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ABSTRACT Each city can be divided into different functional areas for different purposes, such as
commercial areas, residential areas, leisure areas, office areas, etc. How to correctly divide these areas is
very helpful for urban self-cognition and urban planning. Mobile phones have become almost a must-have
for everyday life nowadays in big cities. People carry their mobile phones all the time,making phone calls and
surfing on the Internet. For this reason, the Open Information Dynamic Data (OIDD) is a more representative
indicator of the mobility characteristics of the population. In this study, we use the user, time and location
information extracted from OIDD data to analyze and divide the urban functional areas for the purpose of
understanding the regional composition of the city. We use the Latent Dirichlet Allocation (LDA) model and
incorporate time and space information into the Dirichlet distribution to participate in the model hypothesis.
This allows for the model’s high-level analysis capabilities to exploit potential urban area functions through
human mobility patterns.

INDEX TERMS Open information dynamic data, human mobility, mode mining, region divide, temporal
and spatial analysis.

I. INTRODUCTION
In order to make the planning and construction of the city
more conducive to its citizens, the division of urban func-
tional areas is a key point for urban planners to take into
consideration [1]. Since human mobility has high regulari-
ties [2]–[5], and it can well reflect the functional areas of the
city to some extent [6], [7], the study of the human mobility
patterns has become a hot topic [8]–[13]. In the past several
years, surveys of urban functional areas are mostly relied on
field trips. However, with the development of technologies
and the increasing popularity of Mobile Internet, usage of
mobile phones has becomemuchmorewidespread. TheOpen
Information Dynamic Data (OIDD) [14] collected in large
cities can cover almost all citizens’ movement patterns since
nearly everyone is using a mobile phone to make phone
calls or surf the internet, which makes it a convincing data
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source to conduct this research. Therefore, in this paper,
we use OIDD data to study human mobility patterns, and
based on this, we further study the method for dividing urban
functional areas. This will provide urban planners with an
easy, convenient way to understand the city’s structure.

Recent studies have shown that the second, third and fourth
generation (2G/3G/4G) mobile Internet’s network traffic data
is very helpful for studying human mobility [15]–[17]. When
users access to the mobile Internet, their locations will be
collected. This kind of passive acquisition of trajectory has a
lot of advantages. Firstly, it has low cost and high efficiency,
and it takes relatively less time and effort. Secondly, it has a
wide collection range, capable of covering a large number of
people. Finally, it has good temporal characteristics, such as
it contains time information, including the time of occurrence
and the length of time. This can help us understand the impact
of time on crowd behavior. Although the distribution of cellu-
lar towers is sparse (average position error is 175meters [18]),
and the density of cellular towers in urban areas is much
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larger than that in suburban or rural areas, this margin of
error is tolerable for researches in human mobility patterns
and division of urban functional areas [14]. In addition, stud-
ies have shown that the results based on CDR data analy-
sis are credible [8], [10]. Individual mobility models based
on CDR data [19] can even measure the state of dynamic
changes in population, activities and environment to some
extent [20]–[23].

Since the OIDD data contains time and space information,
and we need to learn the user, time and space information in
the model training process. In view of this, the two inputs
in the traditional LDA model are not suitable. So, in this
article, we will evolve our algorithm based on LDA model.
The temporal and spatial attributes are added to the original
LDA algorithm to obtain our TS-LDA (Temporal and Spatial
Latent Dirichlet Allocation algorithm), which can be applied
to time and space classification. At the same time, the TCV
(Temporal Coherence Value) evaluation algorithm [6] is used
to provide an evaluation standard for TS-LDA. In this paper,
we use OIDD data from Beijing and Zhuhai as the basic
dataset. More specifically, Beijing dataset is used as the main
research object and Zhuhai dataset is used to verify whether
the algorithm is transferable. After statistical analysis and
integration of the OIDD data, we extract time, space and user
information required by TS-LDA to test its effectiveness. The
algorithm can effectively divide the urban functional areas
according to time and space attributes. Therefore, experi-
ments in follow sections prove that the algorithm we propose
in this paper is beneficial for urban development planning.
The contributions of our work are summarized as follows.
• Our model aims to find urban functional area division
method using OIDD-based TS-LDA model. From the
perspective of individual number, our data covers the
whole 2G/3G/4Gmobile networks and nearly 10million
users. On the other hand of geographical extensiveness,
the area we analyzed covers nearly 50 thousand cellular
towers across the city.

