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UAV-Assisted Task Offloading in Vehicular
Edge Computing Networks
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Abstract—Vehicular edge computing (VEC) provides an effec-
tive task offloading paradigm by pushing cloud resources to the
vehicular network edges, e.g., road side units (RSUs). However,
overloaded RSUs are likely to occur especially in urban aggre-
gation areas, possibly leading to greatly compromised offloading
performance. Inspired by this, this article explores this situation
by introducing an unmanned aerial vehicle (UAV) to address the
VEC overload problem. Specifically, we formulate a novel online
UAV-assisted vehicular task offloading problem to minimize ve-
hicular task delay under the long-term UAV energy constraint.
To solve the formulated problem, we first decouple the long-term
energy constraint based on the Lyapunov optimization technique.
In this way, the problem can be solved in a real-time manner
without requiring future information. Then, we construct a Markov
chain based on Markov approximation optimization to find out the
close-to-optimal UAV-assisted offloading strategies. Furthermore,
we derive a mathematical analysis to rigorously demonstrate the
offloading performance of the proposed algorithm. Additionally,
the simulation results show that the proposed method outperforms
the baselines by significantly reducing the vehicular task delay
constrained by the long-term UAV energy budget under various
system parameters, such as the energy budget and computation
workloads.

Index Terms—Lyapunov optimization, Markov approximation,
UAV-assisted task offloading.

I. INTRODUCTION

W ITH the rapid advancement of mobile computation and
sensor technologies, internet of vehicles (IoV) has been
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a promising paradigm for the future 6G era [1]. It has the
potential of spurring the proliferation of many emerging ve-
hicular applications, such as mobile augmented reality and
autonomous driving. To support computing-hungry and delay-
sensitive applications, vehicles equipped with various advanced
onboard sensors will be a requirement to run sophisticated
software and algorithms, e.g., real-time trajectory tracking, nav-
igation positioning, and environmental recognition. The pro-
cessing consumes tremendous vehicular computation resources
and battery power. Although the computing capabilities of
vehicles are more substantial than those of portable mobile
devices, computing-hungry applications still pose significant
challenges for onboard vehicular processing. For example, a
mobile augmented reality application demands 40 billion com-
putation cycles and completion within 10 milliseconds, while lo-
cal on-board processing produces several hundred milliseconds.
Even for companies like NVidia developing vehicle’s onboard
units with high computation capabilities, the post-production
upgrades are still generally not profitable [2]. Furthermore,
on-board processing affects the vehicular driving range. For
instance, a modern electric vehicle with a 2 kW computing
system can cause a 25% reduction in the driving range during
rush hour [3].

To address the above issues, vehicular edge computing (VEC)
has been extensively studied [4], [5], [6], [7], [8], [9]. In VEC
networks, vehicles can offload the computing-hungry applica-
tions to vehicular edge servers (e.g., road side units (RSUs)) for
execution to achieve reduced processing delay and lower energy
consumption. We present a typical example of autonomous driv-
ing as follows. For an autonomous vehicle driving on the street,
many real-time driving tasks with heavy computation workloads
need to be executed, such as the video recognition task for the
detection of surrounding traffic conditions and the online path
planning task for intelligent driving decision-making. However,
due to the complex traffic environment and limited vehicular
computing ability, the on-board processing causes prolonged
response time, leading to low driving efficiency, and may even
cause autonomous driving accidents [10]. To cope with this
dilemma, VEC is introduced to guarantee the response delay
by allowing autonomous vehicles to offload real-time tasks
(e.g., sensor data fusion and perception analysis) to the RSUs,
thereby realizing a more efficient task processing and reliable
autonomous driving [11].

Unfortunately, RSUs perform poorly when they are located
in urban aggregation areas [12]. More explicitly, a presence in
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Fig. 1. Computation workload distribution in Futian district, Shenzhen.
(a) 9:00. (b) 15:00. RSUs located in areas with dark red reflect that the RSUs
are highly overloaded.

an urban aggregation areas indicates that, the vehicle density is
likely large, and excessive computation requests could be initi-
ated [13]. Accordingly, the RSUs with constrained computing
capabilities in these areas are unable to handle the computation
requests that may come from a number of computing-hungry
vehicular tasks. Taking a real-world example of IoV trajectory
dataset in Shenzhen city [12], [14], these trajectories reflect the
vehicular movements in the VEC networks. On this basis, we can
obtain the number of vehicles within the selected areas during
the period. For a selected area in VEC networks, its computation
workloads are determined by both the vehicular numbers and the
task arrivals. By combining the vehicular trajectories with the
vehicular task arrivals, we can obtain the computation workloads
of the selected area. Guided by this, we visualize the distribution
of the vehicle computation workloads as illustrated in Fig. 1.
The dark red denotes the urban aggregation area, in which VEC
overload [15], [16] occurs, namely, large computation work-
loads exceed the computing capabilities of the RSUs. Under
these circumstances, the RSUs have to alleviate the excessive
computation workloads from vehicles through queuing, post-
poning or even refusing, which inevitably degrades the quality
of service (QoS).

We observe that the computation workloads of RSUs follow
the first law of geography [12], [17]. To be exact, as shown
in Fig. 1, the RSUs located in the center of the hot zone (i.e.,
the aggregated area) have the largest vehicular task computation
workloads and are likely overloaded [13], and their neighboring
RSUs have large workloads since they are a short distance from
the center. The cooperation method [18], [19] may provide a
solution in which the overloaded RSUs ask for help from their
neighbors with abundant computing resources. However, this
solution suffers from a degraded task offloading performance in
exploiting the collaborative computing resources. Alternatively,
the RSUs need to cross several different RSUs to receive coop-
eration, which creates additional communication costs between
the RSUs and a series of other issues, including path selection,
service continuity, and trust risk [15], [20].

Furthermore, it is noted that due to the time-varying char-
acteristics of the aggregation effect [12], the locations of the
overloaded RSUs change over time, depending on their serving
of the vehicle density and the vehicular task arrivals. To address
these issues, existing works [21], [22] explore the opportunity
by introducing an external assistant to solve the VEC overload
problem, such as a cloud server. In a cloud-assisted scenario,

the excessive computation workloads can be further offloaded
from the RSUs to the remote cloud server. Nevertheless, cloud
computing incurs large transmission delay due to the long
communication distance between the RSUs and the cloud server.
In addition, a vast amount of data transmission will impose a
great burden on the already-congested core network. Motivated
by the limitations of the existing methods as well as the charac-
teristics of vehicular computation workloads, a more agile and
efficient approach needs to be proposed.

In this article, we introduce an unmanned aerial vehicle (UAV)
to liberate the overloaded RSUs from the heavy computation
workloads. Note that if the overloaded RSUs in the hot zone
center can be offered an offloading service by the UAV, the
computing pressure in this area will be significantly reduced. To
that end, we strive to develop a novel vehicular task offloading
scheme with the inclusion of UAV-assisted edge computing. In
particular, a UAV equipped with edge servers enables edge com-
puting, thus providing an offloading service for the overloaded
terrestrial RSUs [23]. The common line-of-sight (LoS) com-
munications between the UAV and terrestrial RSUs desirably
empower effective air-land connectivity, which will not impact
the original network environment but can also achieve low delay.
Furthermore, thanks to its high mobility and agility, a UAV can
adapt its location in response to the varying computation work-
loads among the RSUs, thereby offering an effective offloading
service.

Despite the existing UAV-assisted offloading efforts in the
literature [24], [25], [26], [27], [28], few works propose a
specific UAV-assisted VEC framework for vehicular task of-
floading, where the two main challenges are faced. (i) The
long-term UAV’s energy constraint. The performance of a UAV
is mainly restricted by its available energy since its behavior
has to conform to an energy budget for a long time. If a UAV
currently consumes too much energy, the available energy for the
following time slots will be reduced. As a result, the long-term
UAV-assisted task offloading performance would be greatly
degraded. (ii) Intractable UAV-assisted offloading decisions. It
is challenging to determine the optimal UAV-assisted offloading
decisions in VEC networks. Specifically, the overloaded RSUs
act as UAV-assisted candidates, while the candidates change
across time slots due to the varying task computation workloads.
In addition, even though the abovementioned long-term con-
straint problem can be solved, the time-coupling characteristic
remains and complicates UAV-assisted offloading.

To address the abovementioned challenges, this article studies
UAV-assisted vehicular task offloading in VEC networks, where
we aim to minimize the vehicular task delay under the long-term
energy constraint of the UAV. The contributions of this article
are summarized as follows.
� We study the UAV-assisted vehicular task offloading prob-

lem in VEC networks. To address the long-term UAV’s
energy constraint, we develop an online method to trans-
fer the long-term energy constraint to a real-time solv-
able constraint by constructing an energy deficit queue
based on the Lyapunov optimization technique (detailed in
Section V-A). Moreover, we prove that the method achieves
close-to-optimal performance compared with the optimal
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method with all of the future information (e.g., vehicular
task arrivals) while bounding the violation of the UAV’s
energy consumption constraints.

� We leverage the Markov approximation optimization tech-
nique to solve the intractable UAV-assisted task offloading
problem (detailed in Section V-B). To that end, we intro-
duce the task offloading probability distribution and convex
log-sum-exp function to transform the vehicular task delay
minimization problem into a Markov approximation opti-
mization problem, where a Markov chain is constructed to
achieve effective UAV-assisted task offloading.

