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Abstract. The cache capacity in the edge cloud is limited and it cannot provide a complete cache service for all vehicles. How to use the limited cache resources to minimize
the delay of retrieving data has become the key of research. This research focuses on
the cache resource allocation strategy based on edge cloud in urban crossroads scenario.
Firstly, the scenario is described and modeled. Then, the above model is solved by using the link minimum cost cooperative cache algorithm based on Cournot game and the
detailed ﬂow of learning algorithm is given. In the simulation, the study builds a Long
Short-Term Memory network (LSTM) neural network to predict the behavior of vehicles
according to their driving data and then obtain the distribution of vehicle driving directions. Firstly, the real vehicle data was learned by using LSTM network to acquire the
vehicle trajectory prediction model. Then, the performance of the proposed algorithm is
veriﬁed by simulation and compared with several benchmark strategies. Simulation results show that the proposed algorithm can achieve higher returns than the benchmark
strategies under diﬀerent prediction accuracy rates and cache numbers. Meanwhile, it
is also compared with several cache optimization algorithms. Simulation results indicate
that the algorithm proposed in the paper is better in terms of average cache hit rate and
average cache delay.
Keywords: Cache optimization algorithm, Internet of Vehicles (IoV), Edge cloud,
Cournot game, Long Short-Term Memory network (LSTM), Vehicle trajectory prediction

