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ABSTRACT Fine-grained subjective partitioning of urban space using human activity flows reveals actual
human activity spaces with high resolution, which has great implications for the development and validation
of planning strategies. This paper presents a new method for fine-grained subjective partitioning of urban
space based on the combination of network analysis and human interactions from social media. Three
main procedures are involved in this method: 1) a cut-off point for hierarchical partitioning is determined
by fitting the probability distribution function of human activity patterns; 2) based on this cut-off point,
improved hierarchical weighted-directed spatial networks are constructed by incorporating a gravity model
into conventional spatial networks to take into account the importance of the attraction of nodes in shaping
urban space; and 3) the hierarchical and fine-grained partitioning results, which reveal the actual human
activity spaces with high resolution at multiscale are obtained by implementing a spatial community
detection algorithm in these networks. A case study, using a real-world dataset from the capital of China
validates the effectiveness of the proposed method. By analyzing the results from Beijing, we concluded that
the social media, a gravity model, and the hierarchical subjective communities detected from the hierarchical
human activity networks are all outstanding contributors to the fine-grained subjective partitioning of urban

spaces.

INDEX TERMS Gravity model, hierarchy, network analysis, social media, subjective partitioning.

I. INTRODUCTION
Subjective partitioning of urban space refers to a conceptual
categorization of the spatial variance resulting from cognitive
taxonomic processes [1]. Different from official administra-
tive partitioning in an objective way, subjective partitioning
of urban space depends more on human activities. These sub-
jective spaces, emphasizing the more natural ways that people
interact, have great implications for the official management
and configuration of cities.

The rise of big geo-data and network analysis science
brings new opportunities for the subjective partitioning of
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urban space. Accompanied by the subjectivity of human
beings, various unprecedented types of activity data have
been produced. These activity data, such as taxi GPS data,
mobile phone data, and social media data, are regarded as
inherent driving forces for the subjective partitioning of urban
space [2]-[4]. Combined with human activity data, network
analysis methods have been expanded as a support for the
subjective partitioning of urban space. Based on this sup-
port, the spatial community has been developed as an intu-
itive representation of the subjective partitioning of urban
space [5]-[8]. The theory of a spatial community is to divide
a whole region into several sub-regions so that the connec-
tions are dense within each sub-region but sparse between
different sub-regions [9], [10]. These spatial communities
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are shaped by both the urban form and inherent interactions
among people, materials, freight and information [7], [11].
Therefore, these spatial communities put more emphasis on
the actual activity space of human beings, which is valuable
for the management and configuration of cities [12].

The resolutions of the partitioning results obtained in most
existing studies vary in sizes, such as close to the size of
a country, a city, a district or a town. Resolutions at the
country level, city level and district level are determined by
the coverage of experimental data. Specifically, results with a
country-level resolution can be obtained using experimental
data on a worldwide scale [3]. Similarly, by using exper-
imental data covering a country, results with resolution at
the city level can be achieved [13]. Moreover, results with a
district-level resolution are determined by using experimental
data covering a city [8]. Resolution at the town level in the
suburbs is recommended to be obtained by hierarchical com-
munity detection [6]. However, some limitations still exist
in the fine-grained subjective partitioning of urban space.
Town-level resolution has not yet been achieved in urban
areas, let alone higher resolution than that of a town, such
as a scenic area or a commercial center.

In our study, a new method for fine-grained subjective
partitioning of urban space has been proposed to reveal
actual human activity spaces with high resolution based on
a combination of a network analysis and human interactions
obtained from social media. An improved way of constructing
a spatial network has been developed by taking into account
the importance of the attraction of nodes in shaping an
urban space. In addition, hierarchical human activity patterns
are derived and form the basis of detecting the hierarchical
spatial community to refine the results of subjective parti-
tioning. The effectiveness of our method has been validated
in the case of Beijing. Interestingly, we have found that
social media can refine the results of subjective partitioning,
which will be demonstrated and discussed in the following
sections.

The remainder of this paper is organized as follows.
In Section 2, we review related studies with regard to spa-
tial community detection with a network analysis method.
Section 3 describes the details of our method. Section 4 intro-
duces the case study area, the datasets and our partitioning
results and findings. Section 5 discusses the functions of
social media data and the gravity model in refining the sub-
jective partitioning results. Additionally, the applicability of
our method in other case studies is discussed in Section 5.
Finally, the conclusions are stated in Section 6.