� We conduct extensive simulations and the results validate
the effectiveness of our proposed methods under various
system parameters, such as the energy budget, deficit
queue, and computation workloads, in terms of the vehicu-
lar task delay and the long-term UAV energy consumption.

The remainder of the paper is organized as follows. Section II
presents the related works, followed by the system models
and a problem formulation in Sections III and IV. Section V
presents the online UAV-assisted task offloading. In Section VI,
we present the performance evaluations. Finally, we conclude
this article in Section VII.

II. RELATED WORKS

In this section, we review the related works on task offloading
in VEC networks, existing solutions for VEC overload, and
UAV-assisted task offloading.

A. Task Offloading in VEC Networks

By pushing cloud resources to the vehicular network edges,
VEC enables the delivery of offloading services for computing-
hungry vehicular tasks. On this basis, previous studies have
investigated task offloading in VEC environments[4], [5], [6],
[16], [29], [30], [31], [32]. The authors in [4] investigate partial
computation offloading and adaptive task scheduling, with the
goal of achieving the optimal transmission scheduling discipline
and offloading ratio. The authors in [5] design a priority-based
resource allocation scheme in the VEC system under bursty
task arrivals. The authors in [6] perform self-learning based
distributed computation offloading to make computation of-
floading decisions for IoV, without requiring the assistance of
any centralized controller. The authors in [16] propose a novel
vehicle-mounted edge mechanism to maximize the completed
tasks through comprehensive consideration of path planning and
resource allocation. The authors in [29] present a two-layer cloud
and RSU offloading architecture, aiming at maximizing the
task completion ratio with strict delay constraints. The authors
in [30] design a learning-based offloading scheme, enabling
neighboring vehicles to learn the offloading delay performance
in a vehicular edge computing system. In this way, the minimal
average task offloading delay can be achieved. The authors
in [31] investigate a cooperative task offloading scheme by
jointly considering the task migration and heterogeneous com-
puting capabilities, aiming at minimizing the service delay. The
authors in [32] propose an offloading algorithm based on deep

reinforcement learning, with the goal of maximizing the QoE
for vehicle users.

Although these works attain satisfactory performance un-
der the corresponding scenarios, they neglect the fact that a
vehicular edge server has limited computation resources. Once
the requested computation workloads exceed the computing
capabilities of the vehicular edge server (i.e., VEC overload),
the QoS of the vehicular tasks will greatly deteriorate and the
expected performance cannot be guaranteed.

B. Existing Solutions to VEC Overload

To resolve VEC overload, there are two main existing so-
lutions. The solutions take the VEC resource constraints into
consideration in task offloading to avoid suboptimal offloading
strategies and unpredictable degraded offloading performance.
One solution is cloud-assisted task offloading [33], where the
cloud serves as a backup server for processing the task compu-
tation workloads from vehicular edge servers. Although a cloud
has powerful computing capabilities, cloud-assisted offloading
inevitably incurs large task transmission delay due to the pro-
longed network distance between the vehicular edges and the
cloud. The other solution is VEC cooperation [18], [20], [34],
[35], which involves one-hop and multihop cooperation. The
authors in [18], [34] consider one-hop VEC cooperation, namely,
the excessive workloads can be offloaded to a nearby vehicular
edge server with redundant computing resources. Constrained
by the limited cooperative coverage, the approach may cause
compromised performance in exploiting collaborative comput-
ing resources, especially for the aggregated areas of a city. For
that reason, several works involving [15], [20] focus on multihop
VEC cooperation, where tasks can be further offloaded from
the current vehicular edge servers to several vehicular edge
servers across multiple edge nodes. Unfortunately, the multihop
cooperation inherently attracts extra communication cost and
incurs service continuity and trust risk problems. Since the
existing solutions are incapable of effectively addressing the
VEC overload, other methods need to be proposed.

C. UAV-Assisted Task Offloading

Recently, UAV-assisted task offloading has attracted increas-
ing attention [24], [25], [26], [26], [35], [36], [37], [38], where
UAVs enable the delivery of offloading services for computing-
hungry tasks. For instance, the authors in [24] study that the
UAV provides offloading services for IoT mobile devices, aim-
ing at minimizing the entire energy consumption of the end
devices. The authors in [25] propose a computation rate max-
imization problem in the UAV-enabled MEC system, where
the UAV provides offloading services for mobile users. The
authors in [26] develop a UAV-assisted relaying and edge com-
puting framework, where a UAV acts as a computing node for
task offloading or a relay for further offloading. The authors
in [35] optimize the UAV energy and task processing rate under
long-term data queue stability in a UAV-enabled MEC system,
without requiring future knowledge of the task data and energy
arrivals. The authors in [36] jointly consider service placement,
UAV movement trajectory, task scheduling, and computation
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Fig. 2. System model. Vehicles offload their computing-hungry tasks to RSUs
to achieve small task delay. When the RSUs are overloaded, the UAV will select
an overloaded RSU to deliver offloading services.

resource allocation for UAV-enabled mobile edge computing,
aiming to minimize the overall energy consumption of mobile
users under task latency and resource constraints. The authors
in [37] investigate the optimal trajectory and CPU frequency
under a UAV-assisted edge computing framework to minimize
the UAV’s energy consumption. The authors in [38] consider the
cooperation of the edge computing stations and UAVs, where
the edge computing stations provide computation resources
for the UAVs and the UAVs process the offloaded tasks from
mobile users with the allocated computation resources. Through
cooperation, satisfactory quality of services can be realized.

Clearly, the aforementioned works concentrate either on a
UAV-enabled system, where a UAV provides offloading service
to end-users directly [24], [25], [35], [36], [37], or a UAV
relay system by introducing a UAV to act as a relay for mobile
users [26], [38]. To achieve these goals, the accurate location
information of mobile users is required for UAV-assisted task
offloading approaches, while the exact information is difficult
to predict or obtain in real-world VEC scenarios. Furthermore,
once the UAV flies away without the tasks being completed, the
task offloading performance will inevitably be greatly degraded.
Different from these works, we consider a UAV-assisted offload-
ing scenario, where the UAV assists the overloaded RSUs rather
than serving the end vehicles directly or acting as a relay. In
this way, changing location information of the mobile vehicles
is not required for the UAV. Moreover, when the UAV leaves
for another aggregation area, the related vehicular tasks in the
former aggregation area can be processed by the RSUs.

III. SYSTEM MODELS

Fig. 2 illustrates an edge computing ecosystem in the VEC
networks. The operational timeline in our system is discretized
into time slots (0, . . . , t . . . , T − 1) with duration Δ. The VEC
system consists of three layers, the vehicle layer, the RSU layer,
and the UAV layer. Vehicle v ∈ V generates computing-hungry
tasks and offloads the tasks to RSU m ∈ M via vehicle-to-
infrastructure (V2I) communication links. When the compu-
tation workloads exceed the RSU’s computing capacity, VEC
overload occurs. To handle this problem, a UAV equipped with
edge servers is introduced to deal with the excessive computation

TABLE I
MAIN NOTATIONS

workloads from the overloaded terrestrial RSUs. Similar to most
existing studies, such as [36], [37], we assume that UAV u flies
at a fixed altitude H and its position at time slot t is denoted as
(xtu, y

t
u, H). The main notations are illustrated in Table I.

A. System Characteristics

The UAV-assisted VEC system is unique regarding the fol-
lowing characteristics.
� First, this system emphasizes delay-sensitive and

computing-hungry vehicular task offloading. Specifically,
these vehicular tasks must be completed within strict
deadlines (delay-sensitive), and processing these tasks
inevitably consumes a large amount of computing
resources (computing-hungry). As a result, a vehicle with
limited computing resources is incapable of processing
the tasks in time, and hence, it is critical to offload these
tasks to the RSUs to achieve small task delay.

� Second, this system pays particular attention to the effect of
the computation workloads. The computation workloads
change across time slots, initiated from dynamic vehicle
density and different vehicular task arrivals. When an RSU
has excessive computation workloads, the vehicular tasks
may be queued, postponed, or even refused. Consequently,
liberating an RSU from heavy computation workloads is
important for satisfactory QoS.

� Third, the UAV acts as an aerial edge server to provide
offloading service for overloaded terrestrial RSUs in the
system. Once the UAV provides offloading service for the
overloaded RSU in the hot zone, the computing pressure
in this area will be greatly relieved. In addition, unlike
conventional backup servers (e.g., clouds), the UAV is near
the overloaded RSUs, and its location can be adjusted to
follow the changing computation workloads.
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B. Vehicular Task Offloading Model

Task arrivals are assumed to be a Poisson process [18]. We
use λt

v (in task number per time slot) to denote the task arrival
rate of vehicle v at time slot t. Without loss of generality, we
assume that the expected computation workloads and data size
for one task could be performed as c (in required CPU cycles
per task) and d (in date bits per task). Correspondingly, λt

vc and
λt
vd are the task computation workloads and data bits of vehicle
v at time slot t, respectively.

When implementing vehicular task offloading, the vehicular
tasks are transmitted to the RSUs using orthogonal frequency
division multiple access (OFDMA) scheme. On this basis, each
RSU’s bandwidth resources are divided into multiple orthogonal
subchannels and each subchannel can be allocated to at most
one vehicle. Thus, we ignore the intra-cell interference among
vehicles and consider inter-cell interference. Denote Υt

m,v as
the inter-cell interference when RSU m assigns a subchannel to
vehicle v for task transmission at time slot t.