1. Introduction. Mobile Edge Computing (MEC) is an emerging technology proposed
in recent years to meet the increasing computing needs of mobile applications. It was
developed by the European Telecommunications Standards Institute (ETSI). MEC extends the boundaries of cloud computing to provide cloud service with higher computing
power and lower delay by deploying services at the edge of the network near the user side
[1-4]. With the development of the Internet of Vehicles (IoV), the growing demand for
non-safety related businesses has brought tremendous pressure to the IoV. Due to the low
capacity and stability of the wireless link and the fast-moving speed of the vehicle, the
transmission of a large amount of data from the content provider server to the vehicle
side takes a huge delay and reduces the quality of service. Besides, the frequent switching
of vehicles between edge clouds has caused vehicles to establish links with remote servers
frequently. It further increases the diﬃculty of data acquisition. To improve the service
quality of data services, service providers can cache popular content to the edge cloud
side by using a cache method. In this way, vehicles can directly obtain the required data
from the edge cloud without accessing the remote cloud frequently.
DOI: 10.24507/ijicic.16.03.1059
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Most of the services in the IoV are required to be completed within a low delay due
to the high mobility of the vehicle. Besides, because the vehicle is equipped with a large
number of sensor devices, it will generate large-scale data that needs to be analyzed and
processed. And, the introduction of MEC in the Internet of Vehicles is an inevitable trend
with the increasing demand for entertainment services. In particular, MEC is indispensable for autonomous driving technology in the IoV. Automated driving usually requires
millisecond-level real-time control and a wider driving horizon, which can be achieved
through MEC technology. Therefore, MEC provides strong support for autonomous driving technology. In a word, the combination of MEC and the IoV is the main direction
and basis for future research on the Internet of Vehicles.
For the caching problem in the IoV, some articles mainly researched how to cache the
data in the vehicle and transfer the data to other vehicles through the Vehicle to Vehicle
(V2V) link when it meets other vehicles. For example, in [5], the authors proposed a data
caching mechanism for Vehicular ad-hoc networks (VANETS). They cluster the vehicles
and use V2V to continuously share data between vehicles. In this way, the data related
to the area can be stably stored in the corresponding geographic area. [6] proposed a
content distribution strategy based on edge cloud with the goal of saving energy. The
authors used the theory of auction game to study the collaborative caching of edge nodes,
considering cache loss and size and obtaining an edge node selection strategy with both
performance and security.
In addition to the research of computing resource allocation algorithms, another type of
resource optimization problem for IoV is to study the cache resource allocation strategy for
cache applications. Many studies have focused on improving the Quality of Service (QoS)
of content services using caching services in the IoV, while other studies have used precaching to improve the caching services of the IoV. By predicting vehicle mobility or the
popularity of content, data service providers can cache data in advance. [7] modeled the
vehicle mobility and studied the method of data oﬄoading under diﬀerent requirements.
And it proposed a ﬁle placement algorithm in terms of the statistical priority of the data
and user needs. In [8], the authors proposed a secure cache strategy based on the auction
game for the disaster recovery problem of the IoV. The development of deep learning
technology has greatly improved the accuracy of vehicle trajectory prediction. Therefore,
many researchers have begun to use it to assist pre-caching strategy. Among them, a lot
of researches are directed at the pre-caching problem in cellular networks. For example,
[9] proposed a pre-caching algorithm based on Echo State Networks (ESNs). It performs
cached distribution based on predictions of the content. The authors also proposed the
pre-cache placement problem based on Unmanned Aerial Vehicle (UAV) in [10] to improve
the QoS of the cache service in the cellular network.
Aiming at the problems of insuﬃcient resources and single-point failure for singlepoint cache, researchers have proposed the method of collaborative caching. Generally,
collaboration may occur between vehicles, or vehicle cloud networks, or even a vehicle
cloud network and an edge cloud network within a vehicle cloud network. [11] studied
collaborative caching strategies based on vehicle mobility prediction. The authors ﬁrst
pointed out that traditional collaborative caching strategies cannot be directly transferred
to the Internet of Vehicles due to vehicle mobility. Then, the authors studied how to place
caches and select nodes in hotspots where vehicles frequently visit and stay. [12] proposed
an edge caching strategy based on cross-entropy to provide a cooperative caching method
between base stations which improved the cache service QoS.
Based on the above research status, there is a large amount of literature on the Internet
of Vehicles, but there are still some problems that need to be solved. Firstly, the traditional cloud computing architecture cannot meet the business needs of its application due to
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the particularity of the Internet of Vehicles. A mobile cloud architecture for the Internet
of Vehicles scenario is needed to integrate and manage various resources and the services
that meet the needs of IoV applications are also necessary. Secondly, in the scenario with
high-speed synchronous streaming, the vehicle needs to oﬄoad some computing tasks to
surrounding vehicles, because the computing capacity of the vehicle is limited while the
demand for multimedia services of vehicle users is high. In this process, how to ensure
the delay requirements of the business is very necessary. It needs to adopt an appropriate
computing resource allocation strategy. Thirdly, in the urban intersection scene, the data
requested by users may not be acquired completely within the coverage of one base station
because of the switch of vehicle between base stations. And in the coverage of the next
base station, the user needs to obtain the remaining data from the remote cloud again,
which leads to an increase of the acquisition delay. Therefore, the data is pre-cached to
the target base station according to the driving trajectory which can reduce the delay of
data acquisition eﬃciently. In the end, in the high-speed free ﬂow scene, users may not
be able to obtain complete data in a base station. At this time, the opposing vehicle and
the base station can cooperate to cache and send the data to the target vehicle together
when they meet the target vehicle. Thereby, it reduces the delay of vehicle users. In
this process, the allocation of cache resources and communication resources will aﬀect the
ﬁnal service delay. How to allocate resources reasonably has become the key to improving
service quality. These existing problems of the IoV have driven us to carry out research
work from the above aspects. The paper proposes a link minimum cost cooperative cache
algorithm based on Cournot game. It fully considers practical factors such as transmission overhead, distribution of vehicle driving direction and delay. It also makes full use
of the storage capacity of the edge server node to store user terminal requests, which
reduces repeated downloads of the same content and link consumption eﬃciently. The
main contributions of this study are as follows.
1) The cache resource allocation strategy of edge cloud network in the urban crossroads
scene is studied and the real scene is described and mathematically modeled.
2) In the simulation experiment, the LSTM network was used to train and test 600,000
real data of vehicle trajectory in the real world and obtain the real results of vehicle
trajectory prediction.
2. System Model.
2.1. Scene description. The scenario considered in this paper is an urban crossroads
scene with I = {1, 2, . . . , t, . . . , I} fork road, as shown in Figure 1. Each fork is covered
by a buﬀered edge cloud. The edge cloud is connected to the remote cloud through the
backhaul link. N vehicles are driven within the coverage of an edge cloud and the N
vehicles are about to cross an intersection. These vehicles make up a collection, denoted
as V = {v1 , . . . , vn , . . . , vN }. Each element
in V}represents the meta data of each vehicle,
{
→
→
−
→
−
→
vn represents the driving speed and −
an
which is expressed in detail as vn = vn , an , θn . −
represents the acceleration vector. In addition, θn indicates the azimuth of the vehicle n.
These metadata can be used to make behavioral predictions about which direction the
vehicle will go next. We deﬁne the probability distribution of the vehicle’s next choice
of l as F (l). Some vehicles may initiate requests of downloading data, such as getting a
video.
To provide download services better, content providers can cache some data in the nearest edge cloud in advance. Assume that all potential content sets are L = {L1 , . . . , LN },
where Li is the content size. With proper in-ﬁle encoding technology, a complete content can be divided into multiple independent fragments, which are initially stored in the
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Figure 1. Schematic diagram of research on cache resource allocation
strategy based on edge cloud network
content server of remote cloud network [13]. We suppose that the size of a single piece
of content is u and the number of fragments that can be split for each type of content is
M = Lu , L ∈ L. When a car makes a request to get some data, data may not be transmitted within the coverage of an edge cloud due to vehicle mobility. Therefore, content
providers can send some fragments to the vehicle directly through the current edge cloud
and then cache the remaining into the adjacent edge cloud [14]. When the vehicle reaches
the next coverage of edge cloud, it can get the remaining data directly through the cache
without visiting the remote cloud again. Assuming the number of cache units occupied
by the request i is ci , the data of uci size will be cached to the adjacent edge cloud while
the data of u(M − ci ) size will be directly transmitted to the vehicle. Our goal is to ﬁnd a
cache strategy to ensure lower delay of data acquisition by determining the location and
size of the cache. Based on the above description, we give the model deﬁnition in the
following.
2.2. Model building.
2.2.1. State space. The state space of the system can be expressed as follows:
s = {s1 , . . . , sl , . . . , sI }

