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Joint Optimization of Energy Consumption and
Delay in Cloud-to-Thing Continuum

Xianglin Wei , Chaogang Tang , Jianhua Fan , and Suresh Subramaniam , Fellow, IEEE

Abstract—Unmanned aerial vehicles (UAVs) are considered
a promising solution for carrying communications and com-
putational facilities to increase the flexibility of cloud-to-thing
continuum, where short-range and long-range wireless links are
adopted to connect mobile devices to the fog node and the fog
node to the remote data center, respectively. Most existing UAV-
involved resource allocation algorithms focus mainly on the radio
resource allocation problem, and much less attention has been
paid to the allocation of computational resources. Moreover,
the dynamic arrival of tasks and the queueing delay at each
computation entity is usually neglected. In this paper, a joint
optimization problem is formulated that takes the weighted sum
of energy consumption and delay experienced by tasks as the
objective function. Processing frequencies and transmission pow-
ers of mobile devices and the fog node are the decision variables
in the problem. To solve this problem, three decision-making algo-
rithms are presented. The first one is used to decide the UAV’s
position. The processing frequency, transmission power, and task
assignment results at mobile devices are determined by the second
algorithm. The last one is adopted by the fog node to optimize
its processing frequency and transmission power. A series of sim-
ulation experiments are conducted to evaluate the effectiveness
of the proposed algorithms. Compared with the random task
assignment scheme with fixed parameters, the combination of
our three algorithms always perform much better for a wide
range of parameter settings.

Index Terms—Cloud-to-thing, fog computing, optimization,
scheduling.

I. INTRODUCTION

THE LOW-COST, flexibility, and easy deployability char-
acteristics of unmanned aerial vehicles (UAVs) have

stimulated their wide deployment in recent years. They are
considered a promising solution for realizing flexible and
precise deployment of base stations (BSs) in wireless systems
where traditional communication resources are unavailable
or in shortage. Besides their potential role in communi-
cations, UAVs are also feasible carriers of computational
facilities, such as a cloudlet, fog node, or edge server in the
cloud-to-thing continuum.
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Fig. 1. Cloud-to-thing continuum.

In such cases, the fog node is carried by the UAV and can
provide radio resources as well as computational facilities to
multiple mobile devices. A typical scenario is shown in Fig. 1.
A number of mobile devices connect to a UAV-mounted fog
node through short-range wireless links. A long-range wireless
link is maintained between the UAV and the Internet, to which
the remote data center is connected. Note that in this scenario,
only the fog node maintains a long-range wireless link to the
Internet, because the user-end mobile devices usually do not
have this module due to their limitations in cost, volume, and
power supply. Each mobile device has many tasks to execute.
It could choose to execute them locally or offload them to
the fog node. The offloaded tasks at the fog node may be
further transmitted to the data center through the Internet for
execution if needed.

In this scenario, existing research has focused mainly on
how to allocate radio resources to the mobile devices [1],
or how to execute the tasks at the mobile devices, since the
energy supply and radio resources at the mobile devices are
both limited [2]. They are very helpful for effectively utiliz-
ing available resources; however, the following aspects deserve
further investigation. First, much less attention has been paid
to the delay requirement of mobile tasks compared with that of
energy consumption. Second, the tasks at each mobile device
are assumed to be fixed during the optimization process, and
the dynamic arrival nature of mobile tasks is usually not con-
sidered. Third, the queueing behavior of the system is usually
neglected when calculating task latencies. When multiple tasks
arrive at the same time, queueing delay may be large and can-
not be neglected. Finally, the available resources at the remote
data center are not fully considered although effectively uti-
lizing the available remote resources may help improve the
performance of the system.
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In this paper, the resource scheduling problem in the cloud-
to-thing continuum is formulated as a mixed integer program-
ming problem. The objective function considers the energy
consumption and delay requirements at the same time, while
processing frequency and transmission powers are adopted as
decision variables. Besides, the mobility of the UAV is also uti-
lized to optimize the objective function. Three algorithms are
then presented to solve this problem. Our main contributions
in this paper are as follows.

First, a joint optimization problem is formulated in the
cloud-to-thing continuum, where a fog node carried by a UAV
can move around the deployed area, and a long-range wireless
link is maintained between the fog node and the remote cloud.
Existing methods in this scenario usually consider this problem
from the communications perspective and neglect the compu-
tational needs of mobile devices. In the formulated problem,
energy consumption of mobile devices and the fog node as
well as delay experienced by tasks are taken into considera-
tion. We can obtain a tradeoff between them through adopting
a suitable weight. In comparison, existing UAV-assisted meth-
ods mainly focus on the energy consumption aspect and pay
much less attention to mobile tasks’ delay requirement.

Second, we consider dynamic task arrivals—time is slot-
ted and decisions are made for each time slot. Moreover, the
queueing delay experienced by tasks is included in the task
latency. This is in contrast to most existing algorithms which
consider a fixed set of tasks and neglect queueing delay.

Third, three algorithms are presented to solve this
optimization problem. The first decides the UAV’s position at
each timeslot. Task assignment, optimal transmission power,
and processing frequency of each mobile device are deter-
mined by the second one. The third algorithm is adopted by the
fog node to decide its own transmission power and processing
frequency.

Finally, a series of simulation experiments are conducted
to evaluate the proposal’s performance. Results show that our
algorithms can, on average, optimize the objective value by
around 20% compared with random task assignment with fixed
parameter settings.

The remainder of this paper is organized as follows.
Section II summarizes state-of-the-art research in this area. In
Section III, the problem is formally stated as a mixed integer
programming problem. The problem is analyzed in Section IV,
and our algorithms are presented in Section V. Section VI
presents the simulation design and performance evaluation.
Finally, this paper is concluded in Section VII.