• Our model creatively takes both time and space fac-
tors into consideration to divide urban functional areas.
On the basis of the original LDAmodel, we add the anal-
ysis of the human movement trajectories [2] as well as
the consideration of time factors. In addition, a matching
evaluation system [6], [24] is used to modify the LDA
model into one that can be applied to OIDD data.

• After successfully completing the urban functional area
division in Beijing, we also used the OIDD data of
Zhuhai to conduct this experiment again to verify its
effectiveness. Beijing and Zhuhai differ greatly from
each other in terms of geographical distance, cultural
diversity and development level. The success of this
model’s application in Zhuhai proves that it is not only
applicable to a certain region, but also transferable to
others.

The remainder of this paper is organized as follows.
In Section II, we review some methods about analyzing
human mobility from mobile phone data, as well as how

LDA algorithm can be applied. In Section III, we introduce
the characteristic of the study area we choose and the data
we use. In section IV, we propose a new method based on
classical LDA algorithm. The detailed hypothetical scenario
and model structures are illustrated in Section IV. Further-
more, in Section V, we apply the TSLDA method to actual
analysis based on Beijing OIDD data. After discussing about
its performance, we use the Zhuhai OIDD data to verify
the transferability of the method. Finally, we discuss the
operational effects of the method and our future work.

II. RELATED WORK
A. HUMAN MOBILITY
With the rapid development of the Internet, mobile phones
are increasingly becoming a necessity in people’s everyday
lives. Everyone uses mobile phones to make calls, chat, shop,
and even work [1], [25], [26]. Therefore, OIDD data covers
a lot of crowd movement information as well as spatio-
temporal information. Although the spatial information
provided by OIDD and CDR data does not incorporate suffi-
cient continuity, many papers still applied CDR data to con-
duct researches on human mobility characteristics in recent
years [2], [8]–[10], [22], [27].

Jiang et al. first extracted and modeled the trajectory fea-
tures of crowd movement, and obtained six human mobility
patterns. She also utilized the position information in the
CDR data to extract the trajectory information of individual
user. By corresponding them to human mobility patterns,
urban functional area distribution of Singapore is finally
obtained [2]. Marta et al. observed the human movement
trajectories from a mathematical point of view and learned
that they have a high degree of temporal and spatial regular-
ity. Each individual’s mobility characteristics are temporally
repetitive in days or weeks. It also shows a spatial repetitive-
ness which is independent of time, indicating by the fact that
people always visit several constant places [8]. Wang et al.
found that there are two types of human mobility problems:
Network Proximity and Mobile Homophily. Using mobile
phone data, they found that human’s online behaviors (net-
work behaviors) and offline behaviors (space trajectories) are
correlated, and proposed a method of using people’s online
behaviors to predict their spatial trajectories [9].

It can be seen that in recent years, the usage of CDR
data to research human mobility has become more and more
in-depth, and the results are of great help to better implement
urban designing and study human mobility more exactly.

B. LDA MODEL
LDA uses the typical ‘‘bag-of-words" hypothesis, which is
often used for article analysis, and text generation in recent
years. Since the model has a good application in the NLP
field, it has been widely used in recent years [24], [28]–[32].

Chen et al. innovatively proposed to add a third type
of input-time information, to the LDA model [31], and
proved that it has better performance over the original one.
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Zhou et al. applied this method to the WeChat dataset and
proposed the TCV algorithm to evaluate this model [6]. They
usedWeChat data to analyze the supply and demand situation
of urban cultural venues in Beijing and came up with the
result that the cultural demand in Beijing’s central areas is
larger than that in the peripheral areas while cultural patterns
change regularly with the time, month and season.

