.59 km, 1.50 km, and 1.79 km. The OTS scheme gives the straight line distance

between the initial position and destination. The proposed algorithm only increases

the 90 m flight distance than the OTS, while achieving more rewards. The proposed

algorithm can achieve 166% task reward of the OTS with only 6% increase in flight

distance. In summary, the proposed routing algorithm enables the UAV to perform

more sensing tasks along the delivery route than its existing alternatives, while

guaranteeing the time arrival of the delivery.

5.5 Conclusion

In this chapter, we developed a new routing framework for UAV-based joint goods

delivery and in-situ sensing, which allows the UAV to minimize its energy consump-

tion, maximize its sensing reward, and ensure its timely arrival at the destination.

This was achieved by transforming the UAV routing of joint goods delivery and

sensing to a weighted routing problem in a time-task graph, and efficiently solving

the problem using the Bellman-Ford algorithm. Extensive simulations demonstrated

that the proposed routing algorithm enables the UAV to perform more sensing tasks

along the delivery route than its existing alternatives, while guaranteeing its timely

goods delivery. Validated by a real-world case study, the new approach can outper-

form its alternatives by at least 18% in terms of task reward.
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Chapter 6

Conclusion and Future Work

In summary, this thesis studies flight planning, optimal control, and routing for the

multi-task UAV under diverse service requirements. The detailed research work and

contributions of this thesis are summarized as follows.

• In Chapter 3, We establish a novel UAV delivery framework, which closely

integrates UAVs into the ITS to provide energy-efficient, delay-sensitive goods

delivery services. We minimized the energy consumption of the UAV and en-

sured its timely arrival at the destination, by optimizing its actions at different

points of its planned route, including its flight mode (i.e., full speed or cruise

speed), hitchhiking (and recharging on collaborative ground vehicles), or stop-

ping and recharging at roadside charging stations. A new DP-based algorithm

was first developed to obtain the optimal action of the UAV. Then, we revealed

that the optimal action of the UAV only changes when the remaining flight

distance or the elapsed time meets certain conditions. Accordingly, thresholds

were derived for the distance and time. By comparing the remaining flight

distance and the elapsed time with the thresholds, the optimal actions of the

UAV can be instantly made. Simulations show that the proposed algorithms

can improve the flight distance by 48%, as compared with existing alternatives.

• In Chapter 4, we established a new multi-task UAV control framework, where

the UAV can dynamically choose its action from different speeds or in-situ

sensing. We reveal the optimal control framework is a monotone determinis-

tic Markovian policy with a simple threshold-based structure of the optimal



107

policy. An optimal switch of the UAV’s flight speed or in-situ sensing is only

activated when the thresholds concerning the flight distance or time is met.

By comparing its state with the thresholds, the UAV can decide its action op-

timally in response to in-situ sensing requests arising. Extensive simulations

demonstrated that the proposed algorithm can guarantee the UAV’s timely

delivery, minimize its energy consumption, and maximize its sensing reward,

as validated by comparison with the computationally expensive, DP-based

alternative; and

• In Chapter 5, we developed a new routing framework for UAV-based joint

goods delivery and in-situ sensing, which allows the UAV to minimize its en-

ergy consumption, maximize its sensing reward, and ensure its timely arrival

at the destination. This was achieved by transforming the UAV routing of

joint goods delivery and sensing to a weighted routing problem in a time-task

graph, and efficiently solving the problem using the Bellman-Ford algorithm.

Extensive simulations demonstrated that the proposed routing algorithm en-

ables the UAV to perform more sensing tasks along the delivery route than its

existing alternatives, while guaranteeing its timely goods delivery.

The theoretical results obtained in this thesis provide new insights into the in-

telligent applications of UAVs in the future. The optimal scheduling and flight

planning of the multi-task UAV in this thesis try to address the challenges in the

service integration. However, due to time constraints, the relevant research the

content involved in this thesis has certain limitations. In the future, the follow-up

research can be carried out from the following aspects:

1. The UAV control and scheduling is a highly complex task. This thesis targets

the upper layer control of the UAV flight. It would be interesting to incor-

porate the attitude and articulation control and aircraft flight dynamics into
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consideration, such as altitude, airspeed, and dive angle control, to refine and

improve the performance.

2. As an important part of non-terrestrial networks in the 6G, the UAV comple-

ment terrestrial connectivity in critical scenarios by leveraging its agility and

versatility. For these real-time applications, it would be interesting to jointly

optimize the task scheduling and flight planning of the UAV by applying online

learning techniques.
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