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Abstract Internet-of-Vehicles (IoV) plays an important part of Intelligent
Transportation Systems, and is widely regarded as one of the most strategic
applications in smart cities development. Next generation wireless network
is especially crucial for meeting the connectivity and bandwidth demands of
IoVs. Smart spectrum resource management has received much attention of the
research community as it is believed to be a promising approach for solving the
spectrum resource challenge of IoV and Intelligent Transportation Systems. In
this article, we propose a smart spectrum optimization technique based on a
deep learning method for user mobility prediction. For this purpose, based on
the Exploration and Preferential Return (EPR) model which can be used to
investigate the movement trend and aggregation behavior of the target, we
adopt the D-Exploration and Preferential Return (D-EPR) model as a deep
learning technique to train a Long-Short Term Memory (LSTM) recurrent
neural network (RNN) in order to predict the future locations of IoV nodes.
With predicted user’s mobility, a graph theoretic algorithm is then applied to
achieve spectrum reuse and optimization. Besides, our proposed deep-learning-
based user mobility prediction is able to identify the user position. This paper
then compares the performances of mobility prediction by traditional method
and our proposal. The outcomes of spectrum efficiency and network capacity
are also provided to show the effectiveness of the proposed solution.
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1 Introduction

Internet-of-Vehicles (IoV) play an important part of Intelligent Transportation
Systems, and is widely regarded as one of the most strategic applications
in smart cities development. Due to their heavy demand for communication
bandwidth while travelling in high speed, next generation wireless networks are
especially crucial for meeting the connectivity and bandwidth requirements of
IoVs. For these reasons, IoV has become one of the most significant application
scenario for next generation networks such as 5G [1]-[4]. In a typical intelligent
transportation system, by deploying LTE-V or IEEE 802. 11p technology,
vehicles can communicate with infrastructures (V2I), other vehicles (V2V)
and even pedestrians. Besides, the on-board unit (OBU) deployed in smart
vehicles also provide storage and computing capabilities for the vehicle to
perform intelligent processing for safe navigation and routing, and even to
serve as mobile edge nodes [5]-[8].

From the perspective of the wireless network, IoVs can be considered com-
munication terminals or mobile computing devices. With the rapid develop-
ment of IoV in recent years, many new techniques such as edge computing
and cloud computing have been developed to enhance IoV by addressing the
issues of time delay or energy efficiency [9]-[12]. When the number of IoV ter-
minals proliferates with the development of 5G, the demand for wireless spec-
trum resource will continue to grow in a drastic manner, hence the challenges
of optimizing spectrum resource has received much attention of the research
community [13]-[16]. Besides, in a typical urban environment, the vehicular
density in highly dynamic and heterogeneous with certain area in much higher
density than some other areas at different times of the day. Hence, smart spec-
trum resource management is a key challenge that need to be tackled. In this
connection, many techniques such as cognitive radio, dynamic spectrum shar-
ing and cloud radio access networks (CRAN) have been widely investigated to
enhance spectrum efficiency from various aspects [17]-[21].

One important direction in smart spectrum resource management is to ex-
plore the mobility characteristics of communication terminals. In the case of
IoV, this is highly dependent on the travelling habit of IoV users, hence it will
be useful to analyze IoV mobility data, identify the commuting patterns and,
based on which, predict the movement and density of IoVs in order to optimize
spectrum resource allocation in response to real world situations efficiently. For
IoV, with its frequently changing network topology, a new approach to such
analysis is needed in that traditional transmission mode or protocol designed
for the static or low-speed scenarios cannot be applied effectively. In [22], a
routing protocol for vehicular Ad Hoc networks based on terminal mobility
analysis and prediction has been designed. A significant goal for this proposal
is to cut the number of the usage of road beacon which is more practical for
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Fig. 1 IoV in smart city

IoV. Many researches have been conducted to evaluate the impacts on link
performance and transmission capacity by various vehicular mobility charac-
teristics including the uniform, normal, fixed moving speeds [23]-[26]. Many
mathematical prediction methods or theories have been deployed in IoV or
Internet of Things to predict flow or network changes [27]-[30]. In [27], a dy-
namic prediction method for vehicle to vehicle link duration in urban vehicular
ad hoc networks was proposed in which a novel model for dynamically predict
link duration was designed to adapt to the change of relative distance between
two vehicles. In [28], a cognitive carrier resource optimization for IoV in 5G-
enhanced smart cities was proposed wherein a concept of virtual networks was
raised and the carriers in various cells can be centrally managed in CRAN
networks. A user movement prediction was designed based on a traditional
prediction model.

