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Abstract—Internet of Things (IoT) computing offloading is
a challenging issue, especially in remote areas where common
edge/cloud infrastructure is unavailable. In this paper, we present
a space-air-ground integrated network (SAGIN) edge/cloud com-
puting architecture for offloading the computation-intensive
applications considering remote energy and computation con-
straints, where flying unmanned aerial vehicles (UAVs) provide
near-user edge computing and satellites provide access to the
cloud computing. First, for UAV edge servers, we propose a joint
resource allocation and task scheduling approach to efficiently
allocate the computing resources to virtual machines (VMs)
and schedule the offloaded tasks. Second, we investigate the
computing offloading problem in SAGIN and propose a learning-
based approach to learn the optimal offloading policy from
the dynamic SAGIN environments. Specifically, we formulate
the offloading decision making as a Markov decision process
where the system state considers the network dynamics. To cope
with the system dynamics and complexity, we propose a deep
reinforcement learning-based computing offloading approach to
learn the optimal offloading policy on-the-fly, where we adopt
the policy gradient method to handle the large action space and
actor-critic method to accelerate the learning process. Simulation
results show that the proposed edge VM allocation and task
scheduling approach can achieve near-optimal performance with
very low complexity and the proposed learning-based computing
offloading algorithm not only converges fast but also achieves a
lower total cost compared with other offloading approaches.

Index Terms— Computing offloading, edge computing, space-

air-ground, IoT, reinforcement learning.
I. INTRODUCTION

ITH the rapid development of 5G networks and Inter-
net of things (IoT), a myriad of promising appli-
cations and services have emerged, such as virtual reality,
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HD live streaming, autonomous driving, industry automation,
smart home, and so forth, which reap the benefits provided
by 5G networks, such as ultra-high data rate, low latency,
high reliability, and massive connections [1], [2]. However,
besides efficient and reliable communication, a wide spectrum
of applications also require massive computing capabilities.
For example, virtual reality and HD video streaming require
a large amount of computing resources for rendering and
video encoding/decoding, and the autonomous vehicles rely
on computing for artificial intelligence (Al)-based steering
control. These computation-intensive applications pose great
challenges on the battery and computing capabilities of the
resource-constrained end devices, especially the IoT devices,
which motivates the cloud computing in which computation-
intensive applications are offloaded to the cloud servers with
centralized and abundant computation resources. Although
cloud computing can significantly reduce the computation
delay and the energy consumption of the users, it may fail
to meet the demands of delay sensitive applications, such as
mobile gaming and augmented reality, since the long transmis-
sion distances between end users and the cloud servers result
in long transmission delays. To address this issue, mobile edge
computing (MEC) has been extensively investigated, where the
computing resources in the network edge are employed to pro-
vide efficient and flexible computing services. In 5G wireless
systems, ultra-dense network edge devices will be deployed,
such as macro/small cell base stations and WiFi access points
which can provide exponentially growing amount of edge
computing resources. Many significant issues in MEC have
been extensively investigated, including offloading task
model [3], [4], energy efficiency [5]-[7], latency reduc-
tion [8]-[10], and joint optimization of communication and
computing [11], [12].

However, 5G networks may fail to provide ubiquitous
coverage to suburban and rural areas, where IoT devices
could be widely deployed to execute certain applications
with relatively high computing requirements. For example,
the fusion of sensing information, especially the handling of
high-definition sound or video information, will quickly drain
the battery of the sink nodes and result in large processing
delays. Due to the lack of terrestrial access network coverage,
the typical edge and cloud computing paradigms cannot be
applied in such scenarios. To this end, we propose to employ
the space-air-ground integrated network (SAGIN) architecture
for the computing offloading of remote IoT applications.
SAGIN integrates the satellite network and aerial network

0733-8716 © 2019 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

Authorized licensed use limited to: XIDIAN UNIVERSITY. Downloaded on May 16,2023 at 03:22:49 UTC from IEEE Xplore. Restrictions apply.


https://orcid.org/0000-0001-7907-2071

1118

with the terrestrial network to provide seamless and flexible
network coverage and services to large areas, and thus can
be applied in many promising fields, such as intelligent
transportation system, remote area monitoring, disaster res-
cue, and large-scale high-speed mobile Internet access [13].
SAGIN is a multidimensional heterogeneous network con-
sisting three network segments, i.e., the satellite network,
aerial network, and terrestrial network. Each network segment
possesses different resources and is affected by different
limitations. The Low Earth Orbit (LEO) and geostationary
(GEO) satellites constitute a hierarchical network where LEO
satellites provide high-speed access and GEO satellites relay
the data between LEO for long distance transmission [14].
The aerial network, including flying unmanned aerial vehicles
(UAVs), high latitude platforms (HAPs), and communication
balloons, can be deployed on demand at locations with burst
data traffic to offer high-speed and dynamic network services,
such as dynamic coverage, edge computing, crowdsensing,
etc. [15], [16]. In the proposed SAG-IoT computing offload-
ing architecture, the aerial network nodes can serve as the
flying edge servers, which provides the IoT devices with the
low-delay edge computing. On the other hand, the satellite
communication, although may have lower communication
rate and higher transmission delay, can provide always-on
cloud computing through seamless coverage and satellite back-
bone networks [17]. However, employing the SAGIN in IoT
computing offloading introduces several challenging issues.
Firstly, the high mobility of the aerial network results in
dynamic channel conditions and coverage, leading to varying
server availability and communication delay, which should
be carefully handled to guarantee the performance of the
SAG-IoT system. Secondly, different network segments in
SAGIN possess distinct network conditions and resource con-
straints, and it is non-trivial to design an efficient computing
offloading approach considering the complex and dynamic
network conditions and resources.

In this paper, we present a flexible joint communication
and computation SAGIN framework to provide powerful
edge/cloud computing services to remote IoT users. Under
the framework, we propose an efficient computing offloading
approach which learns on-the-fly the optimal offloading policy
to minimize the weighted sum of delay, energy consump-
tion, and server usage cost, considering the multidimensional
network dynamics and resource constraints. Firstly, the UAV
edge servers’ computation resources are virtualized as vir-
tual machines (VMs) for parallel execution of the offloaded
tasks. We formulate the joint VM resource allocation and
task scheduling problem as a mixed-integer programming
problem and propose an efficient heuristic algorithm to solve
it. Secondly, we investigate the computing offloading prob-
lem in SAGIN, which is formulated as a Markov decision
process (MDP). To learn the network dynamics, a model-free
reinforcement learning (RL)-based approach is proposed, and
an actor-critic learning algorithm is designed to handle the
large state and action spaces. To the best of our knowledge,
our work is the first work to study the computing offloading
problem in SAGIN, which validates the feasibility of SAGIN
supporting computation-intensive applications for remote
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IoT users, and can provide useful guidelines for SAGIN
network design and remote computing offloading.

The main contributions of the paper can be summarized as
follows.

e We formulate the SAG-IoT computing offloading prob-
lem as an MDP and propose an RL-based approach to
efficiently solve the problem. The system state is defined
to integrate the historical network information to learn
the system dynamics. In addition, a policy gradient-
based actor-critic learning algorithm is proposed to cope
with problem of dimensionality curse and accelerate the
learning speed.

e We adopt network virtulization to flexibly allocate the
resources of the edge server. We formulate the joint
edge server VM computation resource allocation and
task scheduling problem as a mix-integer programming
problem, and propose an effective heuristic algorithm to
solve it.

e The performance of the proposed approaches are evalu-
ated through extensive simulations. The joint VM allo-
cation and task scheduling can achieve near-optimal per-
formance with low complexity. In addition, the perfor-
mance of the proposed RL-based computing offloading
approach is evaluated with respect to design parameters.