It can be seen that the LDA model has been widely used in
various fields and its performance is excellent.

C. URBAN FUNCTIONAL AREA DIVISION
In earlier studies, researchers used cell phone data or mobile
trajectory data to directly analyze the results of the division
of urban functional areas [33]–[38]. The study of Jameson
Toole et al. [33] and Zhao et al. [34] considered the space
and time factors, and they used random forest and VGI algo-
rithms respectively. Furno et al. [35] find that mobile traffic
signature can provide an evident association of prototypical
mobile communication dynamics to precise urban fabrics and
verified in ten cities.

Later, researchers began to refer to the topic model
for functional area division [39], [40]. The study by
Xing et al. [39] and the study of Yuan et al. [40] explicitly use
the LDA algorithm for urban functional area division. Yuan
et al. used POI data as the basis for topic partitioning. Hanfa
Xing et al. used the LDA model in the process of clustering
POI data.

However, original POI data are obtained through tradi-
tional methods such as user submission and field survey,
which requires a lot of manpower and material resources, and
there is still some noise [41]. It can be seen from the Baidu
POI data that the amount of POI data in underdeveloped cities
is small and inaccurate. But every city must hope that the
urban functional area information can be obtained simply,
quickly and accurate [37]. So, we want to come up with an
algorithm that works for any city.

Meanwhile, now more and more cities have complex func-
tional areas, not only related to the location of the trajec-
tory, but also related to the length of stay and the time of
appearance [42]. For example, residential areas and edu-
cational areas, people are staying for a long time, but the
residential area is night and morning, but the education area
is daytime. And the fact that load peaks undergo geographic
shifts between precise urban areas throughout the day [36]
and during weekday-to-weekend transitions [38]. Therefore,
in the study of the division of urban functional areas, the con-
sideration of time factors has become increasingly important.

Thus, in our research, we have tried innovatively to add
time information directly to the LDA algorithm and tried to
propose an algorithm which does not require any data other
than mobile data as a support. At the same time, we use POI
(Point of Interesting) data as the ground truth [40], and we
make an exact show on Baidu Map to verify the correctness
of the model. Furthermore, we use multiple datasets to vali-
date our results in order to provide stronger support for our
conclusions.

III. PRELIMINARY
In this section, we introduce the two cities in China we
studied, the basic information and characteristics of massive
OIDD data used in our experiments.

We use Beijing and Zhuhai as two study cases in this
paper. Beijing, the capital of China, is a bustling and advanced
metropolis with a range of 176 kilometers in the north-south
direction and 160 kilometers in west-east direction. It has a
population of 21.7 million in 2017, of which 13.6 million
are residents and 8.1 million non-residents. It has one of the
world’s highest mobile penetration rates – above 178 percent.
We use the data of Zhuhai to verify the reliability based on
Beijing data experiments.

In our study, the functional area division granularity is
the cell tower coverage area. For Beijing data, the cover-
age area of the base station is 0.3282 square kilometers on
average, and the density of base stations in urban areas is
greater. Therefore, our partition granularity is acceptable in
engineering.

STATEMENT Here, we solemnly declare that all data
we use is encrypted data. The data does not reveal any user
privacy, and we do not research for a specific user.

A. OPEN INFORMATION DYNAMIC DATA
We use three consecutive weeks of mobile phone OIDD data
(in March of 2018) from one carrier in China to examine the
mobility patterns of anonymous individuals in the metropoli-
tan area. There are nearly 50 thousand cellular towers in
Beijing, with a spacing gap of around 100 meters in the
urban area to a few kilometers in suburban region. In a
word, the cellular tower network has a very high density
covering the whole urban area. Therefore, we can use the
OIDD data to study human mobility andregion functions.
The distribution of cellular towers in all Beijing is shown
as Figure 1. In which, the urban area represents the six
central districts of Haidian, Xicheng, Dongcheng, Chaoyang,
Fengtai and Shijingshan district. All urban areas men-
tioned below in this paperrepresent these six administrative
regions.