II. RELATED WORK

Task scheduling in mobile cloud computing (MCC), mobile
edge computing (MEC) [3], fog computing [4], and sen-
sor cloud [5] has attracted much attention in recent years.
Many different optimization objectives are presented, includ-
ing energy consumption, latency/delay, etc., for both inde-
pendent and dependent tasks. A comprehensive survey on
this topic can be found in [3]. Radio resources and com-
putational resources are jointly managed for multiuser MEC
systems to minimize the long-term average weighted sum

power consumption of the mobile devices and the MEC
server, subject to a task buffer stability constraint in [6].
Gu et al. [1] have investigated a joint radio and compu-
tational resource allocation problem to optimize the system
performance to improve user satisfaction. A distributed algo-
rithm based on student project allocation (SPA) game is
presented to solve this problem. Chen et al. have optimized
the offloading decisions of all users’ tasks as well as the
allocation of computational and communication resources, to
minimize the overall cost of energy, computation, and delay
for all users in [7]. Sardellitti et al. [8] have considered a joint
optimization problem of the radio resources and the computa-
tional resources in multiple-input and multiple-output (MIMO)
multicell systems. You et al. [9] have formulated an energy
consumption optimization problem with latency constraint for
a multiuser MEC system. Wang et al. [10] have presented an
optimal resource allocation scheme that minimizes the access
point’s (AP’s) total energy consumption subject to the users’
individual computation latency constraints. In [4], queueing
theory is utilized by Liu et al. to model the delay in a fog
computing scenario with a fixed fog node. The role of dynamic
voltage frequency scaling (DVFS) in MEC is investigated by
Dinh et al. [11] to jointly optimize the task allocation deci-
sion and the mobile devices’ CPU frequency. Zhang et al. [12]
have discussed the tradeoff between energy consumption and
latency in MEC scenario. Chen et al. [13] have formulated
the resource allocation problem for multiuser mobile cloud
offloading with delay constraints as a mixed-integer program,
and presented a three-step algorithm to find a feasible solu-
tion. Du et al. [14] have taken the fairness problem into
consideration when formulating the scheduling problem in
mixed fog/cloud computing systems. Game theory is adopted
by Cao and Cai to investigate the scheduling problem in
MCC scenario [15]. Lagén et al. [16] have investigated the
energy-latency tradeoff when multiple servers are available for
selection from the perspective of one single mobile terminal.
Long et al. [17] have considered the multimedia delivery
group organization problem to reduce the delay in multimedia
Internet of Things networks. Pu et al. [18] have introduced
Chimera, a framework to reduce the energy consumption of
network-wide recruited vehicles serving heterogeneous crowd-
sensing applications while considering vehicle incentive. None
of these papers, however, consider the opportunities and
challenges brought by UAVs to MEC systems.

UAVs have been used to increase the flexibility and cover-
age area of wireless communications in recent years because of
their great advantage of mobility. Optimal transportation the-
ory is adopted by Mozaffari et al. [19] to minimize the average
network delay over the service area, through determining the
cell association problem in the scenario where UAV-enabled
BSs and terrestrial BSs co-exist. The space deployment of
multiple UAVs and the association between UAVs and user-
devices are jointly optimized in [20]. In a similar scenario,
Hua et al. [21] have concentrated on how to optimize the
power consumption of the UAV while meeting sensor nodes’
needs for transmission rate. An iterative algorithm is presented
based on combining block coordinate descent and successive
convex optimization techniques.
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TABLE I
RELATED WORK

From the perspective of communications, Wang et al. [22]
have presented a joint transmit power and trajectory
optimization algorithm to exploit the mobility provided by
the UAV. Through regulating the UAV trajectory in each
flying circle, the sum rate of UAV-served edge users is max-
imized subject to the rate requirements for all the users [23].
Zeng et al. [24], [26] have presented several algorithms to
optimize multiuser communication scheduling and associa-
tion jointly with UAV’s trajectory and power control [25].
The trajectory, velocity, and acceleration of the UAV and the
uplink transmit power at the ground nodes (GNs) are jointly
optimized in [27] with the constraint of propulsion energy con-
sumption at the UAV. An iterative algorithm is presented based
on the successive convex approximation (SCA) technique to
solve this problem. Zhou et al. [28] have discussed the com-
putation rate maximization problem in a UAV-enabled MEC
wireless powered system under both partial and binary com-
putation offloading modes, subject to the energy harvesting
causal constraint and the UAV’s speed constraint. From the
task scheduling perspective, Jeong et al. [2] have presented an
energy consumption minimization scheduling algorithm in the
MEC scenario, where a UAV-mounted cloudlet is deployed to
execute several mobile devices’ offloaded tasks. To reduce the
energy consumption of all the mobile devices, the path plan-
ning of the UAV and the channel allocation of mobile devices
are jointly optimized.

For reader convenience, all the above references are
presented in Table I. In this table, each reference is catego-
rized by their optimization objective, scheduled resources, task
arrival process, queueing delay consideration, architecture,
decision maker, and UAV involved. Note that the particular
optimization of two papers may slightly differ even if their
objectives are the same. In the task arrival column, static
means the task set of the problem is set in advance, while

dynamic means new tasks or data chunks arrive continuously
in the decision-making process. Partially in the queueing delay
column means only consider the execution queueing delay
and neglect the transmission queueing delay. Two-layer archi-
tecture usually means that mobile devices and fog node (or
mobile edge server) are included in the model, while the
cloud is included in the three-layer architectures. The decision
maker, i.e., the entity that runs the optimization algorithm,
varies in different papers; it could be the service provider,
mobile devices, computing AP (CAP), AP, fog node, applica-
tion manager, etc. Note that for the UAV-involved solutions,
we list the UAV as the decision-maker since many papers do
not clearly state who makes the optimization decision.

As can be seen, most of the task scheduling solutions in
fog computing area did not jointly consider UAVs, dynamic
arrivals, and queueing delays. Current UAV-involved edge
computing research mainly focuses on the communication
aspects rather than taking mobile devices’ communication and
computational needs as a whole. Moreover, little attention has
been paid to the tradeoff between energy consumption and
service latency in UAV-involved scenarios. Last but not least,
the tasks are usually assumed to be static rather than arriv-
ing dynamically in existing work. In this paper, we aim to
consider the mobile devices’ communication and computa-
tional needs at the same time, and formulate this problem as a
joint optimization problem which incorporates both the energy
consumption and task latency.

III. SYSTEM MODEL AND PROBLEM FORMULATION

There are K mobile devices and one fog node and one data
center in the considered scenario. The total number of wireless
channels between the fog node and mobile devices is assumed
to be C, and the bandwidth of each channel is assumed to
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TABLE II
NOTATIONS

be W. Time is divided into slots, and the length of each times-
lot is τ . For ease of reference, the main notations used in this
paper are listed in Table II.

