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Abstract: Nowadays, computation offloading has become a research focus since it has the potential
to solve the challenges faced when dealing with computation-intensive applications in the Internet of
Vehicles (IoVs), especially in the 5G or future network environment. However, major issues still exist
and the performance of main metrics can be improved to better adapt to the practical scenarios. This
paper focuses on achieving resource- and time-efficient computation offloading in IoVs by boosting
the cooperation efficiency of vehicles. Firstly, a fuzzy logic-based pricing strategy is designed to
evaluate the cooperation tendency and capability of each vehicle from multiple aspects. Vehicles are
encouraged to participate in the offloading process even if they are in a disadvantageous position
compared to other vehicles. Secondly, a Max-Min fairness-oriented approach is proposed to find the
most suitable offloading decision, and vehicles with poor cooperation capabilities are guaranteed
to be treated equally in the offloading. Finally, two heuristic algorithms are presented to solve the
problem with applicable complexity and to suit the practical IoV environment. Extensive simulation
results prove that the proposed approach achieves remarkable performance improvements in terms
of delay, service cost and the resource utilization ratios of vehicles.

Keywords: Internet of Vehicles; Vehicular Edge Computing; computation offloading; fuzzy logic;
Max-Min fairness

MSC: 94D05

1. Introduction

With the rapid development of wireless communications technology and the Internet
of Vehicles (IoVs), a number of vehicles are equipped with On-Board Units (OBUs) to
support a variety of intelligent applications, such as autonomous driving, video-aided real-
time navigation, and so on [1-4]. However, many of these applications are delay-sensitive
and require a huge amount of computation resources, which brings great challenges to
single User Vehicles (UVs) with limited computation resources [5]. According to the report
released by Cisco [6], 300 million vehicles participating in wireless communications can
generate more than 400 million gigabytes of data. It is not difficult to imagine that a
huge amount of computation tasks may be generated and thus require a great deal of
computation resources. Obviously, it is impossible for a UV to solely meet the requirements
of such explosive tasks.

To cope with this issue, Vehicular Edge Computing (VEC) is proposed to improve
the computation performance by deploying computation resources at the edge of the
network [7,8]. As shown in the left part of Figure 1, through Vehicle-to-Infrastructure
(V2I) [9] communications, the computation task can be unloaded to nearby RoadSide Units
(RSUs) which have sufficient computation resources and thus achieve satisfying Quality of
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Service (QoS) [10,11]. However, the idea of offloading computation tasks to RSUs through
V2I communications has two inherent shortcomings. For one thing, due to the fast-moving
characteristic of vehicles, the duration of the communication between a UV and an RSU is
usually very short. It is hard to guarantee that a UV will stay in the coverage of an RSU
long enough to receive the computed result. For another thing, the infrastructure laying
and maintenance require high costs [12], and it is unrealistic to realize full road coverage of
RSUs. The scope of V2I communications and the applicability of V2I-based computation
offloading is thus limited.

In scenarios where RSUs are deployed sparsely, such as highways, Vehicle-to-Vehicle
(V2V) based computation offloading [13] can better cope with the explosive growth of com-
putation resources demand. Vehicles running on the road with idle computation resources
can be regarded as “mobile servers”. As illustrated in the right part of Figure 1, The UV can
unload computation tasks to other Service Vehicles (SVs) within its communications range
through V2V communications, forming a more flexible computation task offloading system.
In doing so, the problem of short communications durations between vehicles and RSUs
can be alleviated, and the resource utilization ratios of vehicles are improved. However, in
existing work which is aimed in the direction of using nearby vehicles as mobile servers to
unload computation tasks, vehicles are often assumed to be selfless and are always will-
ing to donate their computation resources to strange vehicles [14]. Nonetheless, vehicles
are rational and will not provide free help for other vehicles in practical scenarios. As a
result, an efficient incentive mechanism is needed to promote the willingness of vehicles to
participate in the task offloading process.

/
& wm @)

uv SV Busy vehicle Task Data V2V radius: r

Figure 1. VEC task offloading model.

Moreover, since UV is also rational, it hopes to complete the computation task as soon
as possible and with minimum cost. As a result, how to motivate vehicles to realize quick
and efficient computation offloading so that the computation task can be completed timely
with minimum cost, remains a big problem.

In this work, we consider a typical highway task offloading scenario where a UV
unloads its computation task to SVs via V2V communications. In order to encourage SVs
to participate in the cooperation process, we introduce a dynamic and fair pricing strategy
for SVs, under which a UV is obligated to pay SVs for the computation resources, as well
as the cooperation provided by them. Meanwhile, a Max-Min fairness-oriented approach is
designed for the computation offloading decision process, which achieves good offloading
performance with acceptable cost. The main contribution of this work can be summarized
as follows:

(i) We propose a fuzzy logic-based [15] pricing strategy to quantify the willingness and
the capability of SVs for undertaking the computation tasks unloaded from UVs. The
proposed pricing strategy takes multiple parameters such as the financial situation
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and the volume of rentable resources of an SV, as well as the distance, speed difference
and link reliability between an SV and the UV, into consideration for determining
the unit price of an SV for executing the computation task. Other things being equal,
the proposed pricing strategy promotes vehicles that have a small volume of rentable
resources and difficult financial situations to the final SVs, thus encouraging most
vehicles to join in the task offloading process and improving the overall resource
utilization ratio.

