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Abstract. With the continuous development and improvement of 5G networks,
many emerging technology architectures have been introduced to support 5G ser-
vice requirements. As one of them, mobile edge computing can meet the expo-
nentially increasing computing requirements, and with its advantages of being
more efficient, smarter, and more flexible, it can be well adapted to smart grid
scenarios. However, most of the existing research contents of the eIoT focus on
the research of computing offloading and content caching separately, ignoring the
problem of reusability of some computing results. This paper considers the cer-
tain content caching capabilities of the MEC system itself, and aims to design a
cache-enhanced MEC eIoT. The model includes offloading, calculating and back-
haul for uncached task and downloading of cached content. On the other hand,
the problem of task diversity and inspection robot mobility is fully analyzed. Sub-
sequently, we studied the impact of caching capabilities on computing power to
get the best MEC server parameter information. Based on the above research, this
paper proposes a cache enhanced offload strategy and a collaborative scheduling
algorithm to optimize the total delay of all tasks of the inspection robot in the eIoT.
Simulation results show that the strategy can effectively reduce the computational
offloading latency.
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1 Introduction

eIoT technology has developed rapidly in recent years, and a variety of inspection robot
applications have emerged. This trend is expected to continue in the coming years [1].
With the advent of the Internet of Things (IoT) era, intelligent inspection robot termi-
nals must become an indispensable part of it. Communication technologies that provide
lower latency and more reliable services are an effective support for eIoT and play a
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significant role in facilitating the commercialization of eIoT. In order to meet the com-
puting needs of emerging applications, the introduction of MEC that provide auxiliary
computing is a widely accepted model of current research institutions [2]. However, the
computing power, coverage, and energy costs of currentMEC servers are still being con-
tinually optimized, posing a challenge for MEC-enabled eIoT. Therefore, we propose
a cache-enhanced MEC computing offloading strategy to address the challenges in the
eIoT [3].

MEC is characterized by location awareness, delay sensitivity and mobile support
[4]. The design of MEC needs to comprehensively consider the joint optimization
of the location, communication quality and computing resources between distributed
mobile devices and MEC servers [5, 6]. A variety of task processing performance can
be improved through a federated design with the caching [7]. Recent research has made
a lot of efforts and achievements in achieving a more reasonable eIoT structure. For
instance, in [8], the author designed an integrated model for computing offloading,
content caching, and resource allocation, using MEC’s computing power and storage
resources to reduce task offloading latency. In [4], the author proposes a distributed con-
tent distribution network based on MECs, and analyzes the distribution characteristics
of service devices and terminals in the system to develop a grouping-based and hierar-
chical caching strategy for higher energy efficiency. The author of [9] considered the
problem of user mobility, and extended the edge cache to MEC to implement more flex-
ible context-aware cache decision, which proved that the scheme has higher throughput
than the traditional scheme. The work in [10] proposed a new scheme where mobile
edge computing resources are utilized for enhancing edge caching capability in 5G net-
work, and introduced a concept of eIoT cache cloud to further utilize the cache resources
of smart inspection robot to improve cache utilization. A novel theoretical framework
that weighs the computational, caching, and communication resources of mobile edge
networks reveals the fundamental benefits of computing and caching in content delivery
eIoT in [3].

At present, for popular AR and multimedia transformation applications, there is a
problem of repeated calculation of computing tasks [10]. Similarly, in the scenario of a
service eIoT, there are always numerous identical computing tasks on the same short-
distance road segment, and the same task key value is offloaded to the MEC server by
different inspection robot. After a complex operation, the same result is fed back to
the task requester. When the resource requirements of these high-frequency identical
tasks are superimposed, it becomes a cost that cannot be ignored [7]. In this paper, we
describe the MEC-assisted task calculation and unloading process in the eIoT. Using
the storage capacity of the MEC server to cache the high hit rate calculation results can
reduce the resource consumption of the repetitive operation. In order to avoid the high
price brought by strengthening the server configuration, the interaction between cache
capacity and computing task volume is studied. The cache-enhanced computing offload
strategy and collaborative scheduling algorithm is implemented in the eIoT proposed
in this paper, which reduces the computational latency of multi-tasking and provides a
better experience for intelligent inspection robot.
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The rest of the paper is organized as follows, Sect. 2 discusses in details our sys-
tem model. Section 3 presents our cache-enhanced offloading strategy and collabora-
tive scheduling algorithm, while Sect. 4 presents our performance evaluation. Then we
conclude the paper and in Sect. 5.

2 System Model

In this section, we will model the proposed network. A cache-enhanced MEC system
that provides services to inspection robot terminals, as shown in Fig. 1.