The remainder of the paper is organized as follows.
In Section II, we present the related work. Section III
describes the system model. In Section IV, the joint edge
VM allocation and task scheduling problem is formulated
and solved. Section V formulates the SAG-IoT computing
offloading problem, followed by the RL-based solution in
Section VI. Section VII evaluates the proposed approaches,
and Section VIII concludes the paper. Useful notations used
throughout the paper are listed in Table I.

II. RELATED WORK
A. Mobile Edge Computing

The concept of MEC was originally proposed by ETSI
in [18], in which the motivation, definition, architecture,
and challenging issues are discussed. In edge computing,
the computation task offloading mechanism determines the
overall performance of the MEC system. The energy-efficient
computation offloading is crucial for energy-constraint IoT
devices, and has been studied in [5] and [6]. In [5],
Mahmoodi et al. studied the joint scheduling and computation
offloading problem and proposed a real data measurement
based optimization method to save the energy consumption
of the mobile users. In [6], Mao et al. proposed a Lyapunov
method-based dynamic computation offloading for devices
with energy harvesting. The execution cost which jointly
considers the execution latency and task failure is taken as the
performance metric. In MEC system, the energy consumption
and task delay rely not only on the task processing, but also on
the communication of the related data of the task. Therefore,
the joint optimization of the communication radio resources
and the computing offloading has attracted much research
attention [11], [12]. In [11], You et al. studied the resource
allocation for multiuser MEC offloading problem considering
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TABLE I
NOTATIONS USED IN THE PAPER

Notation [ Description
M Number of IoT users
N Number of IoT applications
cl,ce, ce The computation resources of local IoT users, the edge servers, and the cloud server
E! The local process power consumption of IoT users
E;, E7 The transmission power of [oT users to UAV and satellite
5> Bij The usage cost of task W;; in edge server and cloud server
B Bandwidth of UAV-ground communication
H;", H J‘-’“t The size of input data and output data of j-th application
Z The computing requirement of j-th application
M(t), mi;(t) Remaining tasks matrix and the element corresponding to task Wj;
X'(t), X°(t), X°(t) | Offloading decision matrix corresponding to local process, offload to UAV, and offload to the cloud
25 (1), =55 (t), = (t) The element of X'(t), X¢(t), X°(t) corresponding to task W;;
a, B The weight of UAV-edge and cloud server usage cost over the IoT user energy consumption
w; The weight of delay over energy consumption and server usage cost for IoT user ¢

TDMA and OFDMA scenarios. In [12], Wu et al. studied the
multi-access-assisted computing offloading, and presented a
joint optimization of computation task scheduling and radio
resource allocation. However, these works only focus on the
fixed MEC scenario, i.e., the edge computing services are
provided by cellular BSes or WiFi APs, which is different from
our work where flying UAVs serve as the mobile edge servers.
In [19], a mobile edge computing mechanism is proposed
via a UAV-Mounted cloudlet. The bit allocation and UAV
trajectory are jointly designed to minimize the mobile energy
consumption by solving a non-convex optimization problem.
Different from [19], we consider both the energy consumption
and task processing delay. In addition, the UAV trajectories are
learnt instead of designed for the scenarios where the UAVs
are not deployed by network operators and the trajectories are
unknown in advance.

B. Space-Air-Ground Integrated Network

SAGIN is envisioned as a promising technology to address
many problems in future mobile communication networks,
such as remote and large-scale coverage, growth of mobile
data, uneven data traffic, and rigid backbone networks, and
has recently attracted much attention from both academia
and industry. Different SAGIN architecture is discussed
in [20], [21]. In [20], Hoang et al studied the optimal
energy allocation problem in SAGIN and proposed a learning-
based algorithm to optimize the network performance and
maximize the service providers’ revenue. In [21], Zhang et al.
proposed a software-defined SAGIN architecture and dis-
cussed the challenging issues therein. The edge caching is
employed in SAGIN to reduce the content retrieval delay
and offload the backbone networks. In [22], Chen er al.
proposed an optimal content caching scheme to place content
at UAVs by considering the user’s information and the content
request distribution. However, the study of edge computing
offloading and computation resource allocation considering the
cooperation of space, aerial, and ground network segments is
still missing in the literature, which is important for supporting
a myriad of computing-intensive applications in SAGIN.
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Fig. 1. An overview of the SAG-IoT architecture.

III. SYSTEM MODEL

A. Network Model

We consider a remote area where [oT devices are deployed
to conduct certain tasks with computation requirements, such
as monitoring and video surveillance. In the considered remote
area, there is no cellular coverage, and therefore we consider
a space-air-ground integrated network (SAGIN) to provide
network functions, such as network access, edge comput-
ing and caching, to the IoT devices. The overview of the
SAG-IoT network is shown in Fig. 1. In the SAG-IoT network,
there are three network segments, i.e., the ground segment,
the aerial segment, and the space segment. The IoT devices
compose the ground segment and have very limited energy
and computing capabilities. The applications running at the
IoT devices may generate data to upload and computing tasks
to execute. In the aerial segment, the flying UAVs can serve
as edge servers to provide ground users with edge caching
and computing capabilities. The flying UAVs, such as the
Facebook Aquila, can fly for months without charging by using
solar panels [23]. The UAVs are configured with fixed flying
trajectories to serve the considered area. Furthermore, in the
space segment, one or more LEO satellites provide the full
coverage of the area of interest, and connect the IoT devices
with the cloud servers through the satellite backbone network.
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For the IoT device (user) ¢, it has the local computing
capability of C’, which is assumed identical for all users. The
energy consumption for locally task computing/processing is
denoted by E!, which is related to C'. The power consumption
for transmission to UAV and satellite is denoted by Ef and
E¢, respectively. In the edge servers, i.e., UAVs, the computing
resources are virtulized as VMs, each for one specific appli-
cation [24]. In edge server k, the total computation resource
is C¢, the resources allocated to the computation VM v is
denoted by C¢, and the server usage cost of the computation
VM for user ¢’s task j is denoted by By ;. For the UAV-ground
communication, since we consider the task offloading decision
making, which is with much longer time scale than traditional
resource scheduling time (1 ms), only large-scale channel
fading is considered. In addition, since the instantaneous chan-
nel information is not required, a satellite controlled global
decision making is feasible. According to [25], the pathloss
between the UAV and the ground users follows

2,24
IR0 | Pros(r, meos

+ (1 = Pros(r,h))nnros, (1)

where h and r denote the UAV flying altitude and the
horizontal distance between the UAV and the ground user,
respectively. 11,5 and 11,5 denote respectively the additive
loss incurred on top of the free space pathloss for LoS
and NLoS links [26]. f. denotes the carrier frequency, and
c denotes the speed of light. Pr,g is the line-of-sight proba-
bility of UAV-ground link, which can be calculated by

1
1+ aexp(—b(arctan(L) — a))’

L(r,h) = 20log (

Pros(r,h) = (2)
(a,b,MLos, NN Los) are environment-dependent variables. For
instance, in remote areas, their values are (4.88, 0.43,
0.1, 21) [27]. In addition, the UAV-ground communication
uses WiFi protocols with total bandwidth B. If n IoT devices
communicate with a UAV simultaneously, the bandwidth each
IoT device obtains is calculated by

B; = pBE&(n) 3)

where p is the WiFi throughput efficiency factor, and &(n) is
the WiFi channel utilization function which is a decreasing
function of contenting user number n. Thus, the instant
UAV-ground and ground-UAV data rate can be calculated by

E¢10~Ei/10

reu = pB&(n)logy (1 + 5 ), 4)

ag
and

Ef—10-Li/10
rue = pBE(n)logy (1 + 17)7 (5)

respectively, where EY~ denotes the UAV transmit power
to ground IoT users, L; denotes the pathloss for the corre-
sponding IoT user-UAV link, and o2 denotes the power of
the Gaussian noise. For the satellite-ground communication,
we consider a constant communication data rate rgq, which
is usually smaller than the UAV-ground date rate. The satellite
is connected to the Internet/cloud through the satellite back-
bone network. We denote the transmission rate between the
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satellite and the cloud by rgc. The cloud has much higher
computing capability than IoT devices and edge servers, and
the processing rate for each task is denoted by C¢ and the
usage cost for user ¢’s task j is denoted by By ;.

