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Abstract— Human movement usually has its own regular
property. For example, most people will go to work/school, then
go back home within a region. But sometimes some people may
visit medium-range locations or few people may travel far places
too. In this paper, we have investigated the distribution of human
movements within different stages based on González et al
studying the large data set. Corresponding to the given range (
), there exist three regions: near,
i.e. characteristic distance
medium and far movements. Our study indicates that the
probability of human movement associated the three regions can
be derived from the convolution between the statistics of
individual trajectories and the population heterogeneity; its final
form of the probability of human movement is still inverse power
law distributions with a specific power exponent; that major
activities of people mainly concentrate on the scope of less than
0.6 ( characteristic distance ).
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I.

INTRODUCTION

Human mobility has spatial, temporal, and social
characteristics. Human mobility pays a key role not only in
modern economy and society, for instance, urban planning [1],
traffic forecasting [2][3], but also in understanding biological
and mobile epidemics [3][4][5][6] and mobile viruses [7] in
interdisciplinary fields, such as biology, medicine, information
technology, computer science, etc. Human mobility can
simulate social networks and predict the performance of social
/mobile networks, and determines the formation of several
social networks, such as the type of people live, work,
visitation and travel.
Human mobility is a very complex movement, including
several types, e.g. long, medium and short distances, air, water
and land transportation. Each trajectory of humans is very
different. Many researchers have indicated that the emerging
statistical pattern referring to humans has been often
approximated with various random walk or diffusion models

that typically obey Pareto inverse power law or Lévy flight
distributions [8][9][10][11][12].
After studying the distribution of distances between
consecutive sightings of nearly half-a-million bank notes,
Brockmann et al. [13] proposed to analyze human traffic using
the geographic circulation of money, and viewed the human
trajectories as the L vy flights with power law decay.
Cell phones can reflect human mobility very well since
paths of mobile phones are directly corresponding to those of
the phone users. So, cell phones are better than the current of
bank notes [14][15][16[17] as an approximate tool of human
movement which has been used to learn the structure of social
networks and analyze patterns of human mobility and
behavior. [14][18] explored the mobility patterns recorded
from over 100,000 individuals selected randomly from a
sample of more than 6 million anonymized mobile phone a
six-month period, and concluded that the observed jump size
is the convolution between the statistics of
distribution
and the population
individual trajectories
heterogeneity
, where is radius of gyration.
In this paper, we have further explored three cases under
different slopes using the convolution between the statistics of
individual trajectories
and the population
heterogeneity
, and provided the relationship among the
observed jump size distribution, step size and radius of
gyration.
II.

METHODOLOGY

Our study in this paper is based on González et al [14]
research, in which the data González et al. [14] used, includes
data sets
and
. The data set
recorded over 100,000
individuals selected randomly from a sample of more than 6
million anonymized mobile phone users in a six-month period.
Each time a user initiated or received a call or a text message,
the location of the mobile phone tower routing the
communication was recorded (González et al.[14]). The data
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set
that captured the location of 206 mobile phone users,
recorded every two hours for an entire week. González et al.
[14] measured the distance between user’s positions at
consecutive calls, capturing 16,264,308 displacements for the
and 10,407 displacements for the
data set.
is the
González et al. [14] pointed out that
convolution between the statistics of individual trajectories
and the population heterogeneity ( ), which is
expressed as (1).

Case II, for this stage between 0.6 and
and its
slope can be computed as -0.6. Thus, under the condition:
,


…….. ……..(6)
Using the initial condition,
=0.155 can be obtained. Putting
Equ. (6) into Equ.(1), we find that

………………….(7)
……. (1)
where
and

Where

.
……(8)

According to the Fig. 2b in González et al. [14]), we can find
that the collapsed curve consists of three consecutive segments
with different slopes. The slopes corresponding to three
segments are -1.2, -0.6 and -4.8, respectively. The scope of
corresponding to three segments are

………(9)

and

.

Now, let’s further explore and discuss patterns of human
mobility from different perspectives as following.
Case I.
when

( i.e.

Case III. The final stage is corresponding to the
condition
. The slope corresponding to the
segments is -4.8. Thus,

for

Using the one point in the final stage,
=0.02 can be
obtained. Putting Equ. (9) into Equ. (1), we find that

. In fact,

). So, we can take

….(10)
.

where
……..(11)
III.

