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Abstract—Incentive-driven resource trading is essential for UAV applications with intensive, time-sensitive computing demands. Traditional
spot trading suffers from negotiation delays and high energy costs, while conventional futures trading struggles to adapt to the dynamic,
uncertain UAV-edge environment. To address these challenges, we propose PAST (pilot-and-adaptive stable trading), a novel framework
for edge-assisted UAV networks with spatio-temporal dynamism. PAST integrates two complementary mechanisms: PilotAO (pilot
trading agreements with overbooking), a risk-aware, overbooking-enabled early-stage decision-making module that establishes long-term,
mutually beneficial agreements and boosts resource utilization; and AdaptAO (adaptive trading agreements with overbooking rate update),
an intelligent adaptation module that dynamically updates agreements and overbooking rates based on UAV mobility, supply–demand
variations, and agreement performance. Together, these mechanisms enable both stability and flexibility, guaranteeing individual rationality,
strong stability, competitive equilibrium, and weak Pareto optimality. Extensive experiments on real-world datasets show that PAST
consistently outperforms benchmark methods in decision-making overhead, task completion latency, resource utilization, and social
welfare. By combining predictive planning with real-time adjustments, PAST offers a valuable reference on robust and adaptive practice for
improving low-altitude mission performance.
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1 INTRODUCTION

THANKS to the flexibility and affordability offered by
low-altitude agents, together with innovative sensing,

communication and computing technologies, a widespread
low-altitude application across various fields, such as urban
monitoring, environmental surveillance, disaster response,
and intelligent transportation, have become increasingly
popular [1]–[3]. Unmanned aerial vehicles (UAVs) play
a significant role in the era of low-altitude economy [1]
contributing to many aspects in the life and work of human
beings [2]. Existing research show that the UAV market is
expected to achieve remarkable growth, exceeding $48.5
(dollars) billion by the year of 2029 [4].

Although recent advances in technology and policy have
spurred growing interest and practical deployment of UAV
applications, most of these have been driven by machine
learning, demanding substantial computing power and abun-
dant resources. Such requirements pose significant challenges
for UAVs with inherently constrained processing capabilities
and limited energy reserves [3]. Such constraints impair their
capability to support real-time data processing and sustain
efficient communications. To address this issue, edge comput-
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ing emerges as a promising solution by provisioning diverse
computing resources at the network edge, thereby enabling
more flexible and efficient support. This approach has given
rise to an edge-assisted UAV network (EUN) architecture,
where ground-based edge servers (ESs) provide computing
services to airborne UAVs. By offloading intensive workloads
from the low-altitude airspace to terrestrial infrastructure,
this architecture alleviates resource pressure in the sky and
accelerates the evolution of next-generation aerial mobile
applications [3], [5].

1.1 Challenges and Motivations
While market-oriented1 EUNs with spatio-temporal dy-
namism (STD-EUNs, in which UAV task demands, positions,
and ES resource availability vary dynamically over space
and time) hold promise for efficient airborne–edge service de-
livery with proper incentives, their practical design presents
unresolved challenges. We identify three research questions
(RQs) of interest, which shape our approach and define the
core motivations driving this work.
• RQ1: How Can We Reduce the High Overhead and Failure Risk
Caused by Online Trading in STD-EUNs? Online/spot resource
trading, widely adopted in existing studies [3], [6], refers
to a real-time procedure where buyers and sellers establish
agreements based on current resource supply/demand and
network conditions. Despite being flexible and adaptive, this
approach has notable drawbacks in dynamic environments,
when involving a large amount of UAVs and ESs [3], [7],
[8]. One key limitation is its high operational overhead,

1. In market-oriented networks, UAVs offload their computational
workloads to ESs, with the allocated computing resources priced and
exchanged as services through a pay-as-you-go mode.
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as negotiating resource quantities, pricing, and agreements
consumes time and energy, diverting attention from actual
service delivery. Moreover, fluctuating resource availability
at ESs and the high mobility of UAVs increase the risk
of transaction failures despite prolonged negotiations. For
instance, a UAV may move beyond the coverage area of
its designated ES [7], leading to service degradation and
reduced performance. Such issues undermine the incentives
for both UAVs and ESs to actively engage in the trading
market.
• RQ2: How Can Pre-Signed Agreements and Overbooking
Be Leveraged to Improve Market Efficiency? To address the
limitations of online trading, one promising alternative is
futures trading, which leverages historical data to facilitate
early-stage decisions (e.g., long-term agreements before
actual transactions) [7], [8]. By doing so, it significantly
reduces real-time decision-making overhead and enables
instantaneous execution when service requests arise. More
importantly, inspired by real-world practice such as avi-
ation [9], hospitality management [10], and telecommuni-
cations [11], overbooking is also considered during future
trading, allowing service providers (sellers) to reserve more
resources than their theoretical supply, improving utilization
while mitigating supply–demand fluctuations. This concept
has been implemented across multiple operational layers in
cloud data centers, including the kernel layer [12], the virtu-
alization layer [13], and container cluster schedulers such as
OpenShift [14] and Mesos [15]. Consequently, integrating
risk-controlled, overbooking-enabled futures agreements
can establish a hybrid market with notable advantages for
STD-EUNs. However, inherent uncertainties, such as time-
varying channel conditions, dynamic UAV trajectories, and
fluctuating demand–supply patterns, pose challenges to the
direct adoption of fixed-parameter designs.
• RQ3: How Can These Futures Agreements and Overbooking
Rates Be Adaptively Updated in Markets with Uncertainties
and Dynamism? While advance and overbooking-enabled
agreements offer clear advantages, they introduce non-
negligible challenges. In particular, fixed pricing schemes and
static overbooking rates2 are often ill-suited to the fluctuating
supply–demand dynamics and time-varying channel condi-
tions inherent in STD-EUNs. Such rigidity can lead to subop-
timal resource utilization or heightened seller default risks,
eventually undermining both profitability and reputation
[20]. To better accommodate highly dynamic environments,
intelligent methods such as deep reinforcement learning
(DRL), can help dynamically adjust pricing, allocation strate-
gies, and overbooking rates based on real-time observations
of task arrivals, resource availability, and user feedback.
Such adaptability enables sustained efficiency and stability
in volatile STD-EUN scenarios.

Addressing the above three RQs constitutes the central
motivation of our work. To this end, we develop the Pilot-and-
Adaptive Stable Trading (PAST) framework, that establishes a
stable trading mechanism between UAV missions (service
buyers) and on-ground ESs with constrained resources
(service sellers). This framework consists of two stages: (i) a

2. Effective overbooking schemes tailored for cloud environments
have been proposed in [16]–[18]; however, these approaches typically
employ static overbooking rates.

futures trading stage, where pilot trading agreements3 with
overbooking (PilotAO) are established via stable matching
to foster risk-aware and flexible long-term collaboration;
and (ii) an adaptive adjustment stage, where Adaptive trad-
ing Agreements with Overbooking rate update (AdaptAO)
employ DRL-based techniques to dynamically refine both
agreements and overbooking rates in real time. By integrating
these two mechanisms, PAST reduces the overhead and in-
stability of conventional online trading, while enabling agile
adaptation to highly dynamic spatio-temporal environments.

1.2 Literature Investigation

Hereafter, we offer an in-depth analysis of existing literature,
with a particular emphasis on resource sharing.

1.2.1 Status Quo and limitations of online decision-making-
driven resource sharing
Most existing research on service trading has been focused
on spot trading markets [21]–[25]. For example, Xu et al. [21]
presented a blockchain-based resource trading mechanism
with double auction to facilitate spectrum and computing
resource trading in edge-assisted multi-UAV systems. Cheng
et al. [22] looked into a new reverse auction mechanism
for federated learning services among buyers, data sellers,
and UAV sellers. Liu et al. [23] focused on UAV-assisted
crowdsensing networks, and proposed a reverse auction to
maximize overall QoE under resource and budget constraints.
Wang et al. [24] developed resource pricing and allocation
mechanisms based on a two-stage Stackelberg differential
game for UAV-assisted edge networks. Raveendran et al. [25]
studied a many-to-many matching model for allocating fog
resources based on user requirements in Internet of Things.

Although existing approaches have shown notable per-
formance, their reliance on real-time decision-making poses
challenges in dynamic environments. Online trading pro-
cesses that covers resource pricing, quantity determination,
partner selection, and agreement finalization can often incur
high computational and communication overhead, increase
energy consumption, and delay service initiation. Limited
and time-varying resource availability may leave some UAVs
without the required services despite prolonged negotiations,
undermining both efficiency and reliability. To address
these challenges, we introduce pre-signed (pilot) agreements
established prior to transactions, together with overbooking
strategies to improve resource utilization, thereby forming
the basis for futures-style trading.

1.2.2 Potential and limitations of futures trading markets
Futures/offline trading allows participants to establish long-
term agreements for anticipated needs, significantly reducing
the decision-making overhead during actual transactions
[3], [7], [26], [27]. For instance, Liwang et al. [3] proposed
a futures-enabled resource trading mechanism to support
resource provisioning between computing servers and multi-
task UAVs. Qi et al. [7] investigated a series of cross-layer
pre-matching mechanisms to achieve stable and cost-effective
resource trading over dynamic cloud-assisted edge networks.

3. Pilot trading (PT) indicates a preliminary trading mode that estab-
lishes tentative, risk-aware agreements before actual transactions.
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Sheng et al. [26] examined futures-based spectrum trading
in wireless communication environments. Sexton et al. [27]
introduced a futures-enabled resource slicing scheme for
wireless edge networks.

Despite their contributions in addressing spot trading
limitations, these studies mostly rely on historical data,
which can quickly become outdated in rapidly changing
markets. As a result, pre-established agreements and fixed
overbooking rates may lead to inefficient resource allocation,
high transaction failures, and reduced market stability. In this
regard, we design an intelligence-enhanced adapter that en-
ables efficient, adaptive, and stable matching between UAVs
(buyers) and ESs (sellers) over spatio-temporal dynamics.

1.3 Bright Spots and Contributions

The core vision of this work is embodied in PAST, which, to
the best of our knowledge, constitutes the first endeavor to
achieve pilot-guided and adaptively stable service provision-
ing for air-ground collaboration over STD-EUNs with multi-
dimentional uncertainties. Key contributions are summarized
as follows:
• A novel paradigm, PAST: Facilitating pilot and adaptive stable
trading for STD-EUNs. We address the core challenge of
resource sharing in STD-EUNs, where UAV mobility, dy-
namic demands, and volatile edge resources create inherent
uncertainty. We propose PAST, a unified framework that
balances early-stage planning with real-time adaptability.
It integrates two key modules: PilotAO, a futures-based
agreement mechanism with proactive overbooking, and
AdaptAO, an adaptive module that refines agreements and
rates using real-time feedback. Together, they ensure resilient,
efficient, and flexible edge–air collaboration under spatio-
temporal variations.
• Function of PilotAO: Facilitating effective early-stage decisions.
Our PilotAO module serves as a futures trading stage, where
UAV–ES agreements specify task assignments, service prices,
and default clauses to hedge against uncertainties. Built on a
stable many-to-many matching framework, PilotAO balances
expected utilities and risks for both flying UAVs (buyers) and
ground ESs (sellers). A key feature is proactive overbooking,
enabling ESs to provision beyond nominal capacity for
dynamic demands. PilotAO guarantees stability, individual
rationality, and weak Pareto optimality, thus establishing a
solid foundation for resilient service collaboration.
• Function of AdaptAO: Achieving intelligent adaptation to
dynamism. To handle the volatility that may render pre-signed
agreements suboptimal, AdaptAO, a DRL-powered module
that dynamically adjusts agreements and overbooking rates
in response to UAV mobility, fluctuating demands, and time-
varying resources is designed. By continuously monitoring
system performance, AdaptAO offers sustained efficiency,
fairness, and profitability under rapid spatio-temporal varia-
tions.
• Comprehensive experiments and evaluations on realistic data.
We conduct extensive experiments on real-world datasets,
demonstrating that PAST significantly improves service
success, resource utilization, decision efficiency, and social
welfare, thereby validating its robustness and adaptability.