Υt
m,v =

∑
i∈M\{m}

∑
j∈V\Vt

m

P t
i,jH

t
i,j , (1)

where i ∈ M\{m} and j ∈ V\Vt
m denote the RSU set except

RSU m and the vehicle set other than vehicles within the radio
coverage of RSU m, respectively. P t

i,j and Ht
i,j represent the

transmission power and channel gain when vehicular tasks are
offloaded from RSU i to vehicle j at time slot t. Thus, the
transmission rate (in Mbits per second) between RSU m and
vehicle v at time slot t is expressed as:

rtm,v = Bt
m,vlog2(1 +

Ht
m,vP

t
m,v

(σt
m,v)

2 +Υt
m,v

),m ∈ M, t ∈ T ,

(2)
where Bt

m,v, Ht
m,v , P t

m,v, and σt
m,v represent the channel

bandwidth, channel gain, transmission power, and noise power
between vehicle v and RSUm at time slot t, respectively. Hence,
the transmission delay from the vehicles to RSU m at time slot
t can be expressed as:

Tm,t
trans =

∑
v∈Vt

m

λt
vd

rtm,v

,m ∈ M, t ∈ T , (3)

where Vt
m represents the vehicle set within the V2I communi-

cation coverage of RSU m at time slot t.
After vehicular task offloading, we ascertain that the total

task arrival rate of RSU m at time slot t is
∑

v∈Vt
m

λt
v. Corre-

spondingly,
∑

v∈Vt
m

λt
vc and

∑
v∈Vt

m
λt
vd denote the computa-

tion workloads and data bits of RSUm at time slot t, respectively.
Constrained by the limited computing resources of the RSUs,
VEC overload occurs (those RSUs are marked in red in Fig. 2)
when the computation workloads exceed the RSU’s computing
capacity. Denote Kt as the set of overloaded RSUs at time slot t
(Kt ≤M ). The location of overloaded RSU k is assumed to be
constant with altitudes of H0 on the ground, and its horizontal
coordinates are expressed as lk = (xk, yk), k ∈ Kt.

C. UAV-Assisted Offloading Model

To solve the VEC overload problem, we introduce a UAV
to deal with the excessive computation workloads from the

overloaded RSUs. The UAV provides an offloading service for
a single overloaded RSU k ∈ Kt per time slot. We denote
stk ∈ {0, 1} as the UAV offloading decision. When stk = 1, the
UAV provides an offloading service for the overloaded RSU k
at time slot t; if stk = 0, RSU k is not selected at time slot t. Let
ctk (in required CPU cycles per time slot) and dtk (in data bits
per time slot) represent the task computation workloads and the
data size that offload from overloaded RSU k to the UAV at time
slot t, respectively. Since the offloaded tasks cannot exceed the
overall tasks of the RSU, the following constraints need to be
satisfied.

ctk ≤
∑
v∈Vt

m

λt
vc, k ∈ Kt, t ∈ T , (4)

dtk ≤
∑
v∈Vt

m

λt
vd, k ∈ Kt, t ∈ T . (5)

Then, the vehicular tasks will be transmitted from the over-
loaded RSU k to the UAV for processing. The wireless channel
between the UAV and the overloaded RSU k is assumed to
be dominated by the probabilistic LoS channel. We denote
the probability of a LoS channel between overloaded RSU k
and UAV u at time slot t as εtu,k, which is determined by
the environment-related parameters and the elevation angle of
UAV [35].

εtu,k =
1

1 + μ1 exp(−μ2(βt
u,k − μ1))

, (6)

where μ1 and μ2 are both environment-related parameters, and
βt
u,k = arctan(H −H0/‖ltu − ltk‖) represents the elevation an-

gle when UAV u delivers the offloading services for overloaded
RSU k at time slot t. As such, the channel gain is given by:

gtu,k =
g0(ε

t
u,k + ζ(1− εtu,k))

((H −H0)2 + ‖ltu − lk‖2)
, (7)

whereg0 is the gain when the reference distance l0 = 1m, param-
eter ζ is an attenuation factor of the NLoS channel, ltu = (xtu, y

t
u)

and lk = (xk, yk) represent the horizontal coordinates of UAV u
and overloaded RSU k, respectively. On this basis, the offloaded
vehicular tasks are transmitted from the overloaded RSU k to
UAV u at time slot t. The transmission rate (in Mbits per second)
is expressed as:

rtu,k = Bt
u,klog2

(
1 +

gtu,kP
t
u,k

(σt
u,k)

2

)
, (8)

where Bt
u,k, gtu,k, P t

u,k and σt
u,k represent the transmission

rate, channel bandwidth, channel gain, transmission power, and
noise power between overloaded RSU k and UAV u at time
slot t, respectively. Correspondingly, the transmitting delay is
expressed as:

Tu,k,t
trans =

dtk
rtu,k

, k ∈ Kt, t ∈ T . (9)

At the same time, the UAV arrives at position (xk, yk, H),
to provide offloading services for the selected overloaded RSU
k at the beginning of time slot t. Let fu (in CPU cycles per
second) denote the computing ability of UAV u. We obtain the
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UAV-assisted task computation delay:

Tu,k,t
comp =

ctk
fu
, k ∈ Kt, t ∈ T . (10)

Accordingly, the computation energy consumed by UAV u at
time slot t can be obtained as:

Eu,k,t
comp = b(fu)2ctk, k ∈ Kt, t ∈ T , (11)

where b is the energy coefficient of the UAV which relies on the
chip architecture.

The remaining computation workloads without UAV process-
ing will be processed by the related RSUs. We denote fm (in
CPU cycles per second) as the computing ability of RSUm. The
computation delay conducted by RSU m is:

Tm,t
comp =

∑
v∈Vt

m
λt
vc− stki

m
k c

t
k

fm
,m ∈ M, t ∈ T , (12)

where imk is used to denote whether RSU m is exactly the
overloaded RSU k (imk = 1) or not (imk = 0). When imk = 1 and
stk = 1, ctk reflects the computation workloads offloaded from
RSU m (i.e., RSU k) to the UAV at time slot t.

Additionally, the queue delay needs to be taken into consider-
ation for the overloaded RSUs due to network congestion, and
we use M/M/1 queue theory to model the process [18]:

T k,t
queue =

τ

1− τξ
, k ∈ Kt, t ∈ T , (13)

where τ = d/rtk,v denotes the expected delay for transmitting
one task from vehiclev to the overloaded RSUkwithout network
congestion, and ξ =

∑
v∈Vk

λt
vd− dtk represents the remaining

data bits of overloaded RSU k.
After task processing, the UAV produces otdtk bits of task out-

put data for overloaded RSU k, where ot is the task input-output
ratio at time slot t. Then, the UAV will send the task-output
data back to overloaded RSU k with the duration of Tu,k,t

output.
Furthermore, overall RSUs need to feedback the task-output
data to the vehicles to complete the vehicular tasks. Denote the
feedback delay from RSU m to the vehicles at time slot t as:

Tm,t
output =

∑
v∈Vt

m

otλt
vd

rm,v,t
output

,m ∈ M, t ∈ T , (14)

where rm,v,t
output (in Mbits per second) is the data transmission rate

from RSU m to vehicle v at time slot t.
Note that the UAV stays hovering within finite time to receive

data, perform edge computing and feedback the task output for
overloaded RSU k. Thus, the corresponding energy consump-
tion isEu,k,t

hover = ψt
u(T

u,k,t
trans + Tu,k,t

comp + Tu,k,t
output), where ψt

u is a
constant energy value per second [39].

Furthermore, UAV u arrives at overloaded RSU k2 from over-
loaded RSU k1 at the next time slot due to varying computation
workloads. To achieve this, UAV u adjusts its flight speed. We
assume that UAV u flies with a constant speed vtu per time slot
but can be adjusted across time slots.

vtu =
‖lt+1

u − ltu‖
Δ

, t ∈ T . (15)

The propulsive energy (i.e., fly energy) is consumed to keep
UAV u in the air at time slot t, which is expressed as

Eu,k,t
fly = 	‖vtu‖2, t ∈ T . (16)

where 	 is related to the weight of the UAV [24].

D. UAV Energy Harvesting Model

Short battery life sharply degrades the UAV offloading per-
formance. As a solution, energy harvesting (EH) technology is
applied to UAV-assisted task offloading, where the UAV often
harvests radio frequency (RF) energy to alleviate the UAV’s
energy burden [40]. However, RF-based energy harvesting may
be severely degraded due to the path loss in practical UAV-
assisted task offloading scenarios. Thus, we extend the harvest-
ing process and look for other renewable energy (e.g., wind
and solar energy) to compensate for the UAV’s energy [41],
[42]. The EH process is modeled as successive energy packet
arrivals, and the arrivals are assumed to be independent and
identically distributed [41]. Although the model is simple, it
retains the stochastic and intermittent nature of the harvested
energy packets. We denote et to reflect the energy packet arrivals
at the UAV at the beginning of time slot t.

0 ≤ et ≤ etmax, t ∈ T , (17)

where etmax represents the maximum available energy packets
captured by the UAV at time slot t.

UAV u is assumed to be fully charged at the initial time slot,
and its energy budget per time slot is expressed as:

Ēu =
Eu

max

T
, (18)

where Eu
max indicates the fully charged energy of the UAV.

