
sustainability

Article

Urban Vitality Area Identification and Pattern
Analysis from the Perspective of Time and
Space Fusion

Shaojun Liu 1,2,3, Ling Zhang 1,2,3,* and Yi Long 1,2,3

1 Key Laboratory of Virtual Geographic Environment (Nanjing Normal University), Ministry of Education,
Nanjing 210023, China

2 State Key Laboratory Cultivation Base of Geographical Environment Evolution (Jiangsu Province),
Nanjing 210023, China

3 Jiangsu Center for Collaborative Innovation in Geographical Information Resource Development and
Application, Nanjing 210023, China

* Correspondence: lingzhang@njnu.edu.cn

Received: 28 June 2019; Accepted: 23 July 2019; Published: 25 July 2019
����������
�������

Abstract: Urban vitality provides an important basis for evaluating urban development and spatial
balance. In the era of big data, the quantitative analysis of urban vitality has become a research hotspot
in the field of urban sustainability and planning research. However, time variation characteristics
are often neglected, which leads to one-sidedness in the pattern analysis of urban vitality. In this
paper, a method for extracting vitality areas and integrating spatiotemporal features clustering
is proposed. The method is used to divide urban space into multiple vitality areas scientifically.
The spatial and temporal distribution patterns of urban vitality areas are found, and the driving
factors of various vitality patterns are analyzed by combining points of interest (POI)-based land use
characteristics. To illustrate this method, this paper takes Nanjing city as an example. One week’s
worth of mobile phone data indicated that Nanjing has 10 and 8 vitality areas on weekdays and
weekends, respectively. The spatial and temporal distribution patterns of the vitality areas and their
correlation with land use were analyzed, which proved that POI density and entropy have strong
correlations with urban vitality.

Keywords: urban vitality; mobile phone data; self-organizing map (SOM); spatiotemporal
pattern analysis

1. Introduction

The concept of “urban vitality”, which can be considered to be “the intensity of people’s
concentration”, was proposed by Jane Jacobs in “The Death and Life of Great American Cities” [1] and
is often regarded as the raw power and energy within a city [2]. It is also considered to be the goal
of good urban design [3,4]. In recent decades, urbanization has been growing rapidly in developing
countries, and many metropolises have also stepped into the concentrated outbreak period of “urban
disease” [5,6]. The rapid expansion of population and the serious shortage of urban infrastructure
capacity have brought traffic congestion, environmental pollution, disorder, low efficiency of operation,
and other problems. These problems seriously restrict the sustainable development of cities. Therefore,
deep analysis of the spatiotemporal dynamic characteristics of urban human spatial activities and their
relationships with urban resource allocation is urgently needed, and it is used to provide a reliable
basis for urban infrastructure construction and the optimal allocation of resources. The study of urban
spatial and temporal vitality patterns provides a new way to alleviate the problem of blind urban
expansion and unbalanced resource allocation.
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The emergence of big data has provided us with an opportunity to study the dynamic distribution
of populations, and it is available to measure the spatial and temporal distribution patterns of urban
vitality quantitatively [7–9]. Compared to traditional questionnaire data and residents’ travel survey
data [10–12], urban vitality analysis based on big data greatly saves time and labor costs and has
a qualitative leap in sample size. It also excludes errors caused by the reporter’s subjective factors.
Furthermore, it opens a window to the continuous dynamic observation of cities, and thus we can
transform the traditional paradigm of observing and analyzing the world from a static perspective
into the cognition of dynamic space–time processes. Relevant research attempts have been made
using nighttime lighting data [13], location-based service (LBS) data [9,14], and social media check-in
data [15,16] as a proxy for human activities. However, due to the inherent limitations of the number of
populations covered by the collected samples and the coverage period, these data are not enough to
become ideal data sources for vitality research at an urban scale. Thanks to the high penetration rate
and the comprehensive coverage of communications signals, mobile phone data have become an ideal
data source for characterizing human activity patterns [17–19].

Although some studies have used mobile phone data to quantitatively assess urban vitality [7,20],
they also have only taken the data as a verification of vitality strength, which is usually reflected by
the amount of human activity in a unit space. The advantages of continuous user tracking of mobile
phone data have not been fully exploited to analyze the spatiotemporal heterogeneity of vitality. The
concept of urban vitality points out that urban vitality is formed by continuous human activities of the
region during the day, rather than a crowd-gathering effect during peak hours [1]. Currently, most of
the quantitative research on urban vitality measurement has been based on the cumulative number of
people in each region of a city as a measure of vitality strength, and the spatial distribution of urban
vitality has been analyzed based on the density estimation method [7,9,15,20]. On the one hand, this
method is susceptible to extreme values and incorrectly identifies some regions as high-vitality regions:
On the other hand, since this method ignores the dynamic change of urban vitality over time, regions
with different dynamic change patterns may be mistakenly treated as the same type of vitality area.
Therefore, it still cannot reflect the spatial and temporal heterogeneity of urban vitality. Based on the
above issues, a clustering method based on a neuron network model was designed for this paper to
mine the spatiotemporal features of urban vitality (Section 3). Using mobile phone data as a data
source, this method was applied to the identification and spatial–temporal pattern analysis of vitality
areas in Nanjing, a populous and economically developed city in China (Sections 4 and 5). We hope to
achieve the following objectives through this research:

1. To measure urban vitality from a continuous perspective of time and space quantitatively;
2. To identify urban vitality areas by integrating spatial and temporal features;
3. To explore the spatial distribution rules and temporal variation patterns of urban vitality areas;
4. To discuss the driving factors and targeted strategies for shaping urban vitality with land use

data from the urban vitality area.

Through this research, this paper solves the problem of pattern mining from spatial and temporal
data, which are high-dimensional and complex, for urban vitality at the method level. It compensates
for the deficiency of the pattern analysis of urban vitality from the aspect of space–time integration.
The analysis results provide a realistic reference value for the evaluation of the current situation of
urban construction and future urban planning.

The rest of the paper is organized as follows. The second section is a literature review of
quantitative measurements of urban vitality and the georeferenced time series (GTS) data clustering
method. The third section presents the design of the urban vitality area identification method based
on self-organizing map (SOM) clustering, which integrates spatial correlation and time similarity.
The fourth section introduces the experimental design, including an overview of the study area, the
mobile phone data structure and data preprocessing method, the SOM model parameters, and the
points of interest (POI)-based land use analysis method. The fifth part is a detailed analysis and
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verification evaluation of the vitality clustering results of Nanjing. Finally, the research is summarized,
and future work that will be carried out is described.

2. Related Work

2.1. Measurements of Urban Spatial–Temporal Vitality

The vitality of urban space is characterized by human spatiotemporal activities and interactions
with physical space [1]. Therefore, the vitality in each spatial unit of the city can be reflected by the
intensity of human activity, namely “space vitality”. In previous studies, it was difficult to obtain
large-scale population activity data, and the related research was mainly based on questionnaire
data [10,11] or quantitative description data of urban spatial morphological characteristics [21,22].
For example, from the perspective of a quantitative evaluation of urban vitality construction factors,
the geography information science (GIS) spatial statistical analysis method has been used to analyze
physical environment indicators, such as the distance from an urban center, the number of urban road
network junctions, and building density, to characterize urban vitality. The main problem at this stage
has been the insufficient representativeness of the data sample size and the lack of data support for the
validation of research results.