The mission area of UAVsUAV Service area of ES ES  Inherent requestors of ESs

0

Fig. 1. Framework of service trading between UAVs and ESs in STD-
EUNs.

2 OVERVIEW AND BASIC MODELING

In this section, we first present an overview of our methodol-
ogy (see Sec. 2.1), followed by a detailed modeling of UAVs
and ESs (see Sec. 2.2).

2.1 Overview

Consider the STD-EUN architecture (see Fig. 1), where
resources are traded between two parties: (i) flying UAVs
denoted by set U = {u1, . . . , ui, . . . , u|U |}, with each owns
a mission (e.g., urban monitoring over a certain region) that
seeks computing services; and (ii) on-ground ESs represented
by S = {s1, . . . , sj , . . . , s|S|}, offering paid computing
services to flying UAVs. To capture the spatial-temporal
dynamism of UAVs and ever-changing resource supply of
ESs, we first introduce two key concepts below:

Definition 1 (Broader Trading Unit (BTU)). A BTU refers to a
certain time period (e.g., 9:00am to 10:00am), during which a UAV
performs a mission (e.g., the UAV has a certain trajectory. While
flying alongside the trajectory, it perform urban surveillance task
that calls for sensing, computing and communication) that may
require computing support. For example, working on a mission
may need to offload data to on-ground ESs for analysis, due to
limited onboard computing capabilities. BTU encapsulates the
complete service demand cycle of one such mission.

Definition 2 (Small Trading Unit (STU)). An STU represents
a single service transaction within one BTU. Formally, a BTU
consists of multiple STUs (e.g., time points), in which a UAV
requests and enjoys services from an ES. For instance, if a UAV’s
1-hour (thus we set one BTU as 1 hour) mission needs resources
from ESs every 15 minutes, the BTU contains 4 STUs.

To facilitate analysis, we partition the entire time domain
into multiple BTUs, indexed by t ∈ {0, 1, . . . , T}. Each BTU
is further divided into N STUs, with n ∈ {0, 1, . . . , N}
serving as the corresponding index for STUs within one
BTU. BTUs and STUs follow a time clock. For example, a
BTU represents a period from 9:00am to 10:00am of a day,
while STUs can be set as 9:00am, 9:15am, 9:30am, 9:45am,
and 10:00am within this BTU, with a 15 minutes interval, as
shown in Fig. 2. We also assume that during each STU n, UAV
ui carries a set of heterogeneous tasks with varying resource

demands, denoted by D
(n)
i =

{
d
(n)
i,1 , . . . , d

(n)
i,m, . . . , d

(n)

i,|D(n)
i |

}
.

Note that the mission of each UAV may require it
to fly across different regions. For UAV ui ∈ U , the
regions related to its mission are collectively represented
by Ci = {Ci,1, . . . , Ci,k, . . . , Ci,|Ci|}, where Ci,k describes
the specific coordinates of the k-th region. Moreover, each
UAV should visit all regions involved in its mission (i.e., Ci),
and the time spent on visiting different locations depends on
its speed and the corresponding flying distance. To capture
the moving behavior of UAVs, we use a Markov stochastic
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process to model their mobility. In the following, to show how
a UAV can move across different regions within a mission,
and we take one BTU as an example.

At the beginning of a BTU, UAV ui takes off from its initial
position. The probability distribution of its initial destination
among the mission region set Ci is denoted by vector πi,0 =
[π1, . . . , πk, . . . , π|Ci|]. As UAV ui traverses different regions,
its location evolves as a sequence of state transitions. Owing
to heterogeneous speeds, inter-region distances, and UAV
capabilities, ui may not participate in every STU within a
BTU. To accurately characterize trading participation, we
introduce a new index n̂i ∈ {1, 2, . . . , |Ci|}, representing
the order of actual STUs that UAV ui participates in. Each ui

participation corresponds to visiting a new mission region.
Apparently, n̂i is equivalent to the location transition index
related to UAV ui

4.
The state transition at participation n̂i follows a matrix

Pi,n̂i , where transition probabilities are assigned inversely
proportional to inter-region distances, such that nearer
regions are more likely to be selected. For fairness and
to prevent revisits, the probability of transitioning to an
already visited region is set to zero, and the remaining
probabilities are normalized to ensure that their sum equals
one. Consequently, the state distribution of UAV ui at its n̂i-
th participation can be expressed as πi,n̂i

= πi,0

∏|Ci|
n̂i=1 Pi,n̂i

.
Given the limited coverage of ESs, let E(n)

i denote the set of
ESs available to UAV ui in STU n. This set is dynamically
updated with ui’s location to reflect feasible service options.

In the dynamic environment, uncertainties can arise from:
(i) fluctuating UAV task loads (across STUs); (ii) uncertain po-
sition of UAVs within every STU due to Markovian mobility;
(iii) evolving spatial boundaries of UAV mission regions
(across BTUs); and (iv) variable ES resource availability,
driven primarily by fluctuating inherent requestors5. These
uncertainties impose challenges to timely and smooth edge
service delivery.

We propose Pilot-and-Adaptive Stable Trading (PAST),
a unified framework that establishes stable yet flexible
UAV–ES collaborations. PAST enables high-quality, timely,
and adaptive services across BTUs and STUs, supporting the
following key functions:
• Determining overbooking-empowered pilot trading agreements
addressing future STU service demand (PilotAO). In this mech-
anism, we first emphasize the design of pilot trading (PT)
agreements between ESs and UAVs, which are pre-signed
before actual service transactions take place, and are intended
to guide future resource exchanges within each STU. In
particular, a PT agreement for STU n is denoted as C(n)

i,j ,
containing crucial trading-related terms: |D(n)

i | refers to
the number of tasks carries by UAV ui, requiring edge
resources; payment p

(n)
i,j,m paid by ui to sj for enjoying

computing service, and the penalty qE and qU for breaching

4. Due to differences in flight speed and sensing capabilities, UAVs
may not generate resource demands in every STU. The index n̂i denotes
the sequence of STUs in which UAV ui actually participates, which is
equivalent to the order of its location transitions. Since in each BTU,
UAV ui must visit all |Ci| mission regions exactly once, it will have |Ci|
actual participations and |Ci| location transitions.

5. Since we consider a general and practical scenario where ESs are not
dedicated solely to UAV services, they may also serve other requestors
such as local users or background applications [7].

the agreement by either party. In addition to PT agreements,
PilotAO determines the initial overbooking rate for each
ESs’ resource supply. This enables an ES to provision
more resources to UAVs than its nominal capacity for a
given STU, mitigating potential service failures arising from
UAV mobility, spatiotemporal coverage uncertainty, and
fluctuating demand. PT agreements and overbooking rate
rely on historical UAV location distributions, task demand
patterns, and ES resource variability, striking a balance
between enhanced resource utilization and risks of unmet
commitments. By doing so, PilotAO allows the market to
deliver timely services while minimizing the overhead of
real-time negotiation.
• Ensuring adaptivity by intelligently updating PT agreements and
overbooking rate, to cope with possible performance degradation
spatio-temporal dynamism (AdaptAO). Considering the inherent
spatio-temporal dynamics of STD-EUNs (e.g., UAV mobility,
fluctuating demands, and dynamic ES resources), inevitable
risks may undermine the effectiveness of pre-signed PT agree-
ments. To overcome this challenge and sustain efficiency,
PAST integrates AdaptAO, which continuously monitors
agreement fulfillment and overbooking performance, and
dynamically updates them to preserve satisfactory utility
under evolving conditions.
• Ensuring adaptivity by intelligently updating PT agreements
and overbooking rate, to cope with possible performance degra-
dation spatio-temporal dynamism (AdaptAO). Given that UAV
mobility, fluctuating demands, and dynamic ES resources
can introduce risks and further undermine PT agreements.
To enhance adaptability, PAST incorporates AdaptAO, which
continuously evaluates agreement performance and over-
booking rates, dynamically updating agreements to maintain
satisfactory utility under evolving conditions.

Integrating PilotAO and AdaptAO into PAST, this paper
aims to facilitate efficient, adaptive, and stable computing service
delivery from various on-ground ESs to multiple UAVs, in
dynamic and uncertain environments. In the following, we give
a toy example to support better understanding of our idea.
Toy example: Fig. 2 illustrates the timeline of our PAST
framework, where each UAV sequentially visits multiple
mission regions within a BTU and may engage in resource
trading during the corresponding STUs. On Day 0, using
historical trading data, PilotAO pre-signs PT agreements for
future STUs, providing guidance for subsequent BTUs. On
Day 1, UAVs carry out their pre-signed agreements in real
transactions within each STU. As shown in Fig. 3, a single
STU involves four UAVs and two ESs. In Transaction a, UAV
u1 does not participate; however, thanks to the overbooking,
ES s1’s resource is still fully utilized by the remaining UAVs
with signed PT agreements. In Transaction b, ESs s1 and
s2 experience temporary resource shortages while serving
inherent requestors, leading to breaches of PT agreements
with u1 and u4, which are later resolved through com-
pensatory measures. PT agreements can become unreliable
due to UAV mobility and demand variations. To handle
this, we integrate AdaptAO into PAST, which continuously
monitors agreement performance. In Transaction b, once
notable deviations are observed (e.g., frequent breaches from
resource shortages or reduced ES accessibility caused by UAV
mobility), AdaptAO proactively adjusts both PT agreements
and overbooking rate to better adapt to the dynamics.
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PT Agreements and overbooking rate ... Renew
 PT agreem

ents and overbooking rate?
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No
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...

PilotAO

Assess the execution of PT agreements

Assess the execution of PT agreements

Assess the execution of PT agreements
Fig. 2. A timeline example of our proposed PAST.

2.2 Basic Modeling

We next show the detailed modeling of UAVs and ESs:
• Modeling of UAVs as service buyers: To distinguish different
participators in each STU, we use U (n) to denote the set
of UAVs participating in resource trading at STU n, where
ui ∈ U (n) refers to a specific UAV indexed by i. Specifically,
each UAV ui ∈ U (n) is characterized by a 5-tuple: ui =

{fi, etrani ,D
(n)
i , eloci , l

uav,(n)
i }, where fi denotes the on-board

computing capability of ui (e.g., CPU cycles/s). etrani and eloci

represent the transmission power and local computing power
(Watts), respectively, which are assumed to be constants over
the entire time horizon. D(n)

i denotes the set of tasks that
need to be executed at STU n. For a task d

(n)
i,m ∈ D

(n)
i , we

use r
(n)
i,m to specify its required computing resources (e.g.,

CPU cycles). Moreover, luav,(n)i =
(
x
uav,(n)
i , y

uav,(n)
i , H

uav,(n)
i

)
denotes the three-dimensional (3D) coordinates of ui at STU
n, where H

uav,(n)
i is its altitude.