(ii) We propose a Max-Min fairness-oriented [16] approach to solve the problem of finding
the most suitable offloading decision. Essential to the approach is guaranteeing that
vehicles that have few rentable resources and poor financial situations are treated
equally to vehicles that have large resources and good financial conditions, in the
process of determining the final service vehicles. This in turn is beneficial for the
requesting UV to minimize the total payment, as well as for the system to maximize
the resource utilization ratio and minimize the overall delay. Moreover, we present
two heuristic algorithms to find the optimal solution to the formulated problem. The
proposed algorithms achieve satisfying performance with applicable complexity and
suit the practical IoV environment.

(iii) Extensive simulation results prove that the proposed approach achieves remarkable
performance improvements in terms of the task completion delay, service cost and the
utilization ratios of SVs.

The rest of this paper is organized as follows: Section 2 introduces the related work.
Section 3 describes the preliminaries. The problem formulation is given in Section 4.
Section 5 introduces the proposed approach in detail. Section 6 shows the simulation
results and evaluates the performance. Finally, Section 7 concludes this paper.

2. Related Work
2.1. V2V-Based Computation Offloading

The authors in [17] analyzed the efficiency of a computation offloading algorithm in
the vehicular cloud and improved the performance by using the computing resources of idle
vehicles. To reduce the completion delay of the task and to improve the utilization ratios of
vehicle resources, a two-stage cooperative offloading scheme was proposed in [18]. In the
first stage, a cluster is formed among multiple vehicles and the selected cluster head is used
for resource allocation. In the second stage, the fuzzy logic principle is exploited to screen
cluster heads and SVs, to optimize the response time and completion delay. The authors
in [19] proposed a cluster-based cooperative offloading algorithm, which applies the fuzzy
logic principle to determine the appropriate cluster heads. Moreover, a stable matching
method is designed to optimize energy consumption and task latency. The authors in [20]
proposed fully exploring the idle resources of vehicles by utilizing the gathering period of
vehicles in an urban environment. The task execution time is optimized with a Max-Min
fairness scheme which is solved by the particle swarm optimization algorithm. The authors
in [21] proposed a multi-hop V2V collaborative task offloading scheme, which makes full
use of the multi-hop vehicular ad hoc networks to support computation offloading. The
reliability model of multi-hop routing is built and the optimal offloading strategy with the
lowest relaying and computing cost is executed by the binary search algorithm.

Although these works have provided some effective methods to solve the problem
of optimizing the completion delay and resource utilization rate in V2V-based computa-
tion offloading, they all work under the assumption that vehicles are selfless and volun-
teer to provide cooperation, which is not practical and thus limiting the applications of
these works.

2.2. Computation Offloading with Incentives

The authors in [22] proposed to decompose the system profit optimization problem
into three sub-problems, task transmission delay optimization, the offloading ratio opti-
mization, and finally, the offloading payment optimization. The system profit is optimized
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based on incentive compatibility and individual rationality of vehicles. The authors in [23]
noticed that there are many parked vehicles on the road and their resources are under-
utilized. Therefore, the authors introduce a pricing model to offload tasks in a dynamic
environment, which helps vehicles to find economical offload strategies and to improve the
resource utilization of parked vehicles. In [24], the authors proposed a novel architecture
that integrates satellite networks and 5G cloud-supported vehicular networks. Delay and
cost are jointly optimized through a simulated annealing algorithm. Similarly, the work
of [25] considered the computation offloading problem in the satellite-terrestrial Internet of
Vehicles. An auction-based incentive mechanism is brought forward to motivate vehicle
owners to join in the offloading process. The authors in [26] proposed a differentiated
pricing scheme that sets incentive factors according to the needs of users and the volume
of onboard resources. In this way, the incentive for vehicles can be adjusted in real-time.
Moreover, a reverse auction-based task scheduling algorithm was proposed to select the
edge nodes for task offloading.

Although the above works provide compensation for SVs, the existing incentive mech-
anisms still lack specific considerations for vehicle cooperation intentions. Simple economic
compensation will lead to fierce competition among vehicles, and in turn, results in uneven
distribution of wealth in the system, which will cause a reduction in the pertinence of the
incentive mechanisms. In other words, vehicles that have strong intentions to participate in
the offloading may be deprived of the opportunities if they have a small volume of comput-
ing resources or are in poor financial conditions, with the existing incentive mechanisms.
In view of this, this paper firstly proposes a fuzzy logic-based pricing strategy that jointly
considers the moving characteristics of vehicles in the system and the service intentions
of vehicles. The unit price of a vehicle to help UV with the computation task is calculated
and adjusted according to its real-time situation. After this, a Max-Min fairness-oriented
offloading algorithm is designed, which works on the basis of the unit price of each ve-
hicle determined by the pricing strategy. With careful consideration, vehicles that have a
small volume of computing resources or are in poor financial conditions are favored in the
determination of final SVs. In this way, the performance of the computation offloading,
including the completion delay, the overall cost, and the resource utilization ratios are
improved significantly.