In recent years, with the development of information communication technology (ICT) and the
enhancement of big data processing capabilities, we have gained the opportunity to continuously
acquire new data sources, enabling us to observe and study cities at the best scale and better understand
the pulse of cities [23]. Compared to traditional travel survey data, human activity big data not only
reduces time and labor costs but also has a qualitative leap in the sample size. At the same time,
the data, whose spatial and temporal sampling accuracy becomes higher and higher, have received
extensive attention and practice. Scholars, analyzing the spatial distribution of activity intensity,
have attempted to extract human activity information from nighttime lighting data [13], social media
check-in data [15,16], internet company LBS data [9,14], and mobile phone data [7,20]. They have
achieved the quantitative measurement of urban vitality for urban scales [9], urban streets [24,25],
and neighborhoods [7,20,26], even in 1-km grid units [15]. Chen Zeng et al. [22] summarized the
relevant literature on the study of urban vitality characteristics at different spatial scales in China and
the United States.

Although the spatial accuracy of current studies is constantly improving, most studies have
estimated the distribution of human activities in urban space in accordance with predefined spatial
units, and there has been a lack of research on the dynamic time change of human activities in each
spatial unit. According to the concept of urban vitality [1,3], urban space vitality is generated by
continuous human activities of the region during the day. Currently, there are two main processing
methods for time dimensions in vitality research: A common practice is to represent the vitality of
each spatial unit by a statistical value. For example, the daily cumulative number [20], the multiday
cumulative number [9], or the average number [7] of people can be used as a measure to reflect spatial
vitality. The kernel density estimation (KDE) method is used to analyze the spatial distribution of
human activity intensity for each unit and to reflect the urban vitality distribution pattern. Obviously,
this method ignores temporal dynamics and cannot reflect the spatiotemporal patterns of urban vitality.
Based on this consideration, Wu (2018) proposed the concept of “spatio-temporal vitality”. Based on
social media check-in data, the KDE method is used to estimate urban vitality distribution during the
day and analyzed the spatial and temporal heterogeneity of urban vitality in combination with land
use characteristics.

2.2. GTS Data Analysis and Clustering Method

Spatiotemporal clustering methods can be used to discover regional patterns and the spatial
heterogeneity of geographical phenomena, including the spatiotemporal evolution of natural
phenomena and dynamic changes in the social economy. At present, the research objects of
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spatiotemporal clustering mainly include the following five types of data [27]: (1) Spatiotemporal
events, (2) georeferenced variables, (3) georeferenced time series (GTS), (4) moving objects, and
(5) spatiotemporal trajectory data. The data category of the spatiotemporal phenomenon involved
in this study is GTS data (also known as space–time series data or spatial time series data in some
studies), which is a time series change dataset of fixed spatial location thematic information. GTS data
can be used to describe the evolution of natural geographical phenomena, such as earthquakes [28]
and the climate [29]. They can also be used to analyze spatiotemporal coupling laws and anomalous
patterns of human socioeconomic phenomena [30], crime [31], and epidemic diseases [32]. GTS data
clustering needs to consider the three dimensions of space, time, and attribute at the same time [33].
Although the GTS data clustering method is not as mature as spatial clustering or the time series
clustering method oriented to a single dimension, many studies have actively explored this issue.

Zhang et al. [34] used spatial autocorrelation features to regroup spatially adjacent time series,
thereby reducing the computational complexity of GTS data clustering and enabling pattern mining of
large-scale spatial time series datasets. Birant and Kut [35] extended the DBSCAN (Density-Based
Spatial Clustering of Applications with Noise) algorithm and designed the ST-DBSCAN clustering
algorithm. It was applied to the classification of sea surface features, and the surface temperature, sea
surface height, and wave height with similar characteristics over time were grouped into a class. Both of
these are time series clustering methods with spatial constraints that interpret datasets with high spatial
autocorrelation. Wu et al. [36] proposed a method to use the Bregman block average co-clustering
algorithm with I-divergence (BBAC_I) to treat the spatial position of the object and the temporal
change of its attributes equally and to analyze the spatial and temporal pattern in GTS simultaneously.
They applied the method to the spatial–temporal clustering of weather station temperature data and
clustered the annual temperature data of the Netherlands into four periods of “cold”, “cool”, “warm”,
and “hot”. Regions with similar temperature changes in each period were clustered into four regions.
However, the method needs to combine prior knowledge to determine the number of clusters, and
the initial cluster assignment has a great influence on the clustering result. Ideal results are not easily
obtained. Therefore, this method is not suitable for datasets with insufficient prior knowledge and
dense spatial–temporal sampling. Zhang et al. [30] proposed a “map spectrum-based spatiotemporal
clustering” method based on k-means to analyze the regional GDP growth pattern. The method used
cosine similarity to measure the time-varying series of GDPs in each spatial grid. The paper used
nighttime lighting data to fit the GDP change sequence of the Wuhan metropolitan area from 1992 to
2012 and divided the GDP growth pattern of the Wuhan metropolitan area into four categories. This
method, based on the cosine similarity measure, is suitable for clustering analyses of short time series
with significant feature differentiation, but it is difficult to obtain ideal classification results for long
time series with complex features.

At present, a pattern mining method that involves GTS data clustering that can effectively
integrate spatial and temporal information without excessive prior knowledge has not yet been
proposed. The aforementioned methods are more suitable for the clustering of GTS with lower
space–time complexity and do not address the spatiotemporal pattern mining problem of complex,
large-scale GTS data with unknown spatiotemporal characteristics. A city is a geospatial area with
complex features. At the same time, the dynamics of human activities also increase the difficulty of
urban research.

2.3. Summary of Related Work

In general, relevant studies have agreed that time continuity is the basic characteristic of urban
vitality. However, limited by data and methods, most of the current research has analyzed and
evaluated the “space vitality” of a city with the method of static statistics of the number of people
in a fixed period, or they have analyzed the dynamic changes of spatial vitality based on a time
snapshot sequence. There has been a lack of an effective method to solve the problem of spatiotemporal
pattern analysis of urban vitality. Therefore, an automatic extraction method of urban vitality areas
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based on GTS data is proposed in this paper, as such a method can represent the temporal continuity
characteristics of urban vitality space.

3. Methods

In this paper, dynamic human activity data collected by mobile phone stations were used as a
proxy for urban spatiotemporal vitality. The population change dataset inferred by mobile phone
base stations together with these stations’ location information constituted the GTS dataset (PSTVD).
An urban vitality pattern recognition method based on the self-organizing map (SOM) [37,38] model
integrating spatial and temporal characteristics is proposed in this paper. The SOM model, which
is a neural network model known as an excellent tool in the exploratory phase of data mining and
pattern recognition [39], projects the multidimensional input space on a low-dimension regular grid
through an iterative competitive training. Through the SOM feature training extracted from PSTVD
and further abstraction of the training output grid, this method was applied to upscale from individual
station data to regional patterns, and adjacent stations with similar time variation characteristics were
automatically identified as an urban vitality area. The implementation framework consisted of three
core steps, as shown in Figure 1.