1) BEIJING
The data set of the Beijing contains 7.87 million anonymous
mobile phone users, and a total of 7.232 billion records
of phone usages. An average of approximately 300 million
records will be produced and 4 million users will be online
within one day period. In which, 8.13 percent users make
phone calls, 7.62 percent users send messages and 84.25 per-
cent users merely update their locations. The statistics of the
data set are shown in Figure 2.

2) ZHUHAI
The data set of the Zhuhai contains an average of approxi-
mately 30 million records per day, and 600 thousand users
will be online within one day period. In which, 7.00 percent
users make phone calls, 1.99 percent users sendmessages and
91.01 percent users merely update their locations.
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FIGURE 1. The distribution of cellular towers in two cities. (a) Beijing. (b) Zhuhai.

FIGURE 2. (a) The distribution of number of records for each user in a day. (b) The distribution of length of time interval for each user in a day.
(c) The distribution of number of distinct locations that each user visited in a day.

B. POINT OF INTEREST DATA
We use POI information data obtained from Baidu to verify
the correctness of our region classification. POI data can
show the type of supply service for a location. For example,
POI data can indicate whether a corresponding to a lati-
tude and longitude is a residential building or a shopping
mall, or a park. It determines the cultural type of a region
from a geographical perspective. It can help us to confirm
our experiments.

C. REGIONAL ATTRIBUTE DIVISION
In this part, we explore how to divide urban functional areas
by human mobility characteristics. Before discussing the
classification method any further, we first introduce the basic
definitions used in this method.

1) FUNCTIONAL REGIONS
Functional regions based on POI information data can be
divide into 18 primary classifications and 139 secondary
classifications, as shown in the Table1. And we choose
126 different functional region labels in our research.

2) CROWD AND REGIONAL FEATURE DEFINITION
Here we give a few definitions that need to be used in subse-
quent models:
• Functional Modes: We use OIDD data to divide urban
areas. Each category is called a functional mode.

• User Appears: Users appear in one of the functional
regions are called user appears. It means that this user
appears at this location, no matter what action he did,
such as making a phone call, sending a message or just
refreshing his location.

• Reliable Crowd: The number of appears that were
screened was sufficient for the experiment. It will be
described in detail in Section 5.

• Passionate Crowd: To classify some crowd of users.
Each crowd has the same habit. For example, one crowd
of people like hanging up in shopping malls during
afternoon, while another crowd usually work in com-
panies during the day. According to different activities
of different groups of people, we can judge the function
of the region where a certain group appears at a certain
time.
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TABLE 1. POI information classification.

D. TIME PERIODICITY OF DATA
If human movement has a certain time regularity, then we
will have the opportunity to use this law to study the laws
of human movement to determine the urban functional area.
Thus, in this part, we introduce the time regularity of human
movement.

As we usually know about human activities, the activities
of the crowd are time-related and have a certain periodicity.
We counted the number of users appear at different locations
in an administrative week on an hourly basis. In order to have
the best display effect, we have unified the normalization of
the number of people on the line to ensure that the threshold
of each picture is between 0-3500. From the overall picture
of these three figures, the number of people going online
in the early morning is very small, and the user’s online
time is mainly concentrated from 6 to 22 o’clock. From the
perspective of each picture, figure 3 (a) shows the number
of users appear in the urban area of Beijing. Figure 3 (b)
shows the number of users appear in shopping, food and
entertainment region like Table 1 shows. Figure 3 (c) shows
the number of users appear in Transportation facilities and
entrance and exit region like Table 1 shows. In Figure 3
we can see that, from 7 am to 9 am and from 17 pm to
19 pm, there are a large number of users on the line near
the transportation facilities. This is because during this time,
everyone is on the way to or off work, which is the morning
and evening peak hours. During the weekends (Friday and
Saturday), the number of users appear in the shopping and
entertainment region significantly exceeds that in working
days, and the number of people appearing near the restaurants
at noon and night on weekdays is more than work time.
These show that the OIDD data is time-recurring and the data
structure depends on the time. Therefore, taking advantage of
the time factor when using the OIDD data will help improve
the result.