In this paper, a dynamic spectrum optimization method for IoV is proposed
based on the deep-learning-oriented user moving prediction. To enhance the
prediction precision of IoV terminal’s moving, we introduce the D-Exploration
and Preferential Return (EPR) model to train a Long-Short Term Memory
(LSTM) recurrent neural network (RNN) to predict the future locations of
IoV nodes. Unlike traditional EPR-model-based moving prediction in mobile
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networks, we define a novel formula to use user moving data to represent
the probability of a node going to another location at one location. Then,
these probability values are sorted, and the two largest probability values and
their corresponding positions are selected as part of the feature dimensions.
The previous location and the dwell time of each history movement are also
taken into consideration as feature dimensions. Based on the user mobility
prediction, we further use the graph theory to complete the final spectrum
optimization in IoV.

The main contributions of this paper can be highlighted as:

– A mobility-prediction-based dynamic spectrum optimization is proposed
in this paper to enhance the energy efficiency for IoV.

– A deep-learning-oriented solution is designed to improve the prediction
precision of IoV terminal’s movement.

– Based on the future position of numerous of IoV terminals in dynamic IoV
networks, the graph theory is utilized to perform the spectrum reuse and
optimize the spectrum resource.

– Numerical results are provided containing the performances of user moving
prediction and spectrum efficiency in our proposed method.

The rest of this article is organized as follows. A system model of IoV
framework is presented firstly. Then, we propose a deep-learning-based mo-
bility prediction method and a corresponding spectrum optimization solution
with graph theory is raised in Section III. Besides, in Section IV, numerical
results are provided to evaluate the performances of the proposed method in
terms of user position prediction and spectrum efficiency. At last, we conclude
this paper in Section V.

2 System Model

In this paper, we consider a traditional IoV model wherein multiple cells and
numerous of IoV terminals coexist as shown in Fig. 1. Furthermore, essen-
tial edge computing and caching have been applied to enhance network per-
formances and reduce time delay. In this circumstance, we focus on how to
improve the spectrum efficiency in IoV when the IoV users are moving in pre-
dictable style as shown in Fig. 2. When IoV users’ periodic movements occur,
how to manage the carriers among various cells and allocate specific channels
to each terminals deserve full investigations. In this work, we mainly discuss
the spectrum allocation for numbers of moving terminals.

3 Mobility Prediction and Spectrum Optimization

This paper is based on the D-Exploration and Preferential Return (EPR)
model to train a Long-Short Term Memory (LSTM) recurrent neural network
(RNN) to predict the future locations of nodes in the Internet of Things (IoT).
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Fig. 2 Users’ periodic movements in multi-cells

We first input the historical data of the nodes and record the visits number
of the nodes to each location, the location of the nodes at each moment, time
slots of the nodes in each location and the geographical distance between each
location respectively. The number of times a node visits each point in history
and the distance between two points are of great significance to the possible
movement of the node at the next location. Thus, we define a formula to use
these data to represent the probability of a node going to another location at
one location. Then, these probability values are sorted, and the two largest
probability values and their corresponding positions are selected as part of the
feature dimensions. The previous location and the dwell time of each history
movement are also taken into consideration as feature dimensions. After that,
the processed information is organized as a sequence of LSTM neural network
inputs to perform the prediction of future location. The whole framework can
be divided into two phases, namely the data pre-processing phase and the
model training phase. And we introduce the process and details of two phases
in Section A and Section B.

A. Data Pre-processing Phase

The EPR model investigates the movement trend and aggregation behav-
ior of the target, and the D-EPR movement model is built on the basis, which
counts the frequency of nodes’ visited locations. In the process of node move-
ment, there are obvious differences in the frequency of each node for different
visited locations, for example, many nodes visit few places, so that the up-
coming locations can be predicted based on the visited time and location.

