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Abstract. The emerging Vehicle to Infrastructure (V2I) technology sup-
ports the service of task offloading under the Internet of vehicle (IoV),
which improves the computational efficiency of the task. Facing tasks with
different demands, network slicing technology builds a variety of logic pri-
vate networks on a unified infrastructure, divides and allocates resources
according to different user needs, which improves the vehicle transmission
efficiency. Nevertheless, the diversity of demand resources and the ran-
domness of tasks make the network scenario of IoV more complex. It is
still a challenge to consider how to combine the network slicing technol-
ogy to reduce the cost of offloading the computing task. In this paper, we
study the scenario of autonomous vehicle offloading the computing task to
Roadside Units (RSUs), and consider the multi-Mobile Edge Computing
(multi-MEC) collaborative computing task to ensure that the task can be
completed within tolerable delay. We consider the computing power and
resource occupancy rate of MEC servers to ensure the user experience, and
formulate a resource pricing scheme. Then, we propose a Performance-
Price Ratio Task Scheduling (PPRTS) algorithm, which aims to complete
the computing task within the maximum tolerable delay and reduce the
cost of user. Simulation results show that the algorithm can effectively
reduce the cost of the user.

Keywords: Internet of Vehicle (IoV) · Vehicle to Infrastructure
(V2I) · Network slicing · Mobile Edge Computing (MEC) · Resource
scheduling

1 Introduction

With the evolution of cellular network, the transmission rate of the network
has been greatly improved, which provides technical support for the information
interaction between vehicle information and external traffic elements [1]. V2I
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communication is an important form of Vehicle to Everything (V2X), which is
considered to improve the roadside safety and traffic system in the Intelligent
Transportation System (ITS) [2]. When the network of RSU equipment is dense
enough, it can act as the orientation point and provide the vehicle with relevant
information about the dangerous situation on the road, such as traffic jam ahead,
traffic accidents and other risks. In addition, the vehicles offload the computing
task to the MEC server of RSU, which can process the data faster.

In V2I communication scenario, it mainly refers to the interactive communi-
cation between vehicles and RSUs. V2I can facilitate the vehicle to quickly obtain
the surrounding facilities information and process the computing tasks. By con-
necting the RSU with the Internet, the RSU can be turned into a relay point,
which reduces the dependence of communication between vehicles and base sta-
tions, vehicles and other vehicles in the Internet of vehicles network. Compared
with vehicle to base station communication, V2I can reduce the transmission
delay and the processing delay of computing tasks [3].

Moreover, RSU combined with Mobile Edge Computing (MEC) technology is
used to improve the efficiency of task processing. As a new deployment scheme,
MEC can reduce the core network load and data transmission delay by deploying
small data centers or nodes with cache and computing capabilities at the edge
of the network, which is closely connected with mobile devices and users [4].
The mobile terminal can judge whether it needs offloading service according
to the delay tolerance of the task, processing capacity, energy consumption,
and other factors. By employing offloading service, the computing-intensive and
delay-sensitive tasks can be processed on MEC servers to meet the performance
requirements of tasks [5].

However, Multiple users request and share resources from MEC server at the
same time, which causes congestion and slow response speed. In addition, differ-
ent users have different requirements for data capacity and computing resources,
which leads to inefficient resource allocation. In order to solve this problem,
network slicing technology is used to divide the data capacity and computing
resource of MEC server into multiple slices. These slices are respectively allo-
cated to multiple users, and they are isolated from each other [6]. Network slic-
ing technology provides a powerful guarantee to solve the problem of different
requirements in network capacity, delay, reliability, speed and other aspects in
diversified application scenarios [7]. And it builds corresponding logical networks
for different types of resource requirements on the same physical infrastructure,
and ensures mutual isolation [8].