FIGURE 3. The number of users appear in a certain region. (a) Urban area
of Beijing. (b) Shopping, food and entertainment region.
(c) Transportation facilities and entrance & exit region.

E. SPATIAL-TEMPORAL REGULAR HUMAN MOBILITY
If humanmovement also has spatial fixation, we will have the
same opportunity to start from the law of space and find the
law of human movement. So, in this part, we introduce the
spatial-temporal regularity of human movement.

In our life, although each individual has differences,
the activities of most people have certain regularity [2].
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FIGURE 4. Common human movement.

We found that most of the crowd’s flow patterns are shown
in Figure 4. For adults who already work, during weekdays,
people usually travel between home and office units. Most
of them generally stay at home in the evening, work at the
company during the day, and visit stores or shops during off-
hours. During weekends, they choose to stay at home or go
shopping and dining at the mall. However, for students in
primary, middle, or high school, they travel regularly from
school and home every weekday. Even some students living
in school, they spend nearly all their time in school. On week-
ends, students will attend some extracurricular activities and
class, or do some entertainment. Therefore, the time and place
of concentration of the crowd can reflect the function of the
area to a certain extent.

IV. METHODS
A. TEMPORAL AND SPATIAL LATENT
DIRICHLET ALLOCATION
The traditional LDA algorithm is based on the ‘bag-of-words’
assumption, which is mostly applied to NLP. In recent years,
the LDA algorithm has proven to be a very effective unsu-
pervised learning model in text learning. When we migrate
the LDA algorithm to the problem in this paper, we need to
consider the time-space-dependent nature of the OIDD data.
Therefore, we add time factor and space factor to the LDA
model. Our TSLDA model inherits from the traditional LDA
model, and the difference between them is shown in Figure 5,
and the structure of TSLDA is shown as Figure 6. In which,
α and θu represent modes-user layer, η and ϕk represent
region-modes layer, δ and λt represent modes-time layer. The
specific distribution will be introduced in the next subsection.

B. DISTRIBUTION ASSUMPTHON BASED ON LDA
In classical LDA algorithm, the binary problem uses a bino-
mial conjugate distribution, that is β distribution. While in
the multi-classification problem, the Dirichlet distribution
hypothesis is used. Therefore, as an algorithm for solving

FIGURE 5. Model inheritance. The difference between classical LDA and
TSLDA.

multi-classification problems, the TSLDA algorithm contin-
ues to use the Dirichlet distribution. K-dimensional multi and
Dirichlet distribution in the general sense are as follow.

multi( Em|n, Ep) =
n!∏K

k=1mk !
·

K∏
k=1

pmkk (1)

Dirichlet(Ep|Eα) =
0(

∑K
k=1 αk )∏K

k=1 0(αk )
·

K∏
k=1

pαk−1k (2)

In which, m represents the number of samples in each
category, p is the corresponding probability.

We confirm the distribution like figure 7. Suppose the
mode’s prior distribution based on each user is a Dirichlet
distribution.

θu = Dirichlet(Eα) (3)

In which, Eα is Dirichlet prior distribution of modes based
on each user.

As the same, suppose the time’s prior distribution based on
mode is a Dirichlet distribution.

λt = Dirichlet(Eδ) (4)

In which, Eδ is Dirichlet prior distribution of time based on
each mode.

Suppose the user’s prior distribution based on mode is a
Dirichlet distribution.

φk = Dirichlet(Eη) (5)

In which, Eη is Dirichlet prior distribution of time based on
each mode.

For any user at a certain time, zu,t is obeys themulti(θu, λt )
distribution.

zu,t = multi(Eθu, Eλt ) (6)

p(zu,t |α, δ) =
∑
Eθu

p(zu,t |θu)p(θu|α) ·
∑
Eλt

p(zu,t |λt )p(λu|δ)

(7)

And then, we can know the relationship between wu,t and
other parameters like following equation.

p(wu,t |zu,t , η)

=

∑
Eφk

p(wu,t |φk )p(φk |η)

·

∑
Eθu

p(zu,t |θu)p(θu|α) ·
∑
Eλt

p(zu,t |λt )p(λu|δ) (8)
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FIGURE 6. TSLDA model structure.