When analyzing and predicting the historical node movement data, an
essential factor is to determine the important locations for the nodes based
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on the historical data, which are also the locations frequently visited by the
nodes. Analyzing the nodes movement process can lead to many patterns of
the movement. For example, the dwell time slots of the node at each position,
the order of the visited positions. Thus, we define the important position of
each node in two aspects, which are the visits number of the node to each
position and the time slots the node stays in each position. For each node, if
the visited locations have a strong regularity, then we can find out the periodic
pattern of node location visits according the location with high number of
visits. However, the visited location of nodes does not always show regularity
and periodicity. Usually, the visited locations of many nodes do not repeat too
many times. Thus, the probability value function for a location to go to any
location is defined, which can be given as

Pr(uj) =
rj

nd2n1,n2
(1)

where uj denotes the nodes, dn1,n2 denotes the geographical distance between
the current node position n1 and the next position n2, n denotes the normal-
ization constants. rj is the correlation between node visited locations, which
we describe as the total visited number of a node for that location in historical
data. And the dn1,n2 can be expressed as

dn1,n2 =
√

(x1 − x2)2 + (y1 − y2)2 (2)

where x1, x2, y1, y2 are the coordinates of the geographic locations. Then, we
sort the obtained probability value of each location going to any other location.
Considering the computational power of edge nodes is limited, we select the
highest two probability values and their corresponding positions as part of the
input features of the LSTM model training in next phase.

Moreover, due to the dwell time slot and the previous location coordinates
are closely related to the movement of the nodes, we also take these two as
part of the input sequence. Therefore, the input sequence Ij can be defined
as Ij = [lprevj , sj , lj , P rj , l

′
j , P r′j ], where l

prev
j denotes the previous position

coordinates, sj denotes the dwell time. lj , Prj , l
′
j and Pr′j express the first and

second probability values of the position probability and their corresponding
position coordinates respectively.

B. Model Training Phase

RNNs incorporate the concept of time in the network structure, making
them dedicated to process data from time series, but if the sequences are
too long, the problem of vanishing gradients can occur during optimization.
To solve this problem, this paper users LSTM network as a variant of RNN.
Based on RNN structure, forget gate, input gate and output gate are added to
the hidden layer memory cell of the network, which not only solves the problem
of vanishing gradients, but also effectively improves the network’s ability to
handle long-term related tasks. The structure of the LSTM memory cell is
shown in Fig. 3. And the operation process of each unit can be expressed by
the following formulas
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Fig. 3 Structure of LSTM memory cell















































ft = σ(Wf · [ht−1, xt] + bf )
it = σ(Wi · [ht−1, xt] + bi)

C̃t = tanh(Wc · [ht−1, xt] + bC)

Ct = ft · Ct−1 + it · C̃t

ot = σ(Wo · [ht−1,xt
+ bo])

ht = ot · tanh(Ct)

tanh(x) = ex−e−x

ex+e−x

σ(x) = 1

1+e−x

(3)

where ft is the forget gate, which selectively filters out some useless things in
learning based on the output of the last time. it and C̃t constitute the input
gate to select which information will be added to the cell. Ct is used to update
the state of the cell. ot and ht form the output gate, determining the output
information. Wf , Wi, Wc and Wo are the weights of each gate. And bf , bi, bC ,
bo are the bias respectively. The input sequence obtained from the previous
stage is passed into the LSTM network to predict the future location of the
node.

The objective of the model training is to predict the future node location
according to the historical data. We use the mean square error (MSE) function
as the loss function which can be expressed as

MSE =

∑n

i=1
(y′i − yi)

2

n
(4)

where y′i and yi are the prediction data and truth data respectively for sample
i. The training achieves the purpose of gradually optimizing the model by
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Fig. 4 LSTM model training process

iteratively minimizing the loss function. The LSTM model training process
is as shown in Fig. 4 and the algorithm structure is given in Algorithm 1 as
below.

Algorithm 1 Local Model Training Process
1: Input: the location of the node history visit
2: dwell time of each location
3: Output: possible next location for the node to go
4: Get the distance of each location to other locations based on (2).
5: Get the probability of the node going to other locations at each location based on (1).
6: Rank the probability of that node going to other locations at each location.
7: The first and second ranked positions and the corresponding probabilities are obtained,

and a feature sequence is formed with the dwell time at the position and the previous
position.

8: Store feature sequences in historical memory.
9: Update the prediction of the next position by LSTM model.

C. Graph-Theory-Based Spectrum Optimization

When using graph theory to perform the spectrum reuse in dynamic spec-
trum access circumstance, identifying the mobile user’s position is a key which
serves as the basis for interference range as shown in Fig. 5. In Fig. 5, we can
obtain that the same spectrum band can be reused if the interference range
does not overlap. In this case, we should figure out the user’s transmit power
and location.