V1

V3

V2

V3'sTask

V2'sTask

V1'sTask

W
ithoout Cache

W
ith Cache

V1
download

V2
download

V3
download

V3
calculate

V3 Task With MEC
V1/V2 Task With Cache

MEC 
Server1

Cache

V1

V3

V2

MEC 
Server1

Cache

Data 
Center

Fig. 1. System model of cache-enhanced vehicular networks

2.1 Transmission Model

Most of the existing researchonMEC ignore the backhaul latency in returning calculation
results. However, as the number of tasks increases, a series of task types with large
amount of backhaul data (such as AR/VR, video transcoding, etc.) appear. Therefore,
our transmission model considers not only the upload delay but also the delay of return
result [11]. Thanks to the further promotion of 5G communication technology, it can
also better support the information transmission of the eIoT.

In the transmission model, a mode in which a base station and a MEC server are
deployed in cooperation is used, and the combination is recorded as Access Point (AP).
Furthermore, based on the existing 5G version specification, the inspection robot can
communicate with AP [1].

During the one-way road patrol, the distance between the robot and AP can be
obtained according to the following formula

don(t) =
√
r2 +

(
L

2
− vton

)2

(1)
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where r is the horizontal distance between the road and the base station inspected by
the inspection robot, L is the coverage distance of the AP and the speed of the robot is
v. ton is the duration of the robot within the current AP coverage, which can be obtained
by

ton = L

v
(2)

In addition, during the change of don, the data rate RV2I of the task offloading and the
backhaul calculation result can be derived as

RV2I (t) = BV2I log2

(
1 + Ptd−δ

on (t)h2

N0

)
(3)

Let BV2I and δ denote the channel bandwidth and path loss exponent respectively.
The transmission model takes both the uplink and the downlink, so the transmission
power Pt and the channel fading coefficient h should be considered in two cases [9].

High-speed mobility is an important feature in eIoT, which causes don changing
faster. Therefore, the average transmission rate RV2I is used to measure the uplink and
downlink data rate of the inspection robot terminal and it can be given by

RV2I = ∫ton0 RV2I (t)dt

ton
(4)

2.2 Computation Model

Typically, a task can be modeled as a profile with three parameters including dc, dup,
tmax. The three parameters represent the task input-data size, computation intensity, and
maximum allowable delay respectively. dc and dup are linear as similar to much existing
research,

dc = αdup (5)

The task complexity index α is usually greater than 1. When some latency-sensitive or
computation-intensive tasks are generated, the requester may not finish these tasks on
time due to limited processing capacity of the on-board unit, i.e.,

tlocal < tmax (6)

the local calculation latency tlocal exceeds maximum tolerance latency [9]. Thus, we
introduced a MEC server system equipped with a multi-core CPU that can provide
auxiliary calculations for multiple inspection robot terminals simultaneously. Since the
computing resources of the MEC are usually subject to payment, the inspection robot
terminal also has to obtain a specified CPU cycles by paying an unequal fee.
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2.3 Caching Model

TheMECserver has a certain storage capacity as a computingdevice deployed to the edge
of the network. Moreover, as part of the AP, theMEC server can be directly connected to
a dedicated caching device [13]. Based on its cache capability, the AP stores some task
results. When the requester hits the content stored in the cache, the calculation result
can be directly obtained. Let c denote the cache action [4, 13].

cn ∈ {0, 1}, n ∈ N (7)

here, cn = 1 indicates the action of the task n hitting the cached content, and cn = 0 is
the opposite. Under the limited cache capacity,

C ≤
∑
n∈N

cndn,dl (8)

C and dn,dl represent the total caching amount at the current AP and the calculation
result data amount of task n, respectively.

3 Cache-Enhanced Offloading Scheme and Collaborative
Scheduling Algorithm

Based on the model discussed in Sect. 2, this section designs the cache-enhanced com-
putational offloading scheme. The scheme calls for increased utilization of MEC. In
addition, caching reusable results can increase the scalability of the system and reduce
resource consumption, latency, and cost. Then we propose a collaborative scheduling
algorithm to guide the task requester to do joint computing offloading.

3.1 Cache-Enhanced Offloading Scheme

First, the cache-enhanced offloading scheme is applicable to scenarioswheremulti-robot
terminals carry multitasking. When robot terminal i meets the conditions described in
Eq. (7), we record i as a task requester, i ∈ SV SV = {1, . . . , i, . . . , SV }. The requester
needs the MEC-assisted computing task n ∈ N ,N � {1, 2, . . .N }. In order to describe
the key information of the task n, we denote Tn = {

dn,up, dn,dl, cn, ti,max
}
[5]. Indeed, a

requester may carry multiple different tasks. The set and number of vehicles who need
to execute task n at the random system task state X ,

SVn(X ) �
∑
i∈SV

I [Xi = n] (9)

where I [·] denotes the indicator function. Next, the requester i starts the operation of
offloading the task n.

