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Abstract. Improving the user peak rate in hot-spots is one of the origi-
nal intention of design for 5G networks. The cell radius shall be reduced
to admit less users in a single cell with the given cell peak rate, namely
Hyper-Dense Networks (HDN). Therefore, the feature extraction of the
node trajectories will greatly facilitate the development of optimal algo-
rithms for radio resource management in HDN. This paper presents a
data mining of the raw GPS trajectories from the urban operating vehi-
cles in the city of Shenzhen. As the widely recognized three features of
human traces, the self-similarity, hot-spots and long-tails are evaluated.
Mining results show that the vehicles to serve the daily trip of human in
the city always take a short travel and activate in several hot-spots, but
roaming randomly. However, the vehicles to serve the goods are showing
the opposite characteristics.

Keywords: Trajectory mining + Vehicle mobility - Hyper-dense
networks

1 Introduction

With the development of network and microelectronics technology in the past
decades, the network world has gradually expanded its connection between peo-
ple and things as well as between things from that between people. By 2025,
the Internet of Things (IoT) will have more than 55 billion connections, the
report said. The explosive growth of IoT expands the connectivity of the network
and the way of data exchange, such as portable electronic equipment, household
appliances, vehicles and manufacturing devices, and a series of integrated devices
including electronics, software, sensors, drivers and networks. From consumer
wearable devices to industrial production devices, these networked devices can
sense environmental information, be controlled remotely, make decisions and take

Sponsored by the Young Innovative Project from Guangdong Province of China (No.
2018KQNCX403) and the Teaching Reform Project from Shenzhen Technology Uni-
versity (No. 2018105101002).

© ICST Institute for Computer Sciences, Social Informatics and Telecommunications Engineering 2020
Published by Springer Nature Switzerland AG 2020. All Rights Reserved

X. Wang et al. (Eds.): 6GN 2020, LNICST 337, pp. 207-217, 2020.
https://doi.org/10.1007/978-3-030-63941-9_15


http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-030-63941-9_15&domain=pdf
http://orcid.org/0000-0003-0019-9761
https://doi.org/10.1007/978-3-030-63941-9_15

208 L. Ning et al.

actions by themselves; however, the number of users and their business requests
are unevenly distributed in the network. Especially in the era of IoT, a large num-
ber of business requests are initiated in hot area collectively including indoor,
business center, stadium, factory, farm and other node-intensive areas. Mean-
while, the business type of voice-intensive is changing to that of data-intensive
and connection-intensive.

In order to meet the above requirements, in the fifth generation mobile com-
munication technology (5G), its performance design index not only has high-
speed rate, low delay and large connection, but also proposes the concept of
hyper dense networking for hot areas, that is, improving the cell capacity per
unit area under the condition of mixed multiple network systems. Due to the
cellular characteristics of mobile networks, there are three technologies mainly
to improve cell capacity as follows, increasing spectrum resources, improving
wireless link performance and enhancing cell density respectively.

Hybrid Networking technology, as the multiple networks deployed in the same
area, provides multi-mode terminals to select appropriate network access accord-
ing to business needs and network status; Large Scale MIMO and New Multi-
ple Access technology is to improve the wireless link performance in vertical
space; while Small Cell technology improves the spectral efficiency in horizon-
tal space by increasing the cell density in specific area [23]. In hot area, user’s
mobile behavior under the multiple and hyper dense deployment network greatly
increases the difficulty for the network to guarantee the user service experience
[22]. User’s mobile behavior evolution under multiple networks cooperation is
closely related to the development of hyper dense network technology, therefore,
user’s mobile behavior will significantly affect the data bearing distribution of
different networks, as well as affect the overall performance and user experience
of the network.

With the integrated development of IoT and wireless access technology, user’s
behavior in the network is complex and changeable, because its accessing users
are no longer limited to human portable devices, but also include animals with
sensors and communication devices, as well as machines with autonomous mobile
functions. As the result, analyzing the characteristics of user’s mobile trajectory
under the hyper dense network, is helpful to optimize the network performance
and promote the development of network technology for intelligent manufactur-
ing and interconnection of all things [24].

Recently, Feng et al. [5] summarizes a survey on trajectory data mining,
including main techniques and applications, which a wide spectrum of applica-
tions is driven by trajectory data mining, such as path discovery [3,4,10-12,18],
movement behavior analysis [1,6,15,19], group behavior analysis [14], urban ser-
vice [9,20,21] and so on.