A. Transmission Model

The mobile devices’ positions are assumed to be fixed in the
scheduling process, and the location of the ith mobile device is

(xi, yi, 0), 1 ≤ i ≤ K. The location of the UAV at the t-th time
slot is assumed to be (xu(t), yu(t), h), where h is the height
of the UAV and is assumed to be a constant. Therefore, the
distance between the ith mobile device and the fog node at
the t-th time slot is

diu(t) =
√

h2 + (xu(t)− xi)
2 + (yu(t)− yi)

2. (1)

The probability that the ith mobile device can establish a
line-of-sight (LoS) connection with the fog node is [20]

Piu
LoS = 1

1 + ψ · exp(−β(θiu(i)− ψ))
(2)

where ψ and β rely only on the carrier frequency and type of
environment, such as rural, urban, or dense urban, and θiu is
the elevation angle, which is defined as

θiu = 180

π
× sin−1

(
h

diu(t)

)
.

The path loss model for LoS and nonline-of-sight (NLoS) links
between the ith mobile device and the fog node at the t-th time
slot is [20]

Liu(t) =
⎧
⎨
⎩
η1

(
4π fdiu(t)

c

)ε
, LoS link

η2

(
4π fdiu(t)

c

)ε
, NLoS link

where f is the carrier frequency, ε is the path loss exponent,
η1 and η2 are the excessive path loss coefficients in LoS and
NLoS cases, and c is the speed of light. Then, the average
path loss for the link between the ith mobile device and the
fog node at the t-th time slot is [20]

L̄iu(t) = (
Piu

LoSη1 + (
1 − Piu

LoS

)
η2
)(4π f

c
diu(t)

)ε
.

The signal-to-interference-plus-noise-ratio (SINR) at the ith
mobile device from the fog node at the t-th time slot (down
link SINR) is

γui(t) = Pu(t)(
Iiu(t)+ σ 2

)
L̄iu(t)

where Pu(t) is the fog node’s transmission power at the t-
th time slot. Iiu(t) refers to the interference caused by other
links using the same channel, and could be greatly reduced
with a dedicated MAC protocol, and σ 2 is the environmental
noise. Then, the transmission rate from the fog node to the ith
mobile device at the t-th time slot for an arbitrary transmission
channel can be expressed as

rui(t) = W log2(1 + γui(t)). (3)

Similarly, the SINR at the fog node from the ith mobile device
at the t-th time slot can be defined as

γiu(t) = Pi(t)(
Iiu(t)+ σ 2

)
L̄iu(t)

.

Then, the transmission rate from the ith mobile device to the
fog node at the t-th time slot for some particular transmission
channel can be expressed as

riu(t) = W log2(1 + γiu(t)). (4)
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The transmission rate of the long-range wireless link
between the fog node and the data center is

ruc(t) = Wl log2(1 + γuc(t)) (5)

where Wl is the bandwidth of the long-range wireless link,
and γuc(t) is decided by the transmission power Puc(t) of
the fog node, channel gain, and the noise power. The reverse
transmission rate from the data center to the fog node is

rcu(t) = Wl log2(1 + γcu(t)) (6)

where γcu(t) is decided by the transmission power Pcu(t) of
the data center, channel gain, and the noise power.

B. Task Model

The jth task arriving at the ith mobile device is described
as Tij = (sij, cij, oij). sij is the number of input bits of the
task. Each input bit requires cij CPU cycles for processing.
After execution, each input bit generates oij output bits. Each
task cannot be further partitioned and can be executed at the
mobile device, the fog node, or the data center.

To capture the dynamic arrival characteristics of the tasks,
we assume that for the ith mobile device at the t-th time slot,
tasks arrive at the mobile device according to a Poisson process
Ai with arrival rate λi. We further assume that the dataset
sizes of the arriving tasks are exponentially distributed, and
the average dataset size of the tasks arriving at the ith mobile
device is si.

We focus on two performance metrics in the execution of
each task, i.e., energy consumption and delay. On one hand,
energy consumption is the main concern of mobile devices as
well as the UAV-mounted fog node since they have limited
power supply. On the other hand, latency or delay is one of
the most important performance metrics of the mobile tasks
in cloud-to-thing continuum. Furthermore, only the energy
consumption at the mobile devices and the fog node will
be considered while the energy supply at the data center is
assumed to be sufficient. The latency considered here includes
the queueing and processing delay at the processing enti-
ties (mobile devices, the fog node, and the data center), and
transmission and propagation delay over the wireless channels.

C. Local Execution Model

At the t-th time slot, if the jth task is executed at the ith
mobile device locally, its energy consumption is

el
ij(t) = γ isijcij(fi(t))

2 (7)

where γ i is the ith mobile device’s processing unit’s effective
switched capacitance [2].

Its execution delay is

dl
ij(t) = sijcij

fi(t)
.

The arrival rate of the execution queue is λipi, and the service
rate is (τ fi(t)/sici). According to the M/M/1 queueing model,
the task’s queueing delay at the execution queue of the ith
mobile device is

dq
ij(t) = λipi(sici)

2

τ fi(t)(τ fi(t)− λipi(sici))
(8)

where pi is the probability that an arrived task at the ith mobile
device will be executed locally. ci is the average amount
of CPU cycles needed for processing per input bit at the
ith mobile device. Moreover, to ensure the steady state of
the system, the arrival rate is required to be lower than the
processing rate, i.e.,

λipisici

τ fi(t)
< 1. (9)

The total delay experienced by the task is

tlij(t) = dl
ij(t)+ dq

ij(t). (10)

D. Execution Model at the Fog Node

If a task at the ith mobile device is offloaded to exe-
cute at the fog node, the transmission delay and the energy
consumption incurred during transmission should be consid-
ered. Besides, the queueing delay at the fog node cannot be
neglected since the limited service capacity of the fog node
may not be able to simultaneously serve all tasks offloaded
from the mobile devices.

If the jth task from the ith mobile device is executed at the
fog node, it should be first transmitted to the fog node. The
transmission delay is

dtu
uij(t) = sij

αi(t)riu(t)
(11)

where αi(t) is the number of channels assigned to the ith
mobile device, and

∑K
i=1 αi ≤ C. The arrival rate at the

transmission queue is λi(1 − pi), and the service rate is
([ταi(t)riu(t)]/si). According to the M/M/1 queueing model,
the average queueing delay in the transmission channel is

dqu
uij(t) = λi(1 − pi)s2

i

ταi(t)riu(t)(ταi(t)riu(t)− λi(1 − pi)si)
. (12)

To ensure steady state, it is required that

λi(1 − pi)si

ταi(t)riu(t)
< 1. (13)

The task execution delay at the fog node is

df
uij(t) = sijcij

fu(t)
.

