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Abstract—In this paper, the problem of unmanned aerial
vehicle (UAV)-assisted fog computing in Industry 4.0 smart
factories is studied. In particular, a novel online framework is
proposed to enable a source UAV to offload computing tasks
from ground sensors within a smart factory and allocate them
to neighboring fog UAVs for distributed task computing, before
the source UAV arrives at its destination. The online nature of
the framework allows the UAVs to optimize their task allocation
and decide on which neighbors to use for fog computing, even
when the tasks are revealed to the source UAV in an online
manner, and the information on future task arrivals is unknown.
The proposed framework essentially maximizes the number of
computed tasks by jointly considering the communication and
computation latency. To solve the problem, an online greedy
algorithm is designed and solved by using the primal-dual
approach. Since the primal problem provides an upper bound
of the original dual problem, the competitive ratio can be
analytically derived as a function of the task sizes and the data
rates of the UAVs. Simulation results show that the proposed
online algorithm can achieve a near-optimal task allocation with
an optimality gap that is no higher than 7.5% compared to the
offline, optimal solution with complete knowledge of all tasks.

I. INTRODUCTION

In emerging smart factory scenarios (also known as Industry

4.0) [1], sensors will be able to detect malfunctions and

send diagnostics signals to actuators in the factory. There-

fore, factory systems need to be optimized to manage the

process of sensory data transmission, low-latency computation,

and proactive decision making in order to quickly react to

new situations [2]. Therefore, some of the key challenges

for enabling the smart factory vision include effective in-

network computing and improvement of wireless connectivity

to integrate physical and digital systems, i.e., networking and

computation.

Computing sensory data in a timely manner is essential to

operate a physical factory system. To this end, the concept of

fog computing can be applied in cyber-physical smart factory

systems where unmanned aerial vehicles (UAVs) are deployed

and perform key functions such as data storage, computing,

control, and transmission [3], [4]. Recently, the use of UAVs

for wireless and computing scenarios has been studied in [5]–

[11]. In particular, using UAVs as a relay is studied in [5]–[8].

The authors in [5] propose a framework that jointly optimizes

UAV placement, user association, and uplink power control
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so that UAVs can collect data from ground sensors. In [6], a

UAV relaying scheme is studied to support a wireless cellular

network by temporarily offloading traffic of overloaded cells

into neighboring cells. In [7], UAVs are used as message

ferries that collect information in wireless sensor networks and

carry the data to the destination. The authors in [8] propose a

framework using UAVs for data collection from ground sensor

networks where relay nodes act as cluster heads for adjacent

sensors, and the data collected by relays is transmitted to the

UAVs. Also, airborne fog computing using a UAV is studied

in [9]–[11]. In [9], the authors investigate a UAV-mounted

cloudlet in which UAVs equipped with a computing processor

offload and compute the tasks offloaded from ground devices.

The authors in [10] study UAV-enabled wireless powered

mobile edge computing system. The authors in [11] propose a

relaying system that uses a UAV to store the processed data in

a buffer and optimize the receiving and transmitting data size

to minimize the energy consumption.

This prior art on UAV-based communications and computing

[9]–[11], generally assumes that information on prospective

computing tasks such as data size and arriving order is

completely known. However, in practice, the information on

tasks can be revealed gradually over time since sensory data

is randomly generated. Hence, when a series of tasks are

offloaded to a UAV, predicting prospective future tasks is

often not possible. Moreover, instead of relying on a single

UAV for computing, as done in [9]–[11], it is beneficial to

leverage multiple, neighboring UAVs for distributed, fog-like

computing of tasks. Consequently, unlike the existing literature

[9]–[11] which assumes full information knowledge on tasks

and single UAV computing models, our goal is to design an

online approach to maximize the number of computed tasks

on a network of multiple UAVs within a smart factory, when

the information on tasks is revealed in an online manner.