Overall, UAV’s energy consumption at time slot t is:

Et
u = Eu,k,t

comp + Eu,k,t
hover + Eu,k,t

fly , k ∈ Kt, t ∈ T . (19)

The long-term energy constraint should be satisfied:

1

T

T−1∑
t=0

E{Et
u − et} ≤ Ēu. (20)

Note that the extra energy of et supplemented by EH cannot
exceed UAV’ energy consumption of Et

u at time slot t.

E. Assumptions

In Sections III-B, III-C, and III-D, we present vehicular task
offloading, UAV-assisted offloading, and UAV EH models. In
this section, we detail assumptions before problem formulation.
� To simplify, we assume that each vehicular task is identical

in the expected data bits and computation workloads. The
assumption is motivated by the fact that moving vehicles
often have similar task requests[43]. Despite the simpli-
fied assumption, a varying distribution of the computation
workloads can be depicted by combining the assumption
with different vehicular task arrivals. As such, such an
assumption is adopted in existing studies, including [18].
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� Moreover, we assume a homogeneous computing environ-
ment by ignoring the effect of specific hardware on compu-
tation workloads. In many existing studies, e.g., [35], [44],
[45], such an assumption is general.

� Without loss of generality, we assume that the ground is
at zero altitude [26]. On this basis, the overloaded RSUs
have a constant altitude ofH0, and the UAV flies at a fixed
altitude ofH . Guided by these, we analyzed the task delay
and UAV’s energy consumption during a UAV-assisted task
offloading trip, detailed in Section III-C.

� Similar to many previous works [12], [37], [44], [45], a
quasi-static scenario is considered within the duration of
each time slot, where the requested computation tasks and
edge computing capabilities remain unchanged during the
duration but can be changed across different time slots.

IV. PROBLEM FORMULATION

Recall that for Section III, the task delay is expressed as:

T t
u = T t

RSU + T t
UAV , t ∈ T , (21)

where T t
RSU =

∑
m∈M Tm,t

trans + Tm,t
comp + T k,t

queue + Tm,t
output is

the task delay conducted by the RSU-enabled offloading, and
T t
UAV =

∑
k∈Kt T

u,k,t
trans + Tu,k,t

comp + Tu,k,t
output is the task delay

performed by UAV-assisted offloading.
Our objective is to minimize vehicular task delay under the

long-term energy constraint of the UAV by adjusting UAV-
assisted offloading strategies stk. Formally, the optimization
problem is formulated as:

P1 min
stk

1

T

T−1∑
t=0

E{T t
u},

s.t. (4), (5), (17), (20). (22)

Constraints (4) and (5) denote that the offloaded tasks cannot
exceed task arrivals. Cconstraint (17) denotes that the energy
packets captured by EH technology have a maximum value.
Constraint (20) shows that offloading strategies are constrained
by the long-term UAV energy budget.

Remarks. It is not straightforward to solve P1 directly since
the following two challenges remain. i) The long-term energy
constraint in (20) substantially complicates the UAV-assisted
offloading strategies. In the long-term optimization problem,
the overall offline information (e.g., task arrivals and captured
energy packets) is required for solving P1. However, such in-
formation is difficult to acquire, if not impossible in real-world
UAV-assisted VEC scenarios. ii) Discrete UAV-assisted offload-
ing strategies cause a non-convex optimization problem. Worse
still, the UAV-assisted offloading strategies are coupled across
time slots due to the temporal correlation of the remaining UAV
energy. If UAV u consumes too much energy at time slot t, its
remaining available energy would be less, which complicates
the derivation of the optimal solutions to P1.

To address the above-mentioned challenges, we design an
online UAV-assisted task offloading approach rather than solv-
ing the original long-term problem P1 directly. The approach
enables vehicular task offloading in a real-time manner without

foreseeing future information, which is detailed in the next
section.

V. ONLINE UAV-ASSISTED TASK OFFLOADING

In this section, we propose online UAV-assisted vehicular
task offloading algorithms based on the Lyapunov optimization
technique and Markov approximation methods. After that, we
analyze the algorithm’ performance.

A. Online Problem Transformation via the Lyapunov
Optimization Technique

Since the long-term UAV’s energy budget impedes the deriva-
tion of the solutions to P1, we construct a virtual UAV energy
deficit queue to decouple the long-term UAV’s energy constraint
based on the Lyapunov optimization technique [46]. We define
the virtual energy deficit queue as:

Bt+1
u = max{Bt

u + Et
u − et − Ēu, 0}, t ∈ T , (23)

whereEt
u is the energy consumption of the UAV, et is the energy

captured by the EH technique, and Ēu is the energy budget
for the UAV at time slot t. Clearly, the energy deficit queue
is a non-negative indicator that reflects the energy violation of
the UAV at each time slot. When the UAV consumes excessive
energy, the energy deficit queue will enlarge; in other words,
more energy violation incurs. The deficit queue at the initial
time slot is set as zero, i.e., B0

u = 0.
Based on the UAV energy deficit queue, we apply the Lya-

punov drift-plus-penalty framework to P1 and hence derive the
following online optimization problem:

P2 min
stk

V · T t
u +Bt

u · Et
u.

s.t. (4), (5), (17). (24)

Remarks. The optimization problem P2 is liberated from the
long-term energy constraint (20) compared with P1. Therefore,
P2 can be solved in an online manner, not requiring overall
offline information. In the online optimization problem, the
objectives are vehicular task delay of T t

u and UAV’s energy
consumption ofEt

u, which are weighted by the control parameter
V and the energy deficit queue Bt

u, respectively. By reasonably
adjusting the weighted factors, a well-tradeoff between vehicular
task delay and UAV’s energy budget can be realized. Specifically,
the control parameter V provides a static adjustment, which
is fixed in UAV-assisted vehicular task offloading. A larger V
facilitates reducing vehicular task delay. We will discuss the
impact of the parameter V in Sections VI-B and VI-C. Further-
more, the energy deficit queue ofBt

u delivers a dynamic control,
which varies due to different energy consumption of the UAV. A
larger energy deficit queue indicates the less remaining energy
of the UAV. Consequently, the UAV intends to reduce its energy
consumption at the following time slots. In this way, an online
UAV’s energy adjustment can be achieved in the optimization
problem P2. We will discuss the impact of the energy deficit
queue in Section VI-A. By solving the online optimization
problem, satisfactory UAV-assisted offloading strategies of P1
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Algorithm 1: Online UAV-Assisted Vehicular Task
Offloading.

can be identified and the performance gap between P1 and P2
will be analyzed in Section V-C.

Guided by this, we present the online Algorithm 1 to solve
the task delay minimization problem under the long-term UAV
energy constraint. In the algorithm, the UAV determines its
offloading strategy by solving the online optimization problem
P2.

B. Markov Approximation for UAV-Assisted Task Offloading in
VEC Networks

Note that P2 is still difficult to solve in practical VEC sce-
narios since the UAV-assisted offloading strategy stk is a discrete
decision variable. As a solution, we leverage the Markov approx-
imation algorithm to transfer P2 to the following formulation
inspired by the analysis in [47]:

P3 min
P≥0

∑
stk∈St

p(stk)f(s
t
k), (25)

s.t.
∑
stk∈St

p(stk) = 1, (26)

where St denotes all feasible UAV-assisted vehicular task of-
floading strategies at time slot t. p(stk) ∈ P is an indicator to
represent the probability that UAV u provides an offloading
service for overloaded RSU k under the offloading strategy stk
at time slot t. To simplify our expression, we define

f(stk) = V · T t
u +Bt

u · Et
u. (27)

The objective of P3 is to find the optimal UAV-assisted task
offloading decision to minimize the weighted vehicular task
delay, which has the same optimal solution as P2 [48].

To solve P3, we introduce a convex log-sum-up function
Jα(s

t
k) to approximate the optimization objective f(stk).

Jα(s
t
k) = − 1

α
log

⎛⎝∑
stk∈St

exp(−αf(stk))

⎞⎠ , t ∈ T , (28)

whereα is a positive constant. Jα(stk) enables us to approximate
the optimization objective f(stk). Its optimality gap satisfies the
following theorem.

Theorem 1. The Jα(stk) approximation gap is upper-bounded
by 1

α log |St|.
Proof 1. Given a positive constant α, we have:

min
stk∈St

f(stk) = − 1

α
log

(
min
stk∈St

exp(−αf(stk))
)

≥ − 1

α
log

⎛⎝∑
stk∈St

exp
(
−αf(stk)

)⎞⎠
≥ − 1

α
log

⎛⎝∑
stk∈St

exp

(
−α min

stk∈St
f(stk)

)⎞⎠
≥ min

stk∈St
f(stk)−

1

α
log |St|. (29)

Based on the above analysis, we obtain

min
stk∈St

f(stk)−
1

α
log |St| ≤ Jα(s

t
k) ≤ min

stk∈St
f(stk). (30)

Therefore, we prove that the Jα(stk) approximation gap is
upper-bounded by 1

α log |St|.
Accordingly, we can derive the following convex log-sum-exp

problem P4 motivated by [49].