B. Multi-User Multi-Task SAG-loT Computing Offloading

We consider that there are M IoT users and N differ-
ent computation applications, and each user is running all
N applications, leading to M x N computation tasks in the
system. We also consider that the N applications have certain
priorities, in the way that if multiple tasks are scheduled
simultaneously, the task with smaller application number will
be transmitted/processed earlier than those with larger appli-
cation numbers. For j-th application, the size of the input
data, the output data, and the workload are denoted by H ;",
H j‘?“t and Z;, respectively. These tasks can be executed locally
at the IoT devices. However, due to the limited energy and
computing capability of IoT devices, the computing tasks can
also be offloaded to the UAV edge servers or further to the
cloud through the satellites. The offloading decision is made
in each time slot until all the M x N tasks are completed.
At the beginning of time slot ¢, the remaining tasks are denoted
by a M x N matrix M(t), where the element m; ;(t) = 1
indicates task W;; has not completed, and m, ;(t) = 0
otherwise. Denote decisions of locally processing the tasks,
offloading the tasks to edge, and offloading the tasks to cloud
at time slot ¢ by M x N matrices X;(t), X.(t), and X.(¢),
respectively, and each binary element %, (), 25, (t), and 5, (t)
indicates whether task W;; is processed locally, offloaded to
the edge, or offloaded to the cloud, respectively. Note that task
W;; can be scheduled to at most one means at time ¢, i.e., the
offloading decision is constrained by

xéj(t)ax?j (t)vxij(t) € {Oa 1}7 (6)
why (1) + 2 (8) + 255 (1) < mij(t). @)

The inequality in (7) holds when an unfinished task is
not scheduled at time slot ¢. If the task W;; is processed
locally or offloaded to the cloud at time ¢, we consider the
task can be finished with a certain delay, and m; ;(t+1) = 0.
However, if W;; is offloaded to the UAV edge server, it may
not be completed and return to user ¢ successfully at the end
of ¢, which is due to two reasons. Firstly, if multiple tasks are
offloaded to one UAV edge server, some of them may not be
able to be completed within the time slot; secondly, since the
UAVs are moving, when task W;; is completed in the edge
server, the result cannot be transmitted to user 7 if user 7 is
out of the coverage area of the UAV.

C. Cost Model

The computing task offloading is to minimize the sys-
tem cost of executing the M x N tasks. In the considered
SAG-IoT system, the system cost is composed of two parts,
i.e., the delay cost and the energy and server usage cost.

1) Delay Cost: If the task W;; is scheduled at time slot %,
the delay can be calculated according to the offloading deci-
sion. If the task is scheduled to process locally, the delay is

7.

T, =et—1)+t.,+ C—{ (8)
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where ¢ is the length of the time slot, and e(¢—1) is the elapsed
time since the generation of the task. Due to the low computing
capability of IoT devices, it is likely that at the beginning
of time slot ¢, there are some tasks which are scheduled to
locally process yet not finished. tfnﬂv is the time for user @
to complete the remaining local processing tasks, which can
be calculated by the remaining local workload divided by the
local processing capability C'. If the task is offloaded to the
UAV edge server, and the result is returned to user ¢ within
time slot ¢, the total delay of the task can be calculated by

2:1 x'ia

rGu

(t)Hé" N H]()ut

TvaG

T =e(t—1)+dj; + ©)]
where df; denotes the processing delay of W;; in the
UAV edge server, which depends on the offloading decision
and VM resource allocation in the server as described in
Section IV. If multiple tasks of user 7 are scheduled to the edge
server, y 7 xf (t)H!™ calculates the time for transmitting
W;; task data to the server considering the transmission of
tasks with higher priorities. Similarly, if the task is offloaded

to the cloud through the satellite, the delay is calculated by
mn out mn out
TS, Cepp L M HP TR (10)

ce rSG rsc

2) Energy and Server Usage Cost: The energy cost of
locally processing W;; can be calculated by
7.

C—f (1D
If at time slot ¢, task W;; is offloaded to the UAV edge server

and the result is successfully transmitted to user 7, the energy
and server usage cost can be calculated by

L _ gl
L, =E

v in
e __ pe e J e
L, = E; ; x5, (t) ot By, (12)

where « represents the weight of the UAV server usage cost

over the IoT user energy consumption. .Z::.l xf](t)%%t)
calculates the total energy consumption considering the case in
which former times of offloading of the task to a UAV edge
server failed to return within the scheduling slot. Similarly,
if task W;; is offloaded to the cloud, the energy and server
usage cost can be calculated by
ity

rsa

L = + BB, (13)
where 3 denotes the weight of cloud server usage cost over

the IoT user energy consumption.

IV. COMPUTATION VM ALLOCATION

In time slot ¢, multiple tasks may be offloaded to one UAV
edge server. In such a scenario, these tasks are executed in
different VMs in parallel to reduce the processing latency.
One VM executes the tasks belonging to a specific application.
We therefore study a VM allocation problem to allocate the
edge server computation resources to different VMs consid-
ering the tasks offloaded to the edge server. In addition, due
to the mobility of UAVs, some users may lose connection

1121

371 ti2 ti3
1 | ]
I
0

UAV edge
server

Fig. 2. An example of joint VM allocation and task scheduling for UAV
edge server.

with the UAV quickly, and thus executing such tasks may
lead to excessive resource allocated to the corresponding VM.
For example, in Fig. 2, two VMs are considered to execute
the offloaded tasks to the UAV edge server, and ¢;; is the
delay requirement of task j in VM 7. We can see that the
delay requirement o ; is very strict and a larger amount of
computation resource should be allocated to VM2 to finish the
corresponding task before deadline. However, since the total
computation resource of an edge server is fixed, it is likely
that little resource allocated to VM1, and none of the three
tasks in VM1 can be finished in time. Therefore, we jointly
optimize the VM allocation and task scheduling in the UAV
edge server to reduce the system sum delay.

In the considered problem, there are multiple kinds of
applications (Apps), denoted by A = {1,..., N}, and one
UAV edge server with computation capability C cycles/s.! For
m-th App, there might be multiple offloaded tasks, denoted by
Tm = {1,..., N, }, which has same computation workload
but different maximum delay requirements. Note that Z,,
denotes the computation workload of m-th App’s tasks. C =
{¢m | m € A} denotes the computation resource variables,
where ¢, is the computation resource allocated to the VM exe-
cuting App m. Y = {ymn | m € A n e T,} denotes the
decision variables on task execution, where v, , = 1 if
task n of App m is scheduled and executed, and ¥,,,, = 0
otherwise. Therefore, our sum delay minimization problem can
be formulated as follows.

N N n 7
min Z Z Ym.n Z Ymk— + (1= Ymn)
cY k=1 Cm

m=1n=1

n
s.t. Cl: Zym,kz—m <tmn, YmeA VneTl,
k)::l Cnl,
M
C2: ) em<C
m=1

C3: ¢, >0

C4: ymn€{0,1}, Vme A, VneT, (14)

where ¢, ,, is the delay requirement of task n of App m and

¢ is the length of the time slot. ¢,, , can be calculated by
5)

i = min(tlc, 6)

where £, is the time when the user who offloads this task loses
connection with the UAV. C1 restricts the maximum delay for

"Here we use C instead of C for simplicity.
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each task if it is executed at current time slot. C2 limits that
the total computation resources of VMs cannot exceed C.