The main contribution of this paper is a novel framework

for distributed UAV-assisted fog computing. This framework

allows tasks from ground sensors to be offloaded to a source

UAV, which can subsequently allocate tasks to neighboring

fog UAVs for computation before the source UAV reaches

its destination. When the exact information on the offloaded

tasks is unknown to the source UAV, it is challenging to

decide which neighboring UAV has to compute which task.

Therefore, an online optimization problem is formulated, and

an online greedy algorithm is proposed to solve the problem.

Then, the dual problem is derived to analyze the worst-case
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Fig. 1: Distributed fog computing framework to offload computa-
tional tasks from sensors and allocate the offloaded tasks to neigh-
boring fog UAVs when the source UAV is moving to the destination.

performance of the proposed algorithm. By doing so, the

worst-case competitive ratio can be derived as a function of the

task sizes and the communication performance of the UAVs.

Simulation results show that the proposed online algorithm

can maximize the number of computed tasks and achieve

a performance that is near-optimal compared to an offline

solution that has full information on tasks.

The rest of this paper is organized as follows. In Section II,

we present the system model and formulate the proposed

online problem. Section III presents our proposed solution.

Simulation results are analyzed in Section IV while conclu-

sions are drawn in Section V.

II. SYSTEM MODEL AND PROBLEM FORMULATION

A. System Model
Consider a smart factory in which a number of sensors mon-

itor the status of the manufacturing process, thus generating

a large data volume. For example, the generated sensory data

can be used as input to machine learning algorithms, e.g., for

classification, to predict any abnormality in the manufacturing

process. Therefore, a number of computational tasks must be

computed in order to make a decision on how to control

the physical systems of the factory based on the information

extracted from the data. However, due to the low computational

capability of the sensors, it is not possible to compute the

tasks locally at the sensors. Also, sensors are not able to

transmit data over a long distance, and, hence, a flexible relay

is necessary.

By using fog computing, computational tasks can be allo-

cated to adjacent fog nodes that have higher computational

capability than the sensors. In particular, fog-enabled UAVs

can be used in a smart factory to gather the tasks from the

sensors, compute the tasks, and deliver the computed results to

the destination, e.g., a central factory controller that can control

the actuators. Therefore, UAVs in smart factories can be seen

as fog nodes in the fog layer of a generic fog computing

architecture. Using fog UAVs for smart factories has several

key advantages. First, UAVs can deliver better connectivity

for the sensors. For example, when the sensors cannot access

the uplink of terrestrial base stations due to high congestion,

nearby UAV can be used to offload the data of sensors. Second,

the transmit power of the sensors can be reduced if the fog

UAVs move closely to the sensors, thus conserving sensor

energy. Third, UAV networks can be readily deployed and

operated in a dynamic environment. Indeed, fixed network

access points may not be able to support dynamic network

changes when the production processes in smart factories are

modified. However, fog UAVs can flexibly change their flying

path and deliver data to moving destinations (e.g., equipment

carried by factory engineers).

As shown in Fig. 1, the ground sensors generate a set I
of I tasks that are offloaded to a given UAV that we refer to

hereinafter as source UAV. The role of the source UAV is to

offload the computational task data from sensors, allocate the

computational tasks to neighboring UAVs, and finally deliver

the computed results to the destination. When tasks reach the

source UAV, they are labeled by their arriving order i. For

instance, a task that arrives a time instant i is denoted as

task i. Since the source UAV processes the tasks using a first-

input-first-output policy, it will sequentially compute the tasks.

We also consider a set J of UAVs that are neighbors to the

source UAV. Each UAV j ∈ J is used to compute the allocated

task i from the source UAV. We also consider that the set of

neighboring UAVs J is initially selected by the source UAV.

In this regard, the source UAV selects the neighboring UAVs

that are moving towards its same destination.