Figure 1. The urban vitality area identification method based on integrating spatial and temporal
characteristics. The first step is to extract the feature vectors representing the temporal and spatial
features of each vitality unit as the input of the self-organizing map (SOM) model (Section 3.1).
The second step is to build an SOM neural network model to train the feature vectors and obtain a
grid map approximating the input data (Section 3.2). The last step is to group similar nodes by the
hierarchical clustering method to realize the recognition of the urban vitality area (Section 3.3).

3.1. Selection of Spatial and Temporal Feature Vectors of Urban Vitality

3.1.1. Spatial Feature Selection

Mobile phone base stations are not uniformly distributed in the city. Generally, the density of
base stations in the main urban area is higher than that in other urban areas. As a result, the coverage
of each base station varies. The area covered by each base station was taken as a spatial feature factor
because the semantics represented by the same urban vitality strength (population of human activities)
were different under different areas. Extracting this feature could prevent a base station with similar
population dynamic changes but large differences in coverage areas from being identified as the same
vitality area because they had different population activity strengths.
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Meanwhile, the urban vitality of different regions is closely related to their spatial location.
Generally, the closer the region is to a city center, the more significant the vitality characteristics will be.
Therefore, this study took the spatial distance between base stations and the central point of the urban
central business district (CBD) as another spatial feature factor. The addition of this feature factor
could make the area covered by the adjacent base station in space more likely to be identified as the
same vitality area.

3.1.2. Time Series Feature Selection

Time series pattern analysis and time series classification include instance-based and feature-based
methods [40]. The former is that, when the pattern of a short time series is known, a new time series
can be classified by matching them to similar instances of time series with a known classification.
In this context, the similarity between the two time series is evaluated by calculating the Euclidean
distance or correlation coefficient between the time-ordered measurements themselves. The amount
of human activity in different regions within a day shows significant differences [41,42], and urban
vitality studies based on PSTVD face time series with complex, unknown patterns.

By adopting the feature-based time series pattern analysis method, this paper selected four
statistical features of time series—mean, standard deviation, skewness, and kurtosis—and integrated
them into feature vectors of urban vitality pattern mining. These four statistical features reflected the
global structural characteristics of the time series of vitality value and distinguished the level of vitality
and the distribution of the values in the frequency domain.

• Mean

The mean value represents the central trend of time series and reflects the overall level of vitality

in the region. For a time series Xt, the mean value is µ =
∑n

i=1 xi
n , where n represents the length of the

time series, and xi denotes the vitality value of the i th period.

• Standard Deviation

Standard deviation is a measure used to describe the degree of dispersion of a dataset. It
reflects the stationarity of the vitality time series. For a time series data Xt, the standard deviation is

σ =
√

1
n
∑n

i=1(xi − µ)
2.

• Kurtosis

Kurtosis is a measure of the peakedness or flatness of the value distribution relative to the normal
distribution. For a time series data Xt, the kurtosis coefficient is S = 1

nσ4

∑n
t=1(xi − µ)

4
− 3. The kurtosis

for a normal distribution is zero. The kurtosis can describe the steepness of the distribution pattern.
When the kurtosis is greater than zero, the data show a leptokurtic and thick-tailed distribution. At this
point, the vitality values are scattered on both sides of the mean. When the kurtosis is less than zero,
the data are represented as platykurtic, and the vitality values are mostly concentrated around the
mean value. At the same σ, the greater the kurtosis coefficient is, the more extreme the values in the
data are.

• Skewness

Skewness is a measure of symmetry, indicating the asymmetry of values around the mean value.
For a time series data Xt, the skewness coefficient is S = 1

nσ3

∑n
t=1(xi − µ)

3. The skewness for a normal
distribution is zero. At this point, the distribution of the vitality values is symmetric along both sides
of the mean value. When the skewness is greater than zero, the data are skewed right, which means
the vitality value is concentrated in the lower part. On the contrary, a negative skewness means that
the left tail is heavier than the right tail and that the vitality value is concentrated in the higher part.
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3.1.3. Spatial and Temporal Feature Vectors of Urban Vitality

The above time and space dimension indexes were combined to form the input feature vectors of
the SOM model. Thereby, the spatial dimension and temporal dimension were merged to mine the
regional pattern urban vitality based on the PSTVD, which contains a large number of mobile phone
stations. Let the size of PSTVD be n, the spatial dataset be expressed as P, and the time series data be
expressed as TS(pi):

TS(pi) =
{
ts1(pi), ts2(pi), . . . , tsk(pi)

}
, k ∈ N∗, (1)

where P =
{
p1, p2, . . . , pn

}
, pi = (xi, yi), 1 ≤ i ≤ n. The statistical time interval of the number of people

in each station is ∆t, and a day is divided into k = 24/∆t time periods.
The spatial and temporal feature vectors matrix of all objects is V, and the matrix size is n×m,

which means there are n objects and each object contains m vectors, where m = 6. The composition of
the matrix is

V =


A1 D1 µ1 σ1 K1 S1

. . . . . .

. . . . . .

. . . . . .
An Dn µn σn Kn Sn


, (2)

where the first two are spatial feature vectors. A represents the area of the object, and D represents
the distance of the object from the CBD of the city center. The last four are the temporal feature
vectors, which are the statistical indicators of the mean, standard deviation, kurtosis, and skewness,
respectively. In order to make the feature vectors of different dimensions comparable, it was necessary
to normalize this feature vector matrix.

3.2. SOM Model Construction for Spatiotemporal Pattern Mining of Urban Vitality

The key to urban vitality pattern mining based on an SOM neural network is the training of the
SOM neural network. Based on the method in Section 3.1, the vector matrix of vitality feature V was
constructed as the input layer of SOM. A 2-D grid network that was either hexagonal or rectangular
was used to represent a large number of high-dimensional feature input data abstractly, which required
repeated iterations and updates. Figure 2 is an abstract representation of the SOM model training for
urban vitality spatiotemporal pattern mining. The specific training process is as follows:

1. The weight of each neuron in the SOM network competition layer is initialized by a random
function, which is the same as the structure of the input node. Each node consists of six vectors
W j that describe the spatiotemporal characteristics of an urban vitality unit;

2. An instance from the input layer is randomly selected to start the competitive learning of the SOM
network, and the distance between the instance and the feature vectors of all the output neurons is
calculated. The nearest one is the winning neuron. For example, the red spatial unit in Figure 2b
is a randomly selected instance. By calculating the distance between this node and all nodes in
the competition layer, the winning neuron is found to be the red node at the center of Figure 2c.
The distance calculation method determines the final pattern recognition result. A commonly
used method is the sum of squares distance or Euclidean distance. In practice, a custom distance
calculation method can be required according to a specific problem. The weighted sum of squares
distance is defined in this study to enhance the spatial constraint of pattern recognition, and the
equation is

DistFromInput = cs ×
∑2

i=1
(Vi −Wi)

2 + ct ×
∑6

i=3
(Vi −Wi)

2; (3)
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Figure 2. SOM model architecture for urban vitality spatiotemporal pattern mining. As shown in
(a) and (b), the input layer here is a region covered by 12 mobile phone base stations, and the input
matrix is obtained by extracting spatial–temporal features from each base station. Then, as shown in
(c), a grid network of 3 × 3 neurons is constructed as the competition layer of the SOM to train the
input matrix and map the nodes with similar spatial and temporal characteristics to the output layer.
Here, (d) illustrates a code map that is abstracted after the training is completed to represent the urban
vitality spatiotemporal pattern of all input objects. The spatiotemporal characteristics of each node are
described by a codebook, and the visualization is shown as a pie chart. The more obvious a feature
is, the larger its fan radius is. The Roman numerals in (d) and the base stations in (a) represent the
mapping relationship between input and output.