Il. LITERATURE REVIEW

This study focuses on fine-grained subjective partitioning of
urban space, which can be revealed by spatial community
detection. Combined with human activity data, network anal-
ysis methods have been widely adopted in previous studies
to depict the spatial community. This section will review the
related studies on spatial community detection via network
analysis methods.
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Network analysis relies on mathematical graph theory,
which can effectively investigate network structure [14].
A structure derived from a human activity network is a
comprehensive consideration of resources such as people,
material, freight and information. Network nodes near each
other in geographic space are more related and strongly con-
nected to form a local cluster structure [15], [16]. Inspired by
these structures, many studies have used network-analysis-
based approaches to investigate spatial community struc-
ture [17]-[20]. The construction of a network is based on the
flows of human activity between different spatial units, where
each node refers to a spatial unit and each edge is modeled
by human activity flows between two nodes. Various aspects
of the spatial community structure derived from the network,
such as the division of human activity space, the dynamics
of urban space, the hierarchy of the spatial community, and
the framework to improve spatial community detection, have
been investigated in previous studies. Typical studies on these
aspects are reviewed below.

A. THE DIVISION OF HUMAN ACTIVITY SPACE
Researchers have focused on the division of human activity
space to discover more actual ways that people interact across
space. For example, Adam, Delvenne, and Thomas [2] inves-
tigated the subjective partitioning of urban space in Brussels
and confirmed the sprawling of the metropolitan territory.
Kallus et al. [3] redrew the geo-political borders from the
worldwide Twitter communication networks, which showed
the effects of local conflicts and globalization on entire con-
tinents. Taking taxi GPS data as a proxy of human activities,
Tang et al. [21] successfully divided the urban space of Harbin
into a series of traffic zones.

B. THE DYNAMICS OF SPATIAL COMMUNITY
Understanding the dynamics of a spatial community can
improve our knowledge of both the development of urban
areas in different periods and the evolution of human activi-
ties over time. Zhong et al. [7] detected the dynamic develop-
ment of spatial community borders from weighted directed
networks constructed from smart card data in different
years and identified emerging and disappearing communities.
Zhou et al. [12]; Jiang et al. [22]; and Wang et al. [23] all
revealed the diurnal patterns of spatial communities from
time-evolving networks.

C. THE HIERARCHY OF SPATIAL COMMUNITY

Hierarchy is also a valuable aspect of a spatial community
in recognizing space at different levels. Two ways are useful
to realize the hierarchy of spatial communities. One way
is to perform hierarchical clustering on a network, which
defines the hierarchy based on the characteristics and topol-
ogy of a network. For example, Rinzivillo et al. [24] imple-
mented a hierarchical clustering to a human mobility network
to portray hierarchical human activity borders and evalu-
ated to what extent the administrative borders represent the
real basin of human movement. Another way is to perform

VOLUME 7, 2019



M. Qiao et al.: Fine-Grained Subjective Partitioning of Urban Space Using Human Interactions From Social Media Data

IEEE Access

flat clustering on hierarchical networks, which defines the
hierarchy based on the hierarchical relations for forming
hierarchical networks. For example, Sobolevsky et al. [25]
implemented an additional iterative partitioning of each of the
first-level communities into sub-communities, revealing that
the cohesiveness and matching of official regions can also be
observed on a second level. Liu et al. [6] revealed a two-level
hierarchical city community from taxi datasets composed of
different trip distances, which showed the district-level and
town-level human activity spaces. Similarly, Yin et al. [13]
delineated the hierarchical anthropography boundaries based
on the different physical movement ranges of Twitter users
in Great Britain, which revealed the city-level and district-
level human activity spaces. Fusco and Caglioni [26] applied
both the modularity optimization and significant dominant
flows recursively to partition space hierarchically, which
highlighted the inadequacy of the official methods in inte-
grating administrative boundaries in the functional area
definition.

D. OPTIMIZING THE FRAMEWORK OF SPATIAL
COMMUNITY DETECTION

Many studies have put efforts into this optimization to con-
sider the characteristic of geographic space. Gao et al. [5]
improved the community detection algorithm of modular-
ity [27] by integrating a gravity model to remove the influence
of distance decay. Similarly, Chen et al. [15] proposed a
geo-distance-based method to detect communities in spa-
tially constrained networks. Guo et al. [10] developed a
new community detection algorithm named STOCS (Spatial
Tabu Optimization for Community Structure), which suc-
cessfully guaranteed the stability of the results and filtered
out noise with a spatial contiguity constraint. Zhu et al. [8]
proposed using streets as analytical units (which are usually
referred to as nodes in networks) instead of regular grids,
which can effectively minimize the modifiable area unit
problem.

Previous studies provide a good foundation for the cur-
rent study to achieve the fine-grained subjective partition-
ing. Network-analysis-based spatial community detection is
adopted to partition actual human activity space. In addition,
hierarchical community detection and a gravity model are two
important tools for refining the partitioning, as will be demon-
strated and discussed below. Finally, noise removal is also
considered in our method. The details and the effectiveness
of our method are described below.

lIl. METHODOLOGY

The presented approach includes three main parts to achieve
fine-grained subjective partitioning of urban spaces by
using human interactions obtained from social media data.
As Figure 1 shows, first, the valid and invalid activity flows
are determined, and a cut-off point is detected as the basis
for hierarchical partitioning. Second, improved hierarchical
spatial networks are constructed by incorporating a grav-
ity model. Third, the hierarchical spatial community is
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FIGURE 1. A schematic diagram of the fine-grained subjective
partitioning of urban spaces.

detected to obtain hierarchical and fine-grained partitioning
results. It is worth highlighting that the hierarchical spatial
community is obtained by performing flat clustering on mul-
tilevel hierarchical networks because the hierarchical rela-
tions between human activities are more able to adjust to the
characteristic of subjectivity and contribute to more actual
results. The details are provided below.