Resource pricing scheme can affect the cost and resource utilization strat-
egy of users, which is an important part. In [9], Baek B. et al. considered three
dynamic pricing mechanisms for edge computing resource allocation in the Inter-
net of Things environment: bid-proportional allocation mechanism, uniform pric-
ing mechanism, and fairness-seeking differentiated pricing mechanism. In [10],
Cardellini V. et al. studied the resource pricing and Provisioning Strategies in
cloud systems, and found that the dynamic pricing scheme for different customers
can give network operator higher income. By exploring the relationship between
resource efficiency and profit maximization, Wang G. et al. studied the dimension-
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ing of network slicing with resource pricing strategy in [11], and improved the profit
of network slicing in [12]. However, most of these pricing schemes aim at improving
profits of operator, without considering resource utilization and user competition,
so we adopt dynamic asymmetric pricing strategy to improve resource utilization.

At present, some authors consider some strategies and methods to complete
computing tasks. In [13], Liu M. et al. considered the edge cloud with limited
computing power, divided the spectrum resources and computing resources of
the edge cloud MEC server, and sold them to multiple users. And the partial
offloading strategy was adopted to divide the user’s computing tasks into differ-
ent parts for local computing and offloading at the same time. In [14], Liu Y.
et al. introduced the non-orthogonal multiple access function, which ensured that
multiple users can offload computing tasks to the same fog node, so that a fog
node can serve multiple users. On this basis, the total system cost of energy and
user delay are minimized. In [15], Wang C. et al. chose some user equipments to
offload their computing tasks, while others execute their computing tasks locally.
However, this does not take into account users’s willingness to offload, so a rea-
sonable pricing scheme should be made to guide users to choose offloading when
the resource utilization rate is low, otherwise choose local computing.

Many authors think that cloud computing in core network may cause too
much delay, and consider offloading computing tasks to RSU to provide low
delay services. In [16], Huang C. et al. considered that the computing task is
offloaded from the vehicle to the base station, which leads to the increase of
data transmission time, so the computing task is offloaded to RSU. In [17], Chen
C. et al. used the idle resources between vehicles for collaborative computing.
Computing tasks can also be offloaded to a single RSU, but the collaborative
computing of multiple RSUs is not considered, which causes great pressure on a
single RSU.

Based on the above, in this paper we build a multi-RSU collaborative slicing
resources scheduling model to solve the delay sensitive computing task demand
problem of IoV users. Facing the situation that users choose local computing
or offload the task to MEC servers, we use performance-price ratio strategy
to reduce user cost, and the evaluation results show that the user cost of the
algorithm is lower than the other three algorithms. The main contributions are
as follows,

– We study the scenario in which the computing task is offloaded to RSU by the
automatic driving vehicle, and consider the multi-MEC collaborative comput-
ing task to ensure that the task can be completed within the tolerable delay.

– We use network slicing to segment MEC server resources, so that one RSU
can serve multiple users, and multiple RSUs can also cooperate with each
other in the computing task.

– We propose a Performance-Price Ratio Task Scheduling (PPRTS) algorithm,
which aims to complete the computing task within the maximum tolerable
delay and reduces the cost of user. Compared with the other three algorithms,
PPRTS always ensures the lowest cost of the user when the computing task
is completed within the tolerable delay.
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The rest of the paper is organized as follows. In Sect. 2, we introduce the sys-
tem model and problem formulation. In Sect. 3 is our proposed solution strategy.
In Sect. 4, we compare the performance of different algorithms and analyze the
different parameters of PPRTS algorithm followed by the conclusion in Sect. 5.

2 System Model

In this section, we first introduce the application scenario and the slicing
resources model. Next, we propose mobility and communication model to
describe the condition of the vehicle and task. Then, under appropriate assump-
tions, we give the slicing resources pricing model and design the specific pricing
function. Finally, we integrate the above three models to propose the optimiza-
tion objectives and related constraints.

Fig. 1. Computational offloading of Multi-MEC collaboration.