(1)

Assume that all requests are processed sequentially, that is, during a time ∆t (∆t ≪ t),
there is one and only one request being processed. sl represents the number of cache units
that have been occupied in the edge cloud l. We suppose that the state space of each
system can be expressed as follows: each edge cloud has a maximum capacity of a cache,
which is denoted as K and 0 ≤ sl ≤ K. All possible states constitute the state space,
denoted as S. We focus on a ﬁnite MDP problem where a system has N time slices at
most. The state of the system
period}n is represented as sn , and we can obtain
{ 1 at time
n
the sequence of states S = s , . . . , s , . . . , sN .
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2.2.2. Decision space. The system can decide whether to cache content in a particular
edge cloud. The behavior in a determined state can be characterized as:
{
0,
no cache
a(s) =
(2)
(l, c), edge cloud l will cache c units
where the distribution of l obedience is what we are about to learn by using neural
networks. We denote F (I) as this distribution and then l ∼ F (I). Besides, 1 ≤ c ≤
K − sn . All feasible actions constitute a set of actions, recorded as A. The number of
elements in A is represented as A.
2.2.3. State transition. In this model, when the state sn and behavior an are determined,
the state sn+1 of the next stage can be determined. The state transition equation is
expressed as:
sn+1 ← h (sn , a) = {s1 , . . . , sl + c, . . . , sN }
(3)
where a = (l, c).
2.2.4. Profit. The proﬁt Q is a mapping of space S × A to the real number domain, that
is Q : S × A → Q. In this system, we mainly take the negative value of the time loss for
vehicles to obtain the data they need as a beneﬁt. There may be three situations here:
cache hits, cache misses, and no cache. Firstly, each vehicle takes some time to initiate
a request, and this time is recorded as τ . Note that τ can be subdivided into two parts:
T = τ1 + τ2 , where τ1 represents the transmission delay of the service request of V2I and
τ2 represents the delay between the edge cloud and the remote cloud. It can be seen that
τ1 ≪ τ2 . We assume that the data volume of the request packet is Q and C1 and C2 are
the transmission rates of the V2I and the backhaul link respectively.
C1 = B log(1 + x)

(4)

Here, x is the signal-to-noise ratio of the V2I link and B is the bandwidth. The backhaul
link is an optical ﬁber link. We suppose that the transmission rate is ﬁxed. However,
there is a complicated routing and forwarding process in the remote cloud network and
assume that the delay consumed by this process is τ1 . Then we can get:
τ1 =

Q
C1

(5)

Q
+ τ1
(6)
C2
If the content is not cached or a cache misses, the vehicle needs to re-initiate the request
to the content server after entering the adjacent edge cloud. In addition, all content is
obtained from Internet content providers, which will lead to huge delays and poor quality
of service [15]. We take the complete time spent in this case as tm , which can be expressed
as:
L
L
+
(7)
tm = 2τ +
C1 C2
And if the cache hits, the vehicle can obtain the previous part of the data like other
vehicles ﬁrstly. Then, the remaining data is obtained directly from near edge clouds. At
this time, the time consumption can be calculated as:
(
)
1
1
uc
+ u(M − c)
+
(8)
th (a) = 2τ1 + τ2 +
C1
C1 C2
τ2 =
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In this way, the time spent by each car can be characterized as tn (a) = th o(a) +
tm (1 − o(a)), where
{
1, cache hits and c > 0
o(a) =
(9)
0, otherwise
We use constant β to represent time value. The revenue function can be deﬁned as:
r(s, a) = E − βtn (a)

