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Abstract. Each generation of communication technology has a subver-
sion, 5G will have a greater bandwidth, high carrier frequency, extreme
base station and device densities, especially in vehicular network. Mobil-
ity models play a pivotal role in vehicular network, especially for routing
policy evaluation. Relying on big data technology, the big data aided
vehicle mobility analysis and design gets a lot of attentions. In this paper,
we commerce with introducing the data set, i.e., a big GPS data set in
Beijing. Then, a novel vehicle and location collaborative mobility scheme
is proposed relying the GPS data set. We evaluate its performance based
on degree distribution, duration distribution and interval time distribu-
tion. Our works may help the mobility design in vehicular networks.
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1 Introduction

Each generation of communication technology has a subversion, 5G will have a
greater bandwidth, high carrier frequency and extreme base station and device
densities, especially in vehicular network [4,6]. The growing number of vehicles
and the peoples in city, resulting in traffic congestion and automobile exhaust,
which greatly reduces people’s life travel experience. To address these issue, many
schemes have been proposed, and intelligent transportation system (ITS) is one
of them. Thanks to the accumulation of vehicle data and the maturer big data
technology, such as parallel computing, machine learning and deep learning, the
vehicular network analysis and design based on big data has got more and more
attention.

As we all known, vehicular network is a dynamic network [1,5,8]. Therefore,
the mobility models are of great importance for evaluating the performance of
upper-layer protocol, and incorrect mobility model even lead to wrong conclu-
sions. In present stage, GPS data for the analysis of the mobility model has
got widespread concern. For vehicular network, mobility models can be roughly
divided into four categories [1]: synthetic models, survey-based models, traffic
simulator-based models and the trace-based models. Synthetic models, which
is based on mathematical models, is capable of reflecting a realistic physical

© ICST Institute for Computer Sciences, Social Informatics and Telecommunications Engineering 2018
K. Long et al. (Eds.): 5GWN 2017, LNICST 211, pp. 238-245, 2018.
https://doi.org/10.1007/978-3-319-72823-0_23



Big Data-Driven Vehicle Mobility Analysis and Design for 5G 239

effect, such as random way point [7] and weighted waypoint model [9]. Sur-
vey based Models get the models property by surveys, and the agenda-based
mobility model [11] is a typical example. And the traffic simulator-based mod-
els is obviously, which are generated form traffic simulator, such as SUMO [13],
VISSIM [14] and TraNS [15]. And the big data contributes to the trace-based
models [16].

In fact, the big data for mobility model analysis is not limited in the race-
based models. Specifically, the model based on social network belong to the
first category [1-3,10,12,18]. Gonzalez et al. [17] analyzed the data collected
tracing mobile phone users, and found that most people traveled around their
familiar place. Song et al. [18] analyzed the distribution of time interval, i.e.,
how much time a user stayed at a location, and found the a truncated power law
distribution. Based on real trajectory data, Musolesi et al. [19] modeled social
relationships by interaction matrix, and the value of matrix elements represented
the relationship between the two users.

Relying on the vehicle GPS data, we conduct the relevant research and our
original contributions are as follows:

— Mobility model design: Inspired form the recommended system, we proposed
three novel vehicular mobility models, which approximates real data and is
easy to interpret.

— Real-world dataset evaluation: Relying on the vehicle GPS data in Beijing,
we evaluate our scheme.

The remainders of this article are outlined as follows. In Sect. 2, we intro-
duce the mobility models and relevant indicators. Section 3 establishes the per-
formance comparison in degree distribution, duration distribution and interval
time distribution, followed by the conclusion in Sect. 4.

2 System Model

In this section, we commerce with introducing the mobility model designed in
Sect. 2.1. Then, in Sect. 2.2, we specify the evaluating indicator, which is utilized
for mobility scheme comparison in this paper.

2.1 Mobility Model

We first need to explain the reasons for introducing social attributes. For a
specific vehicle, we plot all positions in the given time zone. The corresponding
results are presented in the Fig. 1.

As can be seen from the diagram, the driver has a preference for position. And
this property is a traditional random walk mobility model can not be reflected.

Typical social features based mobility model need a interaction matrix, i.e.,
R, to reflect the relationship between two vehicles or a vehicle to a location. In
this paper, we also consider the distance martrix, i.e., D. And the relationship
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Fig. 1. Moving track of a vehicle.

and the distance of ¢ and j is represented by R;; and D;;. The movement of
vehicle could be modeled by the Markov process, which can be defined as:

__ RiyDy
> i1 RijDij

Based on the different definitions of social properties in R, the related solu-
tions include the random initialization scheme (RIS), the global critical location
assessment scheme (GCLAS) and the personalized important location assess-
ment scheme (PCLAS).