• Modeling of ESs as service sellers: Each ES sj ∈ S is
modeled by a 4-tuple: sj = {fE

j , e
E
j , Gj , l

ES
j }, where fE

j

denotes the computing capability of sj (e.g., CPU cycles/s);
eEj (Watts) represents the local computing power; Gj is the
total number of available resources (e.g., quantized by virtual
machines), with each resource assumed to process one task
for simplicity. Besides, lESj = (xES

j , yESj , HES
0 ) represents the

fixed 3D coordinates of sj , with HES
0 being the ground

altitude.
Our modeling accounts for a realistic perspective, in

which ESs also serve on-ground service consumers (e.g.,
smartphones, vehicles), whose demands can directly impact
the resources available to UAVs, introducing additional
variability and market competition. Let ε

(n)
j denote such

inherent demands, modeled as ε
(n)
j ∼ P(κ

(n)
j ), where

ε
(n)
j ∈ {0, 1, . . . , Gj} and P(·) describes the Poisson dis-

tribution. Here, κ(n)
j represents the mean inherent demand

observed at ES sj at STU n, which can vary across STUs

due to changes in user density, service type, and temporal
activity patterns within the ES’s coverage.

3 PILOTAO OF PAST: ENCOURAGING SIGNING PT
AGREEMENTS BEFORE THE FIRST BTU
Since PAST comprises two functional phases, this section
focuses on designing PT agreements between ESs and UAVs
and determining appropriate overbooking rates.

3.1 Key Modeling
To characterize the assignment between ESs and UAVs
and incentivize them to establish PT agreements for future
STUs within each BTU, we define the many-to-many (M2M)
matching as follows:
• φ(n)(ui): The set of ESs that serve UAV ui in STU n, i.e.,
φ(n)(ui) ∈ S;
• φ(n)(sj): The set of UAVs that can enjoy computing services
offered by ES sj in STU n, i.e., φ(n)(sj) ∈ U (n);

We denote set of tasks that UAV ui can offload to ES sj
at STU n as T (n)

i,j , i.e., T (n)
i,j ⊆ D

(n)
i .

3.1.1 Utility and risk analysis of ESs
Processing tasks for UAVs can incur costs to ESs. We define
the monetary cost of ES sj related to energy consumption for
contributing services to task d

(n)
m of UAV ui as

c
E,(n)
i,j,m = ω1

r
(n)
i,meEj

fE
j

+ chardj , ∀d(n)i,m ∈ T (n)
i,j (1)

where ω1 represents the cost coefficient to enable a unified
unit for energy in the form of money, e.g., dollars; while chardj

denotes the hardware depreciation cost [7], which is treated
as a constant.

Note that high UAV mobility creates uncertainty in task
assignment, as UAVs may move out of ES coverage, while
fluctuating UAV demands complicate resource allocation. To
capture task feasibility in practical transactions, we define
a binary indicator α

(n)
i,j,m. Specifically, α(n)

i,j,m = 1 refers to
task d

(n)
i,m of UAV ui successfully obtains service from ES

sj at STU n, calling for meeting two conditions: (i) the set
of ESs capable of serving ui at STU n, denoted by E(n)

i , is
non-empty; and (ii) task d

(n)
i,m exists in STU n and requires

processing. Formally, we have

α
(n)
i,j,m =

{
1, if E(n)

i ̸= ∅ and d
(n)
i,m ∈ D

(n)
i ;

0, otherwise.
(2)

Recall that, the utility of an ES sj consists of three
components: (i) total income from providing computing
services minus energy costs, (ii) payments to UAVs for
agreement breaches, and (iii) compensation received from
UAVs that violate agreements (e.g., α(n)

i,j,m = 0 in a practical
transaction), as calculated by

US(sj , φ
(n)(sj),C(n)

i,j ) =∑
ui∈φ(n)(sj)

∑
d
(n)
i,m∈T (n)

i,j

α
(n)
i,j,m(1− λ

(n)
i,j,m)

(
p
(n)
i,j,m − c

E,(n)
i,j,m

)
+

∑
ui∈φ(n)(sj)

∑
d
(n)
i,m∈T (n)

i,j

(
(1− α

(n)
i,j,m)qU + α

(n)
i,jλ

(n)
i,j,mqE

)
,

(3)
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Fig. 3. Framework and procedure in terms of a timeline associated with one STU in PAST.

where p(n)i,j,m is the payment from UAV ui to ES sj for serving
task d

(n)
i,m. The indicator λ

(n)
i,j,m = 1 signifies that task d

(n)
i,m

of UAV ui is selected by ES sj as a volunteer6 at STU n;
λ
(n)
i,j,m = 0, otherwise. Due to the presence of uncertainty,

accurately capturing the practical value of (3) is challenging.
Our analysis centers on its expected value:

US(sj , φ
(n)(sj),C(n)

i,j ) = E
[
US(sj , φ

(n)(sj),C(n)
i,j )

]
=∑

ui∈φ(n)(sj)

∑
d
(n)
i,m∈T (n)

i,j

E[α(n)
i,j,m](1− E[λ(n)

i,j,m])
(
p
(n)
i,j,m − c

E,(n)
i,j,m

)
+

∑
ui∈φ(n)(sj)

∑
d
(n)
i,m∈T (n)

i,j,m

(
(1− E[α(n)

i,j,m])qU + E[α(n)
i,j,m]E[λ(n)

i,j,m]qE
)
,

(4)
where the derivations of E

[
α
(n)
i,j,m

]
and E

[
λ
(n)
i,j,m

]
are de-

tailed in Appx. B.1
Agreements for each STU within a BTU are pre-signed

based on historical data, providing a planning foundation
but exposing risks in dynamic environments, e.g, deviations
in UAV trajectories or sudden ES resource contention may
invalidate agreements. Accordingly, we evaluate two types
of risk for each ES:
• Risk of undergoing unsatisfactory utility: Each ES sj ∈ S serv-
ing UAV ui ∈ φ(n)(sj) can confront the risk of obtaining an
unsatisfactory utility (e.g., when the value of UE(sj , φ

(n)(sj))
turns negative) at an STU. This can be reflected by the
probability that utility UE(sj , φ

(n)(sj)) falls below a tolerable
threshold umin, as given by

RS
1(sj , ui,C(n)

i,j ) = Pr
(
US(sj , ui,C(n)

i,j ) < umin

)
,∀ui ∈ φ(n)(sj),

(5)
where umin is a positive value approaching zero.
• Risk brought by resource overbooking: Unlike existing studies
on edge resource sharing, our market permits ESs to over-
book resources for UAVs to accommodate uncertain participa-
tion and fluctuating demand. While this enhances utilization
and reliability, it also creates the risk that, under excessive
demand, an ES may fail to honor its agreements, leading
to UAV dissatisfaction. We term this as the overbooking-
induced breach risk, as given by

RS
2(sj , φ

(n)(sj),C(n)
i,j ) = Pr

 ∑
ui∈φ(n)(sj)

|T (n)
i,j |+ εj ≥ Gj

 . (6)

6. Volunteers are expected to temporarily forgo their services from
ESs due to resource shortage. In return, these volunteers (UAVs’ tasks)
are compensated based on PT agreements.

Effective risk management is critical for ESs; otherwise,
the ESs may prefer not to engaging in the designed market.

3.1.2 Utility and risk analysis of UAVs
The air-ground wireless communication channel between
UAVs and ES sj is assumed to be dominated by the proba-
bilistic line of sight (LoS) channel. We denote the probability
of a LoS channel between ES sj and UAV ui at STU n as
ϵ
(n)
i,j , determined by environment-related parameters and the

elevation angle of UAV ui [28]:

ϵ
(n)
i,j =

1

1 + ω2 exp(−ω3(β
(n)
i,j − ω2))

, (7)

where ω2 and ω3 are environment-related parameters, and

β
(n)
i,j = arctan

(
Huav,(n) −HES

0

∥(xuav,(n)
i , y

uav,(n)
i )− (xES

j , yESj )∥

)
(8)

represents the elevation angle when UAV ui offloads tasks
to ES sj at STU n. The channel gain is thus given by

g
(n)
i,j =

g0(ϵ
(n)
i,j + ζ(1− ϵ

(n)
i,j ))

((Huav,(n) −HES
0 )2 + ∥(xuav,(n)

i , y
uav,(n)
i )− (xES

j , yES
j )∥2)

,

(9)
where g0 is the gain at the reference distance l0 = 1m, ζ is
the non-line of sight (NLoS) channel attenuation factor. The
data transmission rate (e.g., Mbits/s) from UAV ui to ES sj
at STU n is given by

R
(n)
i,j = B

(n)
i,j log2

(
1 +

g
(n)
i,j e

(n)
i

(σ
(n)
i,j )

2

)
, (10)

where B
(n)
i,j , g(n)i,j , and σ

(n)
i,j are channel bandwidth, channel

gain, and noise power between sj and ui at STU n, respec-
tively. The transmission delay for task d

(n)
i,m is

T
trans,(n)
i,j,m =

r
(n)
i,md′

R
(n)
i,j

, (11)

where d′ is the data size per CPU cycle (e.g., bits).
The local task completion time for ui’s task d

(n)
i,m is defined

as
r
(n)
i,m

fi
, while the edge computing completion time (i.e., ui

offloads d(n)i,m to ES sj) is

T
edge,(n)
i,j,m =

r
(n)
i,m

fE
j

+ T
trans,(n)
i,j,m . (12)
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Thus, the time saved by using edge services is given by

T
save,(n)
i,j,m =

r
(n)
i,m

fi
− T

edge,(n)
i,j,m , (13)

and the energy consumption that can be saved is given by

c
save,(n)
i,j,m =

r
(n)
i,m

fi
eUi − T

trans,(n)
i,j,m etrani . (14)

We define the valuation (profit from saving time and
energy) that ES sj serving task d

(n)
i,m brings to UAV ui as

v
(n)
i,j,m = ω4T

save,(n)
i,j,m + ω5c

save,(n)
i,j,m , (15)

where ω4 and ω5 are two positive weighting coefficients.

Accordingly, the utility of a UAV from trading with ESs
involves three components: (i) the valuation from matched
ESs minus payments; (ii) penalties for breaching agreements
(e.g., when αi,j,m = 0 in the corresponding STU); and (iii)
compensation received when the UAV’s task is selected as a
volunteer. This can be expressed as

UU
(
ui, φ

(n)(ui),C(n)
i,j

)
=∑

sj∈φ(n)(ui)

∑
d
(n)
m ∈T (n)

i,j

α
(n)
i,j,m(1− λ

(n)
i,j,m)

(
v
(n)
i,j,m − p

(n)
i,j,m

)
+

∑
sj∈φ(n)(ui)

∑
d
(n)
m ∈T (n)

i,j

(
−(1− α

(n)
i,j,m)qU + α

(n)
i,j,mλ

(n)
i,j,mqE

)
.

(16)

As uncertainties may prevent obtaining the actual
value of (16) in practice, the corresponding expectation of
UU(ui, φ

(n)(ui)) can be considered:

UU
(
ui, φ

(n)(ui),C(n)
i,j

)
= E

[
UU

(
ui, φ

(n)(ui),C(n)
i,j

)]
=∑

sj∈φ(n)(ui)

∑
d
(n)
m ∈T (n)

i,j

E[α(n)
i,j,m](1− E[λ(n)

i,j,m])
(
E[v

(n)
i,j,m]− p

(n)
i,j,m

)
+

∑
sj∈φ(n)(ui)

∑
d
(n)
m ∈T (n)

i,j

(
E[α(n)

i,j,m]E[λ(n)
i,j,m]qE − (1− E[α(n)

i,j,m])qU
)
.

(17)
where the derivations of E

[
v
(n)
i,j,m

]
is detailed in Appx. B.1.