FIGURE 7. Distribution relationship between model parameters.

Afterwards, we use Gibbs sampling as following equation.

ˆθuk =
n(k)u,¬i + αk∑K

k=1(n
(k)
u,¬i + αk )

(9)

φ̂kl =
n(l)k,¬i + βl∑L
l=1(n

(l)
k,¬i + βl)

(10)

ˆλuk =
n(m)t,¬i + βm∑M

m=1(n
(m)
t,¬i + βm)

(11)

Finally, we can get the probability distribution of themode-
user, mode-time and region-mode, like the three layers shows.

C. TEMPORAL AND SPATIAL CORRELATION CALCULATION
After we add time and space factors into the LDA model,
we will find that the original LDA model evaluation parame-
ters have failed. Therefore, in order to find the appropriate
number of classification modes K, we need to design an
evaluation system based on the output of TSLDA to measure
its effect. Firstly, we should make clear that the output of
TSLDA has three parts, that is the distribution of mode-user
(top user U* in each modes), mode-time (top time period T*
in each modes) and the top region categories V*. Secondly,
our goal is to find a best classification mode K, so that in
the case of K, the distribution of modes and time has the
greatest degree of similarity to the distribution of modes and

users. We use Temporal Coherence Value (TCV) algorithm
and TCV score which is proposed in [24], [43]. The input
data used in TCV is constructed by a sliding window which
moves over the original appear of all users.

Sset = {(v∗,V ∗,T ∗)|v∗ ∈ V ∗} (12)

Ew(j) = NPMI (v∗, t∗j )
τ (13)

EW (j) =
I∑
i=1

NPMI (v∗, t∗j )
τ (14)

The TCV score is like the following equitation.

mq = cos(Ewq, EWq) (15)

m̂ =

∑Q
q=1mq

Q
(16)

V. EXPERIMENTS
In this section, we will use the OIDD data for experiments to
divide Functional Modes. Firstly, we use Beijing urban area
OIDD data as a case to do this experiment and use the POI
data of Beijing and map visualization to verify the accuracy
of the experiment. The total amount of data reaches 12TB.
After that, we will use Zhuhai OIDD data to do the same
experiment, to demonstrate the transferability of experimen-
tal methods.

A. DATA PREPROCESSING
Due to the presence of foreigners in Beijing (such as travel,
medical treatment, etc.), the number of User Appears for
some individual users in the OIDD data is very low, so that
their behavior cannot support the experiment to reach a con-
clusion. The existence of these kind of data will increase the
burden of the algorithm, so we first filter out these unreliable
data, and the users obtained after filtering become Reliable
Crowds. As same, some cellular towers receive very little
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FIGURE 8. (a) The number of Reliable Cellular Towers. (b) The number of Reliable Crowds. (c) The final region we choose for follow experiments.

information due to regional remoteness or functional prob-
lems. These cellular towers are not enough to support the
experiment too. So, the unqualified cellular towers are also
filtered out. However, the data is densified, which means we
cannot know the information of a user, so we need to develop
a rule to judge the Reliable Crowds. Our rules for screening
Reliable Crowds and Cellular Towers are as follows.

1) REMOVE OSCILLATION
When the user crosses the coverage area of the two cell
towers, the user-generated data record will continuously
jump between the two cell towers. We call this phenomenon
‘‘Oscillation’’. Oscillation can cause data redundancy and
can have a negative impact on subsequent experiments.
So, we first use the SOL algorithm to remove Oscillation.
We used the SOL algorithm proposed in the research of
Ling et al. [44] for data preprocessing. After removing Oscil-
laion, 10.2TB of valid data was obtained, which is about
85.6% of the total data.