To calculate its queueing delay at the fog node, we need to
consider the tasks from other mobile devices. To be specific,
the arrival rate of the tasks at the task queue of the fog node is∑K

i=1 λi(1 − pi), which is also a Poisson process. If a fraction
q of these arriving tasks are executed by the fog node, the
arrival rate is q

∑K
i=1 λi(1−pi). For each virtual machine (VM)

at the fog node, the average execution or service time of
a task is ([

∑K
i=1 λi(1 − pi)sici/[τ fu(t)

∑K
i=1 λi(1 − pi)]).

In other words, the service rate of each VM is
([τ fu(t)

∑K
i=1 λi(1 − pi)]/[

∑K
i=1 λi(1 − pi)sici]). Assume

there are in total m VMs in the fog node. Then, according to
queueing theory, the average queueing delay of the jth task
from the ith mobile device is

dfq
uij(t) = ρ + Q̄

q
∑K

i=1 λi(1 − pi)
−

∑K
i=1 λi(1 − pi)sici

τ fu(t)
∑K

i=1 λi(1 − pi)
(14)
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where Q̄ = (P0ρ
m+1/m!m)(1/[(1 − ρ/m)2]),

ρ = (q/τ fu(t))
∑K

i=1 λi(1 − pi)sici, and P0 =
(1/[

∑m−1
nc=0(ρ

nc/nc!)+ (ρm/m!(1 − ρ/m))]). To ensure
the steady state, it is required that

ρ/m < 1. (15)

After executing the task, the fog node needs to transmit
the execution results back to the ith mobile device. The
transmission delay is

dtd
uij(t) = sijoij

αi(t)rui(t)
. (16)

Therefore, the total delay of executing the jth task from the
ith mobile device at the fog node is

tfij(t) = dtu
uij(t)+ dqu

uij(t)+ df
uij(t)+ dfq

uij(t)+ dtd
uij(t). (17)

Then, we need to calculate the energy consumption in the
transmission as well as the execution process. The energy con-
sumption of transmitting the input bits of the task from the ith
mobile device to the fog node is

etu
uij(t) = Pi(t)sij

αi(t)riu(t)
.

The energy consumption of the execution is

ef
uij(t) = γ usijcij(fu(t))

2

where γ u is the fog node’s processing unit’s effective switched
capacitance. The energy consumption of transmitting the
execution result back to the ith mobile device is

etd
uij(t) = Pu(t)sijoij

αi(t)rui(t)
.

Thus, the total energy consumption is

ef
ij(t) = etu

uij(t)+ ef
uij(t)+ etd

uij(t). (18)

E. Execution Model at the Data Center

If a task at the ith mobile device is offloaded to execute at
the data center, it should be first transmitted from the mobile
device to the fog node. Then, it is transmitted to the data
center through the long-range wireless link and the Internet.
Afterward, the execution results are delivered back. The trans-
mission delay from the mobile device to the fog node is the
same as in (11). The queueing delay at the transmission queue
is shown in (12). The transmission delay from the fog node
to the mobile device is shown in (16). The transmission delay
of the task from the fog node to the data center is

dtu
cij(t) = sij

ruc(t)
.

For the long-range wireless link, its arrival rate
λc = ∑K

i=1 λi(1 − pi)(1 − q), and its service rate is uc =
([τ ruc(t)

∑K
i=1 λi(1 − pi)(1 − q)]/[

∑K
i=1 λi(1 − pi)(1 − q)si]).

Then, the queueing delay at this transmission link is

dqc
cij(t) = λc

(uc)
2 − ucλc

. (19)

To ensure steady state, it is required that

λc/uc < 1. (20)

The transmission delay of the execution results from the data
center to the fog node is

dtd
cij(t) = sijoij

rcu(t)
.

The execution delay at the data center is

dc
cij(t) = sijcij

fc(t)
.

Therefore, the total delay of executing the jth task from the
ith mobile device at the data center is

tcij(t) = dtu
uij(t)+ dqu

uij(t)+ dtu
cij(t)+ dqc

cij(t)

+ dc
cij(t)+ dtd

cij(t)+ dtd
uij(t)+ 2rp

cu (21)

where rp
cu is the propagation delay of the long-range wireless

link and the delay incurred by the Internet, which cannot be
neglected here due to the long distance between the data center
and the fog node.

The energy consumption of transmitting the task to the data
center from the fog node is

etu
cij(t) = Puc(t)sij

ruc(t)
.

Then, the total energy consumption of the mobile device and
the fog node is

ec
ij(t) = etu

uij(t)+ etu
cij(t)+ etd

uij(t). (22)

Note that if a task is offloaded to the data center, we do not
consider the energy consumption of its execution at the data
center since we only focus on the energy consumption of the
mobile devices and the fog node. Moreover, the queueing delay
is assumed to be 0 at the data center when calculating its
delay since the number of available VMs at the data center is
assumed to be sufficient.

F. Model of UAV Motion

Here, the flying energy consumption of the UAV is calcu-
lated based on the UAV’s velocity vector at each timeslot [2],
i.e.,

EU(t) = κ ‖ vc
n ‖2 . (23)

Here, κ = 0.5M�t, where �t is the duration of the movement,
M is the UAV’s mass including its payload, and vc

n is the
velocity vector.