(10)

Here, E is a large positive number. The revenue function indicates that the smaller the
delay for vehicle users to obtain data, the greater the revenue.
2.2.5. Target. The cache policy is deﬁned as a mapping of S to A, that is
π : S → A = {a1 , . . . , an , . . . , aN } ,

sn ∈ S

(11)

The strategy gives the probability distribution of the behavior in the state sn , which
can be expressed as:
π(a|s) = P [An = a |Sn = s ]
(12)
In this model, the caching strategy is not aﬀected by the environment. Therefore, it
is a deterministic strategy and π(a|s) = π(s). For a certain caching strategy, we can
determine the entire system state and income sequence, that is,
{s1 , π(s1 ), τ1 , . . . , sN , π(aN ), rN }

(13)

We denote that Gπn is the total discounted revenue obtained by taking strategy π from
state sn to end state sN , then
Gπn = rn + γrn+1 + · · · + γ N −n rN

(14)

π∗

Our goal is to ﬁnd an optimal strategy π ∗ to make Gn = sup {Eπ (Gπn )}.
3. Cache Resource Allocation Strategy of Edge Cloud Network Based on
Cournot Game. This section will mainly introduce the collaborative caching process
in edge computing, analyze the link cost incurred when a user terminal makes a content
request and introduce a collaborative storage method between nodes to improve storage
eﬃciency.
3.1. Cache system model. The cache architecture in edge computing is mainly divided
into three parts: cloud content center, MEC computing node cluster and user terminal.
Now suppose that in the case of only one cloud content center, the MEC computing service
node cluster is composed of F = {F1 , F2 , . . . , FM }, where Fi (i ∈ 1, 2, . . . , M ) represents
the MEC server node i. U = {U1 , U2 , . . . , UN } represents a collection of user terminals,
where Uj (j = 1, 2, . . . , N ) represents the j user terminal.
Assume that in a given geographic range, the MEC service node which each user terminal belongs is divided according to the number of user terminals in the range. The
number of user terminals is the number of vehicles N and the number of MEC server
nodes M . The MEC service is that the user’s request will pass through its own MEC
server node ﬁrstly. Considering the mobility between user terminals and the inﬂuence
of social communication, this paper uses a social relationship-based division method to
divide MEC server nodes for user terminals. The social relationship entity Ei,j of user
terminals Ui and Uj is calculated as follows:
1
(15)
Ei,j = ϖλi,j + φ
1 + µDi,j
where µ is the scale factor. λi,j ∈ [0, 1] represents the inﬂuence factor of the user terminal
Ui and Uj . ϖ and φ are the inﬂuence factor of the content information and the geographic
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location respectively. Di,j ∈ {0, 1} indicates whether the user terminals Ui and Uj are
within the inﬂuence range.
The cache size C of the MEC server is divided into two parts: cooperative and noncooperative (Figure 2). The part of non-cooperative C(1 − R) is used to store frequently
accessed content in the autonomous domain of the MEC server node while the cooperative
part CR caches the content with high access frequency in the entire cache system by
controlling the cooperation ratio R. Too small cooperation ratio R will cause storage
redundancy in the entire cache system and too large will cause the increasing cost of user
terminal getting content through other MEC servers. The paper will focus on choosing a
suitable cooperation ratio R to reduce link overhead.

Figure 2. Composition of MEC server cache space
3.2. Link cost analysis. As can be seen from the model structure in the above section,
there are mainly three cases where the user terminal obtains content sources: the cloud
content center, the edge server node to which it belongs, and other collaborative parts.
In this paper, the unit link transmission cost of user terminals accessing content through
diﬀerent content sources is diﬀerent. The cost of unit link transmission is the extra
consumption required for the transmission of 1-byte data in the network. It is assumed
that Pi,j is the unit overhead of the MEC server nodes Fi and Fj . Pi is the unit overhead
of its autonomous domain and the unit overhead between the point of the MEC server
section and the cloud content center is Pc , which is satisﬁed Pc > Pi,j > Pi .
The following discusses the cost of obtaining content from the above three cases.
1) MEC server node has no storage content ϑ. User terminals will be able to get content
through the cloud content center and the total overhead for requesting that content in a
cache period is:
∑
Ptotal =
Tiϑ Cϑ (Pc + Pi )
(16)
i∈M