2.1 Slicing Resources Model

As shown in Fig. 1, we consider that in the automatic driving scenario, some
vehicles are driving on the straight road, and they can communicate with RSUs
equipped with the MEC server through V2I link. We denote RSU set as R =
{1, 2, ..., N}. It is assumed that there is a certain distance between RSUs and
the coverage is contiguous but not overlapping. Each RSU is equipped with the
MEC server, which has limited data capacity and computing power. We mark
the i-th RSU of vehicle connection as RSUi, whose total data capacity is Ci and
total computing power is Ai.
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For vehicles, they have data capacity cv, weak computing power av and low
unit price pv. Following [18], we use a triplet 〈δ,M, d〉 to describe the task that
the vehicle need to compute, where δ represents the complexity factor of the
task, M represents the data size, and d represents maximum tolerable delay of
the task. The computing tasks of vehicles are different in the form of text, voice
or video, so the computing complexity factor of these tasks is different.

For RSUs, the computing resources and data capacity of multiple MEC
servers are composed of network slices, which can be dynamically allocated to
multiple vehicles. When the vehicle enters the coverage area of RSU, diversified
logical private network services can be realized by accessing the network slicing.
In this way, there is no need to build a physical private network and avoid the
extra cost and waste of resources.

For the urgent computing tasks of vehicles, due to the weak local computing
power, it may not be able to complete within the tolerable delay, which is an
undesirable result for users. When a part of the tasks are offloaded to RSU
and multiple MEC servers with strong computing power are used to process it
simultaneously, the computing delay can be saved.

And the composition of the network slice of the RSUi is

Si = {ci, ai, pi}, (1)

where ci and ai represent data capacity and computing power of the slice respec-
tively, and pi represents the unit price of using this slice.

2.2 Mobility and Communication Model

There will be some complicated computing tasks in the process of vehicle driving
to meet the safety, entertainment and other needs of passengers. According to
the complexity factor δ, data size M and maximum tolerable delay d of the task,
the computing task can be divided [19]. One part of the task mv is computed
locally, the other part of the task mi is offloaded to RSU and computed by
utilizing MEC servers slicing resources. The task local execution delay is as

tv =
δmv

av
, (2)

where mv is the data size computed locally by the vehicle, and av is the local
computing power of the vehicle.

In the case of offloading the task to RSU and receiving the returned result,
the vehicle location is different, and the vehicle mobility needs to be considered.
Suppose there are T slots, set T = {1, 2, ..., T}. At time t, we mark the coordinate
of the vehicle as (xv

t , yv
t ), and the RSUi is (xi, yi), where i ∈ {1, 2, ..., N}. The

distance between the vehicle and RSUi can be calculated by Euclidean Distance
as

di(t) =
√

(xv
t − xi)2 + (yv

t − yi)2,∀i ∈ N. (3)

And the channel gain between them is

gi(t) = g0ρ
2di(t)−αh ,∀i ∈ N, (4)
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where g0 is the channel gain at the reference distance, ρ is an exponential random
variable with an mean value, di is the distance between the vehicle and the RSUi,
and αh is the path loss index in the V2I link.

When K vehicles offload tasks to the same RSU through the shared channel,
the signal-to-interference-plus-noise ratio (SINR) between the vehicle and RSUi

is

γi(t) =
pgi(t)

σ2 +
∑K−1

j=1 qjhj

,∀i ∈ N, (5)

where p is the transmission power of the current vehicle, g is the channel gain
between the current vehicle and RSU; q is the transmission power of other vehi-
cles, and h is the channel gain between other vehicles and RSU. And σ2 is the
power of additive white Gaussian noise.

Thus, the instantaneous data transmission rate between vehicle and RSUi is

Ri(t) = Wlog2 (1 + γi(t)) ,∀i ∈ N, (6)

where W represents the channel bandwidth. The instantaneous data transmis-
sion rate of vehicle is measured once in each time slot, and the average trans-
mission rate can be calculated as

R̄ =
∑T

t=1 Ri(t)
T

,∀i ∈ N. (7)

We denote βu and βd as transmission overhead of uplink and downlink respec-
tively. Then, the uplink tu and downlink td transmission delay of vehicle remain-
ing computing task offloaded to RSU are respectively represented as follows

tu =
βu (M − mv)

R̄
, (8)

td =
βd (M − mv)

R̄
. (9)