Ri,n,up = ∫ton0 Ri,n,up(t)dt

ton
(10)
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ti,n,up = di,n,up

Ri,n,up
(11)

Ri,n,up(t) represents the instantaneous transmission rate of the n-type task offloading
process on the terminal i. The transmission power of the robot terminal is Pt and the
offloading average rate Ri,n,up can be derived according to (4)–(5). The latency of this
process is recorded as ti,n,up. Then, the AP determines whether the result has been
cached according to the relevant key values of the received task. If cn = 0, the MEC
server provides the operating frequency fm,i,n to the requester for calculation. After the
time ti,n,ex, the result is transmitted back to the requester through the AP [12]. Under the
influence of α, the operation delay ti,n,ex and the backhaul delay ti,n,dl can be presented
as

ti,n,ex = αdi,n
fm,i,n

(12)

ti,n,dl = di,n,dl
Ri,n,dl

(13)

On the other hand, when cn = 1, theMEC server does not perform repetitive comput-
ing on the current task, which is beneficial to provide more idle resources for uncached
tasks [3]. In summary, the total latency of computing offloading can be expressed as

ti,n = (1 − cn)ti,n,up + ti,n,dl + ti,n,ex (14)

In this paper, how to get task popularity and cache high hit rate content is not our
focus since caching is a technology to enhanceMEC computing offloading. This scheme
ensures that the MEC server has sufficient computing power, and reduces the delay for
part of robot terminals. When considering the task requester set SV, the problem of
optimizing the total latency can be formulated as

P1 : min
C

∑
i∈SV

∑
n∈N

ti,n

s.t.

⎧⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎩

C1 : C ≤
∑
n∈N

cndn,dl

C2 : ti,n,local < ti,n,max
C3 :

∑
n∈N

(
(1 − cn)ti,n,up + ti,n,dl + ti,n,ex

) ≤ ti,n,max,

∀i ∈ SV

(15)

Specifically, C1 indicates that the cached result cannot contain all task types, which
is determined by the actual conditions. C2 is a prerequisite for task offloading. If the
cache-enhanced scheme still could not guarantee that the task is completed within the
maximum tolerance delay, other calculation methods need to be considered, and C3
ensures that the situation does not occur. By solving the problem P1, we optimize the
total latency.
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3.2 Collaborative Scheduling Algorithm

Task offloading should take into account the impact of pricing strategies. The number
of computing resources provided by the MEC server for the robot terminal is positively
correlated with the pricing [10]. As the price of the payment increases, it will inevitably
gain a stronger computing power and a lower processing delay. According to the different
needs of users, we can set the peak amount of payment for it. In other words, when the
computing resources are in short supply, the unit resource price of the MEC server rises,
and the resources required by some users to complete the current task reach the upper
limit of their ability to pay. Such users choose to sacrifice the calculation delay to reduce
the tariff or use other auxiliary. Way (such as D2D calculation). Such users choose to
sacrifice the calculation latency to reduce the tariff or use other auxiliary methods (Such
as D2D scheme).

Our collaborative scheduling algorithm can jointly consider the utility value and the
delay tolerance parameter to improve the availability of the cache enhanced offloading
strategy. Specifically, the utility value U is used to describe the relationship between
resources and costs can be given by

Ui,n = ϕ
(
fm,i,n

) − ω(Pn, fm.i.n) (16)

whereUi,n is a utility function [17]. For task n, theMEC server provides the correspond-
ing fm,i,n computation capacity. Task requester always expect a higher QoE, while fm,i,n

is directly related to it.

ϕ
(
fm,i,n

) = β
(
ti,n,local − ti,n,up − ti,n,dl − ti,n,ex

)
+ γ

(
ln

(
ρfm,i,n+ ∈))

= β

(
di,n
fi

− di,n,up + di,n,dl
RV2I

− di,n
fm,i,n

)
+ γ

(
ln

(
ρfm,i,n+ ∈))

(17)

In (17), we use the processing latency to describe the total utility value ϕ
(
fm,i,n

)
. ρ is

a utility coefficient that saves unit delay, and γ is a utility coefficient that saves com-
putational resources. ω(Pn, fm.i.n) represents the payment for MEC server, where the
parameter Pn is the price of the unit resource.