A. DETERMINING ACTIVITY FLOWS AND HIERARCHY

Liu et al. [6] proposed an outstanding method for hierar-
chical spatial community detection, though this method as
the drawback of requiring repeated attempts. Yin et al. [13]
proposed an insightful method to overcome this drawback by
defining a cut-off point in the probability distribution of the
human activity radii, while they found no cut-off point at the
city level. In our study, the idea of defining a cut-off point
for hierarchical partitioning is applied. Instead of calculating
human activity radii that may smooth the probability distri-
bution curve, the valid human activity flows are used as a
replacement. The detailed steps are as follows:

1) RESEARCHING UNIT DIVISION

A set of units is first obtained by region division, which is
implemented on the study area to solve the problem that one
address may be located by different coordinates of social
media data. In our study, regular grids are suggested as
research units, defined as U = {i;]i € {1, 2, ..., s}}.
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2) CLASSIFYING ACTIVITY FLOWS BY VALIDITY

In this step, directed OD (Origin-Destination) flows of users
are built from social media data in chronological order. As the
first part of Figure 1 shows, if the origin and destination of a
flow are located in the same unit «;, then the flow is regarded
as an invalid flow. Otherwise, the flow is regarded as a valid
flow.

3) CURVE FITTING

Fitting the probability distribution of the distances of valid
flows to find a cut-off point disT can make sense. The prob-
ability distribution function should be different at the both
sides of disT. Different probability distribution functions
represent different human activity patterns, which is the basis
for hierarchical partitioning.

4) DETERMINING HIERARCHY

After finding disT , the hierarchical datasets can be obtained
to define the hierarchy. All valid flows are gathered into a top-
level dataset D1, which is used for the top-level partitioning of
urban space. Flows with distances less than disT are gathered
into a sublevel dataset D,, which is used for the sublevel
partitioning of urban space. It is worth mentioning that the
number of valid flows at different hierarchy levels should be
reasonable.

B. IMPROVED HIERARCHICAL SPATIAL NETWORK
CONSTRUCTION WITH THE GRAVITY

MODEL INCORPORATED

Based on hierarchical activity datasets, a gravity model is
added to improve hierarchical weighted-directed spatial net-
work construction. Let G = (V,E, W) be an improved
weighted-directed spatial network, where V, E and W refer
to the vertices, directed edges and weights of a network
respectively, which are obtained as follows:

1) GENERATING VERTICES SET VV AND

DIRECTED EDGES SET E

A subset consisting of research units with valid flows is
regarded as the set of vertices V. = {v;|i € {1,2,...,n}}
of the network G. Then, the directed edges set E =
{ei=<vo,vg > |i € {1,2,...,m, H{vy,vg} € V}, is gener-
ated between vertices corresponding to the units with at least
one valid flow.

2) GENERATING WEIGHTS SET W

In addition to the valid flows, there are many invalid flows
attached to each vertex. The number of invalid flows indicates
the strength of the attraction of each vertex, which will be
taken into account in generating weights. Based on the rela-
tionship of distance decay and spatial community [5], [13],
a gravity model is incorporated into our method to take into
account the importance of the attraction of nodes in refin-
ing the partitioning of urban space. Weights incorporating
the gravity model are defined as W = {w;=g; * ¢jli €
{1,2,...,m}}, where w; refers to the weight of ¢;, g; refers
to the gravitation of e; calculated using equation (1), and ¢;
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refers to the accumulated flows of e;.
P, x P,

8i= dis?
where P, and P, refer to the numbers of invalid flows in unit
O and unit D, respectively. dis refers to the Euclidean distance
between unit O and unit D. g refers to the distance-decay
parameter, which is calculated by fitting a power law [5].

Finally, by using a method that incorporates a grav-
ity model, the hierarchical spatial networks G; and G
are constructed from the hierarchical datasets D; and D,
respectively.

, 1e{l,2,....,m} and P,, P; €V (1)

C. HIERARCHICAL FINE-GRAINED PARTITIONING

OF URBAN SPACE

Based on the improved hierarchical spatial networks, a spa-
tial community is used as an intuitive representation of the
subjective partitioning of urban space. As the third part of
Figure 1 shows, detection of the spatial community consists
of two steps:

1) DETECTING THE NETWORK COMMUNITY

Infomap, a common community detection algorithms devel-
oped by Rosvall, Axelsson, and Bergstorm [28], is advanta-
geous in handling a weighted directed network, which can
identify the most important components of a network by using
random walk as a proxy for information flows. Moreover,
Infomap can identify small community structures in net-
works, which is meaningful for the detection of fine-grained
human activity spaces. Therefore, Infomap is totally appropri-
ate and used in our hierarchical spatial networks G and G»
to detect the hierarchical network communities.