3. Preliminaries

This paper focuses on the problem of V2V-based computation task offloading in
Vehicular Edge Computing networks, as shown in the right part of Figure 1. When a UV
has a computation task that needs to be offloaded to other vehicles, the UV will firstly
multicast this offloading requirement message to all neighboring vehicles, asking for their
cooperation. Upon receiving the request, a neighboring vehicle determines the proper price
it wants to charge for providing help with the computation task, according to the fuzzy
logic-based pricing strategy. It then responds to the UV with the price. After receiving all
responses from the neighboring vehicles, the UV makes the optimal offloading decision
based on the Max-Min fairness-oriented approach and acknowledges the appropriate
proportions of the computation task to be unloaded to each SV. The negotiation process
is similar to the famous “Three-Way Handshake” and the exchanged messages can be
contained in beacons so that the overhead is negligible. Denote the UV as ug, and the
potential SVs set as SV = {svy,svy,...,5vk}. The computation task of ug is defined as
To = {Dy, Go, TJ"**}, where D, represents the size of the task, Gy is the number of CPU
cycles required to process 1-bit data of the task, and Tj'** is the maximum acceptable
completion delay of the task. The task can be divided into several sub-tasks of any size to
enable synchronous processing on multiple SVs.

To obtain a microscopic vehicle movement model closer to the real high-speed scene,
this paper adopts the car-following model in [27] as the mobility model. Time is slotted. At
the beginning of each time slot At, a vehicle v; updates its speed and then maintains this
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speed throughout the time slot. The update of v;’s speed at time (t + At) can be expressed

as follows:
v;(t+ At) = v;(t) + 6;(t) -a - At, 1

where v;(t) denotes the speed of v; at time t, 6;(t) € [—1,1] is a random adjusting parameter
for acceleration or deceleration at time ¢, and a is the acceleration constant. The minimum
and maximum allowable speeds of a vehicle are denoted as v,,;;, and vy, and the safety
distance and the following distance between any two vehicles are denoted as L, s, and
L fo110w, respectively. The microscopic mobility of a vehicle is constrained by its speed and
distance according to Formula (2) as follows:

Ui, If 0i(t+ A) < Ui

Omax, if 0;(E+ At) > Uy
vi(t) +a-At, if Lija(t) > Lotiow”
vi(t) —a-At, if Ljjq(t) < Lsafe

vi(t+ At) = @)

where L; ;11 (t) is the distance between two consecutive vehicles v; and v;; 1 at time f. It is
noted that Formula (2) is defined according to the actual driving conditions of vehicles.
The safety distance is the minimum driving distance between vehicles, which depends on
the real-time speeds of the vehicles. It can ensure that the rear vehicle has enough distance
to brake in case of emergency, and reduces the incidence of chain traffic accidents. The
following distance is the maximum driving distance between vehicles, which can save
more space for other vehicles behind.

The V2V communications among vehicles are assumed to comply with IEEE 802.11p
standards [28], the data transmission rate between any two vehicles can be calculated
as follows:

R=B log,(14+ vl 3
=B-log +(72 , 3)

where B is the channel bandwidth, P, is the transmission power of a vehicle,  is the
channel gain and ¢? is the noise power. The symbols used in this paper are listed in Table 1.

Table 1. Summary of important symbols.

Symbols Meaning
U The user vehicle.
s; The j service vehicle.
Ty The computation task of u.
Ty The maximum acceptable completion delay of Tj.
Tf;’ v The achievable communication time between 1 and sv;.
O; The proportion of tasks offloaded from u to sv;.
O]T””x The maximum achievable task proportion of sv; to ug.
v;(t) The speed of vehicle v; at time ¢.
R The V2V data transmission rate.
fi The amount of computing resources that sv; can lend.
t The completion delay on sv;.
trotal The total completion time of the task.
P The total price that 1y should pay for asking SVs.
C The base price of unit size data of task.
&; The sv;’s dynamic adjustment parameters of price.
w; The financial condition of sv;.
dyj The distance between 1 and sv;.
Vyj The relative speed between 1 and sv;.

The link reliability of the communication channel between 1 and sv;.
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4. Problem Formulation

The task offloading process is mainly divided into three parts: task transmission,
task calculation and result return. Since the result is usually small and has little impact
on the delay of the whole offloading process, this paper ignores the delay of the result
return. Denote the offloading decision as d = {Ol, Oz,...,0j,.. .}, where O; represents
the proportion of task that is offloaded to the j* SV. The task transmission delay for ug to
unload O; proportion of the task onto vehicle sv; can be calculated as follows:

P _ Oj-DO
/ R

: (4)

Similarly, the task calculation delay by sv; to complete the assigned task is calculated

as follows:
O]- -Dg - Gy

fi
where f; is the amount of computing resources that sv; can lend. Thus, the sub-task
completion delay on sv; can be calculated as:

cal __

©)

L pup cal
b= t;" + 15 (6)

The computation task can only be considered as finished until all sub-tasks are com-
pleted and the calculation results are returned to the UV. Thus, the total completion time of
the task can be written as:

ttotal:max{tl,...,tj,...,t‘d‘}. (7)

Moreover, the pricing decision for the final selected SVs is denoted as
p = {rup2-. o Pjr- .}, where p; is the price that sv; asks for calculating a unit size
of the task. As a result, the total price that 1 should pay for asking SVs to complete the
task can be calculated as follows:

|

P =Y pj-O;-Dy. ()
=1

The cooperative offloading of multiple vehicles is considered to reduce the task com-
pletion delay of the UV. However, vehicles complete tasks with varied lengths of time.
Since the final completion delay is the maximum of all completion delays for sub-tasks, it is
preferred to minimize the final completion delay by aggregating the completion delays of
all sub-tasks. In this way, the completion time of each sub-task is minimized and the overall
completion delay of the task is optimized. The resource of each vehicle can be released
quickly once the sub-task is finished, thus improving the resource utilization ratio of the
system. The resources utilization ratio of the overall offloading system is calculated as the

same in [29]:
Ml
-1t

Utility = ———.
T ‘d| “trotal

©)