Suppose there are N IoV users who are competing to use M available
channels. The spectrum matrix and utility matrix can be ascertained by the
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Fig. 5 Graph theoretic analysis

positions of licensed users and common users who wish to dynamically access
the spectrum. The available spectrum matrix L = {ln,m|ln,m ∈ {0, 1}}N×M

is a matrix with N rows and M columns, representing the spectrum interfer-
ence. If ln,m = 1, it shows this channel m can be used by user n. Otherwise,
ln,m = 0, the channel cannot be occupied by user n. ln,m can be ascertained
by the following: If ds(n,m) < dmin, then ln,m = 1, otherwise ln,m = 0,
wherein ds(n,m) = Dist(n, x)−dp(x,m). x denotes the communicating range
for channel m with radius dp(x,m). Dist(n, x) denotes the distance between
user n and x. Thus, we can clearly achieve that it is critical to grab the posi-
tion information for IoV users when using graph theory in dynamic spectrum
optimization. In this case, we firstly design a mobility prediction method, then
utilize the graph theory to complete the final resource allocation.

In this paper, we adopt three kinds of graph-theory-based solutions to
optimize the spectrum in IoV as below.

1. Max-Sum-Reward (MSR) method, the utility function can be given as

UMSR(R) =
N
∑

n=1

rn =
N
∑

n=1

M
∑

m=1

an,mbn,m (5)

where bn,m = ds(n,m)2 and we have ln,m = 0 ⇒ bn,m = 0. If the IoV systems
allocate channel m to user n, then an,m = 1. In this utility function, the
ultimate goal is to purse the maximal network capacity without considering
the fairness among various IoV users.
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2. Max-Min-Reward (MMR) method, the utility function can be defined
as

UNMR(R) = min
1≤n≤N

rn = min
1≤n≤N

M
∑

m=1

an,mbn,m (6)

3. Max-Proportional-Fair (MPF) method, the utility function can be de-
fined as

UMPF (R) =
N
∑

n=1

log(rn) =
N
∑

n=1

log(
M
∑

m=1

an,mbn,m) (7)

In graph-theory-oriented spectrum optimization technology, the basic meth-
ods are MSR and MPF solutions. For MSR method, the overall network ca-
pacity can be achieved without consideration of user fairness. As a result,
part of the users will obtain most of the available channels which the others
cannot have the idle spectrum resource. If the systems want to balance the
various users’ demands, the MPF method should be taken into account which
will reduce the channel variance to make every user having the chance to use
spectrum.

Besides, in graph-theory-based technical solution, the labeling rule (LR)
is also often used to optimize the spectrum allocation in which the labeling
number denotes the value of the points in the graph. The points represent the
mobile users. The labeling number depends on the allocation target and utility
design, and every labeling responds to one kind of color. To achieve different
goals, various network utility functions can be utilized.

The collaborative-Max-Min-Reward (CMMR) method can be given as

colorn = arg max
m∈ln

bn,m

Dn,m + 1
(8)

where Dn,m denotes the number of the users interfering with user n at channel
m.

The Non-Collaborative-Max-Min-Reward (NMMR) method can be expressed
as

labeln = −
M
∑

m=1

an,mbn,m (9)

colorn = arg max
m∈ln

bn,m (10)

The Collaborative-Max-Sum-Reward (CMSR) rule can be expressed as

labeln = max
m∈ln

bn,m

Dn,m + 1
(11)

where ln denotes the available channel set for user n. CMSR rule takes into
account the maximal network utility for the whole systems and balances the
interferences with the adjacent users. The CMSR method needs the coopera-
tion of different users.
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Fig. 6 Node history location

The Non-Collaborative-Max-Sum-Reward (NMSR) rule can be expressed
as

labeln = −

M
∑

m=1n

bn,m (12)

colorn = arg max
m∈ln

bn,m (13)

The NMSE rule considers to increase the whole network utility for the
systems without the burden of the interference to the adjacent users. Therefore,
this rule is non-cooperative method.

4 Numerical Results

In this section, we conduct the simulation to show the proposed framework’s
accuracy in predicting node location and its performance with some changing
factors. We predict the mobility of one node, assuming that its access position
is in the 10 × 10 rectangular coordinate system and its dwell time slot sj ∈
[1, 10]. Then randomly generate its position and dwell time slot.