Short distance optical fiber communication is used between RSUs, and the
transmission delay between them can be ignored. After receiving the computing
task of vehicle offloading, RSUi will assign the task to the next RSUs, which
will execute the computing task at the same time. So the task execution delay
in MEC is

tm = max
(

δmi

ai

)
,∀i ∈ N, (10)

where mi is the data size computed by slice of the i-th MEC, and ai is computing
power of slice of the i-th MEC. After MEC servers cooperatively processes the
data, the network slice transmits the task results from the nearest RSU to the
vehicle. Thus, the total execution delay of the vehicle computing task is

ttotal = max
(
tv, tu + tm + td

)
. (11)

We divide the computing task into two parts: one part is executed locally on
the vehicle, the other part is offloaded to MEC servers on RSUs for execution.
The two parts of the task are carried out at the same time, so the total delay
depends on the part that takes more time.
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2.3 Pricing Model

For vehicles, local processing of computing task requires energy consumption,
and the unit price pv is a low fixed value. For RSUs, MEC servers have different
computing power. In industries with high fixed equipment cost and low marginal
cost, dynamic pricing of resources can improve the enthusiasm of users to use
resources and ensure the efficiency of resource utilization. Similar to [20], we
consider the computing power and resource occupancy rate of MEC to ensure
the user experience. Thus, we propose the unit price function of slicing resources
as

Punit = λeμx + ν, (12)

where x is related to computing resource occupancy rate of MEC. λ is the initial
unit price of slicing resources. Its value is dynamic, and it is the proportion of the
current MEC server and the largest server computing power. μ represents the
degree of unit price change, which affects how fast the unit price changes with x.
ν represents the minimum unit price provided by infrastructure provider. And λ
and ν jointly determine the starting price of resources. All the above parameters
are positive.

In order to complete the computing task, the cost of local processing on the
vehicle is

Pv = pvtv. (13)

Because multiple MEC slicing resources are used to cooperatively process the
computing task, the processing cost of the task offloaded to RSUs is

Pm =
N∑

i=1

punit
i

δmi

ai
, (14)

where pi is the unit price of the i-th MEC slice according to (12), and δmi

ai
is the

usage time of the i-th MEC slice. The total cost of computing task offloaded to
RSUs is the sum of slicing resources costs.

By integrating the above three models, the user’s computing task cost can
be defined as a constrained optimization problem, as follows:

P1: min Pv + Pm

s.t. C1 : mv +
∑N

i=1
mi = M,

C2 : av +
∑N

i=1
ai � M

d − tu − td
,

C3 : ttotal � d,

C4 : mv � cv,

C5 : mi � ci,∀i ∈ N

(15)

where C1 represents that the total the task assigned to vehicle and MEC servers
is certain. C2 represents that the computing power of the vehicle and slices of
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MEC servers can complete the computing task. C3 represents that the maxi-
mum delay for processing the computing task locally or MEC shall not exceed
maximum tolerable delay of the task. C4 and C5 ensure that the data size of
the task assigned to the vehicle or each slice does not exceed the data capacity
of them, otherwise the task data will be lost.

3 Proposed Solution Strategy

In this section, we discuss the solution, and propose algorithm based on greedy
algorithm to solve P1 quickly.

Firstly, we analyze the trend of the pricing function in problem P1. The
pricing function is a monotonically increasing function. Its characteristic is that
the higher the occupancy rate of computing resource, the higher the unit price,
and the larger the slope. Such a mechanism can reduce congestion caused by
high resource occupancy rate, which is helpful to improve user experience.

Next, we consider a special case of problem P1: the vehicle and all MEC
servers are isomorphic, so the computing power, data capacity and resources
price of the vehicle and MEC servers are the same. For problem P1, the task
can be divided into multiple items according to the data capacity of MEC servers,
and the MEC server can be seen as a bin. Thus, the cost of user can be minimized
by reasonably dividing the task, processing it locally or offloading it to the MEC
servers. In this case, problem P1 can be regarded as: minimizing the number of
bins used by reasonably placing items.