where Tiϑ (i = 1, 2, . . . , M ) indicates the number of times that content ϑ is accessed on
MEC server node Fi and Cϑ is the size of the content ϑ.
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2) Some MEC server nodes cache content ϑ. Users can access content ϑ directly from
the MEC server nodes they belong to. If its MEC server node has not stored content ϑ,
it obtains content from the nearest MEC server node. Then the total cost of getting the
content is:
∑
( )
Ptotal = save N ϑ Ps Cϑ +
Tiϑ Cϑ (min(Pi,j ) + Pi )
(17)
ϑ
ϑ
I∈M {\M },j∈M
{
}
where( M ) \M ϑ represents the set of MEC server nodes without storing content ϑ.
save M ϑ is the number of MEC server nodes that have stored the content ϑ. Ps represents the storage overhead of the unit data of the MEC server node and min(Pi,j ) is the
minimum link cost between MEC server nodes.
3) Each MEC server node stores the content ϑ. Users can access the content ϑ directly
at the MEC server nodes they belong to, and then the total cost of acquiring the content
is:
Ptotal = save(M )Ps Cϑ
(18)
Here, save(M ) is the number of MEC server nodes of the entire cache system.
3.3. Calculation of cache value. Based on the analysis of the link cost in the previous
section, the reduced link cost for obtaining the content ϑ on the MEC server node Fi in
this section is called the cache value valueϑi for caching the content. According to the
storage situation of content ϑ in the entire cache system, the speciﬁc expression of its
cache value valueϑi is as follows.
1) Each MEC server node has not stored content ϑ, so the cache value valueϑi is:
∑
valueϑi = Tiϑ Pi +
Tiϑ (Pc + Pi − Pi,j ) − Ps Cϑ
(19)
ϑ
j∈{\M }
where Tiϑ Pi represents the saved overhead because user terminals∑in its autonomous doϑ
main of the MEC server node Fi can obtain content ϑ directly.
j∈{\M ϑ } Ti (Pc + Pi −
Pi,j ) indicates the saved cost because the user terminals in its autonomous domain of
MEC server node Fi obtain content ϑ from other collaborative MEC server nodes. Ps Cϑ
is storage cost of MEC server node Fi storing the content ϑ.
2) Some MEC servers store content ϑ, so the cache value valueϑi is:
∑
valueϑi = Tiϑ min(Pi,j ) +
Tiϑ [min(Pk,j ) − min(Pi,j ) + Pi ] − Ps Cϑ
(20)
ϑ
k∈{\M }
where Tiϑ min(Pi,j ) is the reduced cost that terminals in their autonomous domain of
MEC server node Fi obtain the content ϑ directly without accessing the content from
other MEC server node Fj . The latter half is the cost saved by other MEC server node
Fk accessing the content from the MEC server node Fi nearby. Ps Cϑ represents storage
cost of Fi for storing content ϑ.
3.4. Link minimum cost caching algorithm. The process of decision is shown in Figure 3. Each MEC server node caches some of the more popular content in the system by
cooperating, and the cloud provides request content, computing and cooperative scheduling for the entire edge computing. The implementation of the cooperative scheduling for
the Cournot game will be introduced in the next section.
In Section 3.1, it is described that the cooperation part of each MEC server node constitutes a cache space and a market monopoly model can be established for the cooperation
cache space. That is, when diﬀerent MEC server nodes do not store the same content
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Figure 3. Cache decision process
required, the requested content can be regarded as a commodity. To ensure that the
content is not repeatedly stored in the entire cache system, each MEC server node hopes
to be able to store its cache space nearby and then the nodes can obtain the maximum
beneﬁt by competing. Finally, the cloud content center delivers the content to the MEC
server node, which can minimize the link cost of the entire cache system. This is the
typical Cournot game.
Based on the Cournot game, each MEC server node is set as the bidder. Each bidder
gives its bid for the requested content, and the cloud content center acts as the content
source provider to weigh the bids of each MEC server. Therefore, the corresponding
pricing function is obtained as follows:
( M )ρ
∑
c(P ) = ϖ + φ
(21)
Pi
i=1

where ϖ, φ and ρ all represent normal numbers and P = {p1 , p2 , . . . , pM } is the bid set of
diﬀerent MEC server nodes. When τ ≥ 1, the pricing function is a convex function and
it ensures that the cloud content center delivers the same requested content to the MEC
server node that minimizes the link cost of the entire cache system.
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From the link cost analysis of Section 4.2, the link cost saved by each MEC server node
is:

ncache
i
· PG · Ci − c(P ) · di
(22)
ni
where ncache
/ni is the proportion of the content stored in the MEC server node Fi to
i
the sum of the requested content in its autonomous domain. PG is the unit transmission
overhead from the cloud content center to the user terminal, that is PG = Pi + Pc . c(P )
represents the unit cache cost and di = Mi · Ci is the sum of size of the requested content.
∑ i −σ
Mi1−σ
According to [16], ncache
/ni of Formula (22) is converted into M
≈ 1−σ
, where
i
i=1 i
σ is the distribution factor of content popularity. And the utility function based on the
cache model of Cournot game of each MEC server node can be obtained.
Υsave = Υnocache − Υcache = ni ·

ωK

Mi1−σ
πi (P ) = ni ·
· PG · Ci − c(P ) · di
(1 − σ)ωK
is the total probability of the requested content.

(23)

4. Mobility Prediction Based on LSTM. An LSTM neural network was constructed
to predict the behavior of vehicles according to their driving data v, which can obtain a
distribution of vehicle driving direction. The schematic diagram of the LSTM network is
shown in Figure 4. This network takes account of the I diﬀerent bifurcation directions
at the intersection, denoted as DI . We use a vector m of length I to express DI . To
make the weights in each direction be the same, the vector of direction d ∈ {1, 2, . . . , I}
is expressed as:
{
0, i ̸= d
md = md (i) =
(24)
1, i = d
√
Under this deﬁnition, ∀d1 , d2 ∈ [1, I], d1 ̸= d2 , ∥md1 − md2 ∥2 = 2. All m have the same
Euclidean distance. The state of the nth car is v n and all elements in v n are used as
feature vectors of the LSTM network. Our goal is to build a behavior map F of vehicle
from the time step l to the current moment t:
(
)
mt = F xt−1 , xt−l+1 , . . . , xt−1
(25)

Figure 4. Schematic diagram of LSTM network structure
The LSTM network consists of three layers: the input layer, the hidden layer and the
output layer. The number of neurons in the input layer depends partly on the number
of elements of v. Each element of v corresponds to a neuron of input layer. The other
part depends on the LSTM itself. It will recursively use subsequent output as input at
the current moment. The number of these neurons is conﬁgurable, as is the number of
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neurons in the hidden layer. The neurons in the output layer are consistent with I. An
example of the network structure is shown in Figure 4, where f (·) and g(·) are the gate
structure of the LSTM network. To make predictions in diﬀerent kinds of direction, we
use cross-entropy as loss function of the network. Therefore, the loss function J(θ) can
be expressed as:
]
[ m I
)
( ( (i) ) ) (
(
( ( (i) ) ))
1 ∑ ∑ (i)
(i)
(26)
y log hθ x k + 1 − yk log 1 − hθ x k
J(θ) = −
m i=1 k=1 k
Here, θ is the set of trainable parameters. m represents the number of samples and I
is the number of categories. x and y are input and output respectively. hθ (xk ) is the
Softmax function of input xk , which shows the mean probability of xk in I output. The
expression of hθ (xk ) is:
exk
hθ (xk ) = ∑I
(27)
xi
i=1 e
∂
The main goal of LSTM is to minimize ∂θ
J(θ) and ﬁnd the best θ through gradient
descent. After suﬃcient training, the LSTM network can output F (I) for subsequent
learning processes. The prediction accuracy of the network shows the hit probability of
cache accurately because the cache position is determined by the prediction [17]. Assuming that the number of records and correct predictions in the test set are T and b
respectively, we can calculate the prediction accuracy as η = b/T . In addition to behavior, the network also has an impact on system revenue, because high prediction accuracy
means higher instantaneous revenue.
In this chapter, vehicle trajectory data is provided by a shared travel company Didi
Chuxing in the real world. We used a total of 600,000 records as training and test set.
The raw data is the Global Positioning System (GPS) information of vehicles traveling
on the roads of city X, and the sample interval is one GPS data every 3 seconds. We
calculate the distance of latitude and longitude by making a diﬀerence between the front
and back of the vehicle and using the spherical hemi-squared formula. The formula is as
follows:
(√
(
)
))
(
rπ
φ
−
φ
λ
−
λ
2
1
1
2
d=
sin2
arcsin
+ cos(φ1 ) cos(φ2 ) sin2
(28)
180
2
2
After obtaining the distance, we can ﬁnd out the average speed, acceleration and direction angle during the time interval. Based on the above three types of data, we mark the
vehicle as four behaviors: going straight, turning left, turning right and turning around.
Finally, we get the data form v = (vlong , vlat , αlong , vlat , θ) that we needed. To improve performance, the number of vehicles for each behavior was balanced. The data set was ﬁnally
divided into three subsets, 80% of which were used for training, 10% for cross-validation
and the last 10% for testing.
Then, we built a four-layer LSTM network to train the above data. The input layer
includes ﬁve data neurons and three historical outputs. We use the Adam optimizer as
the gradient descent algorithm. The detailed parameters of the LSTM network are shown
in Table 1. The entire network is built on Keras of the TemorFlow framework.
5. Simulation Experiment.
5.1. Simulation experiment. After using the LSTM network to obtain the distribution
of vehicle driving directions, we performed simulation experiments. Relevant parameter
values are as follows: I = 4, K = {5, . . . , 15}, β = 1, N = 20, τ1 = 1s, B = 5MHz, E = 15,
L = 10MB, µ = 1MB, x = 10dB. After training, we simulated the N = 20 car and 100
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Table 1. The value table LSTM network parameter based on cache resource allocation strategy of edge cloud network
LSTM network layer
Input layer
Hidden layer I (LSTM)
Hidden layer II (LSTM)
Hidden layer III (LSTM)
Output layer