Obviously, the utility function of terminal i is mainly related to computation capacity
allocated by RSU and fm,i,n is the main influencing factor [10]. According to the config-
uration of the MEC server, the maximum resource is Fm, so that fm,i,n ≤ Fm. Bringing
(16) into (17), we derive the maximum value of the utility function. The second-order
derivative of Ui,n with respect to fm,i,n is

∂2Ui,n

∂2fm.i.n
= −2β

1

f 3m.i.n

(18)

Because all the values of parameters in (17) are positive, the second-order derivative

of the utility function is lower than zero, namely, ∂2Ui,n

∂2fm.i.n
< 0 [10]. It shows that the

utility function has a maximum value. And the optimal solution f ∗
m,i,n

can be solved by
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∂Ui,n
∂fm.i.n

= 0. The requester i has an ideal effect value U ∗
i,n in the unloading calculation.

When U ∗
i,n > Ui,n, we have to consider other auxiliary calculation methods. The spe-

cific algorithm design is as follows. The detail steps about the proposed collaborative
scheduling algorithm is described as Algorithm 1.

Table 1. Joint selection algorithm process

4 Simulation Result and Discussion

In this section, the performance of the cache enhanced offloading scheme and the collab-
orative scheduling algorithm are illustrated by comparing the simulation results. In this
simulated scenario, each AP cover a range of 200 m [16]. We set transmission power
Pt of the vehicle and the AP is 1.3 W and 2 W , respectively, and data is transmitted
through the wireless bandwidth of 10 M [16]. The power spectral density of additive
white Gaussian noise N0 = −100 dBm, and the channel fading coefficient h = 4 [12].
The computational complexity index α = 1.05, β = 0.6, and γ = 0.4. Since the price
Pn of the unit resource is fluctuating, we set the initial value of Pn to 0.5 according to
the number of idle resources. With resources become rarer, the Pn is larger.
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Compared with the commonly used MEC offloading strategy and partial offloading
strategy, the simulation results show that the scheme designed in this paper obtain better
performance in latency and scalability for vehicle network. At the beginning, we ana-
lyze the situation where an AP covers 40 robot terminals, and each terminal randomly
generates computing tasks which size is 5 × 106bits [13]. We simulate the velocity of
each robot randomly selected from 10 m/s to 30 m/s. By adjusting the cache capacity,
it is possible to store different numbers of high hit rate calculation results, which affects
the amount of resources of the required MEC. Figure 2 shows the relationship between
the amount of buffer and the required resources. When the buffer reaches 4 × 107bits,
the slope of the curve is significantly reduced. At this point, the MEC needs to provide
4 × 1010cycles/s processing power for uncached computing tasks.

Fig. 2. The relationship between the cache capacity and the computing resource.

Figure 3 depicts the total latency of cache enhanced offloading and popular MEC
offloading scheme. Similar to the results shown in Fig. 2, when the cache reaches
4×107bits, the latency optimization result is quite obvious. Therefore, C = 4×107bits
is determined for subsequent research.

Figure 4 and Fig. 5 discuss optimization in multitasking situations. In Fig. 4, it
describes the total delay of the three modes in the interval of task data in [0, 45M]. Due
to the limited computing power of the onboard unit, the D2Dmode performance is lower
than other modes. With the exhaustion of MEC capabilities, the scheme of offloading
some tasks to nearby idle vehicle processing yields lower latency than the scheme that
only supports MEC offloading. However, the strategies and algorithms proposed in this
paper can save a lot of repetitive task calculation overhead for MEC servers, so the
overall performance has always been better than other strategies. Figure 5 describes the
total delay in the processing of the task when the number of robot terminals is increasing.
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Fig. 3. The minimum latency for computing offloading of MEC with/without caching.

The simulation results are shown in Fig. 4. However, the model proposed by us can save
a lot of repetitive calculation overhead for MEC servers, so the overall performance
has always been better than other strategies. Figure 5 describes the total latency when
the number of robot terminals continues to increase. The results obtained from this
simulation are consistent with Fig. 4.

Fig. 4. The total latency of cache-enhanced offloading scheme, without caching and D2D versus
the task data size.
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Fig. 5. The total latency of cache-enhanced offloading scheme, without caching and D2D versus
the number of robots.

5 Conclusion

This paper focuses on the application of popularMEC technology in smart gird. A cache-
enhanced computing task offloading scheme is proposed, which uses cache repetitive
task calculation results to optimize system resources and processing latency. At the same
time, a collaborative scheduling algorithm is designed to help smart inspection robots to
perform optimal calculation and offloading within the limits of their respective payment
capabilities. Simulation results verify the effectiveness of our proposal.
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