Some of researches focus on human behavior analysis based on raw trajec-
tory data, to understand people’s real demand for transportation, driving pref-
erences, extracting mobility behavioral patterns, which can be used to enhance
utilization efficiency of public transportation [10], improve quality of user sat-
isfaction [4], understand behavior of people moved in geographical context [15].
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Moreover, another work [6] explores individual human mobility patterns by
studying a large number of anonymous position data from mobile phone users
and reveals a high degree of temporal and spatial regularity in human trajec-
tories. While others focus on unhuman behavior analysis based on raw trajec-
tory data, they believe that knowledge discovered with trajectory data mining
techniques helps to improve quality of life in urban areas from several aspects
[8,9,20,21]. Yuan et al. [21] address a problem of discovering regions of different
functions in a city based on a large scale of trajectory data. Liu et al. [9] address
a problem of map inference in a practical setting through inferring road maps
from large-scale GPS traces. Especially, the vehicles behavior analysis based
on trajectory data are of great importance in unhuman field, which abstract
more attention. iPark in the literature of Yang et al.[20] aims to enable park-
ing information, i.e., annotating an existing map with parking zones based on
trajectory data of vehicles. Through analyzing a large scale of trajectory data
collected from electronic vehicles, Li et al. [8] address that how to strategically
deploy charging stations and charging points so that minimizing average time to
the nearest charging station and average waiting time for an available charging
point. Lee et al. [7] collected real users’ data through Garmin-GPS-60CSx hand-
held terminal in the North American environment. Based on a large number
of measured data collected above, a comprehensive moving model reflecting the
characteristics of data samples is proposed. In such researches, real data plays
more and more important role, and comparing with the researches on human
behavior analysis. Thus, in this paper, the urban operating vehicles data will
be used as the raw trajectories to mining and analyzing its characteristics and
patterns and draw some conclusion, which will do some contribution for future
modeling as well as network performance optimization. At the same time, user’s
mobile behavior tends to study the implicit constraints beyond the time and
space information in user’s mobile trajectory, in raw GPS trajectories from the
urban operating vehicles data, there are many kinds of users in the network and
their behaviors are complex and changeable. It is of great theoretical value and
practical significance for the network performance optimization and intelligent
deployment of IoT to study the mobile behavior characteristics of multiple types
of users under the IoT and hyper dense network.

2 Trajectory Data Description

In this paper, the raw GPS data is published from Shenzhen Transportation
Bureau. The trajectories contain 113,503 entries in a single day from the urban
operating vehicles up to five types with the number of 29,218. This big data
are gathered from 12:00 am, Oct. 08, 2018 to 11:59 pm Oct. 14, 2018 in the
local time. The number of raw GPS coordinates in one typical trajectory is
295,966,347. For example, in Fig. 1, it shows the heap map of a random selected
trajectory of the vehicle, which mainly take the activities around the central
part ot the city.

In the following part, the basic definitions which are used throughout the
paper are introduced for data descriptions.
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Fig. 1. The heap map of a random selected trajectory of the vehicle.

Definition 1 (Raw GPS Data): It is a 4-tuple of the form (lat, lon, t, p) where
lat and lon is the vehicle’s latitude and longitude respectively, ¢ is the timestamp
at which the record was tracked, p is the plate number of the vehicle that also
indicates the type.

Definition 2 (Trajectory): It is a sequence of time-ordered raw GPS data for the
specific vehicle in one day.

Definition 3 (Distance): It is a length of a line segment between two given coor-
dinates. The earth radius shall be considered since the coordinates from the raw
GPS data is presented by longitude and latitude respectively.

3 The Feature Extraction Method of the Trajectory

Previously some related work have been proposed that the human mobility
has regularities, which are self-similar, hot-spots and heavy-tail [7,13]. Based
on those discovered regularities and the raw GPS data of several vehicles, an
extraction method of the trajectory is presented to evaluate the vehicle mobility
features from the urban scale in this section.

3.1 Evaluation of Self-Similarity with Hurst Exponent

A system with Hurst statistical characteristics does not need the independent
random event hypothesis of general probability statistics [2]. It reflects the result
of a long series of interrelated events. What happens today will affect the future,
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and what happened in the past will affect the present. Accordingly, the human
always selects a familiar path from the constant location to the temporary desti-
nation, which is called self-similarity. Therefore, the Hurst exponent is adopted
to analyze the self-similarity of trajectories.

The aggregated variance and the R/S methods are full-blown implementa-
tions of Hurst exponent algorithm. However, the candidate raw GPS data are
huge. So the algorithm proposed by Bill Davidson named BD procedure in what
follows is to quantify the self-similarity of way-points, which is far faster than
the conventional algorithm.

Algorithm 1. BD procedure
get the set of raw GPS data L
while Llcngth 2 Lth'reshold do
L, = std(L)
L,=L,x?2
Llength = fiw(Llcngth/2)
for all index € Licngtn do
Limp = (L(2 X index) + L((2 X index) — 1)) x 0.5
get new L from Lymyp
end for
end while
make the linear fit for L, and L,
get Hurst exponent from the slope of the linear fit of log-log plot

3.2 Evaluation of Hot-Spots with Density-Based Clustering

From a macro perspective, human always activates in a constant area, which can
be called hot-spots [16]. However, the urban operating vehicles have public and
specific attributes. It is necessary to cluster trajectory of operating vehicles to
explore whether there are hot-spots. Density-Based Spatial Clustering of Appli-
cations with Noise (DBSCAN) can divide the area with enough high density into
groups, and find clusters of arbitrary shape in noisy spatial database, which can
be applied to the big raw GPS data of operating vehicles [17].