2) MAPPING TO THE SPATIAL COMMUNITY

After the detection of hierarchical network communities,
the results are mapped to geographical units to achieve hierar-
chical partitioning of urban space. Based on the correspond-
ing relationships of geographical units and network nodes,
it is easy to determine to which spatial community each unit
belongs.

In addition, because of the absence of the spatial contiguity
constraint, several units apparently disperse away from the
gathering areas of the communities to which they belong.
DBSCAN is suggested to be implemented in every spatial
community to filter these units.

Finally, based on our method described above, the hier-
archical fine-grained partitioning of urban space will be
obtained with human interactions obtained from social media
data. To improve the readability of our method, the detailed
algorithm steps are shown in Table 1. To verify the effective-
ness of this method, a real-world dataset from the capital of
China is used as a case study.

IV. APPLICATION TO BEIJING

A. STUDY AREA AND DATA PREPROCESSING

As the capital of China, Beijing attracts many people to
carry out a variety of activities, which provides valuable
data for our study. Of the 16 districts of Beijing, 10 districts
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TABLE 1. Algorithm table of the proposed method for fine-grained
subjective partitioning of urban space.

Input
Weibo data with GPS embedded
Researching units (such as regular grids)

A. DETERMINING ACTIVITY FLOWS AND HIERARCHY

1. Embedding the unitid U = {w;| i € {1,2, ... , s}} into each data

2 Building the directed O/D of each user's data in chronological order

3 Classifying activity flows by validity:
invalid flow set /VF: the O/D of a flow located in the same unit u;,
valid flow set VF: the O/D of a flow not located in the same unit,

4. Calculating the distances of VF, saved in set DIST

5. Generating the probability distribution according to the O/D distances

of VF

6. Perform curve fitting to find a cut-off point disT representing
hierarchical human activity patterns

7. Generating hierarchical datasets:

Top-level dataset D,: VF
Sub-level dataset D,: VF with distance < disT

B. IMPROVED HIERARCHICAL SPATIAL NETWORK
CONSTRUCTION WITH THE GRAVITY MODEL INCORPORATED
1. For D, and D,, performing steps 2-7, and output hierarchical
networks G; and G,

Obtain units U with valid flows as vertices V of the network G.
Generate directed edge set £ according to VF between units.

Calculate the amount of /F'V at each vertex, referred to as P,, Py

Calculate the amount of V'F at each edge, referred to as ¢;
Po*Pq
disP

Calculate the gravitation g; of each edge: g; =

NS R WD

Calculate the weight of each edge: w; = g; * ¢;

C. HIERARCHICAL FINE-GRAINED PARTITIONING OF URBAN
SPACE

1. Performing Infomap algorithm on hierarchical G; and G,
2. Mapping communities to spatial units

3. Performing DBSCAN to remove noise units

Output

Hierarchical subjective partitioning results

are selected as the study area: the Changping, Shijingshan,
Haidian, Dongcheng, Xicheng, Shunyi, Tongzhou, Fengtai,
Daxing, and Chaoyang Districts. The urban and suburban
areas of Beijing are included.

We have built a data crawler frame to collect human
activities from the Sina Weibo platform (a famous social
media platform in China) within the study area. Data with
GPS information embedded are collected through the appli-
cation programming interfaces (APIs) provided by Sina
Weibo. With a long period of collection (from 2014.02.01 to
2014.09.31), noise removal (removing advertisements, mar-
keting accounts and virtual person accounts) and pre-
processing (removing users with fewer than 3 messages
posted during our collection period), we finally obtained
4,111,364 valid flows and 2,854,369 invalid flows for the
fine-grained subjective partitioning of urban space.

The cut-off point disT for hierarchical division is iden-
tified as Skm by fitting the probability distribution of the
distances of valid flows. Flow distances within Skm follow
a power-law distribution P(d) ~x~B, accounting for more
than 40% of all flows, while the probability density function

VOLUME 7, 2019

of flow distances greater than Skm can be approximated by
P (d) ~ky (1—e™/') + ky (1—e=*/'). The probability dis-
tribution function is different on each side of Skm so disT is
determined to be Skm. In addition, to determine the distance
decay parameter of the gravity model, the probability dis-
tribution of the valid flows within [Okm, 30km] (accounting
for about approximately 90% of all flows) are fitted. Finally,
we obtain the distance decay parameter § = 1.06. Details are
shown in Figure 2.