3. The feature vector of the winning neuron and its surrounding neurons are updated to make it closer
to the input instance. The weight update of the feature vector of the peripheral neurons of the
winning neurons will monotonically decrease as the number of iterations increases. The specific
method can be expressed as

Wi(t + 1) = Wi(t) + L(t)Θ(t)(V(t) −Wi(t)), (4)

where ∀i ∈ Nc, Nc is the neighbor node of the winning neuron. In Figure 2c, there are 6 neighbor
neurons represented as light red nodes around the wining neuron. L(t) is the learning rate, and
Θ(t) is the neighborhood kernel function. They decrease as the number of iterations t increases.
L(t) is defined as

L(t) = L0 exp
(
−α

t
λ

)
, (5)

where L0 is the initial learning rate, usually set to 0.5, and is an exponential decay constant; λ
is a time constant that equals the maximum number of t; and Θ(t) is the neighborhood kernel
function that defines the closeness of a neighborhood neuron to the winning neuron. The function
can be Gaussian and defined as
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Θ(t) = exp

−||τb − τi||
2

2σ(t)2

, (6)

where τb and τi, respectively, represent the winning neuron and the node to be updated in the
SOM network, and σ(t) is the width of the neighborhood function, where σ0 is the initial width

σ(t) = σ0 exp
(
−

t
λ

)
; (7)

4. Through iterative learning in the second and third steps, all neurons of the network match one
or more input nodes, and the distance between each neuron of the network and its input node
becomes increasingly close. When the maximum iteration is reached, the training is complete.

After the above model training, a topologically ordered 2-D grid map reflecting the characteristics
of all training samples is obtained, as shown in Figure 2d. Each neuron in the graph is a six-dimensional
feature vector describing the spatiotemporal features of urban vitality, and the input node closest to the
spatiotemporal feature of the neuron is mapped to the neuron. At the same time, the closer the neurons
are in the grid map, the more similar the temporal and spatial characteristics are, and vice versa.

3.3. Urban Vitality Area Identification

SOM model training has been used to realize the preliminary abstraction of the urban vitality
spatiotemporal pattern. A large number of space–time high-dimensional vitality units are mapped
into a node in the SOM output layer according to the similarity of their features. According to the size
of the dataset, the appropriate grid size is selected for the output layer to abstract the input dataset.
Vesanto et al. [39] proposed a rough grid size of 5

√
N, where N is the input sample size. When there is

a big sample size, a higher abstraction of data is needed. A smaller grid size, such as
√

N, is more
suitable. A k× l-sized 2-D grid map was used to map the space unit of input vitality, and the features
of each output neuron, including two spatial feature vectors and four temporal feature vectors, were
described by a codebook. Next, the aggregation pattern of the grid map was extracted to further
abstract the vitality pattern, and the nodes with similar temporal and spatial characteristics were
aggregated. On this basis, an urban vitality area with the same temporal and spatial characteristics
was extracted. The identification process of urban vitality areas is shown in Figure 3. For a similarity
measure between objects with definite pattern mining, a classical clustering method with a simple
principle and easy implementation, such as k-means and hierarchical clustering, can be used.

Figure 3. The identification method for an urban vitality area.

For this paper, the hierarchical agglomerative clustering (HAC) method was used for clustering.
The weighted sum of squares distance of feature vectors (codebooks) was taken as the similarity
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degree to achieve cluster merging until all clusters were merged into one class and a dendrogram was
generated. The number of clusters clustered was based on the minimum Davies–Bouldin indicator [43],
as shown in Equation (8):

DB =
1
C

C∑
i=1

max
j,i

 Si + S j

‖ci − c j‖

, (8)

where C is the number of clusters. This index is aimed at finding C, which maximizes the within-cluster
distance and minimizes the between-cluster distance. Si is the average distance between the data in
the class and the cluster centroid, and ‖.‖ is the distance between the centroid of cluster i and cluster
j. The number of clusters C is set to 2 to

√
N (N is the number of cluster samples). The datasets are

repeatedly clustered using partitive clustering methods such as k-means, and the DB (Davies-Bouldin)
indicator is calculated.

4. Experimental Region and Experimental Design

4.1. Case Study Area: Nanjing, China

This paper took Nanjing as the research area, which is an important national central city in East
China. It is classified as B in the 2018 global city rankings compiled by the Globalization and World
Cities (GaWC) Research Network, on par with Berlin and Abu Dhabi [44]. Nanjing covers a total area
of 6587 square kilometers and has a jurisdiction of over 11 districts (Figure 4). By the end of 2017, the
permanent population of Nanjing was 8.335 million (data from Nanjing Municipal Bureau of Statistics).

Figure 4. The administrative division of Nanjing (a) and a base station distribution density map of the
telecom operator (b). In the map on the right side, the more the color is biased toward red, the higher
the base station density in this area.
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4.2. Mobile Phone Data Structure and Data Processing

This study obtained the mobile phone data of the China Telecommunications Corporation from
11 to 17 June 2018 as a data source. Some researchers have employed the term users’ usage detail
records (UDRs) data. This records the information from the communication base station connected to
the mobile phone when the user makes a call, sends and receives a text message, switches the machine,
and switches the base station. In addition, when the user is in a silent state, the base station to which
the mobile phone is connected is recorded periodically (every half hour). A total of 1717.42 million
records were recorded during the week, including 1219.86 million and 497.56 million records recorded
on weekdays and weekends. The daily communication activities of 2.08 million users were recorded,
reflecting their movement process in the city with the base stations as the spatial unit. The raw data
format is shown in Table 1.

Table 1. Raw data field composition.

Fields Description

Time Data submission time; data format is “yyyy-mm-dd hh24:mm:ss”.
IMSI International mobile user identification code.

StationID
Unique identification code of mobile phone base station. China Telecom
has more than 18,000 base stations in Nanjing. The spatial distribution
of the base stations is shown in Figure 4.

Longitude Base station longitude.
Latitude Base station latitude.

The raw dataset contained all communications data connected to the base stations in Nanjing,
including some activity records of passing users. Here, the data of users who only passed through
Nanjing on road vehicles, such as high-speed trains or cars, but did not stay in the city or participate in
urban life, were excluded, since they did not have a direct impact on the vitality of the city. A passing
user was identified by the following two rules: (1) A user that stayed fewer than 5 h on the same day,
or (2) a user that displayed an average moving speed exceeding 80 km/h. The records of passing users
in the raw dataset were then filtered out.