Specifically, if the values in R are random given, then the random initializa-
tion scheme are achieved. In the random initialization scheme (RIS), the R;; is
given by:

Qij (1)

R;; = rand(1), (2)

where rand(1) means a random number between 0 and 1.
Based on the global critical location assessment, i.e., the probability of each
site being accessed is proportional to its frequency, we get the global critical loca~
tion assessment scheme. In global critical location assessment scheme (GCLAS),
the R;; is given by:
> > transit;;
vt
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v ot ok

where v reflects a vehicle, ¢ means a specific time and k denotes any position
that connects with position 4.

Considering the individual characteristics of the vehicle, we evaluate the
importance of the location based on the specific vehicle history data, which lead
to the personalized important location assessment scheme. In the personalized
important location assessment scheme (PCLAS), the R;; is given by:

Ri; (3)
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And the Q;; should be modified as follows:

@t = < fuD 5)
v Y RE D,

Besides, we adopt the real track data, simplified trajectory data and random
walk as a comprising. Specifically, we map the real track data (RTD) into a 25%25
grid network, then we get the simplified trajectory data (STD). The mobility in
random walk scheme (RWS) assumes all the vehicles’ movements are random.

2.2 Evaluating Indicator

Specifically, VANETS can be viewed as a time variant graph G = (No, E, 7, p).
Vehicles compose the entity in No set and the relationship between them is the F
set. In this paper, the relationship represents a communication link. In dynamic
network, this relationship may chance over time, so T' represents the survival
time and T represents the time domain, which satisty T C 7. p: Ex7T — {0,1}
indicates survival function, which reflects whether a given edge exists at a given
time slot. For time vary graph, there are two important parameters, the duration
of the connection and the length of time interval. In other words

— the duration of the connection: starting from the entity 7 and entity j con-
nection, to the first break time point, p;;(7') = 1 was established in this time
range;

— the length of time interval: starting from the entity 7 and entity j break, to
the first connection time point, p;;(T') = 0 was established in this time range.

And these two parameters will be utilized later to evaluate our mobility
model.

3 Scheme Comparison

In this section, we conduct some simulation analysis on mobility models on
the vehicular networks relying on the dataset introduced in Subsect.3.1. We
consider three typical indicators, i.e., degree distribution, duration distribution
and interval time distribution, in mobility model assessment. And the relevant
results and analysis are presented in Sects. 3.2, 3.3 and 3.4, respectively.

3.1 Dataset Analysis

This dataset records around ten thousand vehicles” GPS data in Beijing. For
each vehicle, the travel track of the vehicle is recorded for several days.

And the Fig. 2 depicts the whole vehicle distribution in a specific time. This
figure is not only a good reflection of the spatial distribution of vehicles, while
reflecting the characteristics of Beijing’s road network structure, i.e., the grid
network topology.
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Fig. 2. System model.

3.2 Degree Distribution Comparison

In this subsection, we evaluate the mobility models based on degree distribution.
Actually, the degree distribution is a very vital indicator in complex network,
especially in distinguishing network types.

Based on the above five mobility schemes specified in Sect. 3.2 and the real
data, we plot their degree distribution in Fig. 3. From the results, we can easily
find that the real data network shows the characteristics of scale-free. However,
both the simplified trajectory data and other four mobility schemes are more
like a Gaussian distribution network.

3.3 Duration Comparison

In network communication field, we may pay more attention to the latter two
indicators. So in this section, we explore their performance in duration distribu-
tion.

The Fig. 4 represents their comparison in duration distribution. In addition
to the simplified trajectory data being closer to the real data, the other four
schemes converge. As can be seen from the local magnification in Fig. 4, although
the latter four programs close to each other, GCLAS and PCLAS is closer to
the real data.

3.4 Interval Time Comparison

Similarly, in this section we explore their performance in interval time distribu-
tion.

The results are revealed in Fig. 5. We can see that the GCLAS and PCLAS
scheme is closer to the simplified trajectory data, which can verify its superiority.
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Fig. 5. Interval time comparison

4 Conclusion

To sum, inspired by user to product collaboration scheme in the recommended
system, we propose the corresponding vehicle to location collaboration scheme
in vehicular network. Based on degree distribution comparison, duration distri-
bution comparison and interval time distribution comparison, the performances
of the vehicle to location collaboration scheme are verified.
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