Obviously, the resource utilization ratio is a vital metric to describe the efficiency of
the offloading system. A high resource utilization ratio indicates that the idle resources on
the finally selected SVs are fully exploited, which is welcomed both by the UV and SVs.
Meanwhile, the UV also wants to accomplish the computation task with minimum delay
and cost, which requires sufficiently exploring the resources of nearby vehicles that ask for
a low unit price yet have strong capabilities for providing fast and reliable cooperation.
Taking all these aspects into consideration, this paper aims to design a resource- and time-
efficient approach for task offloading in VEC networks. Given the definition of resource
utilization ratio in Formula (9), the maximization of the resource utilization is strongly
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correlated to the minimization of the completion delay of the task. The optimization
problem is formulated as follows:

maximize Utility, (10)
st. Cl1:0< Oj <1, (10a)
ld|
C2:) 0;=1, (10b)
j=1
C3:p; >0, (10c)
C4: ttOtLll S T(’)nux, (10d)

C1 and C2 state that the portion of the task that is offloaded to a single SV is varied
between [0, 1], and the sum of the size of offloaded sub-tasks equal to that of the original
task. C3 indicates that an SV will only ask for a positive reward. C4 states that the total
delay of the offloaded sub-tasks must not violate the maximum tolerant delay of the original
task, otherwise the task computation is considered as failed.

5. Methodology

To solve the above problem, we first propose a fuzzy logic-based pricing strategy to
determine the price that an SV asks for joining in the offloading cooperation. Given the
pricing strategy, a Max-Min fairness-oriented decision approach is proposed to find the
optimal solution, and a heuristic algorithm is further proposed to improve the complexity
of the solution to better adapt to practical applications.

5.1. Fuzzy Logic Based Pricing Strategy

We propose a fuzzy logic-based pricing strategy to help vehicles to determine the
price they can ask for lending their resources to complete the computation task together.
The determination of the price that an SV can ask is tricky. A good price should be smartly
decided for each vehicle, which not only depicts the multiple important attributes of a
vehicle to serve as an SV, but also helps the vehicle to win in the competition for becoming
the final SVs.

The base price of a vehicle for calculating the unit size data of a task is defined as C, to
reflect the instant capability of a vehicle sv; to help with the task computation, as well as
the utility of selecting sv; as an SV, the price that sv; will charge u for helping it to calculate
a unit size data can be expressed as:

pj==C- 1+ vcj), (11)

where «; is the dynamic adjusting parameter of sv; to determine its price. It should be
noted that in order to make profits, the final price of sv; is higher than the basic price C, and
a; € [0.2,1]. We employ a fuzzy information system to determine the appropriate value
of a for each vehicle, according to multiple metrics that describe the capabilities and the
intentions of vehicles to provide cooperation. In view of the highly dynamic characteristic
of IoVs and the randomness of fast-moving vehicles, multiple attributes that represent
the mobility and communications impact on the cooperation performance are analyzed
and incorporated into the pricing model. Meanwhile, social attributes that reflect the
willingness of vehicles to participate in the cooperation are also valued.

5.1.1. Multiple Metrics

The proposed pricing model takes five instant factors as the inputs of the fuzzy
information system. For any vehicle sv;, the price it can charge u is determined by the
following parameters: the financial condition of sv;, the distance and relative speed between
itself and 1, the computing resources it has and the link reliability of the communication
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channel between itself and 1. The above-mentioned parameters are denoted as w;(to),
duj(to), vuj(to), fi(to) and r,(to), respectively, where t represents the moment when sv;
receives the offloading request from uy. The distance between sv; and 1, at time t can
be calculated as (The distance is calculated on the 2D coordinate system and the result is
applicable for the 3D coordinate system):

dyj(to) = \/[xj(fo) — xu(to)]* + [yj(to) — yulto)], (12)

where (x;(to),yj(to)) and (x4(to), yu(to)) are the coordinates of vehicle sv; and ug at time
to. Similarly, the relative speed between sv; and u at time f( can be calculated as:

vuj(to) = |ou(to) — vj(to)|, (13)
where v;(tg) and v, (tp) are the speeds of vehicle sv; and ug at time tg. Considering the
existence of Line of Sight (LOS) in the VEC networks, the Rician fading channel model
is adopted in this paper. The Rician K-factor directly reflects the quality of the channel,
and it is related to the distance between the transmitting node and the receiving node. To
better describe the vehicle channel condition, we use the Rician K-factor module in [30],
and there is:

Kj(to) = 39.832 — 0.288d,;(to), (14)

where Ku]-(to) is the value of Rician K-factor between sv; and u at time fy. A large K;
means weak channel fading and good channel quality between 1 and sv;, which makes the
transmission more reliable. Thus, the link reliability of 19 and sv; at time ¢ty is represented

by Kuj(tO)'

5.1.2. Fuzzification and Fuzzy Rules

The membership function defines the way that each value in the input space can be
mapped to a membership value within the range of [0, 1], which is the membership degree.
Membership functions are designed by dividing each linguistic variable into an overlapping
fuzzy set, which is obtained through experiments. A set of membership functions for each
fuzzy variable can be expressed as:

Zr={(y,uz(y)):y €Y, uz(y) € 0,1]}, (15)

where p17(y) is the membership function of Z, it also indicates the degree at which y belongs
to Z. The Y refers to a universe of discourse.