2) FILTER RELIABLE CROWDS
Based on section 4.3, we divide every day into four time peri-
ods, 7:00-12:00, 12:00-17:00, 18:00-22:00, 22:00-7:00(+1).
A user can be classified as Reliable Crowds if and only if a
user appears once in each time period of the day and meets
the requirements for at least one week in a row.

3) FILTER RELIABLE CELLULAR TOWERS
A cellular tower can be classified as Reliable Cellular Towers
if and only if it receives more than 300 records send from
Reliable Crowds in each time period of the day and meets the
requirements for at least 14 days.

4) RELIABLE REGION
We use the OIDD data from whole Beijing to screen for the
Reliable Crowds and Cellular Towers. We count the number
of Reliable Cellular Towers firstly, as Figure 8 (a) shows.
The number of Reliable Cellular Towers in the urban area
is the largest, and more than half of the cellular towers in

FIGURE 9. TCV scores under different Mode numbers.

the surrounding urban areas are Reliable Cellular Towers.
However, the number of Reliable Cellular Towers in Dax-
ing, Changping, Shunyi and Tongzhou District is less than
30 percent. So, we no longer use the data for these four
regions in subsequent experiments. Secondly, we examine
the number of Reliable Crowds. Like Figure 8 (b) shows
that, the number of reliable people per square kilometer
in Dongcheng and Xicheng District is more than 300. The
number of reliable people per square kilometer in HaiDian,
ChaoYang, FengTai and ShiJingShan District is more than
100. But other districts are really low, even just 10 per square
kilometer. Thus, we choose to use the OIDD data from urban
area for the subsequent experiments.

B. APPROPRIATE NUMBER OF MODES
We analyzed the OIDD data using the TSLDA model. The
optimal K value selection is discriminated by the TCV score,
that is, the classification into several modes works best. For
the sake of follow-up, we will explain the data of Zhuhai
together. Figure 9 shows the variation of the TCV score for
the number of different classification modes. As can be seen
from Figure 9, for urban area of Beijing, the best results are
divided into 7 modes, and a TCV score is 0.84. While for
Zhuhai, the best results are divided into 6 modes, with a TCV
score of 0.85.
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FIGURE 10. Three Cases of Map Signing. (a) The over all district relationship. (b) DongCheng District. (c) HaiDian District. (d) XiCheng District.

C. CORRECTNESS VERIFICATION
We will verify the classification effect from two angles. One
is based on POI data and other is based on map visualization.

1) POI DATA VERIFY
From the output of TSLDA, we can obtain the top lon-
gitude and latitude divide and probability of each region.
From Baidu POI data, we can get the POI Secondary

Classification information of this coordinate through accu-
rate latitude and longitude information. Figure 12 shows the
probability of each classification based on each mode in
POI Secondary Classification. We can conclude from Fig-
ure 10 that Mode_1 tend to conclude parks, zoos, scenic and
museums, that is Mode_1 point to Tourist Attraction and
Nature these two Primary Classifications in POI data like
Table 1 shows. As same, we can analyze that Mode_2 point
to Shopping, Foods, Work Out and Leisure & Entertainment,

VOLUME 7, 2019 171511



Y. Wu et al.: Urban Functional Area Division Based on Cell Tower Classification

FIGURE 11. Proportion of people in different modes in different time periods in ZhuHai. (a) Daily ratio. (b) Weekly ratio.

Mode_3 point to Transportation Facilities, Mode_4 point to
Hotels, Mode_5 point to Medical, Mode_6 point to Edu-
cation, Mode_7 point to Corporate. So, from this aspect,
TSLDA can classify different function mode fromOIDD data
and the classification effect is roughly consistent with the POI
classification. That is, we can use this method to study the
general functional division of a city.

2) MAP VISUALIZATION
We use the latitude and longitude information obtained by
classification to mark different categories on the map. From
this shape of map, we can see that Mode_1 covers the main
parks in every district. It accurately found the location of
famous scenic spots such as the Summer Palace, Forbidden
City, Temple of Heaven, Tian’anmen Square, etc.Meanwhile,
Mode_2 mainly find some business district. Mode_6 cov-
ers many famous universities, such as Peking University,
Tsinghua University, etc. Therefore, this method can roughly
give a range of typical functional areas, so that we can quickly
and generally understand a city.