G. Problem Formulation

At the t-th time slot, for the arrived tasks at each
mobile device, we define Oi

PD(t) = ∑Ai
j=1 el

ij(t)x
l
ij(t) +

ef
ij(t)x

f
ij(t)+ ec

ij(t)x
c
ij(t)+ κi(tlij(t)x

l
ij(t)+ tfij(t)x

f
ij(t)+ tcij(t)x

c
ij(t)),

OPD(t) = ∑K
i=1 Oi

PD(t) + EU(t), x∗
ij = {xl

ij, xf
ij, xc

ij}, and

v(t) = √
(xu(t)− xu(t − 1))2 + (yu(t)− yu(t − 1))2, where κi

is the weight of the delay in the objective function, (xu(t −
1), yu(t − 1)) is the UAV’s position at the (t − 1)th time slot
and is known at the t-th timeslot, and Ai is the number of
arrived tasks at the ith mobile device.
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Objective:

minimize
(xu,yu),Pi,Pu,fi,fu,x∗

ij

OPD(t) (24)

subject to xl
ij(t)+ xf

ij(t)+ xc
ij(t) = 1 (25)

xl
ij(t), xf

ij(t), xc
ij(t) ∈ {0, 1} (26)

f min
i ≤ fi(t) ≤ f max

i (27)

f min
u ≤ fu(t) ≤ f max

u (28)

Pmin
i ≤ Pi(t) ≤ Pmax

i (29)

Pmin
u ≤ Pu(t) ≤ Pmax

u (30)

v(t) ≤ vmax
u (31)

i ∈ {1, . . . ,K} (32)

(9), (13), (15), (20). (33)

Here, in (27) and (28), the processing frequencies of the
mobile devices and the fog node are all changeable since
DVFS technique is adopted to adjust the processor frequency
and reduce energy consumption. In (29) and (30), the trans-
mission powers of the mobile devices and the fog node can
both be adjusted.

IV. PROBLEM ANALYSIS

This problem is a mixed integer programming problem and
is NP-hard. It is very hard to derive a near-optimal solution at
each time slot, which usually spans only several seconds. Most
existing papers only aim to find the solution for one single time
slot, and the decision problem is solved by some centralized
entity without considering the delay caused by information
collection and dissemination. Besides, the energy consumption
due to processing is non-negligible if complex optimization
methods are adopted.

Therefore, to support quick decision making for each time
slot, we prefer to divide the above problem into several sepa-
rate subproblems that can be executed at a mobile device or
the fog node.

For the ith mobile device, the optimization problem can be
formulated as

minimize
Pi,fi,x∗

ij

Oi
PD(t) (34)

subject to (9), (13), (25), (26), (27), (29). (35)

The problem at the fog node can be established as

minimize
(xu,yu),Pu,fu,x∗

ij

OPD(t) (36)

subject to xf
ij(t)+ xc

ij(t) = 1 (37)

xf
ij(t), xc

ij(t) ∈ {0, 1} (38)

(13), (15), (20), (30)–(32). (39)

Lemma 1: For any mobile device i at the t-th time slot,
Oi

PD(t) is a concave function with respect to fi(t).
Proof: Without impacting the judgment of the function’s

convexity/concavity, we can rewrite Oi
PD(t) as

Oi′
PD(t) =

∑Ai

j=1
(G1(fi(t))+ B1)

where B1 is a function independent of fi(t), and

G1(fi(t)) = γ isijcij(fi(t))
2

+ κi

(
sijcij

fi(t)
+ λipi(sici)

2

τ fi(t)(τ fi(t)− λipisici)

)
. (40)

The first part of G1(fi(t)) is a quadratic function of fi(t) with
positive coefficient, which is a concave function. The second
part, (sijcij/fi(t)), is a reciprocal function for fi(t) and is a
concave function of fi(t). The last part is a function with the
form of (c/[(fi(t)− a)2 + b]). It can be easily concluded that
this function is concave. Based on the additivity characteristic
of concave functions, the sum function of the three parts is
also a concave function. Therefore, Oi′

PD(t) and thus Oi
PD(t)

are both concave functions with respect to fi(t).
Lemma 2: For any mobile device i at the t-th time slot,

Oi
PD(t) is a concave function with respect to Pi(t).

Proof: Without impacting the judgment of the function’s
convexity/concavity, we can rewrite Oi

PD(t) as

Oi′′
PD(t) =

∑Ai

j=1
(G2(Pi(t))+ B2)

where B2 is a function independent of Pi(t), and G2(Pi(t)) is
defined as

G2(Pi(t)) = 2Pi(t)sij

αi(t)riu(t)
+ sij

αi(t)riu(t)
(41)

where riu(t) can be derived based on (4), which is a log func-
tion with respect to Pi(t). Therefore, the first part and second
part of G2(Pi(t)) are of the forms x/log2x and 1/log2x, respec-
tively. The log function 1/log2x is a convex function and thus
its reciprocal function is a concave function.

As for the function x/log2x, its second derivative is
(1/[x(ln x)3])(2 − ln x). This is concave if ln x is smaller than
2; convex otherwise. Indeed, ln x is smaller than 1 since L̄iu(t)
is large, and therefore the function is concave.

Based on the additivity characteristic of the concave func-
tion, the sum function of the two parts is also a concave
function. Therefore, Oi′′

PD(t) and thus Oi
PD(t) are both concave

functions with respect to Pi(t).
Lemma 3: Given some particular task assignment result,

Oi
PD(t) and OPD(t) are both concave functions with respect to

fu(t).
Proof: Without impacting the judgment of the function’s

convexity/concavity, we can rewrite Oi
PD(t) as

Oi′′′
PD(t) =

∑Ai

j=1
(G3(fu(t))+ B3)

where B3 is a function independent fu(t), and G3(fu(t)) is
defined as

G3(fu(t))

= γ usijcij(fu(t))
2

+ κi

(
sijcij

fu(t)
+ ρ + Q̄

q
∑K

i=1 λi(1 − pi)
−

∑K
i=1 λi(1 − pi)sici

τ fu(t)
∑K

i=1 λi(1 − pi)

)

= γ usijcij(fu(t))
2 + κi

(
sijcij

fu(t)
+ Q̄

q
∑K

i=1 λi(1 − pi)

)
.
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The first part of G3(fu(t)) is a quadratic function of fu(t) with
positive coefficient, which is a concave function. The second
part is a reciprocal function of fu(t), which is also a concave
function. The last part has nothing to do with fu(t). Based on
the additivity characteristic of the concave function, G3(fu(t))
is also a concave function. Therefore, Oi′′′

PD(t) and thus Oi
PD(t)

and OPD(t) are all concave functions with respect to fu(t).
Lemma 4: Given some particular task assignment result,

Oi
PD(t) and OPD(t) are both concave functions with respect

to Pu(t).
Proof: Without impacting the judgment of the function’s

convexity/concavity, we can rewrite Oi
PD(t) as

Oi′′′′
PD(t) =

∑Ai

j=1
(G4(Pu(t))+ B4)

where B4 is a function independent of Pu(t), and G4(Pu(t)) is
defined as

G4(Pu(t)) = 2Pu(t)sijoij

αi(t)rui(t)
+ 2sijoij

αi(t)rui(t)
.