FIGURE 2. The probability distribution of distances of valid flows. Flows
with a distance less than 5km are fitted by model1, shown by the red line,
which follows a power-law distribution P(d) ~ x—#; flows with a distance
greater than 5km are fitted by model2, shown by the blue line, which can
be approximated by P(d) ~ k; (1 — e*/t1) 4 ky (1 — e~*/t2); flows with a
distance within [0km, 30km] are fitted by model3, shown by the green
line, which follows a power-law distribution P(d) ~ x—#. Detailed
parameter values are shown in these tables embedded in this figure.

B. CHARACTERISTICS OF IMPROVED

HIERARCHICAL NETWORKS

Hierarchical spatial networks are obtained by using the
gravity-model-based network construction method described
in Section 3.2. In this process, the study area is partitioned
into lkm x lkm regular cells as the nodes of networks.
The distance-decay parameter § is set as 1.06. We define
N1 and N, as networks constructed by using all valid flows
and valid flows of distances less than Skm, respectively. The
characteristics of these two networks are provided in Table 2.

TABLE 2. Characteristics of networks.

Average flows Average weights

ID Nodes Edges Flows
of edges of edges
11,408 1,029,936 4,111,364 3.99 37,206.8
1 (100%) (100%) (100%) (100%) (100%)
N 9,581 131,866 1,755,684 13.31 229,788.9
2(84.0% (12.8%) (42.7%) (333%) (617%)

The differences between the characteristics of these two
networks in Table 2 further confirmed the existence of two
different human activity patterns. The numbers of nodes in
these two networks are similar, which means the ranges of
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the study area covered by the two networks are almost equal.
Nevertheless, the difference between the edges is much larger
than the difference between flows among these two networks,
which indicates that N; is less accessible to the global scale
than N; but has a stronger connectivity to the local scale.
This finding is further confirmed by the characteristics of
the average flows of edges and the average weights of edges.
Especially in regard to the average weights of edges, the gap
between N and N, is further highlighted. This pattern is also
consistent with the results of Liu et al. [6], in which short trips
are more spatially stable. Networks N; and N, are then used
for the fine-grained partitioning of urban space.

C. RESULTS OF FINE-GRAINED SUBJECTIVE
PARTITIONING OF URBAN SPACE IN BEIJING

The results of the fine-grained subjective partitioning of
urban space achieved by this method are shown in Section 3.3.
Figure 3(1) shows the top-level partitioning results obtained
from Ny, and Figure 3(2) shows the sublevel results obtained
from N.

(1)

(2)

FIGURE 3. Fine-grained subjective partitioning of urban space in Beijing.
(1) Top-level partitioning of urban space in Beijing. (2) Sublevel
partitioning of urban space in Beijing. Some famous areas such as famous
blocks, attractions and commercial centers are labeled by red ellipses.

To evaluate the top-level results, the district-level admin-
istrative boundaries and the urban expressway of Beijing
are overlapped in Figure 3(1). Three characteristics can be
revealed in Figure 3(1).
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First, the top-level results have greater consistency with
the administrative boundaries and expressways of Beijing.
In detail, there is greater consistency with the combination
of administrative boundaries and expressways in suburban
areas such as communities 8, 15, 23, 27, 28, 31 and 39, while
there is higher consistency with the expressways of Beijing
in urban areas because of the similar mosaic texture. This
characteristic indicates that the administrative boundaries and
expressways determined in a top-down fashion have precon-
ceived influences on actual human activity spaces.

Second, some mismatches within the results are visible and
reasonable. The actual human activity spaces are not only
constrained by administrative boundaries and expressways
but also influenced by preference, religion, economic level
and so on. For example, many people live in Huilongguan in
the eastern part of community 8 and work in the high-tech
industrial zone of the Shangdi sub-district in the southwest
part of community 8. Strong interactions between these two
regions combine the regions into a community.

Third, on the whole, the top-level partitioning results are
more refined than those of the official district-level bound-
aries, especially in urban areas. For example, Sanlitun is situ-
ated in community 1, where the famous commercial mansion
Taikoo Li and bar street are locatedt. Community 3 corre-
sponds to the Wudaokou subdistrict, where many famous uni-
versities are located at, such as Tsinghua University and the
University of Science and Technology Beijing. The Wangjing
sub-district is clearly delineated in community 9. Famous
tourist attractions, such as Peking University, the Sum-
mer Palace and the Old Summer Palace are located in
community 2. Community 19 includes the tourist attractions
of Houhai and South Luogu Lane.

In short, our top-level results have revealed the fine-grained
actual human activity spaces, especially in urban areas. The
resolution of the top-level results is higher than that of the dis-
trict boundary, which confirms the importance of integrating
of social media data and the gravity model to refine the sub-
jective partitioning of urban space. Nevertheless, suburban
areas yield poor partitioning results that are not sufficiently
fine-grained. The advantage of hierarchical partitioning in
refining is then considered to optimize the results. Sublevel
results are shown in Figure 3(2).