The division of urban spatial statistical units directly affects the identification results of vitality
areas. However, at present, no effective solution has been proposed for the rational division of urban
human activity statistical units of mobile phone data. Based on the filtered mobile phone data, after
removing rivers and lakes that directly obstruct human activities, the improved Voronoi division
method based on density clustering proposed in this paper was used to divide the coverage area of
the base stations as the minimum spatial statistical unit. Here, the DBSCAN clustering algorithm
was used to merge base stations with a radius of less than 20 m, and the Voronoi division was then
performed. Nanjing was divided into 14,236 spatial statistical units. Figure 5 compares the effect
of the spatial unit division before and after improvement. The time series of user amounts, which
changed every half hour on weekdays and weekends for each base station, were counted, and the
GTS dataset of urban vitality was obtained. Finally, according to the space–time feature calculation
method in Section 3.1, six space–time feature vectors of each base station working day and weekend
were calculated separately. The distance between each base station and the center point of Xinjiekou
district in Nanjing CBD and the area of the space unit in each base station coverage area were counted
by the distance measurement tool and area calculation tool of ESRI ArcMap 10.2 (ESRI, Redlands, CA,
USA). Meanwhile, the mean, standard deviation, kurtosis, and skewness coefficients of each time
series were calculated.
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Figure 5. Comparison of the result of urban vitality spatial statistical unit subdivision before and after
using the method proposed in this paper. Here, we simulated 80 points to test this method: (a) is the
origin data, and the space division result is shown in (b); (c) shows the merged points used in the
DBSCAN method, and (d) is the space division result based on merged points.

4.3. SOM Model Parameters of Nanjing Vitality Analysis

The time–space eigenvectors of each base station on weekdays and weekends were obtained as
the input layer data of the SOM. Before carrying out SOM model training, relevant parameters should
be determined by combining experimental data and the expected target. Due to a large number of
input datasets (14,236 input samples), the number of SOM training nodes with a size of

√
N were taken,

and an 8 × 15 grid map was constructed to train the vitality space–time feature vector. The grid aspect
ratios of 8 and 15 were chosen to approximate the shape of Nanjing. SOM model training parameters
are shown in Table 2. After 200 iterations, the SOM network model converged, and each input node
on the working day and weekend was mapped to the hexagonal grid, completing the preliminary
abstraction of the vitality spatiotemporal pattern.

Table 2. SOM parameters of spatial–temporal vitality pattern training.

SOM Parameters Vitality Training SOM Net

Grid size 8 × 15
Grid topo Hexagonal

Iteration times 200

Distance measure The weighted sum of squares distance as shown in Equation (3); here,
set parameter cs = 0.6 and ct = 0.4

Neighborhood kernel function Gaussian
alpha (learning rate) (0.05, 0.001)

4.4. POI-Based Land Use Characteristics Evaluation for Vitality Area

Jacobs has pointed out that diversity is an important factor in creating urban vitality [1]. Similarly,
in References [7,12,20], it was shown that the higher the mixed land use, the stronger the urban space
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vitality. In order to explore the land use characteristics of different urban vitality areas, five POI
evaluation indicators were adopted to discuss how the allocation of spatial resources affects the vitality
of the city: the POI density index, the POI richness index, entropy, the Simpson index, and the max
land use type. The calculation methods were as follows:

Density =

∑n
i=1 Numi

Area
, (9)

Richness =
∑n

i=1
p0

i , (10)

Entropy = exp

− n∑
i=1

pi × ln(pi)

, (11)

Simpson = 1−
n∑

i=1

p2
i , (12)

where Numi represents the number of each POI type, pi represents the proportion of each type of land
use, and n refers to the total number of land use types. The POI density index is decided by the amount
of POIs, and this reflects the concentration of land use in space. POI richness is the number of POI
categories, so this indicates the diversity of land use types. The exponential of the Shannon entropy is
used to evaluate the orderliness of land use. The higher the entropy value is, the stronger the disorder
and randomness of the land use will be. The Simpson index takes into account POI richness as well as
the relative abundance of different types of POIs, e.g., evenness [20]. The larger the Simpson index
value is, the higher the evenness of the land use will be. The above methods measure the characteristics
of land use from the dimensions of concentration, richness, diversity, and evenness, while the last
indicator is the dominant type of land use used to analyze the vitality area. The equation is

Max_Type = index(max(
{
p1, . . . , pi, . . . , pn

}
)), (13)

where index() is the position of the maximum value in
{
p1, . . . , pi, . . . , pn

}
.

This study obtained navigation-level urban POI data based on the AutoNavi open interface
(https://lbs.amap.com/), the largest map navigation service provider in China. The data were updated
in August 2018 and have 371,273 POIs covering 24 categories. Since the classification of this data is
mainly based on navigation needs, automobile services and traffic facilities are classified in a more
detailed way. Referring to the classification standard of urban land use and planning [45], the POI data
were integrated into 12 categories here. The number distribution of various POIs in Nanjing is shown
in Figure 6.

Figure 6. The statistical distribution of points of interest (POIs) by category in Nanjing.

https://lbs.amap.com/
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5. Results and Discussions

5.1. Vitality Area Identification Results of Nanjing

The recognition of urban vitality areas was achieved by clustering the SOM network abstracted
by the spatiotemporal pattern. First, we used the k-means method to aggregate the mapped grid maps
into 1–10 categories. According to the calculation of the DB indicator, the optimal cluster number of
the dataset on the weekdays and the weekend was 10 and 8, respectively. This is shown in Figure 7.

The extraction of the urban vitality area was achieved by clustering the SOM output layer of the
2-D grid map. According to the calculation of the DB index, the optimal cluster number of the dataset
was determined to be 10 and 8 for workdays and weekends, respectively. Based on the hierarchical
agglomeration clustering method, the SOM output layer network was clustered. The similarity between
objects was measured by the weighted sum of squares distance defined in Equation (3), and the
proximity between clusters was determined via the Ward method, which maximizes the difference
between clusters. Figure 8 shows the clustering results of the SOM network based on HAC clustering.
Workdays and weekends were divided into 10 and 8 clusters, respectively, and a cluster formed a
vitality area in Nanjing. The spatial–temporal dimensional features of each node are represented in a
honeycomb graph composed of hexagonal girds, and the clustering results are represented by different
colors. Different clusters are separated by dark green dividing lines. According to the feature image
distribution of different clusters, it is not difficult to see that the features of nodes in the same cluster
had a high consistency.

Figure 7. Determination of cluster numbers of the vitality area for weekdays and weekends. These two
figures show the relationship between the DB indicator values and the number of clusters on weekdays
and weekends. When values were 10 and 8, respectively, the DB indicator reached its minimum.