The first term of G4(fu(t)) is of the form x/log2x, which
has been shown to be concave in the proof of Lemma 2. The
second part of G4(fu(t)) can be derived based on a rational
function for Pu(t), which is a concave function.

Based on the additivity characteristic of the concave func-
tion, the sum function of these two parts is also a concave
function. Therefore, Oi′′′′

PD(t) and thus Oi
PD(t) as well as OPD(t)

are all concave functions with respect to Pu(t).
Based on the above results, we know that given some par-

ticular task assignment result, the Hessian matrix of Oi
PD(t)

and OPD(t) is positive definite. The mobile devices and the
fog node’s optimal processing frequencies and transmission
powers could be solved independently based on constrained
optimization methods. However, the optimal solution of the
task assignment problem (a 0-1 programming problem to
decide x∗

ij) cannot be found by polynomial time algorithms.

V. ALGORITHM DESIGN

A. Basic Idea of Algorithm

The basic idea of our algorithm framework is illustrated in
Fig. 2. Seven steps are included in the processing workflow.
In the first step, at the beginning of each timeslot, each mobile
device reports the number of its arrived tasks and their dataset
sizes to the fog node. Then, the fog node determines its posi-
tion in this timeslot and assigns the available wireless channels
to mobile devices in the second step. The fog node’s posi-
tion and channel assignment results are transmitted to mobile
devices afterwards. In the fourth and fifth step, each mobile
device determines the execution location (i.e., local, fog node,
or data center) for each arrived task and decides its processing
frequency and transmission power using typical constrained
optimization methods, such as Karush–Kuhn–Tucker (KKT)
conditions. Thereafter, the assignment results are reported to
the fog node by mobile devices in the sixth step. Finally, the
fog node calculates its own processing frequency and trans-
mission power based on KKT conditions. Note that three of
the seven steps are used to collect or deliver information or

Fig. 2. Basic idea of algorithm.

results. This could be achieved based on some kind of piggy-
backing scheme. Therefore, we only focus on the algorithm
design aspects of this process. In the following sections, the
second, fourth, fifth, and seventh steps will be described in
detail.

B. UAV Position Determination

1) Dataset-Aware UAV Motion: From the calculation of the
transmission rates, delay, and energy consumption are shown
above, it can be seen that for the ith mobile device, the closer
the UAV is to it, the lower the value of Oi

PD(t) will be. In each
timeslot, the position of the UAV can influence the overall
system objective OPD(t).

To determine the UAV’s position, it needs to decide the
moving direction as well as the distance for each move.
First, the moving direction is determined through calculat-
ing the potential payoff [i.e., the amount by which OPD(t)
decreases] of several possible moving directions. For the
ith mobile device, the UAV calculates its new coordinate
(xi

u, yi
u) and its corresponding OPD(t)i. Here, (xi

u, yi
u) is located

on the line between the UAV’s current coordinate (xu(t −
1), yu(t − 1)) and the ith mobile device’s coordinate (xi, yi),
and

√
(xi

u − xu(t − 1))2 + (yi
u − yu(t − 1))2 = δ, which is the

length of this move. OPD(t)i is equal to the value of the objec-
tive function when the UAV is at (xu(t − 1), yu(t − 1)) minus
that when it moves to (xi

u, yi
u). Then, K values can be derived

– OPD(t)1, . . . ,OPD(t)K . The UAV will move to the coor-
dinate corresponding to the minimum value of the vector if
this value is larger than 0. This process is iteratively carried
out until no further improvement can be made or the moving
step is smaller than a threshold. This process is illustrated
in Algorithm 1. Besides the process introduced above, note
that in Algorithm 1, the moving speed of the UAV is limited
by vmax

u .
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Algorithm 1: UPDEP
1 Initialize δ
2 d = 0, the total moving distance at current timeslot
3 while true do
4 Calculate Ocurrent

PD for current location (xu(t − 1), yu(t − 1))
5 foreach mobile device i do
6 Calculate (xi

u, yi
u) lies between the UAV and the ith

mobile device satisfying√
(xi

u − xu(t − 1))2 + (yi
u − yu(t − 1))2 = δ and

min(xu(t − 1), xi) ≤ xi
u ≤ max(xu(t − 1), xi)

7 Calculate Onew
PD for coordinate (xi

u, yi
u)

8 Derive OPD(t)i = Ocurrent
PD − Onew

PD
9 end foreach

10 Obtain a vector O = {OPD(t)1, . . . ,OPD(t)K }
11 if max(O) > 0 && δ > 1 then
12 [maxValue, maxIndex] = max(O)
13 xu = xmaxIndex

u , yu = ymaxIndex
u

14 d = d + δ
15 δ = δ/2
16 if d + δ > τvmax

u then
17 break
18 end if
19 else
20 break
21 end if
22 end while

2) Time Complexity Analysis: From line 11, we know that
the algorithm will stop when the step size is less than 1 m
or further movement cannot reduce the objective function.
Therefore, the maximum loop time is log(δ). Then, the com-
plexity of the UAV position determination process (UPDEP)
is O(log(δ)K).

C. Task Assignment and Parameter Determination at Mobile
Devices

To speed up the decision making process, we need each
mobile device to decide the execution locations for each
arrived task at this timeslot. Besides, it needs to select the
most suitable processing frequency and transmission power. In
Section III, several assumptions are made to derive meaningful
results, such as steady states and the known offloading proba-
bilities of mobile devices. Therefore, the feasible assignment
result should meet these requirements. Moreover, the assign-
ment problem itself is an integer programming problem and
is NP-hard. To obtain acceptable results quickly, we choose
the genetic algorithm here. After obtaining a feasible assign-
ment, the device needs to determine its processing frequency
and transmission power. This process can be achieved through
applying KKT conditions based on the concavity of the
objective function.

Based on this consideration, the task assignment and param-
eter determination process at the ith mobile device at the
t-th timeslot is illustrated in Algorithms 2 and 3. Note that
the optimal assignment determination is shown as a separate
function named FindOptimal in Algorithm 3. This function is
responsible for finding the optimal assignment and its corre-
sponding processing frequency and transmission power based
on genetic algorithm and KKT conditions.