The source UAV allocates the computational tasks to other

neighboring UAVs. Such distributed computing can reduce

the overall computational latency when multiple tasks are

computed. Also, to prevent excessive energy consumption of

neighboring UAVs, it is assumed that only one task is allocated

to one UAV. Therefore, if neighboring UAV j computes task

i, it is denoted by yij = 1 and yij′ = 0, ∀j′ ∈ J \ {j},

∀i ∈ I. Then, task allocation to neighboring UAV will

incur a transmission latency. The data rate pertaining to the

transmission of the data of task i to neighboring UAV j will be:

rj = Blog2

(
1 +

gjPt

σ2

)
, (1)

where B is the bandwidth, σ2 is the noise power, and gj is

the channel gain between the source UAV and neighboring

UAV j. Therefore, when the data size of task i is di bits, the

transmission latency becomes di/rj . Once task i is received

by neighboring UAV j, the computational latency is modeled

as di/fj where fj is the computational speed of UAV j.

To transmit a task data from the source UAV to a neigh-

boring UAV, device-to-device (D2D) communication can be

used, in which the source UAV initiates a D2D link with one

neighboring UAV at a time. The time period that the source

UAV moves from the source to the destination is given by ttot.

When computing a certain number of tasks, the transmission

and computation at all neighboring UAVs should be finished

within ttot. To determine ttot, key features of UAV networks

can be considered. For example, ttot is determined depending

on the mobility that is characterized by the speed and flying

distance of the source UAV. Also, ttot depends the different

trajectories of the source UAV. While finding ttot is out of the

scope of this work, we focus on the efficient use of the given

time budget ttot by using distributed fog computing. Therefore,

when the first task, i = 1, is being allocated, the latency



including transmission and computation of task 1 will be:
J∑

j=1

d1

(
1

rj
+

1

fj

)
y1j ≤ ttot. (2)

Then, since the tasks are sequentially transmitted to the

neighboring UAVs in the order of index i, there will be

i − 1 transmissions before task i is transmitted. Therefore,

the latency needed to complete task i, ∀i ∈ [2, I], is
i−1∑
i′=1

J∑
j=1

di′

(
1

rj

)
yi′j +

J∑
j=1

di

(
1

rj
+

1

fj

)
yij ≤ ttot, (3)

where the first term is the sum of the transmission latency

of i − 1 tasks, and the second term is the transmission

and computation of task i. Since tasks are allocated to and

computed by neighboring UAVs in the order of index i, if

task i is computed within period ttot, then i−1 tasks will also

be computed in the given period. Given the defined system

model, next, we formulate an online task allocation problem

to study how tasks are distributed in the UAV-fog network.

B. Problem Formulation
Our goal is to allocate tasks to neighboring UAVs in order

to complete the maximum number of tasks during the period

ttot needed for the source UAV to reach its destination. To

compute the tasks, the source UAV must allocate each task

to a neighboring UAV that achieves low transmission and

computational latency. In practice, such computational tasks,

having different data sizes, will dynamically arrive to the

source UAV. As a result, the source UAV will be unable to

know a priori the information on future tasks, and, therefore,

optimizing the task distribution process becomes challenging.

Under such uncertainty, selecting a neighboring UAV that

computes a current task must also account for potential arrival

of future tasks. To cope with the uncertainty of the future

task arrivals while considering the data rate and computing

capabilities of given neighboring UAVs, we introduce an online
optimization scheme that can handle the problem of task

allocation under uncertainty.

First, we formulate the following online task allocation

problem whose goal is to maximize the number of computed

tasks when the total latency is limited by ttot:

(D) : max
y

I∑
i=1

J∑
j=1

yij (4)

s.t. (2), (3),
I∑

i=1

yij ≤ 1, ∀j ∈ [1, J ], (5)

J∑
j=1

y1j ≤ 1, (6)

J∑
j=1

(−yi−1j + yij) ≤ 0, ∀i ∈ [2, I], (7)

where y is the vector of yij , ∀i ∈ I, ∀j ∈ J . Hereinafter, this

problem is called the dual problem. The number of the tasks

and neighboring UAVs, i.e., I and J , respectively, are assumed

to be given parameters with J ≥ I . Constraints (2) and (3)

show that task i’s transmission and computation latency needs

to be completed within time ttot. Also, to satisfy (5), each

neighboring UAV can compute at most one task. If task 1 is

allocated to one of the neighboring UAVs, constraint (6) is

satisfied. Constraint (7) implies that task i can be allocated

to a neighboring UAV if the task allocation of task i − 1 is

successful, i.e.,
∑J

j=1 yi−1j = 1. Otherwise, if
∑J

j=1 yi−1j =

0, then, task i cannot be allocated to any UAV, and
∑J

j=1 yij =

0. Due to (6) and (7), it is shown that
∑J

j=1 yij ≤ 1, ∀i ∈ I,

and, thus, one task is allocated to one of neighboring UAV.