Figure 8. The visualization of the SOM grid cluster results of the vitality area for weekdays
and weekends.
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Combining the spatial units covered by each input base station point, each input node was
spatially visualized according to the clustering result, and the vitality area distribution is shown in
Figures 9 and 10. The patches of the same color in the figure represent a vitality area. The dotted line
in the figure is the urban–rural spatial layout of the Nanjing Master Plan (2011–2020) from Nanjing’s
planning and natural resources bureau [46]. The area within the yellow line is the main urban area,
the area within the green line is the metropolitan area, and areas outside the green line are other
urban areas.

Figure 9. Spatial distribution of vitality areas in Nanjing during working days. Here, (a) shows the
distribution of all vitality areas on working days; (b) shows the spatial distribution of the vitality areas
W1 and W2; and (c) shows the spatial distribution of the vitality areas W8, W9, and W10.
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Figure 10. Spatial distribution of vitality areas in Nanjing during weekends. Here, (a) shows the
distribution of all vitality areas on the weekends; (b) shows the spatial distribution of the vitality areas
R6, R7, and R8; and (c) shows the spatial distribution of the vitality areas R1 and R2.

5.2. Analysis of the Spatial–Temporal Pattern of Vitality Areas in Nanjing

Based on the mining of mobile phone data over a week, the vitality areas of weekdays and
weekends in Nanjing were extracted. In general, the overall distribution pattern of the vitality area
was similar to the urban structure of Nanjing: The spatial extent of the main urban area and the
metropolitan area was roughly consistent with the boundary of the vitality areas. This consistency
was more apparent on weekdays, as people engage in a wider range of activities on weekends than
on weekdays. The spatial distribution of the vitality area of Nanjing presented a nested structure
that spread from the center to the periphery. The continuity of the vitality pattern in the main urban
area was lower than that outside the main urban area. The vitality areas of these areas were basically
distributed into patches, while the main urban area had some discrete, distributed vitality areas. In the
following part, the diurnal variation pattern of urban vitality is analyzed in combination with the
time-dimension numerical distribution of each vitality area. The strength, time variation pattern, and
spatial heterogeneity rules of urban vitality are discussed.

Figure A1 in Appendix A shows the numerical distribution of time-dimensional feature vectors in
each vitality area of Nanjing during weekdays and weekends. Since all feature data were standardized
before SOM model training, the mean value of each feature vector was zero. Section 3.1.2 explores the
relationship between the selected four feature values of the time series and the characteristics of the
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time series. On this basis, according to the numerical distribution of the time-dimensional features
of each vitality area and its spatial distribution, the spatial–temporal patterns of each vitality area
in Nanjing on weekdays and weekends are summarized in Table 3. At the same time, based on the
time-dimensional characteristics of each vitality area and the time series data of the vitality change, the
time-varying characteristic images are fitted to represent the diurnal variation pattern of each vitality
area, as shown in Figure A2 in Appendix B.

Table 3. A general description of the characteristics of spatiotemporal patterns of each vitality area.

Vitality Area Area (km2) Description

W1 6.7 W1 is a low-vitality area scattered in the urban area, with a large kurtosis. The skewness is
greater than zero, with a large value variation within the day.

W2 60.5
W2 is a low-vitality area distributed in the main urban area of Nanjing. Its characteristics

are similar to those of W1. The kurtosis and skewness are greater than zero, and the
peakedness feature is not as obvious as it is in W1.

W3 2265.7

W3 is mainly surrounded by the main urban area, with a small mean value and a small
standard deviation value range. The kurtosis is less than zero, and the skewness is more

than zero. It belongs to an area where the overall vitality is not high, but the vitality
changes are relatively stable.

W4 2451.9

W4 is distributed in the periphery of Nanjing and is far away from the central city. Its
mean value is close to that of W3, the standard deviation and skewness are larger than

those of W3, the value distribution is more inclined to the lower value part, and the
intraday variation is significant.

W5 223.6
W5 is distributed along the edge of Nanjing, and its mean and standard deviation are both

greater than those of W4. The kurtosis and skewness are close to those of W4. It is a
medium-vitality area with very significant changes.

W6 575.1
W6 is a vitality area covering a large area of the main urban area. It is a medium-vitality
area with stable intraday variations. The kurtosis is less than zero, and the skewness is

greater than zero.

W7 365.3

W7 mainly includes the Gaochun and Lishui districts of Nanjing city. Its vitality is higher
than that of the peripheral non-urban areas. Its kurtosis is close to that of W6, and its

skewness is larger than that of W6. Therefore, the time variation of vitality is similar to
that of W6, but the parts with lower-vitality values are relatively greater.

W8 177.8
W8 is scattered in and around the main urban area, with a high vitality level. Most of its
kurtosis is less than zero, its skewness is greater than zero, and most of its vitality values

are concentrated near the mean, making it a relatively stable high-vitality area.

W9 66
The vitality of W9 is higher than that of W8. The kurtosis is close to that of W8, the

skewness is larger, the part with higher vitality is larger, and the duration of vitality is
longer.

W10 13.1
W10 is the region with the highest-vitality strength on working days. The kurtosis and

skewness are mostly less than zero, and the vitality value tends to be concentrated in the
high-value range.

R1 15.4
R1 is the most energetic area on the weekend and is scattered in the main urban area of

Nanjing and the core region of the Gaochun and Lishui districts. Its kurtosis and skewness
are less than zero, and the high-vitality period lasts for a long time.

R2 189.5
R2 is spread all over the main urban area of the city. Its vitality is second only to R1, with a

kurtosis less than zero. The range of skewness is greater than that of R1, and the
fluctuation of vitality is higher.

R3 2545.8
R3 is distributed in the surrounding area of the main urban area. The vitality level is

moderate, the skewness and kurtosis characteristics are similar to those of R2, and the
vitality value changes gently.

R4 1968.7 R4 is distributed outside the urban area. The overall vitality is slightly lower than R3, and
the intraday fluctuation of vitality is relatively larger.

R5 1371.7
R5 covers a wide range of the main urban area, and its vitality is general. The kurtosis is
close to that of R3, and the skewness is slightly higher than that of R3. The vitality lasts

longer, and the fluctuations are less frequent during the day.

R6 93.9
R6 is a low-vitality area that is mainly distributed in the main urban area. The kurtosis and
skewness are greater than zero, and the vitality value is mostly biased toward the lower

part.

R7 13.5 R7 is a low-vitality area scattered in different areas of the city. Its kurtosis and skewness
values are large, and the intraday variation of vitality is obvious.