Analogous to ESs, UAVs face risks in dynamic markets.
For example, UAV ui with PT agreements for STU n may fail
to fulfill scheduled transactions due to mobility constraints,
forcing it to compensate affected ESs. As its service location
shifts, data transmission delays may increase, especially
when if is farther from an ES, resulting in lower rates.
Similarly, sudden demand surges or reduced ES availability
may invalidate pre-signed agreements. Thus, the key risk
for a UAV lies in potential shortfalls of its expected utility,
formally defined as:

RU(ui, φ
(n)(ui),C

(n)
i,j ) = Pr

(
UU(ui, φ

(n)(ui),C
(n)
i,j ) < umin

)
.

(18)

Clearly, a higher value of RU(ui, φ
(n)(ui)) indicates

an increased likelihood of unsatisfactory service quality.
Consequently, when facing an unacceptable level of risk,
the UAV will refrain from entering into PT agreements.

3.2 Core Definitions of Matching

We next introduce the core matching definition in PilotAO,
a novel M2M approach tailored to handle STD-EUN uncer-
tainties and mitigate network risks, distinguishing it from
conventional matching methods.

Definition 3. (M2M matching embedded in PilotAO) An M2M
matching φ(n) of PilotAO constitutes a mapping between the UAV
set U (n) and the ES set S , which satisfies the following properties:
• For each UAV ui ∈ U (n), φ(n) (ui) ⊆ S,
• For each ES sj ∈ S, φ(n) (sj) ⊆ U (n),
• For each UAV ui and ES sj , ui ∈ φ(n)(sj) if and only if
sj ∈ φ(n) (ui).

We next define the blocking coalition, a critical factor that
can compromise the stability of the matching [7].

Definition 4. (Blocking coalition) Under a given matching φ(n),
ES sj and the UAV set U ⊆ U (n) may form one of the following
two types of blocking coalition, denoted by (sj ;U).
Type 1 blocking coalition: This coalition satisfies the following
two conditions:
• ES sj prefers a UAV set U ⊆ U (n) rather than its currently
matched UAV set φ(n)(sj), i.e.,

UU
(
sj ,U,C

(n)
i,j

)
> UU

(
sj , φ

(n)(sj),C
(n)
i,j

)
. (19)

• Every UAV in U (n) prefers to offload tasks to ESs rather than
being matched to its currently matched/assigned ES set. That is, for
any UAV ui ∈ U, there exists an ES set φ(n)′(ui) that constitutes
the ESs that need to be evicted, satisfying

US
(
ui,
{
φ(n) (ui) \φ(n)′ (ui)

}
∪ {sj} ,C(n)

i,j

)
> US

(
ui, φ

(n) (ui) ,C
(n)
i,j

)
.

(20)

Type 2 blocking coalition: This coalition satisfies the following
two conditions:
• ES sj prefers serving UAV set U ⊆ U (n) to its currently
matched UAV set U (n), as shown in (19).
• Every UAV in U prefers to further trade with ES sj in
conjunction with its currently matched/assigned ES set. That
is, for any UAV ui ∈ U, we have

US
(
ui, φ

(n)(ui) ∪ {sj}
)
> US

(
ui, φ

(n)(ui)
)
. (21)

Accordingly, Type 1 blocking occurs when a UAV is
incentivized to offload tasks to ESs offering higher expected
utility, while Type 2 arises when an ES has underutilized
resources that could serve additional UAVs, both potentially
destabilizing the matching mechanism.

3.3 Problem Formulation for PilotAO

Edge service provisioning is determined through M2M
matching prior to actual transactions. Under rapidly evolving
spatio-temporal conditions, the objective is to establish stable
pairings between UAVs and ESs in each STU n, thereby
facilitating durable agreements and optimizing long-term
expected utility. Each UAV ui ∈ U (n) seeks to maximize
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its cumulative expected utility over time, which can be
formulated as the following optimization problem:

FU : max
φ(n)(ui),C

(n)
i,j

UU
(
ui, φ

(n) (ui) ,C
(n)
i,j

)
(22)

s.t. φ(n) (ui) ⊆ S (22a)

E[v(n)i,j,m] ≥ p
(n)
i,j,m (22b)

RU
(
ui, φ

(n) (ui) ,C
(n)
i,j

)
≤ ρ1, (22c)

Problem FU highlights our innovation in proactively ac-
counting for spatio-temporal dynamics while planning UAVs’
strategies, where 0 < ρ1 ≤ 1 represents a risk threshold.
Constraint (22a) forces the UAV ui offloaded tasks within
set S. Constraint (22b) ensures that the obtained expected
valuation of ui’s task d

(n)
i,m benefit from edge service offered

by sj can cover its corresponding payment. Constraint (22c)
dictates the tolerance of each UAV on receiving an undesired
utility, with its derivation detailed in Appx. B.2.

Furthermore, each ES sj ∈ S also aims to maximize its
expected utility, as modeled by

FS : max
φ(n)(sj),C

(n)
i,j

US
(
sj , φ

(n) (sj) ,C
(n)
i,j

)
(23)

s.t. φ(n) (sj) ⊆ U (n) (23a)

ci,j,m ≤ p
(n)
i,j,m, ∀ui ∈ φ(n) (sj) (23b)∑

ui∈φ(n)(sj)

|T (n)
i,j |+ εj ≤ (1 + τ)Gj (23c)

RS
1

(
sj , ui,C

(n)
i,j

)
≤ ρ2, ∀ui ∈ φ(n) (sj) (23d)

RS
2

(
sj , ui,C

(n)
i,j

)
≤ ρ3, ∀ui ∈ φ(n) (sj) , (23e)

where τ represents the overbooking rate; ρ2 and ρ3 are
risk thresholds falling in interval (0, 1]. In FS, constraint
(23a) ensures that the selected UAV set φ(n)(sj) for each
ES sj belongs to U (n). Constraint (23b) guarantees that the
payments collected from UAV ui’s task d

(n)
i,m are sufficient

to cover the corresponding service costs. Constraint (23c)
enforces that the total resources allocated by sj to the UAVs
in φ(n)(sj) do not exceed its overbooked resource capacity.
Finally, constraints (23d) and (23e) manage the potential risks
that each ES may face during actual service execution, with
detailed derivations in Appx. B.2.

Our objective is to address the multi-objective optimiza-
tion (MOO) problem that simultaneously accounts for the
goals specified in (22) and (23). Conventional M2M matching
methods are inadequate when confronted with the spatio-
temporal dynamics and environmental uncertainties (e.g., the
stochastic nature of STD-EUNs), as well as the operational
risks that naturally arise in such contexts. To overcome
these limitations, we introduce PilotAO, whose design
and operational principles are detailed in the following
subsection.

3.4 Solution Design: Structure of PilotAO

We next present PilotAO (Alg. 1), building upon a Gale-
Shapley algorithm [7], tailored to the unique characteristics
of our problem. Specifically, it is designed to achieve a stable,
utility-efficient, and risk-aware M2M mapping between

Algorithm 1: PilotAO

1 Initialization: p(n)i,j,m ⟨1⟩ ← pmin
i,j,m, for ∀i, j, flagi ← 1,

Y (sj)← ∅, Y (ui)← ∅, k′ ← 1, qU, qE

2 while Σui∈U(n)flagi do
3 flagi ← 0
4 Calculate: Li,m

5 for ∀ui ∈ U (n) do
6 if p(n)i,j,m ⟨k

′⟩ ≤ E[v(n)i,j,m] and sj ∈ E(n)i , ∀sj ∈ Li,m

then
7 Y (ui)← sj

8 if ∀Y (ui) ̸= ∅ then
9 for ∀sj ∈ Y (ui) do

10 ui sends a proposal about the information of
its tasks to sj

11 while Σui∈U(n)flagi > 0 do
12 Collect proposals from the UAVs’ tasks in

U (n), e.g., using Ỹ (sj) to include the UAVs’
tasks that send proposals to sj

13 Y(sj)← choose UAVs from Ỹ (sj) that can
achieve the maximization of the ES’s
expected utility under constraints (23b),
(23c), (23d), and (23e).

14 sj temporally accepts UAV’s tasks in Y(sj),
and rejects the others

15 for ∀ui ∈ Y (sj) do
16 if ui is rejected by sj , and constraints (22b) and

(22c) are met then
17 p

(n)
i,j,m ⟨k

′ + 1⟩ ←
min

{
p
(n)
i,j,m ⟨k

′⟩+∆p ,E[vi,j,m]
}

18 else
19 p

(n)
i,j,m ⟨k

′ + 1⟩ ← p
(n)
i,j,m ⟨k

′⟩

20 if there exists p(n)i,j,m ⟨k
′ + 1⟩ ̸= p

(n)
i,j,m ⟨k

′⟩ ,
∀ui ∈ Y (sj) then

21 flagi ← 1, k′ ← k′ + 1

22 φ(n)(ui)← Y(ui), φ(n)(sj)← Y(sj)
23 Return: φ(n)(ui), φ(n)(sj)

ESs and UAVs, thereby enabling mutually beneficial PT
agreements with overbooking under dynamic and uncertain
environments.
Step 1. Initialization (line 1): At the beginning of Alg. 1, the
payment for each task of UAV ui is initialized as p(n)i,j,m⟨1⟩ =
pmin
i,j,m. Here, Y(sj) denotes the set of UAVs temporarily

selected by ES sj , while Y(ui) represents the set of ESs
of interest to UAV ui. These selections are determined based
on the preference list of each task d

(n)
i,m ∈ D

(n)
i , ∀ui ∈ U (n),

as formally defined below:

Definition 5. (Preference list of ESs) The preference list Li,m

of UAV ui with respect to its task d
(n)
i,m is a vector of ESs sj ∈ S ,

sorted in non-ascending order of the expected utility (16):

Li,m = { sj | sorted non-ascending by UU(ui, φ
(n)(ui),C

(n)
i,j )}.

(24)

Step 2. Proposal of UAVs (lines 4–10): In each round k′,
every UAV ui selects ESs from its preference list Li,m and
records them in Y(ui). Subsequently, ui reports its task
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payment p(n)i,j,m⟨k′⟩ together with the corresponding trading
probability αi,j,m to each ES sj .
Step 3. UAV selection on the ES side (lines 11–14): Upon
receiving the information from the UAV set Ỹ(ui), each ES sj
determines a subset of temporary UAV tasks Y(sj) ⊆ Ỹ(sj)
that maximizes its expected utility subject to constraints
(23b)–(23e). ES sj then reports its task selection decisions
back to the UAVs (line 14).
Step 4. Decision-making on the UAV side (lines 15–19):
After receiving the selection results from each ES sj ∈ Y(ui),
UAV ui evaluates the following conditions:
• Condition 1: If the task d

(n)
i,m of UAV ui is accepted by sj ,

or if constraints (22b) and (22c) are not satisfied, the payment
remains unchanged (line 17).
• Condition 2: If the task d

(n)
i,m of UAV ui is rejected by

sj while constraints (22b) and (22c) are satisfied, UAV ui

increases the payment for d(n)i,m to sj in the next round, while
ensuring non-negative utility (line 19).
Step 5. Termination check (lines 20–21): If all payments
remain unchanged from the (k′−1)-th round to the k′-th
round, the matching process terminates at round k′, which
is indicated by

∑
ui∈U(n) flagi = 0 (line 2). Otherwise, the

algorithm proceeds to the next iteration by repeating Steps 2–
4 (lines 2–21).

Upon algorithm termination, each ES sj forms PT agree-
ments with its matched UAVs, thereby securing stable
cooperation and maximizing expected long-term utility. Nev-
ertheless, during real-time transactions, unforeseen market
or network fluctuations that deviate from historical patterns
may trigger agreement violations and yield suboptimal
overbooking rates, leading to degraded trading performance.
To preserve adaptability under such conditions, we introduce
AdaptAO, whose design and functionality are detailed in
Sec. 4.