P4 min
P≥0

∑
stk∈St

p(stk)f(s
t
k) +

1

α

∑
stk∈St

p(stk) log p(s
t
k),

s.t. (26). (31)

When the positive constant α tends to infinity, P4 is equiva-
lent to P3. Problem P4 can be solved with the Karush-Kuhn-
Tucker (KKT) condition [4]:

f(stk) +
1

α
log p

(
st∗
)
+

1

α
+ v∗ = 0, (32)∑

stk∈St

p(st∗) = 1, (33)

where v is the Lagrange multiplier. The optimal solution at time
slot t can be derived by:

p(st∗) =
exp

(
−α

∑
stk∈St f(st∗)

)
∑

˜st∗∈St exp
(
−α

∑
stk∈St f(s̃t∗)

) , t ∈ T , (34)

where s̃t∗ denotes the UAV-assisted strategy combination without
the strategy st∗. To determine the optimal UAV-assisted strategy
st∗, we define the following transition probability between two
different strategies, which is negatively correlated with the sys-
tem objective of f(stk):

p(stk, s̃
t
k) = γ(exp(αf(stk)))

−1, t ∈ T , (35)

where γ is a positive constant, and p(stk, s̃
t
k) denotes the proba-

bility that the UAV-assisted strategy is converted from stk to s̃tk.
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Algorithm 2: Markov Approximation Algorithm for UAV-
Assisted Vehicular Task Offloading.

A larger p(stk, s̃
t
k) indicates a lower probability that strategy stk

is chosen at time slot t.
In a discrete-time Markov chain, the following stationary

balance equations should be satisfied for any two different
UAV-assisted strategies.

p(stk)p(s
t
k, s̃

t
k) = p(s̃tk)p(s̃

t
k, s

t
k), k ∈ Kt, t ∈ T . (36)

The Markov approximation algorithm for UAV-assisted ve-
hicular task offloading is presented in Algorithm 2. At each time
slot, the UAV constructs a discrete-time Markov chain. Then,
the UAV calculates the task delay, energy consumption, and
transition probability based on (24) and (35), respectively. Once
the balance constraint in (36) achieves, the optimal UAV-assisted
strategy st∗ can be obtained.

Next, we analyze the complexity of the Markov approxi-
mation algorithm. For each overloaded RSU, calculating the
vehicular task delay and the UAV’s energy consumption incurs
O(Kt) computational complexity per time slot. After obtaining
the transformation probability, we need to update the UAV-
assisted offloading strategies. The corresponding computational
complexity of the update isO(Kt). Assuming that the algorithm
achieves convergence after I iterations, we ascertain that the time
complexity of Algorithm 2 is O(IKt). As such, we ascertain
that the total computational complexity across T time slots is
O(TIKt).

C. Performance Analysis

In this section, we conduct performance analysis for the
proposed algorithms. Based on the theory in [46], we define
a quadratic Lyapunov function as a measure of the virtual UAV
energy deficit queue.

L(Bt
u) �

1

2
(Bt

u)
2, t ∈ T . (37)

A smallL(Bt
u) leads to large UAV energy consumption toler-

ance at time slot t. Then, we introduce the one-slot conditional
Lyapunov drift as follows:

Δ(Bt
u) � E{L(Bt+1

u )− L(Bt
u)|Bt

u}, t ∈ T . (38)

Combining (23) and (37), we obtain the inequality:

Δ(Bt
u) ≤ E{(Bt

u)(E
t
u − etu − Ēu)|Bt

u}+B, (39)

whereB = 1
2 (E

max
u − Ēu)

2, andEmax
u is the upper limit of the

UAV’s energy consumption.
According to the above analysis, we present the two theorems

to elaborate the performance gap between P4 and the original
optimization problem P1 in the optimization objective T t

u and
long-term constraint Et

u, respectively.
Theorem 2. Given a control parameter V and α, the optimal-

ity gap between our proposed approximated solution and the
theoretical optimal solution is expressed as:

1

T

T−1∑
t=0

E{T t
u|Bt

u} ≤ B

V
+ T opt +

1

V α
log |St|. (40)

where T opt = 1
T

∑T−1
t=0 E{T t

u} represents the optimal vehicular
task delay in P1.

Proof 2. According to the illustration in Theorem 4.5 in [46],
we produce the following lemma.

Lemma 1. For any λ, there is a stationary and randomized
policy stπ for P2, satisfying

E{T t
u(s

t
π)} ≤ T opt + λ, (41)

E{Et
u(s

t
π)− etu − Ēu} ≤ λ. (42)

Based on Lemma 1, we obtain:

Δ(Bt
u) + V E{T t

u|Bt
u}

≤ E{(Bt
u)(E

t
u(s

t
∗)− etu − Ēu)|Bt

u}

+B + V E{T t
u(s

t
∗)|Bt

u}+
1

α
log |St|

≤ E{(Bt
u)(E

t
u(s

t
π)− etu − Ēu)|Bt

u}

+B + V E{T t
u(s

t
π)|Bt

u}+
1

α
log |St|

≤ B + V (T opt + λ) +
1

α
log |St|. (43)

Summing (43) over t ∈ {0, . . . , T − 1}, dividing by the total
time slots T and the control parameter V each side. Letting
λ = 0, we obtain:

1

T

T−1∑
t=0

E{T t
u|Bt

u} ≤ B

V
+ T opt +

1

V α
log |St|. (44)
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Theorem 3. For UAV u, its long-term energy bound is:

1

T

T−1∑
t=0

(
Bt

u

)
≤ 1

η

(
B +

1

α
log |St|+ V (Tmax)− T opt

)
,

(45)
where Tmax represents the maximum task delay.

Proof 3. We elaborate the long-term UAV energy constraint.
Lemma 2. ∃η > 0, χ(η), there is a policy stθ for P2:

E{T t
u(s

t
θ)} = χ(η), (46)

E{Et
u(s

t
θ)− etu − Ēu} ≤ −η. (47)

Based on Lemma 2, we obtain:

Δ(Bt
u) + V E{T t

u|Bt
u}

≤ E{(Bt
u)(E

t
u(s

t
∗)− etu − Ēu)|Bt

u}

+B + V E{T t
u(s

t
∗)|Bt

u}+
1

α
log |St|

≤ E{(Bt
u)(E

t
u(s

t
θ)− etu − Ēu)|Bt

u}

+B + V E{T t
u(s

t
θ)|Bt

u}+
1

α
log |St|

≤ B + V χ(η)− η(Bt
u) +

1

α
log |St|. (48)

Summing (48) over t ∈ {0, . . . , T − 1}, and dividing by the
total time slots T each side.

1

T
E(L(BT

u )− L(B0
u)) +

V

T

T−1∑
t=0

E{T t
u|BT

u }

≤ B + V χ(η)− T

η

T−1∑
t=0

(Bt
u) +

1

α
log |St|. (49)

Then, dividing by the control parameter η. We have

1

T

T−1∑
t=0

(Bt
u) ≤

1

η

(
B +

1

α
log |St|+ V (Tmax)− T opt

)
.

(50)
Combining Theorems 2 and 3, we find that there exists an

[O(1/V ), O(V )] trade-off between the vehicular task delay and
the energy deficit queue. When V tends to ∞, the optimal
vehicular task delay in P1 can be achieved at the price of a large
energy deficit. Determining a suitable control parameter V is
essential to seek the balance between the vehicular task delay
and the long-term UAV’s energy constraint. Furthermore, a large
energy deficit queue indicates that stabilizing the system requires
more energy adjustments and thus postpones convergence. Then,
we investigate the stability of the energy deficit queue.

Theorem 4. The long-term UAV’s energy budget in (20) can
be enforced when limT→+∞ E{BT

u }/T = 0.
Proof 4. Based on (23), we derive the following expressions:

Et
u − et − Ēu ≤ Bt+1

u −Bt
u. (51)

Then, summing (51) over t ∈ {0, . . . , T − 1}, dividing by the
total time T and taking the expectation each side. We obtain the

following inequality:

1

T

T−1∑
t=0

E{Et
u − et − Ēu} ≤ E{BT

u }
T

. (52)

According to the long-term energy constraint shown in (20),
the following expression must be guaranteed:

lim
T→+∞

E{BT
m}

T
= 0. (53)

Following that, we investigate whether (53) can be satisfied.
Guided by (49), we rearrange the terms, let B0

m = 0, and we
have:

E(L(BT
u )) ≤ T (B +

1

α
log |St|+ V (χ(η)− T opt)). (54)

Based on the Cauchy–Bunyakovsky–Schwarz inequality, we
derive the following inequality:

1

T
E(BT

u ) ≤
√

2

T

(
B +

1

α
log |St|+ V (χ(η)− T opt)

)
.

(55)
Then, we analyze the convergence of the right term in (55)

when T tends to infinity. Clearly, the expression converges to
zero in this case.

lim
T→+∞

√
2

T

(
B +

1

α
log |St|+ V (χ(η)− T opt)

)
= 0. (56)

The results demonstrate that limT→+∞ E{BT
u }/T = 0 is

achieved, and hence the long-term UAV’s energy constraint can
be guaranteed.