To analyze the sublevel results, we have overlapped the
top-level and sublevel results, as shown in Figure 3(2). Two
characteristics can be revealed.

First, the results from human activities with short flows
show an obvious refining in the subjective partitioning
of urban space. For example, fop — level community 28
(a space mainly formed by the influence of Beijing Cap-
ital International Airport) becomes the collection of
sublevel communities 23, 65,79, 109, 146 and 122, which
respectively correspond to Tianzhu Town with Beijing Cap-
ital International Airport, Sunhe Town, Houshayu Town,
Jinma industrial zone, Gaoli Town and Ligiao Town. Top —
level community 13 (a space that mainly corresponds to
the boundary of Xicheng District) becomes the collection

VOLUME 7, 2019



M. Qiao et al.: Fine-Grained Subjective Partitioning of Urban Space Using Human Interactions From Social Media Data

IEEE Access

of sublevel communities 10 and 22, which respectively
correspond to the combination of Jinrongjie and the Xidan
commercial center, and the Baizhifang sub-district containing
the famous ethnic culture street Niujie.

Second, the degree of refinement in urban areas is less
obvious than that in suburban areas. At the extreme, some
communities remain almost unchanged such as the top —
level communities 5, 14, 25, and 21, which respectively cor-
respond to sublevel communities 7, 16, 21, and 24, which are
formed by a university town (including the Beijing Foreign
Studies University Dong Campus and the Central University
for Nationalities), the combination of Taiyanggong Town and
Yansha, the combination of the Beijing South Railway Station
and Jiaomen sub-district, and the combination of the Beijing
West Railway Station and Taipinqiao Village, respectively.
This finding indicates that people create stable and mostly
short flows in these areas to generate more stable activity
spaces.

In short, the comparison of Figure 3(1) and Figure 3(2)
confirms that hierarchical partitioning contributes substan-
tially to the fine-grained subjective partitioning of urban
spaces. The integration of social media data, a gravity
model and hierarchical community is valuable for achieving
fine-grained subjective partitioning of urban space.

In the case of Beijing, the effectiveness of our method
has been validated and the characteristics of the fine-grained
subjective partitioning of urban space in Beijing have been
explored. Through the analysis, the top-level results show
the advantage of combining social media data and a grav-
ity model in refining the partitioning. With this advantage,
the sublevel results further prove the function of the hierar-
chical community in refining the partitioning. In addition,
the respective functions of social media data and the gravity
model will be discussed in Section 5.

V. DISCUSSIONS

The subjective partitioning of urban spaces by using human
interactions can effectively reveal the natural ways that peo-
ple interact and the actual human activity spaces, which has
great implications for the official management and configu-
ration of cities. Meanwhile, the development of research on
the fine-grained subjective partitioning of urban space is still
in its infancy. Our study contributes to this emerging body
of research by developing a new method that combines the
advantages of hierarchical community obtained from hierar-
chical human activity networks, a gravity model and human
interactions obtained from social media in refining subjective
partitioning results. The function of the hierarchical commu-
nity in refining partitioning has been revealed above. In this
section, the functions of social media data and the gravity
model in refining partitioning will be discussed in the first
part. In addition, the weakness of our method with regard to
features of noise and noise removal will be discussed in the
second part. The applicability of our method in other case
studies will be discussed in the third part.
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A. DISCUSSIONS ON THE RESPECTIVE FUNCTION

OF SOCIAL MEDIA AND THE GRAVITY MODEL

IN REFINING PARTITIONING

A comparative analysis of examples will be discussed.
Figure 4 shows the partitioning results derived from differ-
ent data sources and different network construction meth-
ods. Figure 4(1) shows the partitioning results obtained with
human activities from taxi GPS data in Beijing (period from
2012.11.01 to 2012.11.30 with 6,281,618 valid flows, yield-
ing a network with 8,383 nodes and 1,073,710 directed
edges). Figure 4(2) uses social media data as a replace-
ment data source (yielding a network with 11,408 nodes
and 1,029,936 edges, and 4,111,364 valid flows; the size
of this network is not much different from that of the
taxi network) to partition urban space. Figure 4(1) and (2)
are derived from networks without a gravity model added.
The results obtained by incorporating a gravity model in
the construction of the network are shown in Figure 4(3).
The spatial networks of these three partitioning results with
nodes corresponding to grids in communities 1,2 and 3
are shown in Figure 4(1). For visualization purposes, only
directed edges with weights greater than the 95th percentile
are displayed. Figure 4(a), (b) and (c) show the sample net-
works corresponding to the respective partitioning results of
Figure 4(1), (2) and (3), which will be used below to explain
the reasons for the differences in the partitioning results.