3.5 Solution Characteristics and Key Properties

We next analyze the key properties of the designed matching
process embedded in PilotAO.

Definition 6. (Individual rationality of PilotAO) For both ESs
and UAVs, a matching φ(n) is individually rational when the
following conditions are satisfied:
• For ESs: (i) the total resource demand of matched UAVs φ(n)(sj)
and inherent requestors does not exceed its overbooking resource
supply (1 + τ)Gj , i.e., constraint (23c) is satisfied; (ii) the risk
of each ES receiving an undesired utility is controlled within a
reasonable range, i.e., constraint (23d) is satisfied; and (iii) the risk
of each ES failing to provide services to matched UAVs is controlled
within a reasonable range, i.e., constraint (23e) is satisfied.
• For UAVs: (i) the expected valuation obtained by ui from sj
covers its corresponding payment, i.e., constraint (22b) is satisfied;
and (ii) the risk of each UAV obtaining an undesired utility
is controlled within a reasonable range, i.e., constraint (22c) is
satisfied.

Definition 7. (Fairness of PilotAO): A matching φ(n) of PilotAO
is fair if and only if it does not impose Type 1 blocking coalition.

Definition 8. (Non-wastefulness of PilotAO): A matching φ(n)

of PilotAO is non-wasteful if and only if it does not impose Type 2
blocking coalition.

Definition 9. (Strong stability of PilotAO) A matching φ(n) of
PilotAO is strongly stable if it is individual rational, fair, and
non-wasteful.

Competitive equilibrium, a cornerstone of economic
theory, evaluates resource allocation efficiency in markets
with flexible pricing and self-interested participants. In
our model, it occurs when a market-clearing price equates
aggregate UAV demand with the total ES supply [29]. Within
PilotAO, we formalize this notion as follows:

Definition 10. (Competitive equilibrium associated with trading
between UAVs and ESs) The trading between UAVs and ESs
reaches a competitive equilibrium if the following conditions are
satisfied:
• For each UAV ui ∈ U (n), if ui is associated with an ES sj ∈ S ,
then E[vi,j,m] ≥ p

(n)
i,j,m.

• For each UAV ui ∈ U (n), ui is willing to trade with ESs that
maximize its expected utility, with risk constraints (23d) and (23e)
within a reasonable range.
• For each ES sj ∈ S, sj is willing to trade with UAVs that
maximize its expected utility, with risk constraint (22c) within a
reasonable range.
• For each ES sj ∈ S, if sj does not serve additional UAVs,
it indicates insufficient residual resources to accommodate more
UAVs.

For an MOO problem (e.g., a combination of optimiza-
tions FU and FS), a Pareto improvement occurs when social
welfare, i.e., the sum of UAV and ES expected utilities, can
be increased without reducing any participant’s utility. A
matching is weakly Pareto optimal if no such improvement
exists, meaning the allocation cannot be enhanced without
disadvantaging at least one participant [29].

Proposition 1. (Weak pareto optimality of trading between UAVs
and ESs) The proposed matching is weakly Pareto optimal if there
is no Pareto improvement.

We demonstrate that PilotAO satisfies the aforementioned
properties, with detailed analysis and proofs provided in
Appx. C.

4 ADAPTAO OF PAST: ENABLING ADAPTIVE
AGREEMENTS AND OVERBOOKING UPDATES DUR-
ING PRACTICAL BTUS

Because PT agreements are pre-established, they rely on
historical data to forecast uncertain factors (e.g., UAV task
demand and mobility). In STD-EUNs, however, nonstation-
ary spatio-temporal mobility and rapidly shifting demand
decouple these priors from reality, invalidating pre-signed
agreements and their calibrated overbooking rates at the STU
level. Unanticipated fluctuations can drive realized demand
beyond an ES’s provisioned capacity, causing multi-UAV
breaches, penalty costs, and degraded service quality. Al-
though UAVs may receive financial compensation, persistent
gaps between contracted and delivered performance erode
trust and dampen willingness to engage in future agreements,
ultimately undermining market efficiency.

To address the volatility of market/network conditions in
STD-EUNs and enhance the adaptability of PT agreements
and overbooking strategies at the STU level, we propose
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AdaptAO. This mechanism dynamically revises agreements
and their associated overbooking rates by monitoring real-
time supply–demand fluctuations and assessing agreement
fulfillment. Persistent under-fulfillment—manifested through
repeated breaches or substantial utility loss, indicates mis-
alignment with prevailing conditions, prompting AdaptAO
to adaptively adjust agreements to better match current
demand and ensure robust, efficient service provisioning.

To formalize this dynamic adjustment, AdaptAO is mod-
eled as a Markov Decision Process (MDP), enabling system-
atic and timely updates of PT agreements and overbooking
strategies. The trading horizon is divided into T BTUs, each
consisting of N STUs, where t indexes BTUs and n indexes
STUs within each BTU. The considered MDP is represented
by a 5-tuple (S(n),A(n), ν(n),P(n),R(n)) [30], [31], where S(n)

is a finite set of states, with each element s(n)t ∈ S(n) denoting
the state at practical transaction n. The action space is
denoted by A(n), and a

(n)
t represents an action taken in state

s
(n)
t at STU n of BTU t, i.e., a(n)

t ∈ A(n). Also, ν(n) ∈ [0, 1]
indicates the discount factor, determining the weight of
future rewards during the decision-making process; P(n) is
a Markovian transition model, denoted as P(s(n)t+1|s

(n)
t ,a

(n)
t ),

representing the probability of transitioning from state s(n)t to
state s(n)t+1 when taking an action; R(n) describes the reward
distribution, denoted by P(r(n)t |s(n)t ,a

(n)
t ), which gives the

immediate reward r
(n)
t ∈ R(n) after action a

(n)
t has been

taken in state s(n)t at STU n of BTU t. Details of state, action,
and reward function are given below:
• State: A state is composed of five components in a practical
transaction (STU n in BTU t): (i) the practical resource
demand of UAVs (e.g., number of tasks carried by UAVs);
(ii) the actual locations of UAVs; (iii) overall utilities of UAVs
and ESs; (iv) number of interaction between UAVs and ESs;
(v) the reputation value Rep

(n)
t , combining two parts: the

number of tasks successfully completed by following PT
agreements (denoted as N

+,(n)
t ) and the number of tasks

defaulted (denoted as N−,(n)t ), as calculated by

Rep
(n)
t = ω6N

+,(n)
t − ω7N

−,(n)
t , (25)

where ω6 and ω7 are positive weighting coefficients.

• Action: A action a
(n)
t is a two-dimensional (2D) action

set, represented as {a(n)
1,t ,a

(n)
2,t}, where a

(n)
1,t considers two

main factors: (i) continue with the current PT agreements
(a(n)

t = 1), and (ii) the PT agreements should be renewed
(a(n)

t = 0). Meanwhile, a(n)
2,t considers the specific value of

the overbooking rate, i.e., a(n)
2,t = τ (n) ∈ [0, 1]7.

• Reward: The reward function considers three cases: (i) when
continuing to fulfill the current PT agreement (i.e., a(n)

1,t =
1), the reward is based on social welfare (the combined
benefits of ES and UAV) and reputation value Rep

(n)
t ; (ii)

when updating the PT agreement without adjusting the
overbooking rate (i.e., a(n)

1,t = 0,a
(n)
2,t = 1), reward Rew1 is

obtained; and (iii) when updating both PT agreement and
overbooking rate simultaneously (i.e., a(n)

1,t = a
(n)
2,t = 0),

7. It is important to note that the overbooking rate is updated
exclusively in conjunction with adjustments to PT agreements.

Algorithm 2: AdaptAO

1 Initialization: t = 1, θ ← RandomWeights(), θ̂ ← θ
2 for episode = 1, 2, 3, ... do
3 C(n)

i,j ← Alg.1, ∀ui ∈ U (n), ∀sj ∈ S
4 for t ≤ T do
5 n← 1
6 for n ≤ N do
7 Observe state s(n)t

8 Select action a
(n)
t using ε-greedy strategy

9 if a(n)
t = 0 then

10 C(n)
i,j ← Alg.1, ∀ui ∈ U (n), ∀sj ∈ S

11 T ← T + 1
12 Break

13 Get reward r
(n)
t and the next state s(n)′t+1

14 Store (s
(n)
t ,a

(n)
t , r

(n)
t , s

(n)′
t+1) into the memory

buffer
15 Sample random minibatch of transitions

(s(n),a(n), r(n), s(n)′) from memory buffer
16 for ∀(s(n)m′ ,a

(n)
m′ , r

(n)
m′ , s

(n)′
m′ ) in minibatch do

17 Qm ← r
(n)
m′ +

ν(n)Q̂(s′m′ , argmaxa′ Q(s′m′ ,a′; θ); θ̂)
18 Perform gradient descent with loss:

L(θ) = ∥Qm′ −Q(s
(n)
m′ ,a

(n)
m′ ; θ)∥2

19 Update θ using gradient descent
20 Update target network parameters:

θ̂ ← µθ + (1− µ)θ̂

21 n← n+ 1
22 t← t+ 1

23 Continue till function of reward converges

reward Rew1 +Rew2 is obtained. Thus, we have

r
(n)
t (s

(n)
t ,a

(n)
t ) =


Rew1 +Rew2, if a(n)

1,t = a
(n)
2,t = 0

Rew2, if a(n)
1,t = 0,a

(n)
2,t = 1

ω6((3) + (16)) + ω7Rep
(n)
t , if a(n)

1,t = 1

(26)
Here, Rew1 and Rew2 denote the penalty values incurred
when the update action is selected; ω6 and ω7 are positive
weighting coefficients. To implement the renewal decisions
of PT agreements and overbooking rates, we adopt the
double deep Q-network (DDQN) framework [32], which
is well suited for handling dynamic market environments.
The corresponding pseudo-code is presented in Alg. 2.
Step 1: Initialization (line 1): The index of practical transac-
tions is initialized to t = 1. The parameters θ of the primary
network (Q) are initialized with random weights, while the
parameters θ̂ of the target network (Q̂) are directly set to θ.
Step 2: PT agreement establishment for each STU (line
3): Before practical transactions, risk-aware and mutually
beneficial PT agreements for each STU n are determined
using PilotAO by analyzing the statistics of uncertain factors.
Step 3: Market reputation analysis and PT agreement
updates (lines 7-12): In practical transaction t (i.e., the
t-th BTU), For each STU n, UAVs and ESs execute the
corresponding PT agreements, though transactions may fail
under market dynamics. Considering current conditions,
including reputation value Rep

(n)
t from (25), dynamic re-

source demands, and uncertain UAV positions, AdaptAO
applies an ε-greedy strategy [30], [33] to determine whether
to renew PT agreements and overbooking rates. If renewal
is chosen (with (a(n)

1,t = 0) for PT agreements and a
(n)
2,t
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for overbooking rates), UAVs and ESs renegotiate updated
agreements based on AdaptAO, leveraging the most recent
historical data on uncertain factors (e.g., realized demands
and UAV task regions; see line 9). Note that since AdaptAO
operates over early stage, this agreement renewal operation
will not be considered during practical transaction (instead,
it will be performed before the next practical BTU); thus,
we set T = T + 1 (line 11). Conversely, if the decision
is to maintain current agreements (a(n)

1,t = 1), existing PT
agreements remain unchanged and continue to hold.
Step 4: DDQN model training (lines 14-20): Based on the ac-
tions determined by our designed DDQN, corresponding re-
wards are obtained according to (26), and the state is updated
to s

(n)
t+1 (lines 7-13). Next, the tuple (s(n),a(n), r(n), s(n)′) is

stored in the memory buffer, and a random minibatch of
transitions is sampled from it. For each transition in the
minibatch, the target Q-value Qm′ is computed using the
target network Q̂ (line 14), where a′ represents the optimal
action chosen by the primary Q-network in the next state s′m′ .
We then perform gradient descent based on the difference
between the target Q-value Qm′ and the primary network Q
(line 17) to minimize the loss function L(θ) and update the
primary network parameters θ [32]. Consequently, the target
Q-network Q̂ is updated by adjusting parameters θ̂ towards
θ (line 20). This process repeats until t reaches T (lines 4-22).
Step 5: Repetition: Steps 1-4 repeat until the reward value
converges (line 23).