VI. PERFORMANCE EVALUATION

Our simulations are based on a real-world example of the IoV
dataset [12], [14] in Futian District, Shenzhen, from 22◦31′N to
22◦36′N, and from 114◦3′E to 114◦10′E. These trajectories are
used to simulate the vehicular movement in the VEC networks.
Combining the trajectories with task arrivals, we can obtain the
computation workloads of the selected area. The vehicular task
arrivals of λt

v ∈ [1, 3] follow a Poisson distribution [18]. Based
on the real measurements in [50], we set the expected computa-
tion workloads of c and data bits of d for one vehicular task as 0.5
GHz and 500 Kb, respectively. For simplification, the selected
area is divided into 7 × 7 mesh grids. Each grid is deployed
an RSU to provide offloading services for the vehicles within
the V2I communication coverage. The computing capabilities
of an RSU are distributed in [4, 8] GHz [50]. If the computation
workloads exceed the RSU’s computing capacity, the RSU is
overloaded. Then, the overloaded RSU requests offloading ser-
vice from the UAV with the probabilistic LoS connection. Once
the request is permitted, vehicular tasks can be further offloaded
from the overloaded RSU to the UAV. We assume that the UAV’s
vertical flight altitude is 30 meters [24], and the maximum speed
of vmax is 25 meters per second [35]. The computing capabilities
of the UAV are set as 5 GHz [51]. Guided by [24], the UAV’s
weight including the payload is assumed to be 9.65 kg, and the
total energy budget is assumed to be 500 kJ. Additionally, the
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TABLE II
PARAMETERS SETTING

Fig. 3. Effect of the energy deficit queue.

channel power gain of g0, communication bandwidth of Bt
u,k,

and attenuation factor of ζ are set as -50 dB [51], 20 MHz [52],
and 0.2 [35], respectively. The environment-related parameters
of μ1 and μ2 are considered to be 15 and 0.5 [35]. The UAV’s
hovering energy is 220 Watts [24], and the energy coefficient b
is set as 10−28 [53]. The key parameters used in the simulations
are listed in Table II. The simulations are conducted based on
the MindSpore framework.

The proposed online UAV-assisted algorithm is compared
with the following baselines:
� Delay consider first (DCF): The optimal UAV-assisted

vehicular task offloading strategy is determined by min-
imizing the total vehicular task delay, regardless of the
UAV’s long-term energy constraint [54].

� Single slot constraint (SSC): Rather than following a long-
term energy constraint, a stricter per-slot energy constraint
to a UAV is implemented; therefore the energy budget is
not violated. [18].

� No UAV assistance (NUA): UAV-assisted task offloading
is not applied in this scheme. Vehicular tasks cannot be
offloaded to the UAV even if the corresponding RSUs
overload [55].

A. Guidance of the Energy Deficit Queue to UAV’s
Energy Consumption

Fig. 3 shows the impact of the energy deficit queue on the
UAV’s energy consumption. The transformation from P1 to P2

Fig. 4. Time-average vehicular task delay with different V .

Fig. 5. Time-average energy deficit queue with different V .

Fig. 6. Time-average energy deficit queue across time slots.

is achieved by constructing an energy deficit queue to guide the
UAV’s long-term energy consumption. A larger energy deficit
queue at the current time slot means a larger energy crisis,
namely, the UAV’s available energy for the following time slots
is less. Consequently, the energy consumption of the UAV will
decrease at the next time slots based on the guidance of the
energy deficit queue to follow the long-term energy constraint.
For example, the UAV consumes a lot of energy from the 5th
to 8th time slot; accordingly, the energy deficit enlarges. In the
following five time slots, the energy consumption is reduced to
cut the energy deficit. In this way, a real-time adjustment of the
UAV energy consumption can be achieved.

B. Impact of the Control Parameter V

Figs. 4 and 5 illustrate the time-average delay and energy
deficit queue under different control parameter V , respectively.
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Fig. 7. Impact of energy budget. (a) Time-average vehicular task delay. (b)Time-average energy deficit queue.

Combining Figs. 4 and 5, we find that the DCF, denoting the
delay-optimal method, has the minimal average delay and the
highest energy deficit. The average energy deficit queue of SSC
always remains zero for its strict energy rule per time slot.
In addition, the NUA has the maximum task delay compared
with other algorithms, which shows the rationality introducing
the UAV in our system to reduce the vehicular task delay.
Both the average delay and deficit queue remain static for the
baselines since they are independent of the control parameter V .
Furthermore, Fig. 4 shows that the average delay of our proposed
algorithm decreases with an increasing control parameter V and
eventually converges to the optimal one conducted by DCF.
Conversely, the deficit queue of our proposed algorithm grows
withV as shown in Fig. 5. The results imply an [O(1/V ), O(V )]
trade-off between the task delay and the long-term energy con-
straint, which is consistent with the proposed Theorems 2 and 3.

C. Queue Stability With Time Slots

To determine whether the long-term UAV energy constraint
can be satisfied, we need to estimate the queue stability based on
the energy deficit queue. As shown in Fig. 6, the time-average
energy deficit queue converges to zero with increasing time
slots. Recall that in Section V-C, the long-term energy constraint
of the UAV can be satisfied when limT→+∞ E{BT

u }/T = 0.
This demonstrates that the long-term energy constraint can be
effectively implemented to satisfy the energy budget. In addition,
we realized that a larger control parameterV has a slower conver-
gence rate. This is because more attention has been placed on the
vehicular task delay rather than the UAV’s energy consumption.

D. Impact of the Energy Budget

Fig. 7(a) presents the impact of the per-slot energy budget
on the time-average vehicular task delay. DCF is devoted to
obtaining the minimal vehicular task delay at the expense of
large energy consumption. Therefore, changing energy budget
does not influence its delay, and the optimal delay is always
maintained. For SSC and our proposed method, a larger energy
budget means that the UAV has more energy to address the
offloaded tasks; thus, the delay decreases and eventually con-
verges to the optimal delay conducted by the DFC. Moreover,
the fluctuation of the time-average task delay of the proposed

method is lower than that of SSC. This is because the proposed
method follows a trade-off between the vehicular task delay and
UAV’s long-term energy constraint, while SSC is constrained
directly by the energy budget per time slot. Fig. 7(b) explains the
impact of the per-slot energy budget on the time-average energy
deficit queue. Clearly, a larger UAV energy budget facilitates a
lower energy deficit queue, and hence the deficit queues of the
proposed method and DCF decrease with a UAV’s increasing
energy budget. SSC follows strict energy rules and always keeps
a zero energy deficit queue regardless of the varying energy
budget.

E. Impact of Computation Workloads

Fig. 8 shows the impact of computation workloads on the
time-average vehicular task delay and energy deficit queue.
Intuitively, task delay and energy deficit queue increase as the
computation workloads grow. However, DCF, as a method for
optimizing the vehicular task delay regardless of the energy con-
sumption, enables minimal vehicular task delay while producing
large energy consumption. For the energy deficit queue, NUA
and SSC remain zero, as NUA consumes no UAV’s energy and
SSC has low energy consumption. Furthermore, when the com-
putation workloads are small, the proposed algorithm performs
the optimal average delay similar to DCF. As the computation
workloads increase, the corresponding computing burden of
the UAV increases, and the energy deficit queue increases at
a fast speed. Based on the results, we find that our proposed
method achieves better performance in the trade-off between
the vehicular task delay and the energy deficit queue compared
with other baselines.

F. Impact of EH

Fig. 9 presents the impact of the EH on the time-average
vehicular task delay and the energy deficit queue. The horizontal
axis with ”EH exists” denotes that the UAV leverages the EH
technique to compensate for its energy; and ”no EH”, indicates
otherwise. Since EH enables the capture of renewable energy,
the UAV-assisted computing capability is improved, which facil-
itates less vehicular task delay and energy deficit queue. For the
DFS method, its time-average vehicular task delay and deficit
queue remain fixed. The reason is that the objective of DCF is
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Fig. 8. Impact of computation workloads. (a) Time-average vehicular task delay. (b)Time-average energy deficit queue.

Fig. 9. Impact of EH. (a) Time-average vehicular task delay. (b)Time-average energy deficit queue.

Fig. 10. Impact of the number of UAVs. (a) Time-average vehicular task delay. (b)Time-average energy deficit queue.

the minimal vehicular task delay, ignoring the violation of its
energy budget. SSC always keeps zero violations at the expense
of large vehicular task delay.

G. Impact of the Number of UAVs

We extend the UAV-assisted task offloading scenarios from a
single UAV to multiple UAVs. As shown in Fig. 10, we discuss
the impact of the number of UAVs under the different numbers
of overloaded RSUs. u = 1 denotes single UAV serves for
overloaded RSUs, and the UAV moves to different overloaded

RSUs across time slots. u = 49 represents that 49 UAVs are
deployed, and each UAV keeps fixed and delivers offloading
services for the corresponding overloaded RSUs in 7 × 7 mesh
grids. Since vehicular tasks are time-dependent, the number and
distribution of overloaded RSUs change across time slots. k= 1,
2, and 4 reflect the number of UAVs is 1, 2, and 4, respectively.
We define “(row, column)” as the distribution of overloaded
RSUs, where “row” and “column” denote the row and column
of the overloaded RSU in 7 × 7 mesh grids. In our setting, when
k = 1, the location of the overloaded RSU is (1, 2); when k = 2,
the locations of the overloaded RSUs are (1, 2) and (4, 3); when
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k=4, the locations of the overloaded RSUs are (1, 2), (4, 3), (6,6)
and (7,1). From the results, we find that more UAVs consume
more energy (especially hovering energy), while the energy
violation is mainly determined by the energy consumption of
the UAV’s processing. When the number of UAVs delivering
offloading services does not change, the energy deficit queue
remains fixed. Constrained by the limited service coverage, a
UAV is incapable of processing the excessive computation work-
loads from multiple overloaded RSUs simultaneously when k
increases. In this case, deploying multiple UAVs facilitates less
vehicular task delay and accordingly enlarges the energy deficit.
Based on the results, we find that a large number of UAVs are
beneficial to small vehicular task delay, while producing more
energy consumption, particularly for multiple overloaded RSUs.
Moreover, the deployment overhead should be considered in
real-world scenarios of UAV-assisted task offloading.