FIGURE 4. Samples illustrating the respective functions of social media
data and the gravity model in refining the partitioning. (1) shows results
obtained from taxi data, (2) shows results obtained from social media
data, and (3) shows results obtained from social media data with a
gravity model incorporated. some famous landmarks are labeled

in (1)-(3). The corresponding networks of (1)-(3) are shown in (a)-(c).

1) FUNCTION OF SOCIAL MEDIA IN REFINING

SUBJECTIVE PARTITIONING

Based on the same network construction and subjective parti-
tioning method, using social media data can yield more fine-
grained results than using taxi data. For example, the Xicheng
District cannot be delineated in Figure 4(1). In addition,
the mosaic texture similar to expressways vanishes in the
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results obtained with taxi data. Nevertheless, in Figure 4(2),
not only is the mosaic texture similar to that of the express-
ways, but also more fine-grained spaces can be delineated,
such as the Xicheng District boundary in community 2
and the Xinfadi Long-distance Passenger Station located in
community 34 in Figure 4(2). In general, Figure 4(2) is a good
demonstration of the role of social media data in refining
subjective partitioning.

To explore the intrinsic reason for the function of social
media data in refining subjective partitioning, the sample
networks in Figure 4(a) and (b) are analyzed. Compared to the
relatively uniform distribution of edges in the network con-
structed with taxi data, the edges in the network constructed
with social media data in Figure 4(b) are shorter and concen-
trated more locally. As seen by tracing back to the source,
these features in Figure 4(a) are contributed by the charac-
teristics of social media data. Social media data are usually
posted with a high variance of consciousness and purposive-
ness when people are aware of something [29], [30]. The high
variance of awareness is effective in refining partitioning.
For example, as Figures 4(2) and (b) show, community 5 is
adjacent to community 8 in Figure 4(2); the former region is
formed mainly by the awareness related to the Old Summer
Palace, while the latter region is related mainly to a university
town dominated by Tsinghua University. In short, the enor-
mity and high variance of the information provided by social
media data condenses the wisdom of a group of people and
contributes to the short and locally concentrated edges in
spatial networks, which make social media data effective in
refining subjective partitioning.

However, some inaccuracies that exist in Figure 4(2) show
the limitations of only using social media data in refining
partitioning. For example, community 1 in Figure 4(2) has
merged Dongcheng District and Chaoyang District into a
single region, which is not sufficiently fine-grained. New
techniques such as a gravity model are required to overcome
these limitations. The function of a gravity model in refining
subjective partitioning is discussed below.

2) FUNCTION OF GRAVITY MODEL IN REFINING

SUBJECTIVE PARTITIONING

The incorporation of a gravity model in Figure 4(3)
shows further fine-grained partitioning results compared to
Figure 4(2). Obviously, Dongcheng District and Chaoyang
District are successfully separated. More fine-grained spaces
such as the Beijing West Railway Station (corresponding to
community 21 in Figure 4(3)) and the Guomao commercial
center (corresponding to community 4 in Figure 4(3)), are
delineated accurately. The purpose of using a gravity model
in our method is to take into consideration the importance
of the attraction of nodes in shaping urban space. Taking
the attraction of nodes into consideration is a reasonable
and effective way to enhance the distinguishability between
nodes, which plays an important role in refining subjective
partitioning.
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Similarly, the sample networks in Figure 4(b) and (c) are
compared to explore the intrinsic reason of the function of the
gravity model in refining subjective partitioning. In general,
the network with a gravity model incorporated in Figure 4(c)
highlights the domination of local nodes with strong connec-
tions and weakens the connections between nodes far away
from each other. For example, community 1 in Figure 4(2) is
dominated by both Sanlitun and Guomao. With the incorpo-
ration of the gravity model, the connections between Sanlitun
and Guomao are weakened, and new communities dominated
by these regions are formed (community 1 dominated by San-
litun and community 4 dominated by Guomao in Figure 4(3)).
Therefore, the gravity model is effective in refining subjective
partitioning.

In conclusion, the use of social media data as a data source
contributes to more refined results for the subjective parti-
tioning of urban space, and the incorporation of a gravity
model can also refine the results from the method level.
The enormity and high variance of the information provided
by social media data makes human activities more distin-
guishable to refine partitioning. The consideration of the
attraction of nodes with the gravity model also increases the
distinguishability between nodes, which results in more fine-
grained spaces. Therefore, the combination of social media
data and a gravity model in our method yields more fine-
grained results than the methods used in previous studies.

B. DISCUSSIONS ON THE FEATURES

OF NOISE AND NOISE REMOVAL

The absence of spatial constraints in the network-analysis-
based method may make the grids that contain only several
random data become noise. As Figure 5(1) shows, many grids
apparently disperse away from the gathering areas of the
communities to which they belong in the top-level exam-
ples. By filtering the flows by distance, less discrete grids
were produced, while some discrete communities emerged
in Figure 5(3). These discrete grids and discrete communities
are all regarded as noise in our study. Due to the sparseness of
data in the suburbs, one common feature of these two kinds
of noise is that they are mainly distributed in the suburbs.