In this work, two membership function sets are designed in a triangular format due to
their low complexity and flexibility, based on the input and output variables. The triangular
membership function can be expressed as follows:

0, if y<a
' ‘Z:Z, if a<y<b
w7 (y) = c—y , (16)
i <y<
e if b<y<c
0, if y>c

where a denotes the lower bound of the triangular curve, b denotes the modal value of the
triangular curve and c denotes the upper bound of the triangular curve.

Figure 2a exhibits the survey of the input membership functions of w;(to), d,;(to),
v4j(to), and f;(t), and Figure 2b defines the membership function of r,(tp). Meanwhile,
“Low”, “Medium” and “High” are used to represent the pricing fuzzy sets of each metric.
The fuzzy rules are defined based on the if-then logical operation, and each rule repre-
sents a fuzzy implication between a condition and a conclusion. An output can only be
obtained after evaluation of the fuzzy rules, thus the design of the fuzzy rules is criti-
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cal for the final performance. In this work, the fuzzy rules are designed based on the
following considerations:

*  wj(tp): A vehicle will be proactive to participate in the offloading cooperation if it is
in poor financial condition, thus it will asks a low price to lure the UV to choose it as
the final SV. On the contrary, a vehicle will not be interested in the cooperation if it has
good financial situation, and it will asks a high price.

e dyj(tp): Since the communications quality is inversely proportional to the distance
between two vehicles, a large distance represents a poor transmission quality, thus a
high price for cooperation, and vice versa.

*  0yj(tp): The communications quality is inversely proportional to the relative speed
between two vehicles, thus a large relative speed represents a poor transmission
quality, thus a high price for cooperation, and vice versa.

e fi(to): To fully utilize the idle resources on nearby vehicles, the designed pricing
model promotes vehicles with a small volume of resources. As a result, when a vehicle
has a small amount of computing resources, it will lower the price to competing for
serving as a SV, and vice versa.

e r4j(to): The communications quality is proportional to the link reliability between two
vehicles, thus a high link reliability represents a good transmission quality, thus a low
price for cooperation, and vice versa.

VeryLow  Low Acceptable ~ SlightlyHigh ~ High Extremely
1 High

®

Degree of Membership
Degree of Membership
5

=
=

Degree of Membership
=

(a) (b) ()
Figure 2. FIS membership function: (a) Input membership function of w;(ty), dy;(to), vj(to) and
fi(to). (b) Input membership function of r,,;(to). (c) Output membership function of a.

Each of the five input fuzzy variables has three fuzzy sets, so there are 3° = 243 fuzzy
rules in total. The more fuzzy sets, the more fuzzy rules, and the more details can be
described. However, a large number of fuzzy sets advances the difficulty of making fuzzy
rules and thus increases the calculation complexity. Therefore, it is important to find an
appropriate number of fuzzy sets to strike a balance between the precision demand and the
complexity. Based on the above considerations, we can obtain the fuzzy rules in all cases.
Some examples of the designed fuzzy rules are illustrated in Table 2.

Table 2. Fuzzy rules examples.

Rules 'w]'(to) du]'(to) vu]-(to) fj(tO) ru]'(t()) wj
1 Low Low Low Low Low VeryLow
2 Low Medium Medium Low Low Low
3 High High Low Low Low Acceptable
4 High High Low High Low SlightlyHigh
5 Medium Medium Medium Medium Medium SlightlyHigh
6 Medium High High Medium Medium High
7 High High High High High ExtremelyHigh

5.1.3. Defuzzification

"1

Our goal is to determine the value of “a” for each vehicle. The fuzzy sets of “a” are
defined as: “VeryLow”, “Low”, “Acceptable”, “SlightlyHigh”, “High” and “Extremely-
High”. The output membership function is shown in Figure 2¢, which is used to convert
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a fuzzy value to a numerical value. The center of gravity (COG) method is adopted for
defuzzification and obtains the value of a accordingly.

5.2. Max-Min Fairness Oriented Offloading Approach

The core of the offloading decision is to determine how much proportion of the task
can be offloaded to a vehicle given the vehicle’s physical conditions. In other words, it is
important to find out the maximum volume of computation tasks that a vehicle can handle,
so as to guarantee that the final offloading decision is feasible. After that, the decision
can be adjusted based on the above-proposed pricing model, under the constraint of the
maximum acceptable offloading proportion of each vehicle. As mentioned above, the task
offloading between the UV and an SV is completed only when the UV has received the
calculation result from the SV. As a result, the UV and the SV must keep the connection
between them alive the whole time. Thus, the problem of solving the maximum acceptable
offloading proportion of a vehicle is transformed into the problem of determining the
achievable communication time between these two vehicles.

Denote the achievable communication time between 1 and sv; as Tf;”’, given the

deadline constraint on the task as Ty""*, Tfﬁ”’ = min{Tlll’}.”k, Ty }, where Ttlfj.”k is the time
duration of the communication link established between 1 and sv j- Assume that 19 sends
out the task offloading requests to its neighboring vehicles at time ¢, the communication
radius of a vehicle is 7, and the time slot when the connection between 1 and sv; is

disconnected is denoted as tZ;e”k, thus, Tllli].”k = tZ’?ak — to.