Number of neural clouds
3 * 5 where 5 is the number of
input nodes and 3 is the time step
50
100
200
4 output node represents mt

Activation
function
−
ReLU
ReLU
ReLU
Softmax

cycles to evaluate performance. In each cycle, the system attempts to service download
requests for all vehicles and records the total revenue of the system. In addition, the
behavior of the system is also recorded for subsequent analysis. We selected the following
benchmark algorithms for comparison.
1) Greedy strategy: The greedy strategy will choose the behavior that can reach the
local optimum when making decisions in each state. With this strategy, edge cloud will
try to cache as much content as possible for each vehicle and it ignores possible future
requests. When the cache resources are suﬃcient, the greedy strategy will get the highest
real-time beneﬁts. However, with the large occupation of the cache, the cache resources
will be consumed at a faster rate, which results in higher delay of the remaining vehicles.
Finally, the total proﬁt obtained by the greedy strategy may not be optimal.
2) No-cache strategy: In this strategy, content is not cached in the edge cloud, which
causes severe degradation of service quality for vehicle users. They have to repeat the
process of content request through Internet to get the remaining content from the content
provider.
3) Full hit strategy: One of the goals of this research is to explore the impact of the
LSTM network on the subsequent process of cache allocation. The best case comes when
the prediction accuracy reaches 100%, which is usually impossible. When the prediction
accuracy rate is 100%, the system can avoid wasting resources and obtain higher returns.
4) Minimum hit strategy: When the edge cloud cannot predict the direction of the
vehicle at all, it can only assume that the vehicle is traveling in all directions with equal
probability. Therefore, a discrete distribution nmin ∼ D(I) is used here to replace F (I).
The probability of each ι is f (ι) = I1 . Then, the long-term expected return becomes the
minimum value of the strategy.
5.2. Results and analysis.
5.2.1. Prediction accuracy. The prediction accuracy and loss of the LSTM network are
shown in Figure 5. During the ﬁrst few iterations, the LSTM network converged at
a faster speed and the prediction accuracy also improved quickly. When the accuracy
exceeds 0.696, the learning rate drops to a lower level, which also leads to a slowdown
of the rate of improvement in prediction accuracy. For the total training, the highest
prediction accuracy of LSTM can reach 86.7%.
5.2.2. Average stage profit. Figure 6 and Figure 7 show the average revenue of every
stage for diﬀerent amounts of cache capacity and prediction accuracy. As cache capacity
increases, more cache resources can be allocated and the average return is higher. The
minimum strategy has only slightly improved because of being aﬀected by the accuracy
of prediction. And for the impact of prediction accuracy, the worst case occurs when the
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Figure 5. Prediction accuracy picture of vehicle trajectory