By following the above procedure, the market can intelli-
gently capture and update the reputation of PT agreements,
and make informed decisions on whether to renew them.
This enables transactions to dynamically adapt to evolving
market conditions, improving resilience, reliability, and
overall efficiency.

5 EVALUATION

We conduct comprehensive experiments to assess the effec-
tiveness of PAST, implemented in Python 3.9 on a platform
equipped with a 13th Gen Intel Core i9-13900K processor and
a NVIDIA GeForce RTX 4080. The evaluation is structured
around the following questions:
• Q1: Compared to benchmark methods, does PAST reduce
interaction overhead, and to what extent does the overbook-
ing strategy contribute to this reduction? (Sec. 5.3.1)
• Q2: Can PAST sustain higher social welfare and greater
individual utility for UAVs and ESs compared relative to
existing methods, and in which scenarios does it outperform
traditional approaches? (Sec. 5.3.2)
• Q3: How does the AdaptAO module in PAST affect UAV
task completion rates and ES resource utilization compared
with conventional futures trading methods? (Sec. 5.3.3)
• Q4: Can PAST ensure individual rationality within the
trading market? (Sec. 5.3.4)

5.1 Core Experimental Settings
• Map and scenario: We use the 77th community area from
the Chicago taxi trip dataset [34] as our primary simulation
scenario, with mission regions of UAVs and ES deployments
randomly distributed to emulate real-world spatial uncer-
tainty and variability.

• UAV initialization and task load modeling: UAV missions are
derived from the dataset: the initial and terminal positions
correspond to a taxi’s first pick-up and last drop-off locations
of the day, and each UAV sequentially visits multiple
randomly distributed mission regions. Task demand |D(n)

i | is
mapped from the number of passengers served by the taxi in
STU n. Historical passenger counts over 30 days provide data
for predicting UAV task loads, capturing temporal variability
and supporting our early-stage decisions in PilotAO.
• UAV trajectory generation and dynamic enhancement: UAV
mobility within a BTU is modeled as a Markovian state
transition process, with probabilities based on inter-region
distances, capturing realistic dynamic behaviors. To enhance
stochasticity, mission region coordinates are randomly up-
dated with a 5% probability per BTU, increasing simulation
realism and complexity for evaluating PAST’s adaptability
and robustness under dynamic conditions.

Other key parameters are set according to supportive
existing literature: Pr(α(n)

i,j,m = 1) ∈ [0.64, 0.96] [8], fi ∈
[1, 1.5]×109 CPU cycles/s [3], fE

j ∈ [1, 3]×1012 CPU cycles/s
[7], eloci = eEj ∈ [450, 500] mW [7], d′=600 cycles/bit [7], Gj ∈
[10, 15], r(n)i,m ∈ [1, 1.5] Mb [3], etrani ∈ [500, 550] mW, B(n)

i,j =

20 MHz [3], [35], g(n)0 = −50 dB [35], εj ∈ [0, Gj ], ζ = 0.2
[28], κj ∈ [5, 6], qU←E = qE→U = 1, chard = 0.01, ρ1 = ρ2 =

ρ3 = 0.3 [8], ω2 = 15 [35], ω3 = 0.5 [35], H(n)
i ∈ [30, 100]

meters, H0 ∈ [0, 2] meter, and |Ci| ∈ [3, 8]. We perform
100 independent Monte Carlo–style simulation runs over
different parameter settings (T = 100) and report metrics
averaged across runs.

5.2 Benchmark Methods and Evaluation Metrics

For a comprehensive evaluation, PAST is compared against a
set of benchmark methods representing diverse approaches.
• Conventional spot trading-based M2M matching
(ConSM) [29], which performs online decision-making for
M2M matching results between UAVs and ESs, relying on
the real-time conditions in each STU.
• Conventional futures trading-based M2M matching
without adaptation (ConFM_NoA) [7], [8], which employs
conventional futures trading-based M2M matching, focus-
ing solely on offline PT agreement determination, without
incorporating an adaptive module.
• Conventional futures trading-based M2M matching
without overbooking (ConFM_NoO) [3], which is similar to
ConFM_NoA but does not consider the overbooking strategy.
• Greedy-oriented matching (GrdM) [36], in which ESs
prioritize UAV tasks that maximize their profit under limited
resources.
• Random-based matching method (RandM) [36], in which
ESs and UAVs randomly determine trading resources and
prices, serving as a benchmark in describing trade-off be-
tween time efficiency and trading performance.

Then, we evaluate a set of key multi-dimensional per-
formance metrics that comprehensively capture system
effectiveness, detailed as follows:
• Practical utilities of ESs and UAVs: The overall practical
utilities of ESs and UAVs, according to (3) and (16).
• Social welfare: The summation of utilities of both parties,
i.e., ESs and UAVs.
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Fig. 4. Performance comparisons in terms of: (a) RT, (b) NI, and (c) PTCT
under different problem sizes. Specifically, S1-S6 are set as {40/6}, {60/6},
{80/6}, {40/10}, {60/10}, and {80/10}.

• Running time (RT, ms): The running time is obtained by
Python on verison 3.9, reflecting the time efficiency of the
designed market.
• Number of interactions (NI): Total number of interactions
between ESs and UAVs to reach the final trading decisions,
further reflecting the overhead on decision-making.
• Practical task completion time (PTCT, ms): The PTCT of
a UAV task accounts for trading decision latency, estimated
via end-to-end communication delay between UAVs and
ESs ([1 − 15] ms in our experiments [7]). It reflects data
transmission, processing time, and decision-making latency.
• Task completion rate according to PT agreements (TRLC):
TRLC represents the completion rate of tasks under PT
agreements in each practical transaction, further reflecting
their rationality.
• Utilization of resources (UoR): UoR measures ES resource
usage in a transaction, reflecting the effectiveness of the
overbooking strategy.

5.3 Performance Evaluations
5.3.1 RT, NI and PTCT
In dynamic UAV networks, efficiency (e.g., encompassing
both time and energy) is a key metric for evaluating service
trading performance. To illustrate this, we analyze RT
(e.g., time spent on decision-making), NI (e.g., number of
negotiation rounds on factors such as trading partners and
prices), and PTCT (e.g., time from task completion) in Fig. 4.
For clearer visualization, the figure employs a logarithmic
scale to emphasize differences more distinctly.

As shown in Fig. 4(a), ConSM exhibits consistently high
RT values due to its stable, bargaining-based matching
mechanism, which matches UAV tasks with ESs for each
practical transaction based on current network and market
conditions, resulting in substantial decision-making delays.
In contrast, PAST, ConFM_NoA, and ConFM_NoO maintain
significantly lower RT values even with the number of UAVs
and ESs increasing, owing to pre-matched PT agreements
established during the futures trading market. Methods
such as GrdM and RandM, which adopt simpler matching
principles, achieve even lower RT, but at the cost of noticeably
poorer social welfare (see Fig. 5).

We also examine the overhead associated with matching
decisions under varying resource demands and supplies, as
shown in Fig. 4(b). Apparently, higher NI values indicate
greater overhead, reflecting the time and energy consumed
during interactions between ESs and UAVs. We see that
ConSM exhibits the highest NI, as each UAV and ES must
negotiate resources and service prices for every practical
transaction, resulting in increased overheard in time and

energy. Then, PAST, ConFM_NoA, and ConFM_NoO signifi-
cantly reduce overhead by relying on early-stage decisions
made during futures trading. Among them, PAST shows
slightly higher NI than ConFM_NoA and ConFM_NoO
because its AdaptAO mechanism continuously updates PT
agreements and adjusts the overbooking rate to handle
spatio-temporal dynamics (see Figs. 5 and 6). Moreover,
GrdM and RandM achieve the minimum NI overhead, as
they bypass negotiation processes entirely, but this comes at
the cost of substantially lower social welfare (see Fig. 5).

In practice, an ES can only begin processing tasks once the
final resource-trading decision has been reached. For instance,
a UAV is able to offload task data only after receiving
explicit service confirmation from the ES. Consequently, the
actual task completion time in dynamic markets inevitably
differs from the theoretical value. To capture this gap, our
simulation incorporates decision-making overhead into the
task completion time, thereby defining the metric PTCT.
As illustrated in Fig. 4(c), our PAST achieves substantially
lower PTCT compared to ConSM, primarily due to its
integrated mechanisms of overbooking, risk analysis, and
futures trading.

Overall, PAST not only delivers superior social welfare
but also consistently outperforms benchmark methods across
critical evaluation metricsm, including RT, NI, and PTCT,
highlighting its effectiveness in enhancing both time and
energy efficiency over highly dynamic environments.

5.3.2 Social Welfare and Individual Utilities
Social welfare, along with the utilities of ESs and UAVs, is
a key metric for evaluating PAST across all participants. To
this end, we conducted experiments under varying market
scales, as shown in Fig. 5, including different ES numbers (6
and 10 ESs) to assess performance under different resource
supply and demand conditions.

As shown in Figs. 5(a) and 5(d), ConSM achieves the
highest social welfare due to its exhaustive consideration
of network conditions in each transaction. However, its
significant overhead (see Fig. 4) renders it impractical for real-
world dynamic networks, particularly those with mobility-
constrained UAVs and delay-sensitive tasks. In contrast, our
PAST leverages AdaptAO to dynamically update PT agree-
ments and overbooking rates, allowing its implementation
to better track market fluctuations and align with real-time
supply and demand. This results in superior social welfare
compared to ConFM_NoA and ConFM_NoO, which rely on
static agreements. By comparison, GrdM, which prioritizes
ES profit, and RandM, which depends on random allocations,
achieve lower social welfare due to their simplistic, myopic
strategies that fail to balance utilities of UAVs and ESs.

Figs. 5(b), 5(c), 5(e), and 5(f) analyze the individual
utilities of ESs and UAVs under varying numbers of partici-
pants, illustrating how social welfare is distributed. For ESs
(Figs. 5(b) and 5(e)), ConSM maximizes utility by aligning
transactions with real-time supply and demand, but at the
cost of increased delay and decision-making overhead (see
Fig. 4). In contrast, our PAST, leveraging historical data
for PT agreements, mitigates supply-demand uncertainties
through overbooking and risk constraints, outperforming
ConFM_NoO. Its AdaptAO mechanism further enables
dynamic updates of agreements and overbooking rates,
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Fig. 5. Performance comparisons in terms of social welfare, utility of ESs, and utility of UAVs, where (a)-(c): 6 ESs and (d)-(f): 10 ESs.
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Fig. 6. Performance comparisons in terms of RoU and TRLC.

enhancing responsiveness to market fluctuations and im-
proving UAV service quality. By comparison, GrdM and
RandM, though partially effective in resource utilization,
fail to achieve satisfactory ES utility. Then, in Fig. 5(e),
PAST utility rises sharply as the number of UAVs increases,
reflecting intensified market competition that drives higher
payments and boosts ES revenue. Beyond approximately 60
UAVs, the utility curve plateaus, as payments approach the
value derived from ESs, constrained by individual rationality.