D. ANALYSIS DISTRICT OF BEIJING BASED ON TSLDA
From Figure 11, we can analysis some tends in urban of
Beijing.
• HaiDian district is the second largest urban area in
Beijing, which is focus on education. There are many
schools in HaiDian district, not only lots of famous
colleges, but also many middle schools and primary
schools. Meanwhile, HaiDian district has many parks
and scenery areas, such as Summer Palace and Fragrance
Hill. Furthermore, HaiDian district has many residen-
tial area, which can accommodate many residents.
Therefore, we can conclude that HaiDian district is suit-
able for living and traveling.

• XiCheng district is the central of Beijing, in which exists
many hospitals and business districts. Meanwhile some
government institutions set in XiCheng district. There-
fore, Xicheng district is a region which is suitable for
shopping and working.

• DongCheng District is the heart of Beijing.Main scenery
like Tian’anmen Square, Forbidden City, Temple of
Heaven, as well as Temple of Earth all belongs to this
district. Therefore, DongCheng District is a historical
district which should be given more protection.

E. CHECK EXPERIMENT BASED ON ZHUHAI DATASET
We did the same experiment using Zhuhai OIDD data. Since
Zhuhai is not a very big city, so the data we obtained cannot
cover every corner well. So, we just use Xiangzhou district
to try.

In this experiment, based on figure 9 we take the number
of modes as 6. After confirming that the experimental results
are correct, we counted the number of people in each mode
included in each time period and calculated the proportion
of the population in different time periods, as shown in
Figure 11. At the same time, in order to verify the classi-
fication correctness of the TSLDA model, we compare the
classification results with the POI data, and the verification
results are shown in Figure 12. It can be seen from Fig. 12 that
the region partitioning probability given by TSLDA is highly
consistent with the POI data, which can prove the accuracy
of the classification. Meanwhile, As the figure 12 and other
experiments show, Mode_1 point to Tourist Attraction and
Nature, Mode_2 point to Shopping, Foods, Work Out and
Leisure & Entertainment, Mode_3 point to Transportation
Facilities, Mode_4 point to Hotels, Mode_5 point to Edu-
cation, Mode_6 point to Corporate. There are more people
go shopping and parks in weekends, and majority of people
work in office during weekdays. There are nearly no people in
office during weekends. But students usually study or live in
school nearly all time, so time that appears in schools is very
average. From Figure 11 we can clearly obtain the temporal
regular of human mobility and different function region.

Meanwhile, we use the latitude and longitude information
obtained by classification to mark different categories on the
map which shown in figure 13. Since our dataset mainly
covers Xiangzhou District of Zhuhai City, we only use this
area data for analysis. From this shape of map, we can see that
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FIGURE 12. Probability of each classification based on each mode in POI
Secondary Classification.

FIGURE 13. Xiangzhou District, Zhuhai Map Signing.

Mode_1 covers the main parks, Mode_2 mainly find some
shops, Mode_6 covers some universities, etc. Therefore, this
method can also give a range of typical functional areas based
on this dataset.

VI. CONCLUSION
Urban function analysis is one of the basic tasks of urban con-
struction. How to quickly and accurately explore urban func-
tional domains is a useful study of urban development. In this
paper, we propose the TSLDA algorithm, which improves the
LDA algorithm applied to text processing to a model that
can be applied to OIDD data analysis. Datasets that can be
used by this method is not limited to OIDD data. As long
as we can obtain a flow of information including time, place
and user, we can use this method to divide and analyze the
urban functional area. It is also proved in this paper that the

two cities with different habits and geographical differences
can have good effects, which indicates that the method is
adaptable. This makes the model very scalable and can be
used in a wide range of applications.

However, in this paper, it is also found that the prediction
effect of this method will be significantly reduced for areas
with sparse cellular towers or areas with fewer user appears.
Therefore, in the future, we will continue to study this method
and try to use less data to get better analysis results.
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