Note that problem (D) is an online optimization problem and

is challenging to solve using conventional, offline approaches.

It is due the fact that the value of di, ∀i, is sequentially

revealed. When the tasks that different sensors send to the

source UAV have random size, the arrival sequence of di is

assumed to be unpredictable and unknown.

At the moment when di is disclosed, the source UAV knows

only the current and past tasks. However, the source UAV

must make an instant and irrevocable online decision on which

neighboring UAV will compute task i. Under such uncertainty

on di, allocating tasks to existing neighboring UAVs must also

account for potential arrival of new tasks. In fact, even if a

given task allocation can compute an existing task successfully,

it may have a detrimental effect on the allocation of incoming

tasks. In particular, if a UAV having a high data rate and high

computational speed is already assigned to compute a previous

task, it may not be possible to compute a future task having

a large size. Therefore, it is challenging to optimize the task

allocation between incoming tasks and neighboring UAVs.

III. ONLINE TASK ALLOCATION STRATEGY

Our goal is to determine the decision y so that the maximum

number of sequentially arriving tasks is successfully computed

by distributed UAV-enabled fog computing. When task size di
is unpredictable, the decision is not trivial since the current

decision may affect the task allocation of future tasks, and

all tasks cannot be computed due to the limited time resource

ttot. Under such incomplete information, finding the optimal

solution of (4) is challenging, and, as such, one has to seek an

online, sub-optimal solution that is robust to uncertainty.

When solving an online optimization problem, it is difficult

to achieve the optimal performance since the information is

revealed to the algorithm over time. Therefore, the notion

of a competitive ratio [12] from competitive analysis can be

used to measure the performance of an online algorithm. It

is an effective metric that compares the ratio between the the

objective function’s value achieved by an online algorithm and

that of the offline optimal solution. In particular, a competitive

ratio can be defined as α such that

1 ≤ DIP,OPT

DIP

≤ α, (8)

where DIP,OPT denotes the offline optimal solution (OPT) of

problem (D) in the form of integer programming (IP), i.e., the

maximum number of computed tasks with the integer solution



Algorithm 1 Task Allocation Algorithm

1 : Initialize yij = xi = zj = ui = 0, ∀i, j, and J1 ← J .
2 : for i ∈ I
3 : Task i arrives.
4 : Select UAV j∗i = argminj 1/rj , j ∈ Ji.
5 : if (2) and (3) are satisfied, and

∑
j yi−1j = 1,

6 : yij ← 1.
7 : Allocate task i to UAV j∗i .
8 : xI ← max(xI ,

1
di/rj∗

).

9 : otherwise,
10: yij ← 0.
11: zj ← max(1− xIdi/rj , zj , 0), ∀j ∈ J .
12: end if
13: Ji+1 ← Ji \ {j∗i }
14: end for

of yij . We will measure the performance of the proposed

algorithm by observing the upper bound value defined by α.

To find the upper bound of problem (D), we use the structure

of the primal and dual approach [12]. To this end, the opti-

mization variable yij is relaxed to be linear, i.e., yij ∈ [0, 1].
By using the duality of linear programming, problem (D) can

be rewritten as:

(P) : min
x,z,u1

I∑
i=1

ttotxi +
J∑

j=1

zj + u1, (9)

s.t.