Figure 6. Proﬁt of each stage with diﬀerent number of caches

system has no cache. At this time the vehicle will have to consume tm time to obtain the
data and the system will gain rNC beneﬁts.
In this simulation, rNC = 20 and it does not change with the prediction accuracy. The
minimum strategy shows the performance of the system when prediction accuracy has
no eﬀect. In this case, the edge cloud of each direction has a probability (1/I) of being
selected to cache the data. And the hit ratio of cache is also (1/I). This value is not
enough to support the system to obtain higher revenue. However, the minimum strategy
is still better than the no-cache strategy because the cache hit rate is low, but there is
still a probability to hit which leads to a higher proﬁt.
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Figure 7. Proﬁt of each stage with diﬀerent prediction accuracy
The system can get the maximum beneﬁt as long as the cache resources are suﬃcient
when the cache hit rate reaches 100%. Then all vehicles can enjoy the cache service, and
its overall revenue will naturally reach the maximum.
Besides, the paper also compares this strategy with greedy strategy, as is shown in
Figure 7. As can be shown from the results, with the improvement of prediction accuracy,
the system tends to cache more content which can reduce delay and increase revenue.
This indicates that the prediction accuracy can aﬀect the system revenue, and the greedy
strategy has the same trend with the proposed strategy. In the all hit strategy, using more
caches can reduce the latency of the system. However, this will increase the memory cost
and easily lead to data inconsistency, which will aﬀect the subsequent vehicles to enjoy the
cache service. In addition, when the remaining resources are not suﬃcient, the proposed
strategy will allocate caching more and more cautiously so as to obtain a higher overall
revenue; thus the performance of the proposed strategy is better than the greedy strategy.
5.2.3. Performance comparison with advanced algorithms. To verify the eﬀectiveness of
the new collaborative cache optimization algorithm proposed in this paper, the algorithms
of [6,8,12] are selected as comparison algorithms. It is assumed that all requests from all
user terminals satisfy the Zipf distribution [18]. Meanwhile, to evaluate the performance
of the algorithm, two parameters are deﬁned as references: hit rate and cache delay. And
the simulation parameters are as follows: D = 1/km2 , ϑ = 2500, F ∈ [2, 8], N = 1000,
R ∈ [0.4, 0.8], C ∈ [100, 200] and parameter of Zipf σ ∈ [0.7, 1.2].
As can be seen from Figure 8, the average cache hit rate of each algorithm increases as
σ increases, because when σ increases, the probability of the vehicle terminal requesting
the content increases and the frequency of replacement of the requested content by the
MEC server node is reduced. Therefore, the hit rate raises. Compared with several other
advanced algorithms, the new collaborative cache optimization algorithm proposed in this
paper makes the hot content stay in the cache for a longer time to increase the cache hit
rate through the collaborative cache between the MEC servers.
It can be seen from Figure 9 that the average buﬀer delay of each algorithm increases
with decreasing of parameter σ of Zipf. Because the parameter σ increases, then the
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Figure 8. Comparison of cache hit ratios of diﬀerent cache algorithms

Figure 9. Comparison of cache delay between diﬀerent cache algorithms
probability of the vehicle terminal requesting the same content raises. The corresponding
content may be obtained directly from the local server node MEC, reducing transmission
delay and link cost center incurred when acquiring content from the cloud content center.
Compared with several other advanced algorithms, the new collaborative cache optimization algorithm enriches the content of the type of the entire cache system and reduces
delay through cooperative caching.
6. Conclusion. This paper studies the cache resource allocation strategy based on edge
cloud network in urban intersection scenarios, and models and analyzes the problem.
Then, the link minimum cost cooperative cache algorithm based on Cournot game fully
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considers the practical factors such as transmission cost, distribution of vehicle driving
directions and delay. It obtains a better cache resource allocation strategy. In the simulation analysis, the paper uses LSTM network to analyze and predict the driving trajectory
of real vehicles ﬁrstly. Based on the prediction results, the paper simulates and compares
the performance of the proposed strategy and some benchmark strategies. The results
show that the proposed strategy can obtain the highest beneﬁts under diﬀerent prediction
accuracy and the number of caches.
However, due to the limitations of experimental scenarios and conditions, the resource
optimization algorithms proposed in this paper have only analyzed performance through
simulation of the scenario of IoV and the experiments have not been performed in real
and complex scenarios. Experimental conditions in all aspects have been idealized or
approximated. The object of this paper, that is, the particularity of the layered cloud
architecture of the IoV, has no feasible and easy-to-use equipment for actual testing at this
stage. Therefore, the performance veriﬁcation of this paper does not have a measurement
basis and it is diﬃcult to verify the performance in actual scenarios. It can only be
simulated through simulation. In future research, we also need to design, optimize and
verify the algorithm for real and complex scenarios.
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