3.3 Evaluation of Long-Tails with Cumulative Distribution Function

The head and tail are two statistical terms, where the head is a protruding part
in the middle of normal curve and the tail is a relatively flat part on both sides.
From the perspective of human mobility, most of the daily trip will focus on the
head, which can be called popular, while the demand distributed in the long-tail
is personalized, scattered and small.

In order to evaluate the long-tail effects of vehicle trajectories, the cumulative
distribution function is introduced as follows.
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Algorithm 2. DBSCAN procedure
get the set of raw GPS data L
get the radius e and minimum points MinPts
for all L; € L do
if L; is the core point then
find all the objects that can reach the density from this point and form a cluster
end if
end for
obtain the clusters with each center Coordinatel. ™ *P°*

Theorem 1. For all the discrete distance from the generated set D, the cumu-
lative distribution function is defined as the sum of occurrence probability of all
values less than or equal to the specific distance d.

Fp (d) = P (D < d) (1)

Theorem 2. The generated set D is defined as the time series of travel distance
from wvehicles with the most hot-spots as the center. Therefore, the distance d; in
the sampling time t; as an element of D is calculated as follows.

hot—spots
;| (2)

o . t. .
d; = ||Coordinate;;,, — Coordinate;?,

4 Performance Evaluation

Framework of Trajectory Data Mining. The basic data mining can be divided
into two parts, which are data storage and calculation. For the big data that
cannot dealing with the conventional tools, the MongoDB database and the
SPARK calculation are selected in this paper respectively. Those two open source
tools shall be a close combination with the Python language. As it is shown in
Fig. 2, the MongoDB takes responsible for data compression, index, and storage,
while the SPARK is in charge of the data preprocessing and mining of the
trajectory features.

( A
MongoDB SPARK
Compression Hurst Exponent
Cleaning
Storage systems — i =P | Density-Based Clustering
Segmentation

Cumulative Distribution
Index structures Function

PREPROCESSING MINING

— \ Y,

Fig. 2. The framework of trajectory data mining.
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Self-Similarity. The BD procedure is adopted to calculate the Hurst value of the
trajectories between the vehicles with blue and yellow license plate. In Fig. 3, it
can be seen that the vehicle with the blue license plate has the lower value of
Hurst, while the yellow vehicle has a litter higher one. From the definition of
the Hurst parameter, the blue license plate that stands for the cabs is random
roaming across the city, and the yellow license plate that stands for the trucks
has a self-similarity path of moving.
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Fig.3. The Hurst values between the vehicles with blue and yellow license plate
respectively.

Hot-Spots. The DBSCAN procedure with the setup parameters listed in Table 1
is adopted to search for the clusters of the specific trajectory. Figure 4 that
stands for the cabs and Fig. 5 that stands for the trucks has show the locations
in one day for a specific type of the vehicle. After the DBSCAN procedure, the
graph is colored based on the clustering results. Therefore, it is seen that the
caps always roam in several certain hot-spots, while the trucks is always moving
by a specific path.

Table 1. Data clustering for DBSCAN parameters.

Parameter | Value | Unit | Illustration

e 1000 |m Radius
MinPts 10 | Null | Minimum points




214 L. Ning et al.

22.64
C 4
22.62 '.oo.
22.60 - ”® Py
e )
%22.58- ° Y
g Se ‘0.00’ t o
22.56 A . !. - ® 3'. o
22.54 ® e ° ’ 'y .. '..:.‘
pes ..,3.& > g
22.52 A ' g‘

114.000 114.025 114.050 114.075 114.100 114.125 114.150
Longitude

Fig. 4. Clustering results of locations by the caps activities in a specific day.
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Fig. 5. Clustering results of locations by the trucks activities in a specific day.
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Long-Tails. The cumulative distribution function is introduced in order to eval-
uate the long-tail effects of vehicle trajectories. Figure 6 shows that cabs in the
city always take a short journey, while the distance that the trucks move is
basically steady.
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Fig. 6. The curve of the cumulative distribution function for the vehicles of cabs and
trucks respectively.

5 Conclusion

In this paper, a data mining of the raw GPS trajectories is presented from the
urban operating vehicles in the city of Shenzhen. The self-similarity, hot-spots
and long-tails are evaluated as the widely recognized three features of human
traces. Mining results show that the cabs which represent to serve the daily trip
of human in the city always take a short travel and activate in several hot-spots,
but roaming randomly. However, the trucks which represent to serve the goods
are showing the opposite characteristics to cabs. Therefore, the vehicle types
are the key feature of consideration to optimize algorithms for radio resource
management in HDN.
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