Algorithm 2: Task Assignment and Parameter
Determination at the ith Mobile Device (TAPDEM)

1 Calculate the number of arrived tasks
2 Randomly generate g initial task assignment results fulfilling

the required steady condition
3 Determine the optimal values of fi(t) and Pi(t) for each initial

assignment result based on KKT conditions
4 for j = 1 : g do
5 Calculate the objective Oij

PD(t) for the jth initial result
based on its optimal fi(t) and Pi(t)

6 end for
7 OBest = min (Oij

PD(t))
8 Record the assignment with objective OBest as the solution
9 FindOptimal(ζi, initial solutions, OBest)

Algorithm 3: FindOptimal
Input : ζ : maximum repeat cycles, Initial g solutions, OBest:

optimal objective value so far
Output: S: assignment results, f (t): optimal processing

frequency, P(t): optimal transmission power
1 Initialize cycle = 0
2 while true do
3 cycle = cycle + 1
4 Generate new assignment results based on former results

fulfilling steady conditions based on the Genetic algorithm
5 Calculate each new assignment’s optimal f (t) and P(t)

based on KKT conditions
6 Calculate each result’s corresponding objective value, it

will be its own fitness function
7 if The minimum of all newly generated results’ fitness

functions is lower than OBest then
8 Assign this minumum to OBest
9 Record the assignment with the minimum fitness

function as the solution S
10 else
11 return S, f (t) and P(t)
12 end if
13 if cycle > ζ then
14 return S, f (t) and P(t)
15 end if
16 end while

Time Complexity Analysis: Note that in Algorithm 2, to con-
trol the time consumed by the solution searching process, a
variable named cycle and a threshold ζi are adopted to control
the number of iterations of the genetic algorithm. Therefore,
the time complexity of the algorithm is O(ζig), where ζi is the
maximum number of iterations of the genetic algorithm.

D. Task Assignment and Parameter Determination at the Fog
Node

After generating their respective task assignment results,
mobile devices deliver their assignment results and parameters
to the fog node. Then, the fog node focuses on those tasks that
will be executed at the fog node and the data center. Through
combining the assignment results of all mobile devices, the fog
node can derive its initial assignment result. The task assign-
ment and parameter determination process at the fog node is
illustrated in Algorithm 4, and it is very similar to the deci-
sion process of each mobile device as shown in Algorithm 2.
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Algorithm 4: Task Assignment and Parameter
Determination at the Fog Node (TAPDEF)

1 Calculate the number of arrived tasks and each task’s arrival
time

2 Combine all mobile devices’ assignment results to obtain the
initial assignment result

3 Generate g − 1 other assignment results based on the initial
assignment result through swapping those bits representing
execution at the fog node or DC

4 Determine the optimal values of fu(t) and Pu(t) for each
assignment result based on KKT conditions

5 for j = 1 : g do
6 Calculate the objective Oij

PD(t) for the jth assignment result
based on its optimal fu(t) and Pu(t)

7 end for
8 OBest = min (Oij

PD(t))
9 Record the assignment with objective OBest as the solution

10 FindOptimal(ζu, initial solutions, OBest)

Moreover, it also calls the subfunction in Algorithm 3. The
main differences between them include two parts: 1) the initial
assignment result at the fog node is derived through combin-
ing the assignment results from all the mobile devices and
2) it concentrates on the task assignment decision and optimal
parameter searching process at the fog node.

Time Complexity Analysis: The time complexity of TAPDEF
is O(ζug) as it is similar to Algorithm 2, where ζu is the
maximum number of iteration of the genetic algorithm.

VI. VALIDATION AND RESULTS

A. Simulation Settings

1) Parameter Settings: To evaluate the effectiveness of our
proposal, a series of simulations are conducted. A simulator is
developed on MATLAB, and three types of entities are imple-
mented, including mobile device, UAV-mounted fog node,
and data center. K mobile devices are deployed in an L × L
area. Each mobile device connects to the fog node through
short-range wireless links, and the fog node also maintains a
long-range wireless link to the Internet and hence the data cen-
ter. The whole simulation period is divided into T timeslots,
and the length of each time slot is set to be τ . In each timeslot,
each mobile device adopts Algorithm 2 to compute its sched-
ule, transmission power, and processing frequency. Moreover,
the fog node decides its own position using Algorithm 1, and
selects its parameters based on Algorithm 4. Here, we assume
that available channels are evenly allocated by mobile devices
to ensure fairness among mobile devices. In other words,
αi = C/K. The ith mobile device’s task offloading probability,
i.e., pi, is randomly chosen from the interval [0.3, 0.8]. Other
parameter settings are listed in Table III.

2) Benchmark and Metric: Here, a random task assignment
with fixed parameter settings are adopted as the comparison
benchmark to evaluate the performance improvement of our
proposal. For simplicity of description, this random scheme
will be called RATAF in the following analysis. To show the
improvement brought by optimizing different parameters, we
use the following symbols to represent different combinations
of our proposal.

TABLE III
PARAMETER SETTINGS

1) TAPDEM-fi(t): The TAPDEM algorithm that only opti-
mizes fi(t).

2) TAPDEM-Pi(t): The TAPDEM algorithm that only opti-
mizes Pi(t).

3) TAPDEF-fu(t): The TAPDEF algorithm that only opti-
mizes fu(t).

4) TAPDEF-Pu(t): The TAPDEF algorithm that only opti-
mizes Pu(t).

5) TAPDEMF: Applying TAPDEM and TAPDEF algo-
rithms at the same time.

6) TAPDEMFU: Applying UPDEP, TAPDEM, and
TAPDEF algorithms at the same time.

The value of OPD will be the comparison metric here to
judge the performance of each algorithm. The lower the OPD,
the better the performance. The OPD value of RATAF is
denoted as O1, and one of our proposal’s OPD value as O2,
the decrease of OPD (or OPD reduction) is (O1 − O2)/O1.

B. Results and Analysis

Fig. 3 shows the value of OPD of different algorithms
at different timeslots. We can see that all of the optimized
algorithms outperform RATAF to varying degrees. Moreover,
TAPDEMFU performs the best among the seven algorithms
since it optimizes the position of the UAV and each devices’
parameters at the same time.