In fact, each MEC server has different computing power, data capacity and
resource price. In order to get more computing power at a cheaper price, we
consider designing a greedy algorithm based on performance-price ratio strategy
to reduce the cost of resource utilization.

Initialization: Recording the vehicle coordinates, judging which RSU the vehi-
cle is in and select the RSU to offload. If the distance between the vehicle and
RSU is less than the radius, it means that it is within its coverage, as follows

di(t) � Rr,∀i ∈ N. (16)

Stage 1: Selecting bins according to performance-price ratio and dividing the
task by data capacity of each bin. We regard the vehicle and N MEC servers as a
bins set B = {b1, ..., bi, ..., bn+1}, which have data capacity ci, computing power
ai and unit price pi. In order to minimize the cost of user, we try to use bin with
high performance-price ratio under the premise of satisfying the constraints. The
performance-price ratio is calculated as

ri =
ai

pi
,∀i ∈ N + 1. (17)

Then direct performance-price strategy reorder the bin set B in descending order
of the performance-price ratio.

Sometimes the amount of task data is too large, which will lead to large
transmission delay. At this time, the offload data takes up a large part of the
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Algorithm 1. Performance-Price Ratio Task Scheduling (PPRTS) Algorithm
Input:

Coordinates of RSUs and vehicle, RSU coverage radius Rr, vehicle speed Sv;
complexity factor, data size and maximum tolerable delay of the task 〈δ, M, d〉;
data capacity, computing power and unit price of MEC servers slicing resources
{ci, ai, pi}, ∀i ∈ N and the vehicle {cv, av, pv}.

Output:
Computation task scheduling scheme and minimum cost of the vehicle user Pv+Pm.

1: Determine which RSU the vehicle is located in according to (16), and the RSU to
be offloaded is selected;

2: Create a bins set B = {b1, ..., bi, ..., bn+1} of vehicle and MEC servers resources;
3: if direct performance-price strategy then
4: Sort the set B in descending order according to (17);
5: else
6: The local vehicle ranks first, and the rest sorts the set B in descending order

according to (17);
7: end if
8: while the task is not fully divided do
9: for i ∈ N + 1 do

10: Check the data capacity ci of bi;
11: mi ⇐ ci;
12: Assign the task amount with data size mi to bi;
13: bi ⇐ bi+1;
14: end for
15: end while
16: The total delay ttotal is calculated according to (11);
17: while ttotal > d do
18: Assign the task amount mi � ci that can be completed by bi+1 within d;
19: bi ⇐ bi+1;
20: end while
21: According to the vehicle speed Sv and task uplink tu and processing tm delay, the

new vehicle coordinates are calculated as (xt + Sv(t
u + tm), yt), and the RSU of

the returned results is selected.
22: Generate task scheduling scheme and the user cost according to (13), (14).

time, and the final task is difficult to complete. In this case, the amount of data
offloaded to MEC should be reduced, and the local computing resources should
be utilized to reduce the transmission delay. Thus, for the task with large amount
of data and high delay requirement, we adopt a local priority strategy, which
makes maximum use of the local computing resources, and the rest part of the
task is offloaded to the MEC servers according to the performance-price ratio.

The algorithm divides the task into many parts, checks the data capacity of
b1, fills the data capacity of it, and loads the rest into b2 and b3 by analogy until
the task assignment is completed. Next, the algorithm checks whether the delay
of the scheme does not exceed maximum tolerable delay d. if not, the algorithm
divides a part of the data mi+1 that can be completed in time d to bi+1, and so
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on; otherwise, the scheme is generated and the minimum user cost is calculated
according to (13) and (14). Then, we compare the direct performance-price ratio
strategy with the local priority strategy, and the task scheduling scheme adopts
the one with lower user cost within the maximum tolerable delay.

Stage 2: Processing the computation task and returning the computation
result. After formulating the task scheduling scheme, one part of the task is
offloaded to MEC servers for cooperative processing, and the other part is pro-
cessed locally. According to the vehicle speed and task uplink and processing
delay, vehicle coordinates are calculated. Similar to (16), the RSU in coverage
range is selected and the computation result is returned to the vehicle. And our
proposed performance-price ratio task scheduling (PPRTS) algorithm is shown
in Algorithm 1.