R8 7.2
R8 is also a cold-vitality area scattered in the city. The kurtosis and skewness are both

greater than zero, the kurtosis is higher than R7, and the amplitude of the vitality change is
very large.
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Based on Table 3 and the above analysis, the city vitality of Nanjing could be divided into different
levels according to the vitality value within one day. On weekdays, W1 and W2 are low-vitality areas
(see Figure 9b); W3, W4, W5, W6, and W7 are medium-vitality areas; and W8, W9, and W10 are
high-vitality areas (see Figure 9c). On weekends, R1 and R2 are high-vitality areas (see Figure 10b);
R3, R4, and R5 are medium-vitality areas; and R6, R7, and R8 are low-vitality areas (see Figure 10c).
The distribution of low-vitality areas is more concentrated in the main urban area on weekdays than
on weekends, and the area of low-vitality areas on weekends is larger. The high-vitality areas on
weekends are more concentrated in the main urban area than on weekdays, and this area is less
concentrated than it is on working days. This indicates that the high-vitality area on the weekend
is very concentrated, and the intensity of human activities in some areas of the main urban area is
very high. People are relatively scattered in the main urban area and nearby areas on weekdays with
frequent activities. As for the medium-vitality area, the vibrancy areas of weekdays and weekends
have a high degree of overlap. Based on the differences in time dimensions, the division of weekdays
is more detailed. Specifically, the spatial distributions of W3 and R3; of W4, W5, and R4; and of W6
and R5 are very consistent, while W7 on working days is subdivided from R3 and R4. R5 and W6
are vibrancy areas occupying part of the main urban area of Nanjing, and the distribution range and
area of R5 are significantly larger than those of W6, indicating that the overall activity range of people
on the weekend is greater than that on working days, except in the high-vitality areas where human
activities are very concentrated.

From the standpoint of the smoothness of the time series, the viability of the weekend is more
persistent than the working day. According to the time series changes of the medium-vitality area
and the high-vitality area, the vitality changes on working days during the day are more obvious,
with characteristics of double or multiple peaks, while the stability of the weekend is greater, and
the vitality lasts longer. Compared to weekdays, the first vitality peak of the weekend arrives later.
Usually, the peak of vitality is reached at around 8:00 a.m. on weekdays, and the weekend peaks occur
about 2 h later. This fits well with people’s work and rest schedules. As shown in Figure A2, people
need to work and commute on weekdays, and human activities are clearly divided into working hours
and breaks, as indicated by the vibrancy pattern of the W3, W6, and W7 regions. There tend to be
leisure and other activities at night (e.g., W9 and W10). Since people usually rest at home or go out
for activities on weekends, people’s activities during the day and at night are continuous, and their
activities gradually weaken at night, with a single peak of vitality, which is reflected in the high-vitality
area and medium-vitality area on weekends. W1, W2, R7, and R8 are low-vitality areas, and their time
variation patterns are very confusing and are considered to be noise modes.

5.3. Evaluation of Urban Vitality Characteristics

In order to verify the identification results of the vitality areas and explore the driving factors
of the vitality spatiotemporal pattern, this paper, based on the POI data of Nanjing, considers the
land use characteristics of each vitality area using the land use evaluation indicators. According to
the calculation formula of the evaluation index in Section 4.4, the POI numbers, the POI density, the
richness, the entropy, the Simpson index, and the max type of POI category in each vitality area were
calculated. The results are shown in Table 4. Based on the analysis in the previous section, the vitality
levels of each vitality area and the persistence of time patterns are also listed in the table. The POI
proportions of different types in each vitality area are shown in Figure 11.

It has already been mentioned that there is a strong consistency in the spatial distribution of the
vitality areas between weekdays and weekends. The land use characteristics of these vitality areas
can confirm this law. According to Table 4, the calculation results of multiple land use characteristic
indexes of W3 and R3; W6 and R5; and W4, W5, and R4 are relatively close. Except for W6, the POI
density in the middle- and low-vitality areas is lower than that in the high-vitality area, indicating
that the spatial concentration of land use has a significant impact on vitality. At the same time, the
high-vitality area has a lower entropy than the low-vitality area, indicating that the orderliness of land
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use has a greater impact on vitality, i.e., the orderly mixed land use is conducive to enhancing regional
vitality. Therefore, although the POI densities of W2, W6, and R5 are relatively high, their entropy is
high, and the viability is not as high as it is in W8, W9, W10, R1, and R2. According to the richness
index, the Simpson index, and the vitality level, the correlation between land use richness, evenness,
and urban vitality is not significant.

Table 4. Calculation results of land use characteristics in active areas on weekdays and weekends.

Area Level Persistence
POI Indicators

Numbers Density Richness Entropy Simpson Max Type

W1 Low Weak 298 44.02 6 3.91 0.681 EC (Education
and Culture)

W2 Low Weak 8495 140.32 12 9.19 0.869 SR (Shopping
Service)

W3 Medium Normal 49,140 21.65 12 6.46 0.785 SR

W4 Medium Weak 7924 3.22 12 5.87 0.798 SR

W5 Medium Weak 437 1.95 8 4.42 0.678 TS (Traffic Service)

W6 Medium Normal 198,753 345.62 12 8.41 0.846 SR

W7 Medium Normal 23,024 62.86 12 7.83 0.840 SR

W8 High Strong 30,038 168.96 12 6.30 0.813 CB (Corporate
Business)

W9 High Strong 27,472 415.98 10 5.10 0.760 TS

W10 High Strong 10,624 809.81 7 4.20 0.707 TS

R1 High Strong 10,425 675.77 7 4.02 0.685 TS

R2 High Strong 66,868 352.81 12 6.66 0.815 CB

R3 Medium Strong 50,485 19.83 12 7.35 0.819 SR

R4 Medium Normal 4746 2.41 12 6.19 0.809 SR

R5 Medium Strong 213,605 155.78 12 8.17 0.839 SR

R6 Low Normal 7796 82.97 12 8.98 0.865 SR

R7 Low Weak 1020 75.57 10 7.12 0.846 LS (Life Service)

R8 Low Weak 235 32.45 9 6.61 0.833 LS

Figure 11. The proportion of POI types in each vitality area.

According to W9, W10, and R1, the POI type with the largest proportion in the three high-vitality
areas is traffic service, which proves that convenient traffic conditions are an important driving force
for urban vitality. The other two high-vitality areas on weekdays and weekends, W8 and R2, have
the dominant land use type of corporate business, indicating that the enterprise vitality of Nanjing is
strong, with a strong relationship between working and residence places, and people are more likely
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to choose to live close to their workplace. Meanwhile, the common land use characteristics in the
vitality areas with high vitality and strong persistence is that they all contain traffic services, corporate
business, catering services, shopping services, financial services, and life services. Based on the above
analysis, a high POI density, convenient transportation, complete catering, shopping, financial and
living services, and proper and orderly mixed land use are important foundations for high vitality.
A high richness and randomness of land use are not conducive to stimulating urban vitality.

In order to validate the experimental results, we compared the classification results of working
days for different levels of vitality areas to the ground truth of corresponding regions. The ground
truth was captured by a street view from Baidu Map (map.baidu.com). Here, spatial locations of W10,
W3, and W1 were randomly selected as representative of the high-vitality area, medium-vitality area,
and low-vitality area, respectively, as shown in Figure 12. The selected location from W10 was Nanjing
railway station and automobile transportation station, which is the transportation hub of Nanjing and
the distribution center for people to enter and leave Nanjing. This also proved that the main land type
of W10 is transportation land, which can create a higher vitality for the city. The selected location from
W3 was the community supermarket of a residential community in Nanjing. The POI type in this area
mainly carries the function of providing services for life. It was confirmed that the main type of POI
in W3 is SR (shopping service). The selected location from W1 was the area of a higher educational
institution. It is relatively large, and the activity density of the population is relatively low, so it is an
area with relatively low vitality.