It can be seen that Problem (14) is a mixed-integer pro-
gramming that is difficult to solve. It involves the continuous
variable C and O-1 integer variable Y. Even though we
assume C is known, the residual subproblem is still a quadratic
problem with O-1 integer constraints, which is NP-hard with
non-definite matrix [28], [29]. This problem is commonly
reformulated by specific relaxation approach and then solved
by powerful convex optimization techniques. However, this
method performs extensive iterations and reveals little insight
about scheduling policy. Thus, we are motivated to design an
efficient low-complexity algorithm to obtain the suboptimal
solution. In the proposed VM allocation and task scheduling
algorithm, we assume for each VM m, the delay requirements
for Ny, tasks have been sorted, i.e., £y, < tpy py1. At the
beginning, we try to allocate c,, as if all tasks had been
scheduled, i.e., ¥ym,n = 1, Vm € A,Vn € 7,,. The allocation
results would be

NZm,

m,n

¢m = min{ }, Yme A, Vn e T,. (16)
Given the allocation results, if Zﬁle ¢ > C, it means not all
tasks can be scheduled. Therefore, we choose not to schedule

the task with the most harsh delay requirement, i.e., let
Ymn = 0, a7

where

nz
m,n = argmax —-—. VYm € A, Vn € T,,.

m,n m,n

(18)

Then, we calculate the VM allocation ¢, again. Repeat this
process until the condition Z%:l ¢m < C is satisfied, and the
VM allocation ¢, and task scheduling Y is obtained. Note
that for a generic Y, the VM allocation is calculated by

m Z
Cm = min{w}, vm e A, VYneT,, (19)
m,n
and the unscheduled task selection is calculated by
nZ,
m,n = arg max M, Ym e A, ¥n € T,. (20)
m,n m,n

The full algorithm of edge server VM allocation and task
scheduling is shown in Algorithm 1. From the algorithm,
we can see that the worst case (the cloud cannot finish any
offloaded task in time) requires N'(N’ + 1)/2 comparisons
where N’ is the number of total offloaded tasks to the UAV
edge server. Even the worst case complexity O(N'?) is very
low, and therefore the proposed algorithm can work efficiently
in the dynamic SAGIN environment.

V. COMPUTATION OFFLOADING PROBLEM FORMULATION

We design an online computing offloading approach for the
SAG-IoT system, in which at each time slot the computing
tasks of IoT devices are scheduled to process locally, offloaded
to the UAV edge server, or offloaded to the cloud server
through the satellite, in order to minimize the total system
cost in terms of the delay of the tasks, the energy consumption
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Algorithm 1 VM Allocation and Task Scheduling in Edge
Server

1: Input: C, 7, tyy s €.

2: Output: VM allocation ¢,,, task scheduling Y.

3: Initialize vy, , = 1 ¥m,n, and ¢, according to (19).
4: while "M ¢, > C do

5. Update y,,,, according to (17) and (20).

6: Update c,, according to (19).

7: end while

8: return

of the IoT users, and the edge and cloud server usage costs.
This can be achieved by modeling the computing offloading
decisions as an MDP.

An MDP is defined by a tuple (S, A,T,R), where S is
the set of possible system states, A is the set of actions,
T = {p(s'|s,a)} is the set of transition probabilities, and
R : S x A~ fRis a real-value reward (or cost) function
when the system is at state s € S and an action a € A is
taken. A policy 7 is a mapping from S to A. The MDP of the
SAG-IoT computing offloading problem is defined as follows.

1) States: at the beginning of time slot ¢, the network state is
defined as M(t)®T" (1)@ PL(t)@PL(t—1)PL(t—2)®- - -®
PL(t—t,), where TL(t) = {t{(¢),t5(t),...t,,(t)} represents
the remaining time for each user to complete locally process-
ing tasks, and PL(t) = {PL1(t), PLa(t),...,PLa(t)} is
the vector of pathloss values of all users to their associ-
ated UAV. The system state includes the pathloss information
of the current and the previous ¢, time slots in order to learn
and predict the pathloss information.

2) Actions: at the beginning of time slot ¢, the system
takes the action of scheduling the tasks of the users, i.e., to
determine the matrices X;(t), X.(t), and X.(t), or equally,
to determine xé», x$;, and xfj, Vi, j. Therefore, we denote
a(t) = {Xy(t),Xc(t),X.(t)}. Clearly, at time slot O, there
are 4N possible actions, which is a very large number when
M and N are large.

3) Transition probability: since the UAV-user pathloss is not
affected by the actions, the system transition probability can
be calculated by

p(sir1lsi, ar) = p(PL(t + 1)[PL(t))- (T.(t + 1)|T%(t), ar)
p(M(t + 1)|M(t),ar). (21)

Specifically, if the UAV trajectory and the flying speed are
planned to be fixed, p(PL(t 4+ 1)|PL(t)) is 1 with a specific
PL(t+ 1) and 0 otherwise. However, due to the uncertainties
in the UAV mobility, p(PL(t + 1)|PL(¢)) will be difficult to
model. T (¢ + 1) can be calculated by

N
7
Tra(t+1) = max{Ty;(t) + Y _ai; (1) 5r — €0}, (22)
j=1

For p(M(t + 1)|M(t), at), it is difficult to model accurately.
For example, if a task is offloaded to a UAV edge server,
whether the task can be complete within the time slots depends
on the UAV data transmission rate, UAV computation resource
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allocation, other users’ decision, and UAV mobility, which are
dynamic and correlated.

4) Reward: To minimize the weighted sum of delay, energy,
and server usage cost, we use the cost function C(s¢,ar) =
Zij C;,j(s¢,ar) at time slot ¢, where C; (s, a¢) is the cost
function of task W;;, which is calculated in the following way.

1) if m;;(t) = 0, the task has already completed, and thus
C” (St, at) =0.

2) if my;(t) = 1 and zf; + xf; + 2f; = 0, the task is
not scheduled in this time slot, and thus a delay of ¢
is introduced. We define the cost function C; (s, ar) =
w;e, where w; is user i’s weight on the delay.

3) if m”() =1 and x g g =1, Cig(se,a) =

w2l (T} —et)—i—x (Te )—HB% (T} —et))+al; Lt +
x$ Le + xf; L
Define the Value function V' of state s as the expected long-
term discounted cost starting from s with policy 7, i.e.,

V(s|m) = Z'ny Styae)|so = s,

t=0

(23)

where v € [0,1] is a discount factor, and the expectation is
taken over all possible state trajectories starting from s. The
online computing offloading approach is to select an optimal
policy 7*, which minimizes the value function of each state,
ie.,

T (s) = argmmzp Is,a)[C(s,a) + 4V (s'|77))].

s’/

(24)

VI. RL-BASED OFFLOADING DECISION MAKING

In problem (24), the reward function and transition prob-
abilities are difficult to model accurately due to the UAV
mobility and dynamic VM allocation of UAV edge servers.
In addition, with the increasing system scale, i.e., M and N,
the exponentially growing system state space makes the system
intractable. Therefore, the proposed online computing offload-
ing problem can be solved by model-free RL-based methods,
such as Q-learning [30] and policy gradient methods [31].
Although Q-learning methods have shown great potentials in
solving RL problems with a large state space, it usually cannot
efficiently deal with problems with large or even continuous
action spaces, which is the case in problem (24). Therefore,
in this paper, we propose an online computing offloading
approach for the SAG-IoT system by adapting the policy
gradient method.