Assume that vehicles drive in straight lines during the offloading, and overtaking is
not allowed. Given the mobility model, the horizontal location update of a vehicle sv; in
each time slot can be calculated as follows:

xj(t4+1-At) = x;(t) +v;(t) - At,
xXi(t+2-At) = x;(t+1-At) +0;(t +1- At) - At,
. (17)
X]‘(t +n-At) = X]‘[t+ (n—1) - At
+oj[t+ (n—1) - At] - At.
Therefore, the driving distance of sv; in 1 time slots can be expressed as follows:
n—1
xi(t+mn-At) = x;(t) + Z%)vj(t—i—q-At) - At (18)
q:

Thus, starting from time slot ¢, the distance between 1y and SU; after n time slots can
be expressed as in Equation (19).

dui(8) =/ [%(8) = %)+ [y;(8) — yu(1)]?

= {lXj(to>+ ZUj(fO"FQ'Af)'Af

(19)

n—1

2
} + [y(to) — yulto) ]

n—1
— [xu(to) + Y oulto+q-At)- At
q=0

q=0

{ [xj(to) + Zo vj(to+q- At) .Atl — lxu(to) + Nil vu(to +q-At) - At
o

2
} + [yi(to) —yu(to)]> >r.  (0)

q=0

Assume that the connection between 1y and sv; is disconnected at the (N — 1) time
slot, then we have the inequality in (20). According to the car-following mobility model, the
speed change of a vehicle in each time slot is uncertain, and it is impossible to accurately
calculate N in Formula (20).
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To make the solution feasible and applicable, we calculate the lower bound of N in the
worst-case scenario and define tz;mk = [N - At]. Applying Equations (4)—(6) together, the
maximum acceptable offloading proportion of vehicle sv; can be calculated as follows:

serv
o= ——4 (21)
J (L4 %
Do~ (%+ )

Now that we have the maximum acceptable offloading proportion of each neighboring
vehicle of u(, we can find the optimized offloading decision as follows. Given the potential
SVs set of ug as SV = {svy,s0y,...,s0k}, we firstly divide SV into (2K — 1) subsets and
check if the sum of the maximum acceptable offloading proportions of vehicles in each
subset meets the requirement of the task Ty. After then, we apply the Max-Min fairness
allocation one by one on subsets that satisfy the required computation amount of Ty, to
determine the specific proportions that should be offloaded to vehicles in the subsets.
Finally, we calculate the total price uy should pay on each selected subset, and choose the
one with the minimum cost as the final vehicle set to execute the computation offloading.

More specifically, assume there is a vehicle set sb;, which satisfies the requirement of
task Tp, that is st]_ csb; O;-"‘”‘ > 1, the specific Max-Min fairness oriented offloading decision
process is as follows. It is observed from Equation (7) that the total delay of the computation
offloading system achieves the lowest when each SV in the system has the same delay, that
ist) =ty = ... =ty = top, thus, we propose to use a Max-Min fairness allocation method
for the multi-round task allocation. Denote t]l and tgp as the delay of vehicle sv; and the
optimal delay in the first round allocation, respectively. Set t; = t, = ... = t,,, considering
Equations (4)—(6) jointly, the optimal delay in the first round allocation can be written as:

a4 _ O} - Dy +o%-D0~G0
op R fl ’
Ol-Dy 0O} Dy-Gy
= + ,
R f2 (22)

1 1
_ Oty Do Opey Do o
R f\SbiI '

where O} represents the proportion of the requested task that should be offloaded to vehicle
sv; in the first round allocation. From Equation (22), it can be deduced that the general
form of O} can be expressed as:

1 fi(fi+Go-R)

ol=ol.2 = — 7 23
=7 A (fj+Go-R) (23)
Moreover, according to constraint C2, Zjl-i”'l‘ O} =1, thus:
1
o)) (24)

 Jshil fi-(fi+GoR) )

Once O% is determined, the values of O%, O%, s, O|15b,»\ can be calculated according
to Equation (23). However, the calculated optimal offloading proportions are obtained
without considering the impacts of vehicles’ moving characteristics, and it needs to be
adjusted accordingly. From the above analysis, we have obtained the maximum acceptable
offloading proportion of vehicle sv; under the practical conditions as O}””" . The adjustment
is performed by comparing the optimal allocation proportion with the actual maximum ac-
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ceptable offloading proportion of each vehicle. For any vehicle Svj, if the calculated optimal
allocation proportion is not larger than the maximum acceptable offloading proportion,
which is O]l < O}"”x, then the final proportion allocated on sv; is O{ mal O}. Otherwise,
ofinal — omax , and the extra proportion of task that sv; cannot process is collected for a new
round allocation, which is performed on the vehicles in the same set with extra capabilities
to handle these proportion of task.