(
1

rj
+

1

fj

)
dixi +

(
di
rj

) I∑
i′=i+1

xi′ + zj

+ui − ui+1 ≥ 1, ∀i ∈ [1, I − 1], ∀j ∈ J ,(10)(
1

rj
+

1

fj

)
dIxI + zj + uI ≥ 1, ∀j ∈ J , (11)

xi ≥ 0, zj ≥ 0, ui ≥ 0, (12)
where x and z are vectors with elements xi and zj , respec-

tively. This problem is called the primal problem. In problem

(9), x1, xi≥2, zj , u1 and ui≥2 are the dual variables associated,

respectively, with the constraints (2), (3), (5), (6), and (7) in

problem (D). Next, we develop an online greedy algorithm to

solve problems (D) and (P).

We propose an online greedy algorithm shown as Algo-

rithm 1. Based on a general online optimization framework

using the primal and dual approach of [12], we propose a

novel algorithm specifically designed to solve our problems

(D) and (P). When task i arrives to the source UAV, the original

dual problem is solved by determining the value of yij . Also,

other dual variables xi, zj , and ui are updated in order to

find the performance bound of the proposed online algorithm.

At the initial step of Algorithm 1, all variables are set to 0,

and the algorithm selects UAV j∗ that has the highest data

rate. Then, the algorithm makes a decision and updates the

variables when task i arrives. The algorithm selects which

UAV should compute task i. To this end, the algorithm selects

UAV j∗i having the smallest 1/rj among the current set Ji. Ji

is defined as the set of available UAVs that do not have any

allocated task since one UAV computes at most one task. Also,

to make a decision on whether to compute task i, constraints

(2) and (3) are checked. If UAV j∗i satisfies (2) and (3), then,

task i is allocated to UAV j∗i , and, thus, the algorithm sets

yij = 1. Meanwhile, xI is updated to the value given by

max (xI , 1/(di/rj∗)) where j∗ = argminj 1/rj , j ∈ J . The

update of xI satisfies constraints (10) and (11). Otherwise, if

the UAVs in Ji do not satisfy (2) and (3), then, the tasks

arriving after task i cannot be computed, i.e., yij = 0. In this

case, zj , ∀j ∈ J , is updated to satisfy constraint (10) and (11).

After the algorithm selects j∗i for task i, j∗i is removed from

set Ji regardless of the decision on the task allocation of yij .

By doing so, all tasks in I are matched to at most one of

neighboring UAVs in J .

After running Algorithm 1, the values of (4) and (9) are

denoted by PLP and DIP, respectively. With PLP and DIP, a

competitive ratio in (8) is derived. From the dual and primal

problem formulation, it can be shown that DIP ≤ DLP ≤
DLP,OPT ≤ PLP,OPT ≤ PLP. The first inequality is due to the

fact that linear relaxation allows problem (D) in the form of

linear programming (LP) to have a higher value. The second

inequality indicates that the offline optimal solution always

achieves a value higher than or equal to the online solution of

problem (D). The third inequality captures the slackness of the

primal and dual problems. In the fourth inequality, the offline

optimal solution of problem (P) is smaller than or equal to

any online solution. Also, we have DIP ≤ DIP,OPT ≤ DLP,OPT.
The first inequality follows from the optimality gap between

the online and offline solutions when yij is an integer. The

second inequality shows that linear relaxation of yij allows

to have a higher value in problem (D). Thus, the ratio in (8)

becomes:
DIP,OPT

DIP

≤ PLP

DIP

, (13)

where PLP/DIP corresponds to α in (8). Therefore, PLP/DIP

becomes a competitive ratio. To check whether PLP/DIP can

be a valid competitive ratio, we check the feasibility of PLP

and DIP as follows.

Feasibility of the solutions: We first check whether PLP

and DIP from Algorithm 1 are feasible solutions. First, we

update yij = 1 if (2) and (3) are satisfied. Also, since

there is only one j∗i corresponding to i, then constraint (5)

is satisfied. Otherwise, if (2) and (3) are not satisfied, we

set yij = 0. If yi′j = 0 for task i′, the algorithm sets

yij = 0, ∀i ≥ i′, and, therefore, constraints (6) and (7) are

satisfied. In problem (P), if yij = 1, ∀i ≤ I ′, xI is given by

1/mini≤I′(di/rj∗) when i = I ′. In (10), the coefficient of

xI is di/rj , and we observe (di/rj)/mini≤I′(di/rj∗) ≥ 1.