For UAV utility, Fig. 5(c) shows ConFM_NoO performs
poorly due to lack of overbooking, limiting ES access.
ConFM_NoA initially increases UAV utility by leveraging
overbooking but underutilizes ES resources under market
volatility; beyond 60 UAVs, competition raises payments,
reducing utility. Other baselines also show low UAV utility
due to competition. Fig. 5(f) indicates that ConSM and PAST
experience an early decline in UAV utility with more UAVs,
stabilizing after 60 as payments plateau under individual
rationality constraints.

5.3.3 TRLC and UoR

Futures trading requires balancing utility and risk, highlight-
ing the need for rationality and adaptability in pre-signed PT
agreements. To address this, PAST incorporates AdaptAO,
which dynamically updates PT agreements and overbooking
rates in response to market fluctuations, enabling the system
to adapt to the dynamic and uncertain nature of STD-EUNs.
To verify this, Fig. 6(a) presents the comparative analysis
of UoR. In particular, ConSM achieves the highest average
UoR due to real-time, accurate assessment of supply and
demand, enabling optimal resource utilization. PAST attains
the second-highest UoR, benefiting from overbooking and
dynamic adaptation via AdaptAO. In contrast, ConFM_NoA
and ConFM_NoO, relying on static agreements or fixed
overbooking rates, exhibit limited adaptability and lower
UoR, while RandM and GrdM perform the worst due to
simplistic, arbitrary strategies.

Fig. 6(b) shows that PAST outperforming ConFM_NoA
in TRLC, as AdaptAO captures market dynamics and
ensures timely updates to PT agreements and overbooking
rates, keeping agreements aligned with current conditions.
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Fig. 7. Individual rationality in terms of utilities.

ConFM_NoO achieves high TRLC by avoiding overbooking,
but this comes at the cost of lower social welfare (Fig. 5) and
UoR (Fig. 6(a)).

5.3.4 Individual Rationality Analysis

To verify individual rationality, we randomly selected 15
UAV tasks and 8 ESs. Fig. 7(a) shows that UAV payments
never exceed the value received from ESs, while Fig. 7(b)
demonstrates that each ES’s total service cost remains below
the payment received. These results confirm that the M2M
matching embedded in PAST ensures individual rationality
for both parties.

6 CONCLUSION AND FUTURE PERSPECTIVES

This paper presents PAST with pilot and adaptive features
over STD-EUNs. By integrating in-advance decisions PilotAO
with dynamic updates AdaptAO , PAST improves schedul-
ing efficiency, resource utilization, and cost-effectiveness.
Particularly, PilotAO ensures risk-aware, mutually beneficial
UAV-ES matches, satisfying individual rationality, strong
stability, competitive equilibrium, and weak Pareto optimal-
ity, while AdaptAO enables resilience under market volatil-
ity. Experiments show that PAST consistently outperform
benchmarks in runtime, decision-making overhead, task
completion latency, resource utilization, and social welfare.
Future work will explore integrating privacy-preserving
mechanisms for UAVs, leveraging machine learning for task
specification, such as target detection, and extending PAST
to heterogeneous multi-UAV, multi-ES networks, further
enhancing system intelligence, security, and scalability.
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APPENDIX A
NOTATION AND DEFINITION

Key notation in this paper is summarized in Table 1.

APPENDIX B
DETAILED DERIVATIONS ASSOCIATED WITH MATHE-
MATICAL MODELING

Mathematical expectation of α
(n)
i,j,m. As established in

Sec. 5.1, the selection probability of α
(n)
i,j,m is given by

Pr
(
α
(n)
i,j,m = 1

)
= a

(n)
i,j,m, and its expectation can be simply

expressed as

E

[
α
(n)
i,j,m

]
= 1×Pr

(
α
(n)
i,j,m = 1

)
+0×Pr

(
α
(n)
i,j,m = 0

)
= a

(n)
i,j,m.

(37)
Mathematical expectation of λ

(n)
i,j,m. Due to the dynamic

nature of EUNs and the adoption of overbooking, the
task d

(n)
i,m of UAV ui may be selected as a volunteer to be

abandoned. We denote λ
(n)
i,j,m as the event that d(n)i,m is chosen

by ES sj as a volunteer, which implies that it cannot be
processed at the edge (and thus should be executed locally).

To facilitate analysis, we further define M(n)
i,j ⟨h⟩ =

{M1,M2, . . . ,M|M(n)
i,j⟨h⟩|

} as the set of all possible realiza-
tions of resource demand of UAV ui, where the total demand
equals Gj − h in the practical trading process. Accordingly,
the probability that task d

(n)
i,m that is forced to give up edge

services can be expressed as

Pr
(
λ
(n)
i,j,m = 1

)
=

Gj∑
h=0

Pr

 ∑
α
(n)
i,j,m∈Mn

α
(n)
i,j,m + h > Gj

Pr(ε
(n)
i,j = h),

(38)

where ε
(n)
j ∼ P(κ

(n)
j ) with E

[
ε
(n)
j

]
= κ

(n)
j , and

Pr
(
ε
(n)
i,j = h

)
=

(κ
(n)
j )h

h!
e−κ

(n)
j , h = 0, 1, 2, . . . , Gj .

(39)
By expanding the above probability of (38), we obtain

Gj∑
h=0

Pr

 ∑
α

(n)
i,j,m∈Mn

α
(n)
i,j,m + h > Gj


=

Gj∑
h=0

h−1∑
h′=0

Pr

 ∑
α

(n)
i,j,m∈Mn

α
(n)
i,j,m = Gj − h

′


=

Gj∑
h=0

h−1∑
h′=0

∑
Mn∈M(n)

i,j⟨h′⟩

∏
α

(n)
i,j,m∈Mn

E[α
(n)
i,j,m].

(40)

Therefore, by combining (39) and (40), we have the
expectation of λ(n)

i,j,m as

E

[
λ
(n)
i,j,m

]
= 1 · Pr

(
λ
(n)
i,j,m = 1

)
+ 0 · Pr

(
λ
(n)
i,j,m = 0

)
= Pr

(
λ
(n)
i,j,m = 1

)
=

Gj∑
h=0

h−1∑
h′=0

∑
Mn∈M(n)

i,j⟨h′⟩

∏
α

(n)
i,j,m∈Mn

E[α
(n)
i,j,m]

(κ
(n)
j )h

h!
e−κ

(n)
j .

(41)

Mathematical expectation of v(n)i,j,m. Based on (10)–(15), the
mathematical expectation of v(n)i,j,m can be formulated as (42).
Since g

(n)
i,j is a random variable, we employ a second-order

Taylor expansion to obtain the key component lies in the

expectation term E

[
B

(n)
i,j log2

(
1 +

g
(n)
i,je

(n)
i

(σ
(n)
i,j )

2

)]
as (43), where

Var
(
g
(n)
i,j

)
= E

[
(g

(n)
i,j )

2
]
−
(
E[g

(n)
i,j ]
)2

.

We then compute E[g
(n)
i,j ]. Referring to (7)–(9), only

TABLE 1
Key notation

Notation Definition
U ,S Set of UAVs and ESs
BTU, STU Broader Trading Unit, Small Trading Unit
D

(n)
i , d(n)i,m Task set of UAV ui at STU n, m-th task in D

(n)
i

r
(n)
i,m, fi, fE

j Required CPU cycles of d(n)i,m, computing capability of UAV ui, ES sj

etrani , eloci , eEj Transmission power, local computing power of UAV ui; computing power of ES sj

Gj , ε(n)
j Total resources of ES sj ; inherent local demand of ES sj in STU n (Poisson distributed)

l
uav,(n)
i , lESj 3D coordinates of UAV ui and ES sj at STU n

T (n)
i,j Set of tasks offloaded from UAV ui to ES sj at STU n

p
(n)
i,j,m, qU, qE Payment from UAV ui to ES sj for task d

(n)
i,m; penalty/compensation parameters in PT agreements

α
(n)
i,j,m Indicator variable, equals 1 if task d

(n)
i,m of UAV ui is successfully served by ES sj in STU n, and 0 otherwise

λ
(n)
i,j,m Indicator variable, equals 1 if task d

(n)
i,m of UAV ui is designated as a volunteer by ES sj in STU n, and 0 otherwise

g
(n)
i,j , R(n)

i,j Channel gain and achievable transmission rate between UAV ui and ES sj

T
trans,(n)
i,j,m , T edge,(n)

i,j,m Transmission delay and total edge computing delay experienced by UAV ui for task d
(n)
i,m offloaded to ES sj in STU n

T
save,(n)
i,j,m , csave,(n)i,j,m Saved delay and energy or task d

(n)
i,m offloaded to ES sj in STU n

US(·), UU(·) Utility of ES sj and UAV ui in STU n

RS
1, RS

2, RU Risks: ES unsatisfactory utility, ES overbooking, UAV unsatisfactory utility
ϕ(n)(ui), ϕ(n)(sj) The set of ESs assigned to UAV ui, and the set of UAVs serviced by ES sj in STU n
τ , ρ1, ρ2, ρ3 Overbooking rate; risk thresholds for UAVs and ESs
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E[v
(n)
i,j,m] = ω4

r
(n)
i,m

fi
−

r
(n)
i,m

fE
j

−
r
(n)
i,md′

E

[
B

(n)
i,j log2

(
1 +

g
(n)
i,je

(n)
i

(σ
(n)
i,j )

2

)]
+ ω5

r
(n)
i,m

fi
eUi −

r
(n)
i,md′

E

[
B

(n)
i,j log2

(
1 +

g
(n)
i,je

(n)
i

(σ
(n)
i,j )

2

)]etrani

 . (42)

E

[
B

(n)
i,j log2

(
1 +

g
(n)
i,j e

(n)
i

(σ
(n)
i,j )

2

)]
≈ B

(n)
i,j

log2
(
1 +

E[g
(n)
i,j ] e

(n)
i

(σ
(n)
i,j )

2

)
− 1

2 ln 2
·

(
e
(n)
i

(σ
(n)
i,j )

2

)2

Var
(
g
(n)
i,j

)
(
1 +

E[g
(n)
i,j ] e

(n)
i

(σ
(n)
i,j )

2

)2

 , (43)

the UAV position variables (x
uav,(n)
i , y

uav,(n)
i , Huav,(n))

are random, while the ES-related parameters
(xES

j , yESj , HES
0 , ω2, ω3, g0, ζ) are constants. Applying a

second-order expansion, we have

E[g
(n)
i,j ] ≈ g(µ) + 1

2 tr
(
Hg(µ)Σ

)
, (44)

where Hg is the Hessian of g with respect to u, and

u =

x
uav,(n)
i

y
uav,(n)
i

Huav,(n)

 , µ =

µx

µy

µH

 , Σ = Cov(u). (45)

Here, tr(·) denotes the trace of a matrix, i.e., the sum of
its diagonal elements, and Cov(·) represents the covariance
matrix of a random vector.

To obtain Hg , we derive the Hessians step by step.
For brevity, we introduce the following notation: ∆x =

x
uav,(n)
i −xES

j ,∆y = y
uav,(n)
i −yESj ,∆H = Huav,(n)−HES

0 , ρ =√
∆2

x +∆2
y, r

2 = ∆2
H +∆2

x +∆2
y.