The second round allocation process is similar to the first round allocation process,
a new optimal delay tgp is calculated and proportions should be allocated to vehicles
are calculated the same way in the first round. After that, if there are still some extra
proportions to be allocated, a third-round allocation is initiated. The process repeats until
there are no extra proportions of tasks. Finally, the proportion allocated to vehicle sv; can

be calculated as Of inal _ Yy O;-‘, where k stands for the number of allocation rounds. The
pseudo-code of this method is shown in Algorithm 1. Lines 3-9 of Algorithm 1 show the
subset filtering process, where vol represents the maximum task proportion volume that
each subset can complete, and only subsets that can complete the whole task can be kept for
further consideration. Lines 10-15 show the specific process for determining the offloading
proportions and costs on the subsets filtered by the above process. Finally, lines 16-23 sort
the executable subsets according to the cost they charge for the UV and the subset with the
lowest cost is returned as the final offloading decision.

Algorithm 1 Max-Min fairness for task allocation
Require: T, SV, O]f””x, p;

Ensure: the offloading decision
1: Divide SV into (2K — 1) subsets, denoted as SV = {sby,sby, ..., sbyx_4 };

2:i=1;

3: while (i <2K —1) do

4: vol = st]Esbi O]max[.

5: if vol < 1 then

6: SV = SV\{Sb,‘},’

7: end if

8: i=i4+1;

9: end while

10: m = 1;

11: while (m < |SV]) do

12: determine the final proportions allocated on vehicles in subset sb;;, according
to Equation (22)-(24), and denote the proportion allocation vector as
po = ([, of™, ., ofi)

13: P, = Z;s:b'{l' p;- O{mal - Dy

14: m=m-+1;

15: end while

16: P*=DP,ns=1,i =2;
17: while (i < |SV]) do
18: if P* > P; then

19: P* =P, ns =i
20: end if
21: i=i+1;

22: end while
23: The ns'" subset with the corresponding proportion allocation result is the final offload-
ing decision.
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The Max-Min fairness task allocation requires to be executed [|sbm| - (|sbm| +1)]/2
times for subset sby, and 2K - K2 times for the whole set SV, thus, the complexity of
Algorithm 1 is of the order O (2K). To further reduce the complexity, we propose a heuristic
algorithm as shown in Algorithm 2, whose complexity is reduced to the order of O(K?),
where K is the number of vehicles that respond to u(’s request.

Algorithm 2 A heuristic algorithm for task allocation
Require: Ty, SV, O]’»”“x, pj
Ensure: the offloading decision
1: Sort vehicles in SV ascendingly according to their asking prices;
vol=0,j=1;
while (j < [SV| && vol < 1) do
vol = vol + O/’.”“x;
j=j+1L
end while
J=ij-1
determine the final proportions allocated on vehicles in subset ns = {501, SU,...,S0 ]}
according to Equations (22)—(24), and denote the proportion allocation vector as pv =
(O{mulrogmal, o ,O{mal);
9: The subset ns with the corresponding proportion allocation result is the final offloading
decision.

The vehicles in SV are sorted ascendingly according to the prices asked by them
(line 1). After that, vehicles are sequentially checked and the sum of the proportions
that are allocated to them is compared with the total size of the computation task. The
checking stops when the checked vehicles can complete the computation task together
(lines 2-6). Finally, the Max-Min fairness allocation is performed on these vehicles and the
final offloading decision is made (lines 7-9).

6. Performance Evaluation

In this section, we evaluate the performance of the proposed approach and compare it
with referenced algorithms as follows:

(1) The maximum performance value first (maxPFV) scheme in [31]: in this scheme,
the distance, relative velocity, link reliability and available computing resources are
considered as fuzzy logic inputs to obtain the performance value (PFV) of each ser-
vice vehicle, and UV selects the SVs sequentially according to their PFV values in a
descending manner.

(2) The maximum computing resources first scheme (maxCom): UV selects SVs sequen-
tially according to their volumes of computing resources in a descending manner.

(3) The minimum price first scheme (minPrice): UV selects SVs sequentially according to
their required unit prices in an ascending manner.

(4) The random offloading scheme (Random): UV randomly selects SVs for task offloading.

The simulation area is set as a 2-km straight road with three lanes, and vehicles run in
the same direction. The specific parameter settings are shown in Table 3.

6.1. Performance Comparisons under Different Sizes of Tasks

The number of vehicles on the road is set as 50, a UV generates a computation task to
be offloaded to SVs. The size of the task is randomly generated between [5, 30] MB and
a maximum tolerable delay is determined between [3, 18] time slots. The change of task
completion delay with the size of task data increases is shown in Figure 3a. We can see
that as the size of the task increases, the task completion delay also increases. Moreover,
the proposed Algorithm 2 achieves the shortest completion delay among all comparison
algorithms, and the performance advantage keeps increasing with the increment of the
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data size of the task, indicating good time efficiency of Algorithm 2 when dealing with
large size computation tasks.

Table 3. Simulation parameter settings.
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Figure 3. Performance comparisons under different sizes of tasks: (a) Completion delay vs Data size;
(b) Service cost vs Data size; (c) Resource utility vs Data size.

Figure 3b shows the experimental results of the service cost under different sizes of
tasks. It can be seen that as the amount of task data increases, the service cost also increases.
As expected, the cost of minPrice is the lowest among all comparison algorithms. Since
minPrice is designed to minimize the service cost without consideration of other factors.
However, the good performance of minPrice on the service cost is accomplished at the
sacrifice of other important performance metrics. It can be seen that minPrice performs
poorly in the completion delay (Figure 3a) and the resource utility (Figure 3c). Overall, the
performance of minPrice is not satisfying. In the meantime, it is noticed that the proposed
Algorithm 1 has the second-best performance on the service cost, and Algorithm 2 has
the third-best service cost. Thus, the proposed Algorithms 1 and 2 achieve near-optimal
performance on the service cost.