In the proposed online computing offloading approach,
the policy is parameterized by a vector 8 € R4,
ie, m(als,0) = Pla; = alsy = 5,0, = 0), for the
probability that action a is taken when the system is in state s
at time ¢, under the policy with parameter 6. If 6 is defined
for each feature of the state, i.e., each element in M (t),
T7(t), and PL(t), the length of vector 8 is M (N + t, + 2).
To learn the policy parameter, we first define the performance
measure of €, which is denoted by .J(@). Since the online
computing offloading problem is episodic (an episode ends
when all M N tasks are finished), we define the performance
measure as the total discounted cost of the episode of com-
puting all tasks. Denote by 7 a trace of state-action sequence

1123

80, A0y S1,G1, St,, .. Gt,,,, 0 an episode following 7 (:|-, ),
where t,,,, denotes the preset value indicating the possible
maximum number of time slots for processing all tasks. Then,
we can have J(0) as the value function of the start state s¢:

tmax

Erg Z'Y

To learn the policy parameter 8 which minimizes J(8), intu-
itively, we can use the gradient descent method to gradually
update 6 by

J(0) =V, (s0) (si,ar)|mw (-], 0)]. (25)

0t+1 = 0t - goVJ(@t) (26)

where ¢ represents the learning rate. According to the policy
gradient theorem [32], we have

VJ(at) - ETI’ [Z qﬂ'(sta G)VQW(GL%, 0)]

Veom(a|st, 8)

m(alst, Q)

= Eﬂ' [Z ’/T(a|8tv e)qﬂ'(sta a)
Vor(at|st, 0)
7r(at|st, 0)

V@’]T((lt|8t, 0)

m(at|st, 0)

= Ex[qr(s¢, a¢)

=E,[G; 27
Note that ¢.(s,a) is the state-action value function for pol-
icy 7, and Gy = Cy +~vCiy1 +72 Ciyo... is the discounted
return of cost. Using the above, we can then update 6 by

V@’]T((lt|8t, 0)

0 =60, — oG
t4+1 t — Pl W(at|st,0)

(28)
However, although such a update method (which is referred
to as REINFORCE method [33]) can converge to a local
minimum asymptotically, it usually leads to high variance and
learns slowly. In the online SAG-IoT computing offloading,
both state space and action space are large, and therefore
REINFORCE method may not be suitable. To further improve
the learning performance, we thus employ the actor-critic
method in which the approximations to both policy and value
functions are learned [34]. In actor-critic method, the policy is
updated in each time slot instead of every episode of the com-
puting offloading. Therefore, the number of samples required
to learn the optimal policy can be reduced dramatically, which
accelerates the learning process. To achieve this, we need to
learn the value function and use it as a critic to guide the
update of policy at each time slot. Specifically, denote by
V(st, w) the estimation of the value function of state s, where
w € R is the parameter vector to fit the value function. Then,
in each time slot ¢, the update of @ can be done by

Vor(at|st, )

7T((lt |8157 0)
(29)

0:41=0;—o(Ci AV (5141, w )— V(si,w))

Note that in each time slot, the parameter vector w of the
estimated value function V' is also updated according to
(30)

w1 = wp — @'V L(w),
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where ¢’ is the learning rate, and the loss function L(w) is
defined as

L(w) = |V(sy,w) — (Cy + AV (541, w)) |2 31

Finally, motivated by the capability of deep neural networks
to approximate complex functions, we employ deep learning
architecture to learn the policy in terms of € and the estimated
state-value function. The full proposed online computing
offloading approach for SAT-IoT is shown in Algorithm 2,
where ¢ and ¢’ are learning rates for the actor and the critic,
respectively.

Algorithm 2 Deep Actor-Critic Based Online Computing
Offloading
1: Input: IoT user information: location, cl, E!, Ef, EY” and
of
UAV edge server information: mobility traces, C¢, ij, B
Cloud related information: rsq, rsc, Ce, ij
Task information: H™, Heut Z
2: Output: Optimal computing offloading decision X ()
3: Randomly initialize critic network V(s,w) and actor net-
work 7(s,al@)
4: for episode = 1, G do
Initialize a random vector N as the noise for action
exploration
6:  Observe the initial state s
7:  for time slot t = 1, ¢,,,, do
8
9

wn

select action a,,; = 7(s|@) + N;

: execute a¢ and observe the cost C and state s;11
10: N Ct + YV (st1,w) — V(st,w)
11: update w «— w — PNV, V (s, w)
12: update 6 — 6 — gmwt%
13:  end for
14: end for
15: return

The implementation of the proposed RL-based offloading
approach is shown in Fig. 3, which is composed of the
SAGIN environment, the computing offloading reward eval-
uator, an actor network, a critic network, and a temporal-
difference component. The system state can be observed from
the current SAGIN environment, which is then sent to the input
of the actor network and the critic network. The actor network
generates the action a according to a = mg(s), and updates
the policy 6. It can be easily seen that at time slot ¢, for an
arbitrary task W;;, the decision x;;(t) has four possibilities,
i.e., not scheduled, process locally, offload to edge, and offload
to cloud. Therefore, we map these four possible decisions of
to x;; integer 0, 1, 2, 3 respectively, and design two output
layers of the actor network, i.e., o and p, which can compose
M x N normal distributed random variables to represent the
actions of each task. The critic network estimates the value
function V(st, w) and updates the parameter w. The reward
of a state-action pair is evaluated by the reward evaluator,
and is used to calculate the temporal-difference (TD) n =
Cy +~V (8441, w) — V(sg, w), which is used in the update of
the policy parameter 6 and the critic network parameter w.

IEEE JOURNAL ON SELECTED AREAS IN COMMUNICATIONS, VOL. 37, NO. 5, MAY 2019

TABLE 11
SIMULATION PARAMETERS

Parameter \ Value Parameter Value
M 30 N 5
C! 200 MC/s E! 141 mW
ce 3 GC/s E°¢, E°—,E° | 200 mW
Cce 10 GC/s B 20 MHz
h 90 m rsa 10 Mbps
o 10710 J/cycle rsc 10 Mbps
B 4 x 10719 J/cycle w5 0.2 J/s

VII. PERFORMANCE EVALUATION
A. Simulation Configurations

In this section, we evaluate the proposed joint VM resource
allocation and task scheduling scheme for the UAV edge
server, and the RL-based online computing offloading
approach for SAG-IoT system. In the simulation, we consider
a remote 1 km x 1 km square area with M = 30 IoT
users fixed deployed in this area. The IoT user runs N = 5
different applications and thus each user has 5 tasks to process.
We select ARM Cortex-M based IoT devices as the ground
users. Referring to [35] and [36], we set the IoT device
computing capability C' to 200 MC/s (MC = 10° cycles), and
the energy consumption for local task processing is 141 mW.
As defined in [37], the transmission and reception power of
IoT users with UAVs and satellites, i.e., £¢, E°, and E°
are set to 200 mW. 5 UAVs are serving as the flying edge
servers for the [oT computing. UAV movement trajectories are
planned to maximize the minimum throughput which follows
Wu et al’s work [38] with adopting practical UAV-ground
propagation channels (1). Referring to [39], the edge server’s
computation resource C° is set to 3 GC/s (GC = 10° cycles),
while the cloud server’s computation resource assigned to each
task, i.e., C¢, is set to 10 GC/s. For satellite and remote cloud,
we consider within one episode of computing offloading, there
is one LEO satellite providing the full coverage to the area,
and the satellite-ground communication rate rgg is set to
10 Mbps which is the average observed transmission rate in
the high throughput satellite communication system ViaSat-1.
The satellite-cloud data rate is also constrained by the satellite-
ground transmission rate, and therefore we set rsc = rsg =
10 Mbps. Different computation tasks may have different
computation to data ratios; however, for the simulation sim-
plicity we choose x264 VBR encode computation to data ratio,
which is 1300 cycles/byte, i.e., Z = 1300H™ [40]. H]@" and
H j‘?“t are randomly chosen between 5 MB and 15 MB, and
between 1 MB and 5 MB, respectively. We set the usage
cost of edge server/cloud server, i.e., ij and ij to the CPU
cycles to execute tasks W;;, i.e., W;;’s workload. In addition,
a = 10719 J/cycle, B = 4 x 10710 J/cycle, and w; = 1 J/s
for each user i. The detailed simulation parameters are shown
in Table. IT unless otherwise specified.