Figure 12. Case validation with the ground truth for different levels of vitality areas (working days).



Sustainability 2019, 11, 4032 21 of 27

5.4. Discussion

In view of the shortcomings of time pattern analysis in current urban vitality quantitative research,
this paper constructs an analytical framework for the spatiotemporal pattern mining of urban vitality.
Based on the dimensionality reduction characteristics of the SOM algorithm, this framework solves the
complex pattern recognition problem of urban human activities in a high space and time dimension.
Different from the existing quantitative analysis methods of vitality, the vitality area obtained here was
not a predefined spatial area, which gets rid of the limitation of the management unit as the target area
of urban spatial vitality measurement. The urban vitality areas extracted are not all spatial continuous
areas. At the same time, this compensates for the shortage of time pattern analysis in the existing
research. According to the empirical research in Nanjing, the distribution of the sustained, stable,
and high-vitality areas is relatively discrete. Therefore, from the perspective of an urban scale, the
stimulation of urban vitality is often scattered in some commercial districts, industrial districts, and
other areas of the city, and this discrete distribution is more conducive to the balanced and coordinated
development of the city.

Next, we discuss the current situation and problems of Nanjing’s development in light of
the current spatial structure of Nanjing city planning, the distribution of urban vitality, and the
corresponding land use status. In response to these problems, this paper proposes some measures to
maintain urban vitality and promote sustainable development.

Combined with the urban structure planning of Nanjing and the spatial distribution of the
sustainable stable high-vitality area (Figure 13), Nanjing has built a multiaxial radial urban vitality
spatial pattern, with the main urban area as the core and the three subcities of Jiangbei, Xianlin, and
Dongshan developing in coordination. Taking working days as an example, the high-activity area in
the main urban area accounts for 14% of all high-activity areas, the subcity in Jiangbei accounts for
9.3%, the subcity in Xianlin accounts for 7.9%, the subcity in Dongshan accounts for 7.1%, and the
other 26 streets account for 30%. According to the analysis of land use characteristics, the construction
of roads and other infrastructure plays a crucial role in urban vitality. The main land use in the
high-vitality areas in Nanjing is of corporate business. This shows that the relationship between
corporate growth and human capital agglomeration is closely related to urban vitality. The integrated
development of industry and cities has become a key factor to promote the vitality of Nanjing city.

After comparing the land use conditions in the vitality areas between weekdays and weekends,
it was found that leisure and entertainment activities do not play a significant role in promoting
the vitality of the city in Nanjing. However, cultural leisure activities have a disguised stimulating
effect on the improvement of urban vitality [47–49]. With high-intensity work, people need time for
relaxation and adjustment, in order to promote production efficiency more favorably and improve
people’s quality of life at the same time. Especially in recent years, building a livable city in which
its residents are happy has become an important theme in the era of rapid urbanization. In addition
to the beautification of a city and the construction of hardware facilities, enriching the leisure life of
citizens and improving the vitality of urban innovation should become an important goal in future
construction and planning in Nanjing.

In order to promote the healthy and sustainable development of the city, the following suggestions
are put forward for the future planning of Nanjing:

1. From the perspective of urban structure, building a multicenter structure is more conducive to
enhancing urban vitality and promoting coordinated urban development. At present, Nanjing
has initially established a pattern of development of one main city and three subcities along the
Yangtze River, and the distribution of urban high-energy areas is basically consistent with the
current development pattern. Specifically, as we can see from Figure 4, Xiongzhou Street in the
north, Binjiang Street and Banqiao Street in the southwest, and Qilin Street and Chunhua Street in
the southeast all present with high vitality, so they can be incorporated into the next key planning
and construction areas of Nanjing;
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2. From the perspective of industrial layout, the transportation industry and catering services
industry in Nanjing have been fully developed and have become the main shaping factors of the
city’s vitality. However, the leisure and entertainment industry is relatively weak. As a major
industry affecting the spiritual life of urban residents, leisure and entertainment facilities and
related cultural activities need to be further developed;

3. In terms of urban spatial form, high-density service facilities and convenient transportation are
the basic conditions that facilitate people’s work and life, while orderly mixed land use has a
positive correlation with urban vitality. Therefore, to create a highly sustainable vitality space, it
is necessary to rationally plan the land use allocation of urban space units, and it is better to meet
the above rules.

Figure 13. Overlay of high-vitality areas and urban structure planning.

6. Summary and Future Work

This paper studied the spatiotemporal characteristics of urban vitality from the perspective of
a regional model based on the cleaning, processing, and mining of big data. A clustering method
based on the SOM model, which aggregates input data with similar spatiotemporal characteristics
into vitality areas, was proposed. This work broke the traditional paradigm of urban spatial vitality
analysis based on predefined spatial units. Taking Nanjing as the research area, the vitality areas on
weekdays and weekends were identified. The agglomeration size of persistent high-vitality areas
was ranked as main city, Jiangbei subcity, Xianlin subcity, and Dongshan subcity. Combined with an
analysis of land use characteristics in the vitality areas, it was found that the vitality of Nanjing is
mainly related to the production activities of urban residents, while the driving effect of leisure and
entertainment on the vitality of the city is not obvious. In addition, convenient traffic conditions and
orderly organization of life-supporting services play a prominent role in driving the vitality of the city.

There were also some limits in the current research. These shortcomings will be addressed in
future research. First, the spatial accuracy of urban vitality areas was extracted from mobile phone
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data. In this study, the distribution of land cover was not fully considered in the division of space
units, and only water areas were excluded as unmovable areas for human beings. Land surfaces
were idealized as homogeneous spaces to estimate the distribution of people, but the real surface
environment is not like this. Therefore, the results of this study tended to identify land-intensive areas
as high-vitality areas, while the vitality of areas with sparse land space was often diluted, such as
near universities and other areas with scattered buildings. Therefore, the use of reasonable spatial
interpolation technology to improve the spatial accuracy of the extraction of vitality is a direction for
future research. Nevertheless, this paper analyzed the correlation between urban vitality level and
people’s activities from the perspective of land use characteristics and found a correlation between
enterprise development and urban vitality. However, the types of people’s activities were not mined
to verify this conclusion. Therefore, based on the semantic extraction of human activities, the inner
driving force of urban vitality could be deeply analyzed by examining the relationship between the
spatiotemporal heterogeneity of production activities, educational activities, leisure activities, and
urban vitality. This will provide support for decision-making departments to execute industrial layout
planning and coordinate the sustainable development of the city. Finally, limited by the current
availability of mobile phone data, this paper obtained data from one week in June as the time window
for analysis. Seasonality has a great influence on people’s choice of activities. For example, in spring
and autumn, when the climate is pleasant, people are more likely to choose leisure and entertainment
on weekends. Therefore, it will be very interesting to analyze the seasonal differences of urban vitality,
which will be the direction of our future research.
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Appendix A

Figure A1. Boxplot of eigenvector weight distribution in each vitality area.
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Appendix B

Figure A2. Diurnal pattern of vitality in each vitality area.
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