In Fig. 6 and Fig. 7, we set the length of the input sequence to 20. Fig. 6 is
the node’ history location and Fig. 7 is the prediction location of the node. It
can be seen that the performance is good, and the accuracy reaches 85− 90%.
Fig. 8 presents the model’s decrease of MSE with the increase of iteration
times during training. We can see that the loss function of the model tends to
be stable after about 150 iterations.
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Fig. 7 Node prediction location

In Fig. 9, we compared the performance of different memory history se-
quence lengths in predicting node location under different hidden state sizes of
the model. And we set the memory history sequence length to [50, 100, 150, 200]
and the hidden size to [2, 4, 8, 16, 32, 64]. With the increase of the input se-
quence length, the accuracy of node location predicted by the model with low
hidden size decreases significantly, while the accurate value of high hidden size
is still stable at a high level, which shows that the increase of hidden size is
conducive to the training of models with long input sequences. However, the
increase of hidden size also means the increase of model training complexity.
Thus, it is necessary to select the appropriate hidden size according to different
history length.

The simulation of the node dwell time’s effect on the model’s prediction
is performed in Fig. 10. A parameter τ is given to set a random increase
or decrease of the dwell time for the node. We define changed dwell time as
s′j = sj + τ × q, where q is a random time slot in [−1, 1]. It is found that due
to the change of dwell time, the pattern of node movement also changes. And
thus, the accuracy of the model prediction decreases.

Considering the effect of node’s location distribution mechanism on model
prediction, we compare the accuracy of model prediction under three distri-
bution mechanisms, namely passion distribution, normal distribution and ran-
dom distribution in Fig. 11. To make the simulation closer to reality, the dwell
time parameter τ is set to 0.2. We can see that the accuracy of the model’s
prediction is higher under the normal and passion distribution mechanisms
compared to the random distribution mechanism. This is due to the fact that
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Fig. 8 The training loss of the model

nodes visit some locations more often than others, and the variance between
location visit is larger, then the prediction accuracy is improved in such cases.

In Fig. 12, We compare the position prediction performance of the proposed
scheme and the D-EPR approach without deep learning. As the history records
increase, the accuracy of the D-EPR model is consistently 15 to 20 percent
lower than that of the proposed scheme. This is because in the mechanism of
random distribution, as the history visit records increase, the gap in the num-
ber of times a node visits other points at each location becomes smaller, and
subsequently the gap in the probability value Pr of going to certain location
at that location becomes larger by the distance between two locations, while
the proposed scheme is more flexible through regular of deep learning, which
is more flexible and thus makes the accuracy higher.

In Fig. 13, the network utilities with changing user number have been pro-
vided where Mg = 10 denotes the available channel number is 10 in greedy
algorithm, and Mf = 15 denotes the channel number is 15 in fairness algo-
rithm. It can be obtained from Fig. 13 that the network utility will decrease
with the increasing user number which means the excessive load will harm the
network performances. Besides, in Fig. 13, the greedy algorithm can achieve
more network utility due to its given objective. In Fig. 14, the variances of
greedy algorithm and fairness algorithm have been shown. It is obvious that
the fairness algorithm can balance the utilities for various mobile users.

In Fig. 15, the performances of two kinds of common-used labeling method
for spectrum optimization are given. As shown in Fig. 15, the outcomes of
labeling-based spectrum reuse outperform that of the random spectrum allo-
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Fig. 9 The effect of the hidden layer size of the model on the prediction accuracy under
different memory histories

Fig. 10 Impact of node dwell time variation on prediction accuracy
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Fig. 11 Prediction accuracy under different node history distribution Mechanisms

Fig. 12 Comparison of prediction accuracy between the proposed scheme and D-EPR with-
out deep learning
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Fig. 13 Network utility for greedy and fairness algorithms

cation. Thus, it can be concluded that effective spectrum reuse can obviously
improve the spectrum efficiency. Besides, compared with the NMMR method
which does not require the collaboration among various IoV users, the CMMR
method can achieve better performance.

5 Conclusions

In this paper, we a dynamic spectrum optimization method for IoV based on
the user mobility prediction. The main contribution of this paper lies in that we
introduce the deep-learning-oriented solution to refine the IoV users’ moving
rules which serve as the basis for graph-theory-based spectrum optimization
in IoV. Compared with the traditional movement prediction solutions, our
proposed method can reach more ideal accuracy. In specific, we adopted the
D-Exploration and Preferential Return (EPR) model to train a Long-Short
Term Memory (LSTM) recurrent neural network (RNN) to predict the future
locations of IoV nodes. Unlike traditional EPR-model-based moving predic-
tion in mobile networks, we define a novel formula to use user moving data
to represent the probability of a node going to another location at one loca-
tion. Besides, based on the mobility prediction, we further use graph theory
to complete the spectrum optimization in IoV. Numerical results including
the outcomes of mobility predictions and spectrum optimization have been
provided.
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