To remove noise from the discrete grid, DBSCAN
(Density-Based Spatial Clustering of Applications with
Noise) [31] is recommended in our method. Figure 5(2)
displays the top-level examples with noise removal by
DBSCAN. As seen by comparing Figure 5(1) and (2), most
noise has been removed effectively by DBSCAN. However,
some shortcomings exist when using DBSCAN to remove
such noise. First, near the border of the two communities,
there is the case where a grid still crosses into communities
that it does not belong to. Another shortcoming of using
DBSCAN to remove a discrete grid is that repeated imple-
mentation of DBSCAN is needed to ensure each community
is processed. The consideration of a spatial contiguity con-
straint such as the STOCS, may overcome these problems,
but new algorithms are required. Compared to designing
new algorithms, DBSCAN with open source code is easy
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FIGURE 5. Examples of noise and noise removal. (1) shows top-level
results with noise and (2) shows top-level results with noise removed by
DBSCAN. (3) shows sub-level results with noise and (4) shows sub-level
results with noise removed by DBSCAN.

to implement. In general, DBSCAN is a feasible but not
perfect solution for removing discrete grids.

To remove the noise of discrete communities, an easy way
is to remove the communities with fewer than 10 grids [6].
As Figure 5(4) shows, discrete communities in the suburbs
were effectively removed. Nevertheless, the shortcoming of
this solution was that several small communities in urban
areas were also inevitably removed. In short, removing com-
munities with fewer than 10 grids can improve the partition-
ing results in the suburbs. However, some mistakes emerge
with regard to the urban areas.

In conclusion, applying DBSCAN and removing discrete
communities are effective but not perfect ways to remove
noise. In the future, spatial constraints, such as spatial con-
tiguity, will be considered to solve this problem.

C. DISCUSSION ON THE APPLICABILITY OF OUR
METHOD IN OTHER CASE STUDIES

There are three important inputs in our method: first, suf-
ficient human interaction data from social media; second,
the distance-decay parameter B of the gravity model for
improving the construction of networks; and third, the hierar-
chy of human activity patterns, which can be simply thought
of as short-distance flows and long-distance flows. The-
oretically, if these three inputs are available, our method
will be applicable to achieve fine-grained subjective parti-
tioning of human activity spaces. For example, portioning
of metropolises, such as Shanghai and Wuhan in China,
is considered to be feasible because of massive population

VOLUME 7, 2019

agglomeration and sufficient urban areas. Nevertheless, these
are only theoretical speculations because of the lack of social
media data. If data are available in the future, we will further
prove the applicability of our method in other case studies.

VI. CONCLUSION

Revealing actual human activity spaces with high resolu-
tion has great implications for the development and val-
idation of planning strategies. This paper has proposed a
new method for the fine-grained subjective partitioning of
urban space. In our method, key contributors such as human
activity data obtained from social media, a gravity model
and hierarchical subjective communities detected from hier-
archical human activity networks are involved to refine the
partitioning results. First, human activity data from social
media, created with variety and strong subjective awareness,
are separated into two datasets with hierarchical relationships
by defining a cut-off point in the probability distribution
of activity flows. Second, two improved networks are con-
structed from the hierarchical datasets by taking into account
the importance of the attraction of nodes in shaping urban
space using a gravity model. Finally, community detection
is used in these hierarchical networks to obtain hierarchical
and fine-grained partitioning results. The effectiveness of this
method has been validated in the case of Beijing, and both the
respective and integrated functions of these three contributors
in fine-grained subjective partitioning of urban space have
been revealed. The combination of these contributors realizes
more high-resolution partitioning of urban space than the
methods used in previous studies. In the case of Beijing,
high-resolution spaces, such as railway stations, airports, sub-
districts, tourist attractions, commercial centers, and univer-
sity towns, are delineated accurately. These spaces represent
the exact and actual human activity spaces, which have great
implications for the official management and configuration
of cities.

In future research, there are still many points in our study
that need to be improved. The method for noise removal in
our study is not scientific enough. Spatial constraints will be
considered to improve this point in the future. In addition,
only two different human activity patterns are determined
based on the probability distribution of the distances of flows.
If more factors are considered to sort out more human activity
patterns, more accurate, more diverse and more fine-grained
human activity spaces will be obtained in the future. More-
over, to expand our research, we will consider the use of
these fine-grained and actual human activity spaces as basic
research units in other urban studies. For example, these
spaces obtained in a bottom-up fashion can be used as basic
research units for land use investigation. If extended to remote
sensing science, our results can be regarded as new segmen-
tation results, which are valuable for image classification.
Moreover, the interactions among people in the same space
are stronger than those in two different spaces, and deter-
mining the formative reasons for these strong interactions or
the stratum of these people also interests us. In short, these
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fine-grained and actual human activity spaces are useful and
valuable for research studies.
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