In (11), since the coefficient of xI is dI(1/rj + 1/fj), (11)

becomes (dI(1/rj + 1/fj))/mini≤I′(di/rj∗) ≥ 1. Then, if

yij = 0, ∀i > I ′, zj = maxi>I′(1− xIdi/rj , 0), ∀j ∈ J .

Objective function value in (D) and (P): We derive the value

of the dual and primal problems when Algorithm 1 is used. In

problem (D), the objective function increases by one, and, if

yij = 1, ∀i ≤ I ′, then DIP = I ′. In problem (P), we can use

the final values of xI and zj , ∀j, to calculate PLP. Also, note

that there is a trivial value, PLP = I . For example, this value

can be achieved in the primal problem with a solution given

by u1 = I and ui = I − (i− 1), ∀i ∈ I. Therefore, since we
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Fig. 2: Comparison between the proposed algorithm’s result and the
offline optimal solution in terms of percentage of computed tasks for
different ttot.

want to find the smallest possible value of PLP, we have:

PLP = min

⎛
⎝ ttot

min
i≤I′

di

rj∗

+

J∑
j=1

max

⎛
⎝1−

min
i>I′

di

rj

min
i≤I′

di

rj∗

, 0

⎞
⎠ , I

⎞
⎠ .

(14)

Therefore, according to (13), a competitive ratio is given by

the ratio between PLP in (14) and DIP = I ′. The derived

ratio can be close to one as the proposed online algorithm

finds a solution similar to the offline optimal solution that

can be achieved by having complete information on all tasks

in advance. Given the metrics in (8) and (13), next, we

evaluate the performance of the proposed algorithm through

simulations.
IV. SIMULATION RESULTS

For our simulations, we use a MATLAB simulator in which

we consider that the source UAV initially forms a network with

J = 10 neighboring fog UAVs uniformly distributed within a

circular area of radius between 10 m and 70 m. The task size

follows a uniform distribution between 50 and 70 Mbits, and

the number of tasks is I = 10. The total bandwidth is 5 MHz.

The power spectral density of the noise is -174 dBm/Hz and

Pt = 20 dBm. The channel gain is calculated by using a

free space model due to air-to-air communications [13]. The

computational speed of each neighboring UAV is randomly

determined from a uniform distribution between 5 × 107 and

8× 107 bits/sec. The offline optimal solution is calculated by

using a mixed-integer linear programming (MILP) solver with

the assumption that the size di of task i, ∀i ∈ I, is completely

known. All statistical results are averaged over a large number

of independent simulation runs.

Fig. 2 shows the percentage of computed tasks for different

values of ttot from 0 to 8 sec. For comparison, we calculate

the offline optimal solution of the dual integer problem, i.e.,

DIP,OPT, by assuming that all task sizes, di, ∀i, are known in

advance. The offline optimal DIP,OPT shows that the percentage

of computed tasks increases with ttot that is a given parameter

in problem (D). The design goal of our online algorithm is

to achieve a performance that is similar to the offline optimal

when task size di is revealed one by one. To this end, in Fig. 2,

we can observe that the optimal solution and the solution

0.8 1 1.2 1.4 1.6 1.8 2 2.2 2.4 2.6

Ratio

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

C
D

F

Empirical CDF (t
tot

 = 4 sec)

D
IP,OPT

/D
IP

P
LP

/D
IP

Fig. 3: The empirical competitive ratio DIP,OPT/DIP in (8) and the
analytical competitive ratio PLP/DIP in (13).

found by Algorithm 1 are very close for all values of ttot. This

demonstrates the effectiveness of the proposed algorithm that

can select properly neighboring UAVs to offload tasks while

maximizing the number of computed tasks. For instance, Fig. 2

shows that the maximum gap between the offline optimality

and the online solution is only 7.5% when ttot = 3.