First, we calculate the gradient and Hessian of r−2:

∇(r−2) = − 2
r4 [∆x,∆y,∆H ]⊤, (46)

Hr−2 =
2

r4
I3 −

8

r6

 ∆2
x ∆x∆y ∆x∆H

∆x∆y ∆2
y ∆y∆H

∆x∆H ∆y∆H ∆2
H

 . (47)

Next, we derive the partial derivatives of β
(n)
i,j =

arctan(∆H/ρ), followed by those of ϵ(n)i,j , and finally combine
them to obtain the gradient and Hessian of g(n)i,j :

∇g = A∇(r−2) +
(g0 − ζ)

r2
∇ϵ, (48)

Hg = AHr−2+(g0−ζ)
[
∇(r−2)∇ϵ⊤+∇ϵ∇(r−2)⊤+ 1

r2Hϵ

]
,

(49)
where A = ζ + (g0 − ζ)ϵ. Finally, evaluating at the mean
UAV position (µx, µy, µH) yields

E[g
(n)
i,j ] ≈ g(µx, µy, µH) + 1

2 tr
(
Hg(µx, µy, µH)Σ

)
, (50)

which incorporates the curvature effects due to the uncer-
tainty of UAV positions.

Derivation related to (4). E
[
α
(n)
i,j,m

]
and E

[
λ
(n)
i,j,m

]
of (4) are

given in (37) and (41), respectively.

Derivation related to (17). E
[
α
(n)
i,j,m

]
, E

[
λ
(n)
i,j,m

]
, and

E
[
v
(n)
i,j,m

]
of (17) are given in (37), (41) and (42), respectively.

Derivation related to (22c). Constraint (22c) is also a
probabilistic expression, making its close form intractable. To
tackle this, we define the auxiliary variable

ÛU(ui, φ
(n)(ui),C

(n)
i,j ) = U (n)

max−UU(ui, φ
(n)(ui),C

(n)
i,j ), (51)

where U
(n)
max represents the maximum value of

UU(ui, φ
(n)(ui),C

(n)
i,j ). Then, (22c) can be rewritten as

RU(ui, φ
(n)(ui),C

(n)
i,j ) = Pr

(
UU(ui, φ

(n)(ui),C
(n)
i,j ) < U

(n)
min

)
= Pr

(
ÛU(ui, φ

(n)(ui),C
(n)
i,j ) ≥ U (n)

max − U
(n)
min

)
≤ ρ1. (52)

To obtain a tractable form of (52), we use the Markov
inequality, which gives

Pr
(
ÛU(ui, φ

(n)(ui),C
(n)
i,j ) ≥ U (n)

max − U
(n)
min

)
≤

E
[
ÛU(ui, φ

(n)(ui),C
(n)
i,j )
]

U
(n)
max − U

(n)
min

=
U

(n)
max − E

[
UU(ui, φ

(n)(ui),C
(n)
i,j )
]

U
(n)
max − U

(n)
min

.

(53)

Combining (52) and (53), we obtain a tractable constraint for
(22c):

U
(n)
max − E

[
UU(ui, φ

(n)(ui),C
(n)
i,j )
]

U
(n)
max − U

(n)
min

≤ ρ1. (54)

Derivation related to (23d). Constraint (23d) is a probabilistic
constraint. Define the auxiliary variable

ÛS(sj , ui,C
(n)
i,j ) = US

max − US(sj , ui,C
(n)
i,j ), (55)

where US
max denotes the maximum value of US(sj , ui,C

(n)
i,j )

and US
min ≜ umin is the minimum acceptable utility. Then,

(23d) can be rewritten as

RS
1(sj , ui,C

(n)
i,j )

= Pr
(
US(sj , ui,C

(n)
i,j ) < US

min

)
= Pr

(
ÛS(sj , ui,C

(n)
i,j ) ≥ US

max − US
min

)
≤ ρ2.

(56)
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By Markov inequality,

Pr
(
ÛS(sj , ui,C

(n)
i,j ) ≥ US

max − US
min

)
≤

E
[
ÛS(sj , ui,C

(n)
i,j )
]

US
max − US

min

=
US
max − E

[
US(sj , ui,C

(n)
i,j )
]

US
max − US

min

.

(57)

By combining (56) and (57), a tractable form of (23d) can
be obtained:

US
max − E

[
US(sj , ui,C

(n)
i,j )
]

US
max − US

min

≤ ρ2, ∀ui ∈ φ(n)(sj). (58)

Derivation related to (23e).

RS
2(sj , φ

(n)(sj),C(n)
i,j ) = Pr

 ∑
ui∈φ(n)(sj)

|T (n)
i,j |+ ε

(n)
j ≥ Gj

 ≤ ρ3.

(59)
To obtain a tractable form for (59), we use the Markov
inequality, which gives

RS
2(sj , φ

(n)(sj),C(n)
i,j )

=

∑
ui∈φ(n)(sj)

|T (n)
i,j |+E[ε

(n)
j ]

Gj
≤ ρ3,

(60)

where ε
(n)
j ∼ P(κ

(n)
j ), we have E

[
ε
(n)
j

]
= κ

(n)
j .

APPENDIX C
PROPERTY ANALYSIS ON PILOTAO
We next examine the convergence property of PilotAO.

Lemma 1. (Convergence of PilotAO) Alg. 1 converges within a
finite number of rounds.

Proof. Alg. 1 builds upon the Gale–Shapley procedure, refor-
mulating the resource trading process into a 0–1 knapsack
problem. During each iteration, the payment proposed by
a UAV is either accepted by its candidate ESs or, if not,
the associated expected utility falls below the tolerable risk
threshold. Consequently, after a finite number of iterations,
no further updates to payments occur, thereby guaranteeing
convergence. ■

Lemma 2. (Individual rationality of PilotAO) Our proposed
M2M matching in PilotAO satisfies the individual rationality of
all UAVs and ESs.

Proof. We prove the individual rationality for UAVs and ESs
separately as follows.
(i) Individual rationality of UAVs. For each UAV ui ∈ U ,
constraint (22b) guarantees that the expected valuation
obtained from ES sj can cover the corresponding payment
p
(n)
i,j,m. Moreover, constraint (22c) ensures that the probability

of receiving an undesired utility can be bounded by a toler-
able threshold ρ1. Collectively, these constraints guarantee
that a UAV engages in PT agreements only when its expected
utility remains non-negative under acceptable risk, thereby
ensuring its individual rationality.
(ii) Individual rationality of ESs. For each ES sj ∈ S,
constraint (23b) ensures that the payment collected from

UAVs stays above the service cost c(n)i,j,m, preventing negative
revenue. In addition, constraints (23d) and (23e) bound the
probability of obtaining undesired utility and the proba-
bility of overbooking-induced violations within acceptable
thresholds ρ2 and ρ3, respectively. Consequently, an ES will
only establish PT agreements when its expected utility is
non-negative and all the risks are properly controlled.

Since both UAVs and ESs are ensured to achieve non-
negative expected utilities under bounded risks, the pro-
posed M2M matching in PilotAO satisfies the property of
individual rationality. ■

Lemma 3. (Fairness of PilotAO) The proposed matching of
PilotAO guarantees fairness.

Proof. According to Definition 4, fairness is achieved if no
Type 1 blocking coalition exists. We prove this lemma by
contradiction.

Assume that under a given matching φ, an ES sj and
a UAV set U form a Type 1 blocking coalition (sj ;U), as
characterized by conditions (19) and (20). If sj does not sign
a PT agreement with UAV ui, then the payment of ui in the
last round can only be equal to its service cost, expressed as

p
(n)
i,j,m = ci,j,m. (61)

US
(
ui, {φ(n)(ui)\φ(n)′(ui)} ∪ {ui}

)
< US

(
ui, φ

(n)(ui)
)
.

(62)
If sj subsequently selects ui, then p

(n),∗
i,j,m ≥ p

(n)
i,j,m = ci,j,m,

and we obtain (63):

US
(
ui, {φ(n)(ui)\φ(n)′(ui)} ∪ {ui}

)
≥ US

(
ui, {φ(n)(ui)\φ(n)′′(ui)} ∪ {ui}

)
,

(63)

where φ(n)′′(ui) ⊆ φ(n)′(ui). From (62) and (63), we further
obtain

US
(
ui, φ

(n)(ui)
)
> US

(
ui, {φ(n)(ui)\φ(n)′′(ui)} ∪ {ui}

)
,

(64)
which contradicts condition (20).

Therefore, no Type 1 blocking coalition can exist, and our
proposed PilotAO guarantees fairness. ■

Lemma 4. (Non-wastefulness of PilotAO) The matching produced
by PilotAO satisfies the property of non-wastefulness.

Proof. We prove this lemma by contradiction. Suppose that
under a given matching φ(n), an ES sj and a UAV set U
form a Type 2 blocking coalition (ui;U), as characterized by
conditions (21) and (22).

If sj rejects UAV ui, then the payment asked by ui in
the last round must satisfy p

(n)
i,j,m = ci,j,m. The only possible

reason for such a rejection is that the total payment of ui

would exceed the limited resource Gj of ES sj . However,
the coexistence of conditions (20) and (21) indicates that sj
actually has sufficient resources to serve ui and the UAVs in
U . This contradicts the assumption that sj rejected ui due
to resource limitations. Therefore, no such Type 2 blocking
coalition can exist, and the matching produced by PilotAO
in the futures market is non-wasteful. ■

Theorem 1. (Strong stability of PilotAO) PilotAO is strongly
stable.
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Proof. Since the matching result of Alg. 1 holds Lemma
2, Lemma 3, and Lemma 4, according to Definition 6, the
matching designed in our PilotAO is strongly stable. ■

Theorem 2. (Competitive equilibrium of service trading in
PilotAO) The service trading between UAVs and ESs in PilotAO
reaches a competitive equilibrium.

Proof. We verify that the three conditions introduced in
Definition 7 hold in the UAV–ES trading framework.

First, condition (i) requires that the payment of each UAV
does not exceed its expected valuation. This is satisfied since
we impose p

(n)
i,j,m ≤ E[vi,j,m], ensuring that the expected

value of the task always covers the asked payment (constraint
(22b)). Second, condition (ii) requires that each ES maximizes
its expected utility. This condition is satisfied because, when
an ES sj establishes a PT agreement, it selects UAVs via the
greedy-based procedure (line 13 of Alg. 1), which guarantees
that sj achieves the maximum attainable expected utility
given its resource constraint. Furthermore, condition (iii)
stipulates that no ES with residual resources should be
able to increase its utility by serving additional UAVs. This
requirement also holds: if sj is not matched with any further
UAV ui ∈ U , the remaining resources cannot be profitably
reallocated without violating the feasibility conditions, as
established in the proof of Lemma 4.

Since all three conditions of Definition 7 are satisfied, the
proposed UAV–ES trading in PilotAO reaches a competitive
equilibrium. ■

Theorem 3. (Weak Pareto optimality of service trading in
PilotAO) The proposed PilotAO ensures weak Pareto optimality in
the service trading between UAVs and ESs.

Proof. In PilotAO, each UAV determines its strategy based
on a preference list, which is constructed to maximize its
expected utility. Similarly, each ES sj evaluates UAVs and
prefers those that provide higher expected utility. If a UAV
ui could yield higher utility than the current matching,
then ui and sj would preferably form a new pair, thereby
creating a blocking coalition. However, Theorem 1 guarantees
that PilotAO produces a stable matching, where no such
blocking pairs exist. Consequently, no feasible reallocation
can improve the utility of one participant without reducing
the utility of another. Therefore, the service trading outcome
under PilotAO is weakly Pareto optimal. ■
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