From the simulation results in Figure 3¢, it can be seen that the resource utility de-
creases with the increment of the data size of the task. The reason is that due to the
maximum acceptable delay constraint of the task, when the data size of the task is large, it
is difficult to complete the task timely with a few SVs. Instead, UV has to employ more
SVs to execute sub-tasks simultaneously to meet the delay constraint. In doing so, each SV
is assigned a relatively smaller size of sub-task, compared with that when the task size is
small. Overall, UV employs more SVs to do the computation and each SV is assigned a
smaller size of sub-task, thus degrading the resource utilization ratio of each SV. Moreover,
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there is a clear tendency that with the increment of data size, the resource utility of Random
degrades drastically and becomes the lowest among all comparison algorithms after the
data size expands to 20 MB and above. It is understandable since a UV always randomly
selects vehicles as SVs to unload sub-tasks, and the probability for the UV to find the
optimal set for computation offloading is low, especially with a large-size task. Nonetheless,
it is clearly seen that the proposed algorithms maintain the highest resource utility among
all algorithms, with different data sizes of the task, which justifies the resource efficiency of
the proposed Algorithms 1 and 2.

6.2. Performance Comparisons under Different Number of Neighboring Vehicles

In this part, the data size of the task is set to 20 MB, and the maximum tolerable
delay constraint is set to 12 s. The number of neighboring vehicles is randomly generated
between [4, 14]. Figure 4a illustrates the completion delay of compared algorithms under
varied numbers of neighboring vehicles. It is seen that the proposed Algorithm 2 achieves
the shortest delay of all algorithms, and Algorithm 1 has the second shortest delay with
different numbers of neighboring vehicles. The completion delay of both algorithms slowly
increases with the number of neighboring vehicles, and the trend becomes faint when the
number of neighboring vehicles becomes large enough.

325 1 1t
—6—Algo.1 maxCom
—6—Algo2  —E—minPrice 32 1 0.95 ——Ago.l | |
—E8— maxPFV Random | ) —6— Algo.2
1 —8— maxPFV

315
091 maxCom | 1
—&— minPrice
085 L Random | |

L ]

siL ——Algo.1

—O— Algo.2
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—&— minPrice

30.5

Service Cost

maxCom | 7
Random

Resource Utility (%)
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Number of Neighboring Vehicles Number of Neighboring Vehicles Number of Neighboring Vehicles

(@)
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12 14 4 6 8 10 12 14 4 6 8 10 12 14

(b) (0)
Figure 4. Performance comparisons under different numbers of neighboring vehicles: (a) Completion
delay vs Number of neighboring vehicles. (b) Service cost vs Number of neighboring vehicles.
(c) Resource utility vs Number of neighboring vehicles.

Figure 4b gives the service cost of all algorithms with different numbers of neighboring
vehicles. Except for maxCom and Random, the rest of the four algorithms have similar
performance trends in that the service cost decreases with the number of neighboring
vehicles. The reason is that given more neighboring vehicles, UV is more likely to find SVs
with low prices, thus reducing the cost. In the meantime, since UV inclines to choose SVs
with low prices (whose computing capabilities may not be as strong as those with high
prices), it may require extra time to complete the task computation, thus prolonging the
completion delay.

As explained above, the proposed Algorithms 1 and 2 favor choosing SVs with low
prices which have a small volume of computing resources and treat SVs equally through
Max-Min fairness allocation. In doing so, the idle resource on each SV can be utilized
sufficiently and in turn, the overall resource utilization ratio is optimized. As Figure 4c
shows, the proposed Algorithm 2 achieves the highest resource utility among all compared
algorithms, and Algorithm 1 achieves the second best. Even when the number of vehicles
around UV is small, the proposed algorithms can still manage to reach high resource
utilities over 90%, which are far ahead of the rest of the algorithms. Moreover, it is seen
that the resource utility slightly increases with the number of neighboring vehicles. Since
UV has more potential SVs to choose from, SVs that have a small amount of resources and
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ask for low prices are selected as the final SVs. Their small amount of resources are equally
treated and fully utilized with the proposed algorithms, thus improving the resource utility.

7. Conclusions

Computation offloading in vehicular edge computing is a new paradigm for intelligent
transportation in IoVs. This paper aims at the problem of promoting vehicles on the road to
provide efficient cooperation for completing computation tasks. To accurately quantify the
capabilities of vehicles to execute the task, a fuzzy logic-based pricing strategy is designed
to help each vehicle determine the most suitable price for lending its computing resource
and providing cooperation. Based on the prices, a Max-Min fairness-oriented approach is
proposed and two algorithms are presented to solve the problem. The algorithms favor
choosing vehicles that have a small amount of resources and ask for low prices to be the
final service vehicles, thus utilizing the idle resources on vehicles sufficiently. Simulation
results show that the proposed approach achieves good performance in the completion
delay and resource utility with an acceptable service cost.

The proposed approach considers single-hop cooperation among vehicles for complet-
ing the computation task. When the task is extremely large or vehicles running within the
communication range of a UV are sparse, the task may not be accomplished successfully.
An interesting future research direction for this work is to employ a multi-hop collaborative
computation offloading mechanism for enhancing the system adaptability for a wide range
of task sizes and time-varying densities of vehicles in the network.
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