Fig. 3 shows the empirical ratio between the offline op-

timal and online solutions, DIP,OPT/DIP, and the analytical

competitive ratio, PLP/DIP in (13) for ttot = 4. In Fig. 3,

the cases in which the ratio is one correspond to scenarios in

which the proposed algorithm finds the optimal solution. For

example, Fig. 3 shows that the proposed algorithm achieves

the optimal solution in about 70% of 3000 iterations. Also,

by the definition of competitive ratio α in (8), the number

of computed tasks with the proposed algorithm is at least

DIP,OPT/α. For instance, in Fig. 3, the largest empirical compet-

itive ratio is shown to be 1.5 which implies that the number

of computed task is at least DIP,OPT/1.5 when the proposed

algorithm is executed with the given simulation parameters.

Moreover, Fig. 3 shows that the analytical competitive ratio

PLP/DIP provides an upper bound of the empirical competitive

ratio DIP,OPT/DIP, and the resulting value of PLP/DIP is at most

2.5. In Fig. 3, the ratio DIP,OPT/DIP is shown to have a step-like

shape since both DIP,OPT and DIP are integer, and there exists a

limited number of possible values for DIP,OPT/DIP for specific

settings of the simulations.

Fig. 4 shows the percentage of computed tasks for two

different ranges of computational speeds of the UAVs and

different task sizes when the bandwidth is changed from 3

to 7 MHz with ttot = 7. In Fig. 4, neighboring UAVs with low

computational speeds are represented by fj ∈ [5×107, 8×107],
whereas UAVs with high computational speeds are assumed to

have fj ∈ [5× 108, 8× 108]. Also, we consider two scenarios

with small-size tasks di ∈ [50× 106, 70× 106] and large-size

tasks di ∈ [70 × 106, 90 × 106], respectively. From Fig. 4,

we can see that the number of computed tasks can increase

if the bandwidth increases. This is due to the fact that a

higher bandwidth can increase the data rate and reduces tasks’

transmission latency. Therefore, more tasks can be allocated to

neighboring UAVs. For instance, the number of computed tasks
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Fig. 5: Percentage of computed tasks for the different number of
neighboring UAVs for different maximum air-to-air communication
distances.

can increase about two-fold if the bandwidth changes from

3 MHz to 7 MHz in the case of UAVs with low computational

speeds and large-size tasks. Also, Fig. 4 shows that using

UAVs with high computational speeds is effective to increase

the number of computed tasks. For example, the percentage

of computed tasks increases from 86% to 99.5% by using

UAVs having high computational speeds when bandwidth is

4 MHz and the task sizes are small. Moreover, in Fig. 4, we

can observe that more tasks can be computed as task sizes

become smaller; for example, small-sized tasks result in 43%

more computed tasks compared to that of large-sized tasks in

the case of 3 MHz.

In Fig. 5, the percentage of computed tasks is shown for

different numbers of neighboring UAVs with I = 10. Clearly,

the number of computed tasks increases with the number of

neighboring UAVs. As the set of neighboring UAVs becomes

larger, the source UAV has a higher probability to allocate

its tasks to the neighboring UAVs having a high data rate

and computational speed. Fig. 5 also shows that the number

of computed tasks increases if the maximum communication

distance between UAVs is reduced.