Fig. 4 shows the statistical results for 50 experiment tri-
als with a confidence interval of 95%. Each bar in this
figure represents the reduction of each algorithm compared
with RATAF. From this figure, we can see that different
optimization algorithms improve the performance by varying
degrees. TAPDEMFU reduces the OPD of RATAF by more
than 20%.

Investigating the performance of our algorithms with differ-
ent κi, i.e., weight of delay, Fig. 5 shows the OPD reduction
of different algorithms compared with RATAF. When κi is
small, TAPDEMF and TAPDEMFU are better able to reduce
OPD. The reduction of OPD first decreases and then stays
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Fig. 3. OPD at different timeslots.

Fig. 4. Statistical results after 50 simulation trials.

stable (at around 10%). This is due to the scale difference
between the energy consumption and delay in the objective
function. When κi = 0, the objective function degenerates
into the energy consumption of the system. In this scenario,
TAPDEMF and TAPDEMFU are able to decrease the energy
consumption of the system by 45%. When κi is high, the delay
of all the tasks will dominate the value of the objective func-
tion. TAPDEMF and TAPDEMFU can reduce the delay of the
whole system by around 10%.

Fig. 6 shows the reduction for different algorithms with dif-
ferent ranges of fi(t). The maximum value of fi(t) is set to
be 2.5 GHz, 2.8 GHz, and 3 GHz, respectively. The reduc-
tion of OPD increases as f max

i increases because a larger f max
i

provides a larger optimization range for different algorithms.
TAPDEMFU can reduce the objective function by nearly 45%
when f max

i = 3 GHz.
Fig. 7 shows the reduction for different algorithms with

different ranges of fu(t). The maximum value of fu(t) is set
to be 2.5 GHz, 2.8 GHz, and 3 GHz, respectively. Again, we
can see that with larger f max

u , different algorithms are able to
achieve slightly better performance due to the increase of the

Fig. 5. OPD reduction with different ki.

Fig. 6. OPD reduction with different fi(t).

optimization space. However, this improvement is relatively
limited compared with the promotion brought by increased
fi(t) if the task arrival process and the number of VMs at the
fog node is fixed.

Running Time: We also test the running time of our algo-
rithms on our computer with 3.0-GHz processing frequency
and 8-GB memory. In summary, the running times of UPDEP,
TAPDEM, and TAPDEF are 0.34 s, 0.89 s, and 0.72 s, respec-
tively. Note that the decision making process can be executed
in parallel with the task execution through dedicated timeslot
segmentation.

C. Discussion

1) Estimating pi and q: In the beginning of the sim-
ulation, pi and q are randomly assigned to each mobile
device. In the long run, they could be estimated through
observing the offloading history of each mobile device
and the fog node. For instance, the pi of the ith mobile
device at the t-th time slot could be calculated by
([# tasks executed locally]/[# tasks arrived]). q could be cal-
culated in a similar way by the fog node.
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Fig. 7. OPD reduction with different fu(t).

2) Selecting κi: As shown above, different κi will influ-
ence the results of different algorithms. Large κi means the
ith mobile device pays more attention to the delay experi-
enced by its arrived tasks. In contrast, the ith mobile device
will select a lower κi if it is more concerned about the energy
consumption. Different types of mobile devices could achieve
the tradeoff between energy consumption and delay through
choosing their own κi.

3) Length of the Timeslot: In our model, all the tasks that
arrive at each timeslot are scheduled together. Our batch-
scheduling model does not consider the gap between the arrival
time and its scheduling time. Note that this will not impact the
results derived in Figs. 4–7 since all algorithms adopt the batch
processing principle. Based on the Poisson arrival assumption,
the average waiting time for a task at the ith mobile device
may be derived as (3τ/2λi) + ([4e−λiτ − e−2λiτ − 3]/4λ2

i )

according to random geometry theory [29]. This means that
the waiting time of a task will increase with τ given some
fixed arrival rate λi. Therefore, to reduce the waiting time
of tasks, the length of each timeslot should not be too
large.

4) Granularity of Processing Frequency Change: In the
above analysis, we assume that the processing frequencies
of mobile devices and the fog node could be any value
between the maximum and minimum values. On typical chips,
different granularities may be adopted to control the pro-
cessing frequency change. Therefore, only discrete processing
frequencies are available when optimizing the objective func-
tion. In this situation, we first determine the optimal processing
frequency and then calculate the difference of each avail-
able frequency with the optimal one. Finally, the available
frequency with the smallest difference will be chosen as
the final processing frequency. Fig. 8 shows TAPDEMFU
algorithm’s reduction of the objective value compared with
RATAF when the granularity of the processing frequency
change varies from 0 MHz to 500 MHz. We can see that the
reduction of the objective function decreases as granularity
increases.

Fig. 8. OPD reduction of TAPDEMFU algorithm with different granularity
of processing frequency change.

VII. CONCLUSION

This paper considers a joint optimization scenario in cloud-
to-thing continuum, where the fog node serving multiple
mobile devices is carried by a UAV that can move in the
deployed area. Moreover, a long-range wireless link is main-
tained between the fog node and the Internet and hence the
remote data center. Each arrived task at the mobile device may
be executed locally or offloaded to the fog node or remote data
center. Different execution choices incur different energy con-
sumptions and delays decided by the parameters adopted by
mobile devices, the fog node, and the data center. To reduce
the total energy consumption of mobile devices and the fog
node while reducing the delay experienced by tasks, we aim
to jointly optimize multiple parameters adopted by mobile
devices and the fog node to minimize the weighted sum of
these conflicting objectives.

First, a formal description of the problem is given, and
three algorithms are presented. In the first algorithm, named
UPDEP, the position of the UAV is decided through calcu-
lating the reduction of the objective for each possible move.
Then, TAPDEM algorithm is proposed for each mobile device
to select its own processing frequency and transmission power.
Finally, TAPDEF algorithm is utilized by the fog node to
choose its transmission power and processing frequency. A
series of simulation experiments have been conducted on
MATLAB to evaluate the effectiveness of the proposed algo-
rithms. Compared with the random task assignment scheme
with fixed parameters, the combination of our algorithms
greatly improves the objective function.

In the future, we will investigate the scenario where multiple
UAVs may collaborate with each to serve mobile devices.
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