B. VM Computing Resource Allocation and Task Scheduling

We first evaluate the proposed VM computing resource
allocation and task scheduling algorithm. We compare the
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Fig. 3. RL-based computing offloading approach. The proposed approach implements two components, i.e., one actor network to update the policy, and one
critic network to evaluate the value function and guide the update of offloading policy.

heuristic algorithm with ‘Brute-force’ method and ‘Random’
method. In ‘Brute-force’, exhaustive search is used to find
the optimal unscheduled tasks, which achieves the upper-
bound performance but is with high computing complexity.
In ‘Random’, unscheduled tasks are randomly selected.

Fig. 4 shows the delay performance of the proposed algo-
rithm. In Fig. 4(a), the average delay with respect to the UAV
edge server computing resource C¢ is shown. We can see from
the figure that with the increase of C¢, the average delay of
the three methods decrease, because with higher computing
server capability, the average processing time will be reduced,
and thus more tasks can be scheduled to satisfy their delay
requirements. In Fig. 4(b), the average delay with respect to
the total number of tasks offloaded to the considered edge
server is shown, when C€ is set to 10 GC. It can be seen that
a larger number of tasks lead to increasing average delay, since
more tasks contend for the limited computing resources, and
fewer tasks can complete in time. In both figures, the proposed
heuristic algorithm can achieve a very close performance
with that of the ‘Brute-force’ method, which demonstrates the
efficiency of the proposed algorithm.

Fig. 5 shows the comparison of the run time between the
proposed heuristic algorithm and the ‘Brute-force’ method.
We can see from the figure that with the increasing num-
ber of total tasks, the run time of ‘Brute-force’ method
increases exponentially. This is because ‘Brute-force’ method
uses exhaustive search and a larger number of tasks leads
to an exponentially growing searching space. In opposite,
the run time of the proposed heuristic algorithm remains very
small when the number of tasks increases. The zoomed-in
run time for the proposed heuristic algorithm shows clearly a
quadratic increase on run time when the number of offloaded
tasks increase, which validates our analysis in Section IV.

To summarize, the proposed VM computing resource alloca-
tion and task scheduling algorithm can simultaneously achieve
near-optimal performance and very low computational com-
plexity, and therefore is suitable to allocation UAV edge server
resources under dynamic network conditions.

C. Deep RL-Based IoT Computing Offloading

In this part, the performance of the proposed RL-based
SAG-IoT computing offloading approach is evaluated and
compared. To show the efficiency of our proposed approach,
we explicitly compare it with two other computing offloading
approaches, i.e., ‘Random’ and ‘Greedy on edge’, which are
described as follows.

1) ‘Random’: each task randomly selects a time slot ¢ €
{1,2,...,tmaz}, and an offloading decision (locally,
edge, cloud).

2) ‘Greedy on edge’: since the edge computing can usually
provide a lower computing delay and relatively low
price, each user will offload all tasks to the UAV edge
server if it is within the coverage of a UAV. Otherwise,
the user decides to wait, process locally, or offload to
cloud with certain probabilities. In the simulation, we set
the probabilities to 0.8, 0.1, and 0.1, respectively.

Fig. 6 shows the convergence performance of the proposed
RL-based computing offloading algorithm. The total cost is
calculated by the summation of the cost of each task, which
is the weighted sum of delay, energy consumption, and server
usage cost. It can be seen that the algorithm converges very fast
from the fact that at about 10-th episode the algorithm already
converges. The high convergence rate stems from the adopted
actor-critic algorithm in which the critic network judges and
guides the actor network to learn the policy in each time
slot, instead of in each episode for non-actor-critic policy
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Fig. 4. Performance of the proposed VM computing resource allocation and
task scheduling algorithm.
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Fig. 5. The run time comparison.

gradient methods. The fast convergence of the algorithm can
bring many benefits, such as fast reconfiguration if more users
and application are deployed, more flexibility in a dynamic
environment, and so forth.

Fig. 7 shows the performance of the proposed computing
offloading approach with respect to the UAV server usage
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cost weight «. It can be seen that the proposed RL-based
approach can achieve the lowest total cost than the other
approaches since it can learn the optimal offloading policy
through interactions with the environments. ‘Greedy’ approach
suffers the most total cost among the three approaches. This is
because ‘Greedy’ approach forces many tasks content for the
UAV channel and edge server computation resources, which
increases the times to complete the tasks. In addition, due
to the mobility of UAVs, within the time duration in which
the task is processing (including the upload, processing, and
transmission of the results), the UAV may fly away and the
user loses the connection.

In Fig. 8, the main components of the cost, i.e., energy
consumption (F + B - «(or 3)) and weight delay (wT) are
shown. It can be seen that the proposed computing offloading
approach can achieve the lowest energy consumption and the
lowest delay due to the learnt optimal offloading policy. The
reason that ‘Random’ approach achieves the similar total delay
as RL-based scheme is that in RL-based scheme, more energy
is consumed in transmitting the tasks to the satellite, and in
Random scheme, more energy is consumed in locally process-
ing the tasks due to longer local process delay since more
tasks are process locally with ‘Random’ approach (as shown
in Fig. 10). However, the ‘Greedy’ approach has very high
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energy consumption and delay, which is due to that failed
execution of tasks in UAV edge servers leads to multiple
uploads of the same tasks, and thus it consumes a large amount
of energy of the IoT devices and leads to prolonged delay.
Fig. 9 shows the total cost with respect to the cloud server
usage cost weight 5. Comparing the three approaches, it can
be seen the proposed RL-based computing offloading approach
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can achieve the lowest average total cost in an episode. The
total cost increases with 3 because the increase of [ leads
to the increase of S5° which is a component of the total
cost. It can also be seen that the total cost of the proposed
approach increases faster the other two approaches, which is
because in the current setting of the simulation, the satellite-
cloud offloading can achieve relatively better performance
than local processing and UAV, if properly chosen. Therefore,
the proposed approach learns the environments and chooses
cloud offloading with higher probability. This fact can be
seen in Fig. 10, which shows the number of selections of
each offloading means for each offloading approach. For the
proposed approach, it selects satellite-cloud more frequently
over the other two offloading means. Compared to satellite-
cloud, the local processing results in longer delay due to week
local computation capability, while the UAV-edge may suffer
the contention problem and high UAV mobility, although it
has the benefits of high transmission rate and low server
usage cost. The ‘Random’ and ‘Greedy’ approaches select
almost the same number of local processing and satellite-
cloud. The ‘Greedy’ approach selects more times of UAV-edge
since it may wait for the future UAV connection with a high
probability if the UAV is current unavailable.

Fig. 11 shows the total cost with respect to the weight on the
delay, i.e., wo. With the increase of w, the total cost of all the
three offloading approach increase, due to the increase of w’T’,
which is the delay component of the total cost. However,
the proposed offloading approach can achieve the lowest total
cost and lower increase rate among the three approaches since
it can learn from the environment an optimal policy to reduce
the total task delay.

VIII. CONCLUSION

In this paper, we have investigated the IoT computing
offloading problem in SAGIN. We have proposed a joint
VM allocation and task scheduling mechanism to efficiently
allocate the computing resources to different VMs in the
UAV edge server. To offload the computation-intensive tasks,
we have proposed an RL-based computing offloading approach
to handle the multidimensional SAGIN resources and learns
the dynamic network conditions. Deep neural networks, policy
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gradient, and actor-critic methods have been employed to
improve the learning performance. Simulation results have
validated the convergency and efficiency of the proposed
approaches. Our work can offer valuable insights to the
important yet underexplored field of edge/cloud computing in
SAGIN. In the future, we will focus on jointly optimizing the
communication, caching, and computing resources in SAGIN.