V. CONCLUSION AND FUTURE WORKS

In this paper, we have proposed a novel framework to

maximize the number of successful computations for UAV-

assisted fog networks within an Industry 4.0 smart factory. This

framework allows a source UAV to offload tasks from ground

sensors and distributed the tasks to neighboring fog UAVs in

order to compute the tasks before the source UAV arrives at

the destination in a factory. When the exact information on the

offloaded tasks is unknown to the source UAV, it is challenging

to optimize the decision of which neighboring UAV has to

compute each task. Therefore, we have formulated online

optimization problem that jointly optimizes the communication

and computation latency is formulated and introduced an

online greedy algorithm to solve the problem. Then, by using

the structure of the primal-dual problem formulation, we have

derived a feasible competitive ratio as a function of the task

sizes and the data rates of the UAVs. Simulation results have

shown that the proposed online algorithm can allocate tasks to

neighboring UAVs that is no less than 7.5% below the optimal

number of computed tasks found in the offline scenario. For

future work, the trajectory of the UAV can be optimized jointly

with the task allocation in the proposed framework. Also, the

proposed framework can be extended to a scenario in which

multiple fog UAVs are deployed to offload and compute the

tasks of sensors. Moreover, the proposed approach can be

extended to take into account medium access and transmission

protocols when the tasks are offloaded from sensors to the

UAV.
REFERENCES

[1] S. Wang, J. Wan, D. Li, and C. Zhang, “Implementing smart factory of
industrie 4.0: An outlook,” International Journal of Distributed Sensor
Networks, vol. 12, no. 1, p. 3159805, Jan. 2016.

[2] D. Zuehlke, “Smartfactorytowards a factory-of-things,” Annual Reviews
in Control, vol. 34, no. 1, pp. 129–138, Mar. 2010.

[3] M. Mozaffari, W. Saad, M. Bennis, Y.-H. Nam, and M. Debbah, “A
tutorial on uavs for wireless networks: Applications, challenges, and
open problems,” arXiv preprint arXiv:1803.00680, 2018.

[4] M. Mozaffari, W. Saad, M. Bennis, and M. Debbah, “Unmanned aerial
vehicle with underlaid device-to-device communications: Performance
and tradeoffs,” IEEE Trans. Wireless Commun., vol. 15, no. 6, pp. 3949–
3963, Jun. 2016.

[5] ——, “Mobile unmanned aerial vehicles (UAVs) for energy-efficient
internet of things communications,” IEEE Trans. Wireless Commun.,
vol. 16, no. 11, pp. 7574–7589, Nov 2017.

[6] S. Rohde and C. Wietfeld, “Interference aware positioning of aerial
relays for cell overload and outage compensation,” in Proc. IEEE Veh.
Technol. Conf., Quebec City, Canada, Sept 2012, pp. 1–5.

[7] Y. Wang, W. Peng, Q. Dou, and Z.-h. Gong, “Energy-constrained ferry
route design for sparse wireless sensor networks,” Journal of Central
South University, vol. 20, no. 11, pp. 3142–3149, Nov 2013.

[8] I. Jawhar, N. Mohamed, J. Al-Jaroodi, and S. Zhang, “A framework
for using unmanned aerial vehicles for data collection in linear wireless
sensor networks,” Journal of Intelligent & Robotic Systems, vol. 74,
no. 1, pp. 437–453, Apr 2014.

[9] S. Jeong, O. Simeone, and J. Kang, “Mobile cloud computing with a
UAV-mounted cloudlet: optimal bit allocation for communication and
computation,” IET Commun., vol. 11, no. 7, pp. 969–974, May 2017.

[10] F. Zhou, Y. Wu, H. Sun, and Z. Chu, “UAV-Enabled Mobile Edge
Computing: Offloading Optimization and Trajectory Design,” ArXiv e-
prints, Feb. 2018.

[11] L. Wang and M. Hua, “Optimal bit allocation for UAV-enabled mobile
communication,” in Prof. IEEE Int. Conf. on Computer and Commun.,
Chengdu, China, Dec. 2017, pp. 474–478.

[12] N. Buchbinder and J. S. Naor, “The design of competitive online
algorithms via a primaldual approach,” Foundations and Trends in
Theoretical Computer Science, vol. 3, no. 23, pp. 93–263, May 2009.

[13] W. Khawaja, I. Guvenc, D. Matolak, U.-C. Fiebig, and N. Schnecken-
berger, “A Survey of Air-to-Ground Propagation Channel Modeling for
Unmanned Aerial Vehicles,” ArXiv e-prints, Jan. 2018.



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /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 /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize false
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /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 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /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 4.01)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