VII. CONCLUSION

In this article, we study the UAV-assisted vehicular task
offloading problem in VEC networks. To overcome the issue
of VEC overloads, we introduce a UAV to process the exces-
sive task computation workloads from the overloaded RSUs.
Constrained by the UAV’s long-term energy budget, we aim
to minimize the time-average vehicular task delay. To achieve
this, we transfer the long-term optimization problem to a real-
time solvable problem based on the Lyapunov optimization
technique. On this basis, we propose an online UAV-assisted
task offloading algorithm based on Markov approximation opti-
mization to determine the UAV-assisted offloading strategies.
Moreover, we conduct rigorous theoretical analysis to prove
that the proposed algorithm enables close-to-optimal solutions.
Additionally, extensive experimental results also demonstrate
the effectiveness of our proposed method. For future works, it
would be interesting to study the problem where a UAV not
only serves overloaded RSUs but also detects anomalies based
on the collected vehicular information. Furthermore, it would
be an interesting topic to discuss the impact of severe weather
conditions on UAV’s high-quality navigation in UAV-assisted
task offloading.

REFERENCES

[1] F. Spinelli and V. Mancuso, “Toward enabled industrial verticals in 5G: A
survey on MEC-based approaches to provisioning and flexibility,” IEEE
Commun. Surv. Tuts., vol. 23, no. 1, pp. 596–630, First Quarter 2021.

[2] J. Tan, R. Khalili, H. Karl, and A. Hecker, “Multi-agent distributed
reinforcement learning for making decentralized offloading decisions,”
in Proc. IEEE Conf. Comput. Commun., 2022, pp. 2098–2107.

[3] T. Bahreini, M. Brocanelli, and D. Grosu, “VECMAN: A framework
for energy-aware resource management in vehicular edge computing
systems,” IEEE Trans. Mobile Comput., vol. 22, no. 2, pp. 1231–1245,
Feb. 2023.

[4] Z. Ning et al., “Partial computation offloading and adaptive task scheduling
for 5G-enabled vehicular networks,” IEEE Trans. Mobile Comput., vol. 21,
no. 4, pp. 1319–1333, Apr. 2022.

[5] W. Miao, G. Min, X. Zhang, Z. Zhao, and J. Hu, “Performance modelling
and quantitative analysis of vehicular edge computing with bursty task
arrivals,” IEEE Trans. Mobile Comput., vol. 22, no. 2, pp. 1129–1142,
Feb. 2023.

[6] Q. Luo, C. Li, T. H. Luan, W. Shi, and W. Wu, “Self-learning based
computation offloading for Internet of Vehicles: Model and algorithm,”
IEEE Trans. Wireless Commun., vol. 20, no. 9, pp. 5913–5925, Sep. 2021.

[7] X. Han et al., “Reliability-aware joint optimization for cooperative vehic-
ular communication and computing,” IEEE Trans. Intell. Transp. Syst.,
vol. 22, no. 8, pp. 5437–5446, Aug. 2021.

[8] X. Wang, Y. Han, V. C. M. Leung, D. Niyato, X. Yan, and X. Chen,
“Convergence of edge computing and deep learning: A comprehensive
survey,” IEEE Commun. Surv. Tuts., vol. 22, no. 2, pp. 869–904, Second
Quarter 2020.

[9] X. Dai et al., “Task offloading for cloud-assisted fog computing with
dynamic service caching in enterprise management systems,” IEEE Trans.
Ind. Informat., vol. 19, no. 1, pp. 662–672, Jan. 2023.

[10] Z. Su, Y. Hui, and T. H. Luan, “Distributed task allocation to enable
collaborative autonomous driving with network softwarization,” IEEE J.
Sel. Areas Commun., vol. 36, no. 10, pp. 2175–2189, Oct. 2018.

[11] B. Yang et al., “Edge intelligence for autonomous driving in 6G wire-
less system: Design challenges and solutions,” IEEE Wireless Commun.,
vol. 28, no. 2, pp. 40–47, Apr. 2021.

[12] D. Wang et al., “Stop-and-wait: Discover aggregation effect based on
private car trajectory data,” IEEE Trans. Intell. Transp. Syst., vol. 20, no. 10,
pp. 3623–3633, Oct. 2019.

[13] Z. Xiao et al., “Vehicular task offloading via heat-aware MEC cooperation
using game-theoretic method,” IEEE Internet Things J., vol. 7, no. 3,
pp. 2038–2052, Mar. 2020.

[14] Z. Xiao et al., “Understanding private car aggregation effect via spatio-
temporal analysis of trajectory data,” IEEE Trans. Cybern., vol. 53, no. 4,
pp. 2346–2357, Apr. 2023.

[15] Y. Li, X. Wang, X. Gan, H. Jin, L. Fu, and X. Wang, “Learning-aided
computation offloading for trusted collaborative mobile edge comput-
ing,” IEEE Trans. Mobile Comput., vol. 19, no. 12, pp. 2833–2849,
Dec. 2020.

[16] Y. Liu, Y. Li, Y. Niu, and D. Jin, “Joint optimization of path planning
and resource allocation in mobile edge computing,” IEEE Trans. Mobile
Comput., vol. 19, no. 9, pp. 2129–2144, Sep. 2020.

[17] W. R. Tobler, “A computer movie simulating urban growth in the Detroit
region,” Econ. Geography, vol. 46, no. sup1, pp. 234–240, 1970. [Online].
Available: https://www.tandfonline.com/doi/abs/10.2307/143141

[18] L. Chen, S. Zhou, and J. Xu, “Computation peer offloading for energy-
constrained mobile edge computing in small-cell networks,” IEEE/ACM
Trans. Netw., vol. 26, no. 4, pp. 1619–1632, Aug. 2018.

[19] Z. Xiao et al., “Multi-objective parallel task offloading and content caching
in D2D-aided MEC networks,” IEEE Trans. Mobile Comput., early access,
Aug. 18, 2022, doi: 10.1109/TMC.2022.3199876.

[20] X. Lyu, C. Ren, W. Ni, H. Tian, and R. P. Liu, “Distributed optimization of
collaborative regions in large-scale inhomogeneous fog computing,” IEEE
J. Sel. Areas Commun., vol. 36, no. 3, pp. 574–586, Mar. 2018.

[21] X. Chen, “Decentralized computation offloading game for mobile
cloud computing,” IEEE Trans. Parallel Distrib. Syst., vol. 26, no. 4,
pp. 974–983, Apr. 2015.

[22] S. Guo, J. Liu, Y. Yang, B. Xiao, and Z. Li, “Energy-efficient dynamic
computation offloading and cooperative task scheduling in mobile cloud
computing,” IEEE Trans. Mobile Comput., vol. 18, no. 2, pp. 319–333,
Feb. 2019.

[23] X. Wang and L. Duan, “Dynamic pricing and capacity allocation of UAV-
provided mobile services,” in Proc. IEEE Conf. Comput. Commun., 2019,
pp. 1855–1863.

[24] H. Guo and J. Liu, “UAV-enhanced intelligent offloading for Internet
of Things at the edge,” IEEE Trans. Ind. Informat., vol. 16, no. 4,
pp. 2737–2746, Apr. 2020.

[25] F. Zhou, Y. Wu, R. Q. Hu, and Y. Qian, “Computation rate maximization in
UAV-enabled wireless-powered mobile-edge computing systems,” IEEE
J. Sel. Areas Commun., vol. 36, no. 9, pp. 1927–1941, Sep. 2018.

[26] X. Hu, K. Wong, K. Yang, and Z. Zheng, “UAV-Assisted relaying and edge
computing: Scheduling and trajectory optimization,” IEEE Trans. Wireless
Commun., vol. 18, no. 10, pp. 4738–4752, Oct. 2019.

[27] T. Bai, J. Wang, Y. Ren, and L. Hanzo, “Energy-efficient computation
offloading for secure UAV-edge-computing systems,” IEEE Trans. Veh.
Technol, vol. 68, no. 6, pp. 6074–6087, Jun. 2019.

[28] W. Chen, Z. Su, Q. Xu, T. H. Luan, and R. Li, “VFC-based cooperative
UAV computation task offloading for post-disaster rescue,” in Proc. IEEE
Conf. Comput. Commun., 2020, pp. 228–236.

[29] C. Liu, K. Liu, S. Guo, R. Xie, V. C. S. Lee, and S. H. Son, “Adaptive
offloading for time-critical tasks in heterogeneous Internet of Vehicles,”
IEEE Internet Things J., vol. 7, no. 9, pp. 7999–8011, Sep. 2020.

Authorized licensed use limited to: Chinese University of Hong Kong. Downloaded on June 25,2024 at 06:39:32 UTC from IEEE Xplore.  Restrictions apply. 

https://www.tandfonline.com/doi/abs/10.2307/143141
https://dx.doi.org/10.1109/TMC.2022.3199876


2534 IEEE TRANSACTIONS ON MOBILE COMPUTING, VOL. 23, NO. 4, APRIL 2024

[30] Y. Sun et al., “Adaptive learning-based task offloading for vehicular
edge computing systems,” IEEE Trans. Veh. Technol, vol. 68, no. 4,
pp. 3061–3074, Apr. 2019.