[1]

[2]
[3]

[4]

[5]

[6]

[7]

[8]

[9]

[10]

(11]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

REFERENCES

M. Shafi et al., “5G: A tutorial overview of standards, trials, challenges,
deployment, and practice,” IEEE J. Sel. Areas Commun., vol. 35, no. 6,
pp. 1201-1221, Jun. 2017.

N. Cheng et al., “Big data driven vehicular networks,” IEEE Netw.,
vol. 32, no. 6, pp. 160-167, Nov./Dec. 2018.

C. You, K. Huang, and H. Chae, “Energy efficient mobile cloud
computing powered by wireless energy transfer,” IEEE J. Sel. Areas
Commun., vol. 34, no. 5, pp. 17571771, May 2016.

W. Zhang, Y. Wen, and D. O. Wu, “Collaborative task execution in
mobile cloud computing under a stochastic wireless channel,” IEEE
Trans. Wireless Commun., vol. 14, no. 1, pp. 81-93, Jan. 2015.

S. E. Mahmoodi, R. N. Uma, and K. P. Subbalakshmi, “Optimal joint
scheduling and cloud offloading for mobile applications,” IEEE Trans.
Cloud Comput., to be published.

Y. Mao, J. Zhang, Z. Chen, 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.
S. Barbarossa, S. Sardellitti, and P. D. Lorenzo, “Communicating while
computing: Distributed mobile cloud computing over 5G heterogeneous
networks,” IEEE Signal Process. Mag., vol. 31, no. 6, pp. 45-55,
Nov. 2014.

K. Kumar, J. Liu, Y.-H. Lu, and B. Bhargava, “A survey of computation
offloading for mobile systems,” Mobile Netw. Appl., vol. 18, no. 1,
pp. 129-140, Feb. 2013.

Y.-H. Kao, B. Krishnamachari, M.-R. Ra, and F. Bai, “Hermes: Latency
optimal task assignment for resource-constrained mobile computing,”
IEEE Trans. Mobile Comput., vol. 16, no. 11, pp. 3056-3069, Nov. 2017.
F. Lyu et al., “SS-MAC: A novel time slot-sharing MAC for safety
messages broadcasting in VANETS,” IEEE Trans. Veh. Technol., vol. 67,
no. 4, pp. 3586-3597, Apr. 2018.

C. You, K. Huang, H. Chae, and B.-H. Kim, “Energy-efficient resource
allocation for mobile-edge computation offloading,” IEEE Trans. Wire-
less Commun., vol. 16, no. 3, pp. 1397-1411, Mar. 2017.

Y. Wu et al., “Secrecy-driven resource management for vehicular com-
putation offloading networks,” IEEE Netw., vol. 32, no. 3, pp. 84-91,
May/Jun. 2018.

J. Liu, Y. Shi, Z. M. Fadlullah, and N. Kato, “Space-air-ground integrated
network: A survey,” IEEE Commun. Surveys Tuts., vol. 20, no. 4,
pp. 2714-2741, 4th Quart., 2018.

H. Nishiyama, Y. Tada, N. Kato, N. Yoshimura, M. Toyoshima, and
N. Kadowaki, “Toward optimized traffic distribution for efficient net-
work capacity utilization in two-layered satellite networks,” IEEE Trans.
Veh. Technol., vol. 62, no. 3, pp. 1303-1313, Mar. 2013.

Y. Zhou, N. Cheng, N. Lu, and X. Shen, “Multi-UAV-aided networks:
Aerial-ground cooperative vehicular networking architecture,” IEEE Veh.
Technol. Mag., vol. 10, no. 4, pp. 3644, Dec. 2015.

N. Cheng et al., “Air-ground integrated mobile edge networks: Archi-
tecture, challenges, and opportunities,” IEEE Commun. Mag., vol. 56,
no. 8, pp. 26-32, Aug. 2018.

Y. Hu and V. O. K. Li, “Satellite-based Internet: A tutorial,” IEEE
Commun. Mag., vol. 39, no. 3, pp. 154-162, Mar. 2001.

M. Patel et al., “Mobile-edge computing introductory technical white
paper,” Mobile-edge Comput., Initiative, White Paper, 2014.

S. Jeong, O. Simeone, and J. Kang, “Mobile edge computing via a
UAV-mounted cloudlet: Optimization of bit allocation and path plan-
ning,” IEEE Trans. Veh. Technol., vol. 67, no. 3, pp. 2049-2063,
Mar. 2018.

T. H. Dinh, D. Niyato, and N. T. Hung, “Optimal energy allocation
policy for wireless networks in the sky,” in Proc. IEEE ICC, Jun. 2015,
pp. 3204-32009.

N. Zhang, S. Zhang, P. Yang, O. Alhussein, W. Zhuang, and
X. Shen, “Software defined space-air-ground integrated vehicular net-
works: Challenges and solutions,” I[EEE Commun. Mag., vol. 55, no. 7,
pp. 101-109, Jul. 2017.

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

(30]
(31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

M. Chen, M. Mozaffari, W. Saad, C. Yin, M. Debbah, and C. S. Hong,
“Caching in the sky: Proactive deployment of cache-enabled unmanned
aerial vehicles for optimized quality-of-experience,” IEEE J. Sel. Areas
Commun., vol. 35, no. 5, pp. 1046-1061, May 2017.

S. Jagtap, N. Gandhi, and P. Kadam. (2017). Comparative Study of
Project Loon and Facebook Aquila. [Online]. Available: http://ijesc.
org/upload/4d8ea34db8143025dc7aff3880ed9ba9.Comparative %
20Study %200f%20Project%20Loon%20& %20Facebook %20Aquila.pdf
W. Quan, Y. Liu, H. Zhang, and S. Yu, “Enhancing crowd collaborations
for software defined vehicular networks,” IEEE Commun. Mag., vol. 55,
no. 8, pp. 80-86, Aug. 2017.

W. Shi et al., “Multiple drone-cell deployment analyses and optimiza-
tion in drone assisted radio access networks,” IEEE Access, vol. 6,
pp. 12518-12529, 2018.

A. Al-Hourani, S. Kandeepan, and S. Lardner, “Optimal LAP altitude
for maximum coverage,” IEEE Wireless Commun. Lett., vol. 3, no. 6,
pp. 569-572, Dec. 2014.

R. I. Bor-Yaliniz, A. El-Keyi, and H. Yanikomeroglu, “Efficient 3-D
placement of an aerial base station in next generation cellular networks,”
in Proc. IEEE ICC, May 2016, pp. 1-5.

S. Sahni, “Computationally related problems,” SIAM J. Comput., vol. 3,
no. 4, pp. 262-279, 1974.

P. M. Pardalos and S. A. Vavasis, “Quadratic programming with one
negative eigenvalue is NP-hard,” J. Global Optim., vol. 1, no. 1,
pp. 15-22, 1991.

H. van Hasselt, A. Guez, and D. Silver, “Deep reinforcement learning
with double Q-learning,” in Proc. AAAI, 2016, pp. 1-5.

R. S. Sutton and F. Bach, Reinforcement Learning—An Introduction.
Cambridge, MA, USA: MIT Press, 1998.

D. Silver, G. Lever, N. Heess, T. Degris, D. Wierstra, and M. Ried-
miller, “Deterministic policy gradient algorithms,” in Proc. ICML, 2014,
pp- 1-9.

R. J. Williams, “Simple statistical gradient-following algorithms for
connectionist reinforcement learning,” Mach. Learn., vol. 8, nos. 3-4,
pp. 229-256, 1992.

V. Mnih et al., “Asynchronous methods for deep reinforcement learning,”
in Proc. ICML, 2016, pp. 1928-1937.

ARM. (2017). ARM Cortex-M for Beginners. [Online]. Available:
https://community.arm.com/cfs-file/__key/telligent-evolution-
components-attachments/01-2142-00-00-00-00-52-96/White-Paper-
_2D00_-Cortex_2D00_M-for-Beginners-_2D00_-2016-_2800_final-
v3_2900_.pdf

A. Hussain, “Energy consumption of wireless IoT nodes,” M.S. thesis,
Dept. Inf. Secur. Commun. Technol., Norwegian Univ. Sci. Technol.,
Trondheim, Norway, NTNU, 2017.