Finally, we analyze the time complexity of PPRTS algorithm. For the line
3 and 4 in Algorithm 1, specifically it will take O(nlog2(n)) operations to sort
all the bin in this line in descending order according to performance-price ratio.
For lines 8–15 and 17–20 of the loop, each set will traverse once and then ter-
minate within O(n) operations in the worst case. In conclusion, the overall time
complexity of PPRTS algorithm is O(nlog2(n)).

4 Simulation Results

In this section, we present simulation results of the PPRTS algorithm and show
its performance. In addition, compared with the other three schemes, we verify
that the proposed scheme can complete the task within the maximum tolerable
delay and the user cost is the lowest. Then, we analyze the influence of different
parameters on the scheme through parameter experiment.

Table 1. Simulation parameters

Parameter Value

Vehicle available data capacity cv 100 GB

Vehicle computing capacity av 500 MHz

Local computing unit price pv 100

Vehicle transmitting power p 37 dBm

Vehicle bandwidth W 100 MHz

Vehicle speed Sv 60 km/h

RSU coverage radius Rr 500 m

White Gaussian noise power σ2 −118 dBm

Transmission overhead of uplink βu and downlink βd 1, 0.05

Number of vehicles K and MEC servers N 5, 3

Total data capacity of each MEC server 100 GB, 300 GB, 500 GB

Total computing power of each MEC server 1 GHz, 3 GHz, 5 GHz

Coefficient μ of pricing function 0.1

Minimum price ν of pricing function 10
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4.1 Simulation Settings

We randomly simulate the usage of computing resource in MEC servers and
conduct lots of experiments to verify the performance of PPRTS algorithm.
Some parameters are listed in Table 1. It is worth noting that more MEC server
cooperation is not always better, nor is shorter latency always better. Because
our optimization goal is to complete the computing task within the maximum
tolerable delay and minimize the cost of users. Too many MEC collaborative
computing tasks can reduce the delay, but the cost of users will increase, which
is not what users expect. According to the simulation experiment task data, the
total computing resource of the three MEC servers are 1GHz, 3GHz and 5GHz
respectively. In each experiment, the computing resource used and occupancy
rate of three MEC servers are shown in Table 2. The tolerable delay of vehicle is
strict, and low delay ensures normal driving. In the experiment, the total delay
of computing task offloading to MEC, server processing task and result return is
millisecond level. And the complexity factor, data size and maximum tolerable
delay of vehicle computing task are shown in Table 3.

Table 2. Usage of MEC servers computing resource in each experiment

MEC1 MEC2 MEC3

Set1 CR used (MHz) 772.10 1780.46 1646.73

CR occupancy (%) 77.21 59.35 32.93

Set2 CR used (MHz) 615.18 771.56 4746.14

CR occupancy(%) 61.52 25.72 94.92

Set3 CR used (MHz) 722.64 1332.38 1439.44

CR occupancy (%) 72.26 44.41 28.79

Set4 CR used (MHz) 551.88 2535.63 3574.18

CR occupancy (%) 55.19 84.52 71.48

Set5 CR used (MHz) 803.38 515.66 1932.10

CR occupancy (%) 80.34 17.19 38.64

Table 3. Task status in each experiment

Task Complexity factor δ Data size M Tolerable delay d

Set1 1 12.5 MB 200 ms

Set2 1.5 25 MB 400 ms

Set3 1 50 MB 600 ms

Set4 2 37.5 MB 650 ms

Set5 2 50 MB 800 ms
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4.2 Parametric Analysis

The unit price of resources is a noticeable factor, which determines the strategy of
selecting MEC resources. Thus, we conduct simulation experiments to observe
the impact of MEC server computing power and resource occupancy on unit
price.
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As shown in Fig. 2, the abscissa is the computing power of the MEC server,
and the ordinate is the unit price of MEC resources. Taking the preset fixed
vehicle local price as a reference, the influence of three MEC resource occupancy
rates on resource unit price is compared. When the remaining computing power
of MEC server is weak, the unit price is lower than vehicle local resources. With
the enhancement of the remaining computing power of MEC server, the unit
price also exceeds the vehicle. Under the same MEC computing capacity, the
higher the occupancy rate, the higher the unit price, and the greater the growth
rate of unit price. In this case, the MEC server with low resource occupancy and
relatively strong computing power should be selected on the premise that the
task can be completed within the tolerable delay.