That is,
Using the initial condition,

=0.251 can be obtained. Thus,
………(2)

Putting (2) into (1), we find that
…...….(3)
where
…….(4)
and
……(5)

EXPERIMENTAL RESULTS AND ANALYSIS

Based on the above descriptions, the Equ. (3), (7) and
(10) associated with the above three cases can be further
,
and
calculated. First, using numerical method, the
can be obtained from Equ. (5), (8) and (11), respectively.
) -- the upper bound of
For the infinitely great value (
integral, we tried 3000 km, 4000 km and 5000 km. The final
value of integral
(
) is the same when taking 3000 km,
4000 km and 5000 km as the upper bound of integral. The
final value after integral of
has little difference when
taking 3000 km, 4000 km and 5000 km as the upper bound of
,
and
)
integral. Anyway, the final value of integral (
will be one constant once taking one of 3000 km, 4000 km
and 5000 km as the upper bound of integral. Therefore, the
choice of upper bound of integral does not affect the nature of
,
and
are
human mobility. The obtained integrals
shown in Fig. 1(a), 2(a) and 3(a), respectively. Taking into
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account the actual data from the paper (González et al. 2008),
we have taken 5000 km as the upper bound of integral.
In fact, we can find from Equ. (3), (7) and (10) that the
final form of the observed jump size distribution is still
determined by the inverse power law distributions after
dividing three different stages, which are expressed as
and characterized by a specific power exponent
corresponding to different stage.
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Fig. 1. shows the results from Equ. (3) at case I. (a). the integral
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of Equ. (5) at case I. (b).
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Fig. 1(c), 2(c) and 3(c) indicate that logarithm of
varies with
probability of human movement
and characteristic distance . The color bar
different jump
at the right side denotes the intensity of probability of human
movement.
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Fig. 1(b), 2(b) and 3(b) exhibit the
varying with
at
different . Since the scope of jump size is different at three
cases, the observed jump size distribution exists big
discrepancy at the same characteristic distance . For smaller
movement of human, there is a bigger probability, and the
probability quickly decreases with increment of jump.
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. But, the larger probability is only at the proximity of
smaller . So, Fig. 1(c), 2(c) and 3(c) show that all larger
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locates at the proximity of smaller both
and
characteristic distance .
According to the above experimental results and
analyses,
three categories of reflecting human mobility
patterns can be discribed as:
[1] Near case — whether
big or not, it seems like
any movement ( ) is following the same law:
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increasing, the starting

value of
will be increasing, and the maximum value of
will be decreasing. However, all
varying with
are overlapping on the same curve, suggesting that all
changing with
obeys the same law although the
and maximum
are different.
starting value of
, there exists only small
[3] Far case — for small
moving range

which obeys

. With the

increasing, the maximum value of
decreases. But, the
will be incremental. The curve of P(∆r)
starting value of
varying with ∆r corresponding to different small is discrete.
As increases, the curve of P(∆r) varying with ∆r will
overlap and finally become the same curve, implying that
entire
varying with
will follows the same law for
although the entire curve of
with
all
experiences the change from discrete, overlapping curves to
identical ones.
(c)

Fig. 2. shows the results from Equ. (7) at case II. (a). the integral
value
of Equ.(8) at case II. (b).
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at
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characteristic distance , the corresponding probability has
different color (i.e. intensity value) in the whole scope of
human mobility
. That is, the probability becomes small
when the size of jump increasing at certain . And at certain
human movement
, different color (i.e. intensity value) in
suggests that the
the whole scope of characteristic distance

8

Q

In Fig. 1(c), there is the different probability (i.e.
different color) with the increments of characteristic distance
and human mobility
at the same time. At certain
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probability also becomes small with the increase of
.
In Fig. 2(c) and 3(c), at certain characteristic distance
, the corresponding probability has the same color (i.e.
intensity value) almost in the whole scope of human mobility
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From the experimental results and analyses, we have
concluded that although using the convolution between the
statistics of individual trajectories and the population
heterogeneity, the obeyed law of human mobility is still
inverse power law distributions with a specific power
is selected, the
exponent. Once characteristic distance
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and more than 3

,

which follow the inverse power

law distributions
with different power
exponents .
Thus, human mobility has its own similarity which does
not change with respect to scale. For arbitrary characteristic
distance , the model always contains three categories (e.g.
near, medium and far movements). That is, the choice of the
characteristic distance
has not the important influence on
the patterns of human mobility. Therefore, patterns of human
mobility are that most people make movement within the
which takes up the majority. Some people travel
medium-range distances between 0.6

and 3 . Few people

move to far places (greater than 3 ).
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