Study on New Radio (NR) to Support Non Terrestrial Networks,
document Specification # 38.811, 3GPP, 2018. [Online]. Available:
http://www.3gpp.org/DynaReport/38811.htm

Q. Wu, Y. Zeng, and R. Zhang, “Joint trajectory and communication
design for multi-UAV enabled wireless networks,” IEEE Trans. Wireless
Commun., vol. 17, no. 3, pp. 2109-2121, Mar. 2018.

M.-H. Chen, B. Liang, and M. Dong, “Joint offloading and resource
allocation for computation and communication in mobile cloud with
computing access point,” in Proc. IEEE INFOCOM, May 2017,
pp- 1-9.

A. P. Miettinen and J. K. Nurminen, “Energy efficiency of mobile clients
in cloud computing,” in Proc. HotCloud, 2010, pp. 4-11.

Nan Cheng (M’16) received the B.E. and M.S.
degrees from the Department of Electronics and
Information Engineering, Tongji University, and the

— Ph.D. degree from the Department of Electrical and
i Computer Engineering, University of Waterloo. He
a. is currently a Joint Professor with the School of
Ag— Telecommunication, Xidian University. He is also a

Joint Post-Doctoral Fellow with the Department of
Electrical and Computer Engineering, University of
Toronto, and with the Department of Electrical and
Computer Engineering, University of Waterloo. His

research interests include performance analysis, MAC, opportunistic commu-
nication for vehicular networks, unmanned aerial vehicles, and application of
artificial intelligence (AI) for wireless networks.

Authorized licensed use limited to: XIDIAN UNIVERSITY. Downloaded on May 16,2023 at 03:22:49 UTC from IEEE Xplore. Restrictions apply.



CHENG et al.: SPACE/AERIAL-ASSISTED COMPUTING OFFLOADING FOR IoT APPLICATIONS

Feng Lyu (M’18) received the B.S. degree in soft-
ware engineering from Central South University,
Changsha, China, in 2013, and the Ph.D. degree
from the Department of Computer Science and Engi-
neering, Shanghai Jiao Tong University, Shanghai,
China, in 2018. Since 2018, he has been a Post-
Doctoral Fellow with the BBCR Group, Department
of Electrical and Computer Engineering, University
of Waterloo, Canada. His research interests include
vehicular ad hoc networks, cloud/edge computing,
and big data driven application design.

Wei Quan (M’14) received the Ph.D. degree in
communication and information system from the
Beijing University of Posts and Telecommunica-
tions (BUPT), Beijing, China, in 2014. He is cur-
rently an Associate Professor with the School of
Electronic and Information Engineering, BJTU. He
has published more than 20 papers in prestigious
international journals and conferences including
IEEE Communications Magazine, IEEE WIRELESS
COMMUNICATIONS, IEEE NETWORK, the IEEE
TRANSACTIONS ON VEHICULAR TECHNOLOGY,
IEEE COMMUNICATIONS LETTERS, IFIP Networking, IEEE ICC, and IEEE
GLOBECOM. His research interests include key technologies for network
analytics, future Internet, 5G networks, and vehicular networks. He is a TPC
Member of IEEE ICC in 2017 and 2018, ACM MOBIMEDIA in 2015, 2016,
and 2017, and IEEE CCIS in 2015 and 2016. He is also a Member of ACM and
a Senior Member of the Chinese Association of Artificial Intelligence (CAAI).
He serves as an Associate Editor for the Journal of Internet Technology (JIT),
Peer-to-Peer Networking and Applications (PPNA), and IET Networks, and
as a technical reviewer for many important international journals.

Conghao Zhou (SM’19) received the B.S. degree
from Northeastern University, Shenyang, China,
in 2017, and the M.S. degree from the University
of Illinois at Chicago, Chicago, IL, USA, in 2018.
He is currently pursuing the Ph.D. degree with the
Department of Electrical and Computer Engineering,
University of Waterloo, Waterloo, ON, Canada. His
research interests include space-air-ground integra-
tion networks and machine learning in wireless
networks.

Hongli He received the B.Sc. degree in information
engineering from Zhejiang University, Hangzhou,
China, in 2014, where he is currently pursuing the
Ph.D. degree with the Institute of Information and
Communication Engineering. His current research
interests include video streaming in vehicular ad hoc
networks, local thermal equilibrium in unlicensed
spectrum, and edge cloud computing.

1129

Weisen Shi (SM’15) received the B.S. degree from
Tianjin University, Tianjin, China, in 2013, and the
M.S. degree from the Beijing University of Posts
and Telecommunications, Beijing, China, in 2016.
He is currently pursuing the Ph.D. degree with the
Department of Electrical and Computer Engineering,
University of Waterloo, Waterloo, ON, Canada. His
interests include drone communication and network-
ing, network function virtualization, and vehicular
networks.

Xuemin (Sherman) Shen (M’97-SM’02-F’09)
received the B.Sc. degree in electrical engineering
from Dalian Maritime University, China, in 1982,
and the M.Sc. and Ph.D. degrees in electrical engi-
neering from Rutgers University, New Brunswick,
NJ, USA, in 1987 and 1990, respectively. He is
currently a University Professor and an Associate
Chair for Graduate Studies with the Department of
Electrical and Computer Engineering, University of
Waterloo, Canada. His research focuses on resource

- management, wireless network security, social net-
works, smart grid, and vehicular ad hoc and sensor networks. He is a
Registered Professional Engineer of ON, Canada, an Engineering Institute
of Canada Fellow, a Canadian Academy of Engineering Fellow, a Royal
Society of Canada Fellow, and a Distinguished Lecturer of the IEEE Vehicular
Technology Society and Communications Society. He was an Elected Member
of the IEEE ComSoc Board of Governor and the Chair of the Distinguished
Lecturers Selection Committee. He was a recipient of the Excellent Graduate
Supervision Award in 2006. He received the Premiers Research Excellence
Award (PREA) from the Province of Ontario, Canada, in 2003. He served
as the Technical Program Committee Chair/Co-Chair for IEEE Globecom16,
Infocom14, IEEE VTCI10 Fall, and GlobecomO7, the Symposia Chair for
IEEE ICCI10, the Tutorial Chair for IEEE VTCI1 Spring and IEEE ICCO0S,
the General Co-Chair for ACM Mobihoc15, Chinacom07, and QShine06,
and the Chair for the IEEE Communications Society Technical Committee
on Wireless Communications and P2P Communications and Networking.
He also serves/served as the Editor-in-Chief for the IEEE INTERNET OF
THINGS JOURNAL, IEEE NETWORK, Peer-to-Peer Networking and Appli-
cation, and IET Communications; a Founding Area Editor for the IEEE
TRANSACTIONS ON WIRELESS COMMUNICATIONS; an Associate Editor
for the IEEE TRANSACTIONS ON VEHICULAR TECHNOLOGY, Computer
Networks, and ACM/Wireless Networks; and the Guest Editor for IEEE JSAC,
IEEE WIRELESS COMMUNICATIONS, /[EEE Communications Magazine, and
ACM Mobile Networks and Applications.

Authorized licensed use limited to: XIDIAN UNIVERSITY. Downloaded on May 16,2023 at 03:22:49 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 false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /ComicSansMS
    /ComicSansMS-Bold
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FranklinGothic-Medium
    /FranklinGothic-MediumItalic
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /Impact
    /Kartika
    /Latha
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaConsole
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSansUnicode
    /Mangal-Regular
    /MicrosoftSansSerif
    /MonotypeCorsiva
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Raavi
    /Shruti
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 600
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 600
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /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 "Required"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