Then, we compare the resource unit prices of heterogeneous MEC servers.
Taking the preset fixed vehicle local price as a reference, three MEC servers
use all the computing power, and the specific resources are shown in Table II.
As shown in Fig. 3, the abscissa is the resource occupancy rate calculated by
MEC, and the ordinate is the unit price of MEC resources. The unit price gap
of each MEC server is small before 50%, and gradually widens after 60%, which
is a protection mechanism. The high cost makes the user choose the server with
relatively idle resources, ensuring the user experience and dispersing the server
pressure of operator.

4.3 Scheme Comparison

We count the task delay, and use MEC resource pricing function under the same
parameters to calculate the user cost of four task scheduling schemes in these
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five Sets. The four task scheduling schemes are PPRTS, PLRRO, All random
offloading and Completely random.

PPRTS uses our proposed Performance-Price Ratio Task Scheduling Algo-
rithm. In other words, within the maximum tolerable delay, the scheme chooses
the one with lower user cost between the direct performance-price ratio strategy
and the local priority strategy. PLRRO means priority local residual random
offloading. In this scheme, local computing task is considered first, and the rest
of the task is randomly offloaded to multiple MEC servers. All random offloading
represents that the task does not consider local computing at all, and all parts
of the task are randomly offloaded to multiple MEC servers. Completely random
represents a completely random proportion of the task being computed locally
and offloaded to MEC servers.
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Fig. 5. Cost of different schemes.

The total delay of different schemes is shown in Fig. 4, and should not exceed
the maximum tolerable delay. The abscissa is the MEC computing resource usage
in five sets, and the ordinate is total delay of four schemes to complete the task.
From the experimental results, not every scheme can complete the computing
task within the maximum tolerable delay.

In these five Sets, PLRRO once, All random offloading three times, and
Completely random four times failed to complete the computing task within the
maximum tolerable delay. And Each experiment of PPRTS can complete the
task within the tolerable delay. In Set 2, we find that the delay of PLRRO is
lower than that of PPRTS, but it is not that the lower the delay is, the cheaper
the price is. It may be that the PLRRO uses better computing resources to
complete the computing task with lower delay, but the user cost is not necessarily
the lowest. Our goal is to minimize the user cost within the tolerable delay of
the task, so we only need to complete the task within the tolerable delay.

The user cost comparison of the four schemes is shown in Fig. 5. The abscissa
is the MEC computing resource usage in these five sets, and the ordinate is user
cost of four schemes to complete the task.

Due to the randomness, the user cost of Completely random is sometimes high
and sometimes low, and the performance is unstable in these five Sets. If the task
data is large and all parts of the task are offloaded to MEC, most of the delay is
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spent on transmission, leaving less computing time, and the performance of All
random offloading without considering local computing is not ideal. Although
the cost of All random offloading is lowest in Set 3, it can not complete the task
within the tolerance delay, so it is not desirable. Relatively speaking, PLRRO
gives priority to the local cheap computing resources processing the task, so the
user cost is lower than the two random schemes. However, MEC resources are
relatively idle and cheap in Set 5, and the cost of preferentially computing task
locally is high. PPRTS selects resources according to performance-price ratio,
and the user cost is always the lowest among the four schemes.

5 Conclusion

In this paper, we study the cost of the user computing task for vehicle in
autonomous driving scenario. In order to minimize the cost of user, we use
network slicing to segment MEC server resources, and propose PPRTS algo-
rithm, which offloads the computing task to multi-MEC servers according to
performance-price ratio of slicing resources. Simulation results show that the
algorithm can complete the task within the maximum tolerable delay, and effec-
tively reduce the cost of user.
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