[31] P. Dai, K. Hu, X. Wu, H. Xing, F. Teng, and Z. Yu, “A probabilistic ap-
proach for cooperative computation offloading in MEC-assisted vehicular
networks,” IEEE Trans. Intell. Transp. Syst., vol. 23, no. 2, pp. 899–911,
Feb. 2022.

[32] X. He, H. Lu, M. Du, Y. Mao, and K. Wang, “QoE-based task offloading
with deep reinforcement learning in edge-enabled Internet of Vehicles,”
IEEE Trans. Intell. Transp. Syst., vol. 22, no. 4, pp. 2252–2261, Apr. 2021.

[33] X. Xu, Q. Wu, L. Qi, W. Dou, S.-B. Tsai, and M. Z. A. Bhuiyan, “Trust-
aware service offloading for video surveillance in edge computing enabled
Internet of Vehicles,” IEEE Trans. Intell. Transp. Syst., vol. 22, no. 3,
pp. 1787–1796, Mar. 2021.

[34] Y. Xiao and M. Krunz, “QoE and power efficiency tradeoff for fog
computing networks with fog node cooperation,” in Proc. IEEE Conf.
Comput. Commun., 2017, pp. 1–9.

[35] Z. Yang, S. Bi, and Y.-J. A. Zhang, “Dynamic offloading and trajectory
control for UAV-enabled mobile edge computing system with energy
harvesting devices,” IEEE Trans. Wireless Commun., vol. 21, no. 12,
pp. 10515–10528, Dec. 2022.

[36] Y. Qu et al., “Service provisioning for UAV-enabled mobile edge com-
puting,” IEEE J. Sel. Areas Commun., vol. 39, no. 11, pp. 3287–3305,
Nov. 2021.

[37] C. Sun, W. Ni, and X. Wang, “Joint computation offloading and trajec-
tory planning for UAV-assisted edge computing,” IEEE Trans. Wireless
Commun., vol. 20, no. 8, pp. 5343–5358, Aug. 2021.

[38] H. Xu, W. Huang, Y. Zhou, D. Yang, M. Li, and Z. Han, “Edge computing
resource allocation for unmanned aerial vehicle assisted mobile network
with blockchain applications,” IEEE Trans. Wireless Commun., vol. 20,
no. 5, pp. 3107–3121, May 2021.

[39] S. Suman, S. Kumar, and S. De, “UAV-assisted RF energy transfer,” in
Proc. IEEE Int. Conf. Commun., 2018, pp. 1–6.

[40] X. Hu, K.-K. Wong, and Y. Zhang, “Wireless-powered edge computing
with cooperative UAV: Task, time scheduling and trajectory design,” IEEE
Trans. Wireless Commun., vol. 19, no. 12, pp. 8083–8098, Dec. 2020.

[41] Y. Mao, J. Zhang, and K. B. Letaief, “Dynamic computation offloading
for mobile-edge computing with energy harvesting devices,” IEEE J. Sel.
Areas Commun., vol. 34, no. 12, pp. 3590–3605, Dec. 2016.

[42] L. Yang, J. Chen, M. O. Hasna, and H. Yang, “Outage performance of UAV-
assisted relaying systems with RF energy harvesting,” IEEE Commun.
Lett., vol. 22, no. 12, pp. 2471–2474, Dec. 2018.

[43] J. Cui, L. Wei, H. Zhong, J. Zhang, Y. Xu, and L. Liu, “Edge computing
in VANETs-an efficient and privacy-preserving cooperative downloading
scheme,” IEEE J. Sel. Areas Commun., vol. 38, no. 6, pp. 1191–1204,
Jun. 2020.

[44] X. Wang, J. Ye, and J. C. Lui, “Decentralized task offloading in edge
computing: A multi-user multi-armed bandit approach,” in Proc. IEEE
Conf. Comput. Commun., 2022, pp. 1199–1208.

[45] P. A. Apostolopoulos, G. Fragkos, E. E. Tsiropoulou, and S. Papavassiliou,
“Data offloading in UAV-assisted multi-access edge computing systems
under resource uncertainty,” IEEE Trans. Mobile Comput., vol. 22, no. 1,
pp. 175–190, Jan. 2023.

[46] M. Neely, Stochastic Network Optimization With Application to Communi-
cation and Queueing Systems. San Rafael, CA, USA: Morgan & Claypool,
2010.

[47] T. Ouyang, Z. Zhou, and X. Chen, “Follow me at the edge: Mobility-aware
dynamic service placement for mobile edge computing,” IEEE J. Sel. Areas
Commun., vol. 36, no. 10, pp. 2333–2345, Oct. 2018.

[48] Z. Ning et al., “Distributed and dynamic service placement in pervasive
edge computing networks,” IEEE Trans. Parallel Distrib. Syst., vol. 32,
no. 6, pp. 1277–1292, Jun. 2021.

[49] M. Chen, S. C. Liew, Z. Shao, and C. Kai, “Markov approximation for
combinatorial network optimization,” IEEE Trans. Inf. Theory, vol. 59,
no. 10, pp. 6301–6327, Oct. 2013.

[50] J. Kwak, Y. Kim, J. Lee, and S. Chong, “DREAM: Dynamic resource and
task allocation for energy minimization in mobile cloud systems,” IEEE
J. Sel. Areas Commun., vol. 33, no. 12, pp. 2510–2523, Dec. 2015.

[51] Z. Ning et al., “5G-enabled UAV-to-community offloading: Joint trajectory
design and task scheduling,” IEEE J. Sel. Areas Commun., vol. 39, no. 11,
pp. 3306–3320, Nov. 2021.

[52] T. Zhang, Z. Wang, Y. Liu, W. Xu, and A. Nallanathan, “Joint resource,
deployment, and caching optimization for AR applications in dynamic
UAV NOMA networks,” IEEE Trans. Wireless Commun., vol. 21, no. 5,
pp. 3409–3422, May 2022.

[53] N. Zhao, Z. Ye, Y. Pei, Y.-C. Liang, and D. Niyato, “Multi-agent deep
reinforcement learning for task offloading in UAV-assisted mobile edge
computing,” IEEE Trans. Wireless Commun., vol. 21, no. 9, pp. 6949–6960,
Sep. 2022.

[54] J. Ren, G. Yu, Y. Cai, and Y. He, “Latency optimization for resource
allocation in mobile-edge computation offloading,” IEEE Trans. Wireless
Commun., vol. 17, no. 8, pp. 5506–5519, Aug. 2018.

[55] L. Yang, H. Zhang, M. Li, J. Guo, and H. Ji, “Mobile edge computing
empowered energy efficient task offloading in 5G,” IEEE Trans. Veh.
Technol, vol. 67, no. 7, pp. 6398–6409, Jul. 2018.

Xingxia Dai received the BS degree in communica-
tion engineering from Xiangtan University, Xiangtan,
China, in 2018. She is currently working toward
the PhD degree in computer science and technology
with Hunan University, Changsha, China. Her current
research interests include Internet of Vehicles and
mobile edge computing.

Zhu Xiao (Senior Member, IEEE) received the MS
and PhD degrees in communication and information
system from Xidian University, China, in 2007 and
2009, respectively. From 2010 to 2012, he was a
research fellow with the Department of Computer
Science and Technology, University of Bedfordshire,
U.K. He is currently a full professor with the College
of Computer Science and Electronic Engineering,
Hunan University, China. His research interests in-
clude mobile communications, wireless localization,
Internet of Vehicles, and trajectory data mining.

Hongbo Jiang (Senior Member, IEEE) received the
PhD degree from Case Western Reserve University,
in 2008. He is currently a full professor with the
College of Computer Science and Electronic Engi-
neering, Hunan University. He ever was a professor
with the Huazhong University of Science and Tech-
nology. His research concerns computer networking,
especially algorithms and protocols for wireless and
mobile networks. He was the editor of IEEE/ACM
Transactions on Networking, the associate editor of
IEEE Transactions on Mobile Computing, and the

associate technical editor of the IEEE Communications Magazine. He is an
elected fellow of IET and BCS.

John C. S. Lui (Fellow, IEEE) received the PhD de-
gree in computer science from the University of Cal-
ifornia, Los Angeles, 1992. He is currently the Choh-
Ming Li professor with the Department of Computer
Science and Engineering, Chinese University of Hong
Kong (CUHK), Hong Kong. He was the chairman
of the Department from 2005 to 2011. His current
research interests include communication networks,
network/system security (e.g., cloud security, mobile
security, etc.), network economics, network sciences
(e.g., online social networks, information spreading,

etc.), cloud computing, large-scale distributed systems, and performance eval-
uation theory. He is an elected member of the IFIP WG 7.3, fellow of the
ACM, senior research fellow of the Croucher Foundation and is currently the
chair of the ACM SIGMETRICS. He has been serving in the editorial board
of IEEE/ACM Transactions on Networking, IEEE Transactions on Computers,
IEEE Transactions on Parallel and Distributed Systems, Journal of Performance
Evaluation and International Journal of Network Security. He received various
departmental teaching awards and the CUHK Vice-Chancellor’s Exemplary
Teaching Award. He is also a co-recipient of the best paper award in the IFIP
WG 7.3 Performance 2005, IEEE/IFIP NOMS 2006, and SIMPLEX 2013.

Authorized licensed use limited to: Chinese University of Hong Kong. Downloaded on June 25,2024 at 06:39:32 UTC from IEEE Xplore.  Restrictions apply. 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


