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Abstract: Urban land use is constantly changing via human activities. These changes are recorded
by imprint data. Traditionally, urban dynamics studies focus on two-dimensional spatiotemporal
analysis. Based on our best knowledge, there is no study in the literature that uses imprint data for
better understanding urban dynamics. In this research, we propose a spatial–temporal–semantic
triple analytical framework to better understand urban dynamics by making full use of the imprint
data, toponyms. The framework includes a text classification method and geographical analysis
methods to understand urban dynamics in depth. Based on the inherent temporal and spatial
information, we enrich semantic information with street names to explain urban dynamics in multiple
dimensions. Taking Hangzhou city as an example, we used street names to reproduce the city changes
over the past century. The results obtained through analysis of street names may accurately reflect
the real development process of Hangzhou. This research demonstrates that imprint data left by
urban development may play a pivotal role in better understanding urban dynamics.

Keywords: urban dynamics; spatial–temporal–semantic analytics; urban development characteristic;
toponyms; street names

1. Introduction

A thorough understanding of urban development and current status is increasingly
important for the sustainable development of cities. Urban development is a long-term
process of interactions between human activities and land. During this process, numerous
changes may be brought from various fields, such as land use conditions, road network
upgrades, population migration, and industrial structure optimization. The imprints left by
urban dynamics may record the historical traces of a city and thus may form the business
card of the city. It is valuable to mine deep knowledge from shallow features in imprints
for grasping the evolution and internal characteristics of a city and finding out the urban
development law.

Many scholars have conducted a large number of in-depth and extensive research
to explore the temporal and spatial characteristics of urban dynamics [1,2]. In the related
research of urban dynamics, scholars analyzed the city from multiple perspectives by using
various data. The data can generally be categorized into two types: earth observation
data and human mobility data. Earth observation data are widely used to explore the
overall external characteristics of urban development. Remote sensing data are a typical
kind of earth observation data used to reveal urban morphology [3], urban growth rates
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and patterns [4–6], and landscape transformation by calculating landscape metrics [7–9].
Due to the particularity of sensed objects, nighttime light data have also been widely
used in urban dynamics analysis [10–14]. In addition, human mobility data have been
applied to examine the spatiotemporal dynamics of urban vitality [15] and infer urban
function [16–18] and even land-use type [19]. However, most of the aforementioned
studies only focused on spatial analysis of changes in urban morphology, landscape, and
internal space structure within a short time period. Because of data limitation, the time
span of urban research is relatively ephemeral compared with the lengthy urbanization
process. Researchers pay less attention to revealing the long-range urban development
track, including background, direction, and goals of a city. The studies in the literature lack
a deep understanding of long-term urban dynamics, which could be achieved by using the
related contextual information.

Urban dynamics should not be limited to only the two aspects of time and space.
Knowledge from time, space, and semantics features together may provide more informa-
tion to better build the framework of the urban dynamics story. Information in the temporal
dimension may show urban change with eras, information in the spatial dimension may
visualize urban expansion orientation and location, and information in the semantic di-
mension may directly describe the city’s cultural background and development conditions.
Therefore, data with the aforementioned three dimensions may play a better role in urban
dynamics study. In fact, the aforementioned three-dimensional data have been used by
some urban studies in the literature [20]. Toponyms (place names) are a kind of typical
geographical text data that refer to specific regional spaces or regional entities on the earth’s
surface [21]. Toponyms gradually emerged and evolved with the rapid development of
human society [22]. They often indicate changes in the local landscape and record local
culture as historical documents [23,24]. Thus, they may provide basic information to reveal
the natural and human characteristics of a region, such as land-use change [23,25], urban
landscape [26], and society ideology [27]. However, based on our best knowledge, there
are few studies in the literature that capture the detailed characteristics of long-term urban
dynamics and understand long-term urban dynamics by making full use of toponyms.
In this study, we focus on the semantics of street names, an important class of toponyms,
to extract urban dynamics characteristics. The semantics of street names with specific
textual information is generally associated with surrounding entities and events [26]. The
semantics of street names may also have the potential to describe the urban image and
infer the characteristics of urban development status and functions. Therefore, it might be
of great significance to combine the time, space, and semantics of street names to explore
the implicit knowledge behind the street data, discover the urban story, and provide a new
way to understand the underlying urban dynamics.

The overall new contribution of our work is that it opens up a new perspective of
data for urban dynamics studies by making full use of the spatiotemporal and semantic
information of street names. The major challenge of using street names to understand
urban dynamics is that of processing the textual information and combining the textual
information with spatiotemporal information for analysis. This study proposes a novel
spatial–temporal–semantic analytical framework to mine the deep knowledge of urban
dynamics. With the support of the text processing methods and geographical analysis
methods, we classified the street names into different categories to explore the process of
urban development. Specifically, we made two major contributions in this study. First, the
classification method of street names has been proved to be effective in a short text dataset
without using a large amount of sample data. Second, the proposed spatial–temporal–
semantic analysis framework may capture the implicit characteristics of urban dynamics to
reflect the city change more comprehensively.

The structure of the paper is as follows: The related works about toponyms research
are introduced in Section 2. The study area and data sources are presented in Section 3.
In Section 4, we introduce the analysis methods used in this study and propose a set of
methods applied for the extraction of urban featured functional areas. The analysis results
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of the street name data supported by the methods in the previous section are shown in
Section 5. We list the limitations of this study in Section 6. In Section 7, we summarize the
research conclusions and point out directions for future research works.

2. Related Work

Toponyms are place names, which are the product and witness of the long-term devel-
opment process between human activities and nature. Urban toponyms have abundant
reflections in all aspects of human activities, including politics, economics, and culture [28].
In traditional onomastic studies, toponyms have been widely explored from linguistic
points of view [29]. However, toponyms are not only linguistic forms, but also cultural and
societal artifacts related to surrounding natural or artificial geographic features [30–35].
The correlation between toponym semantics and physical surface features has been studied
in the literature [36]. Aini Zhong et al. [37] reconstructed the historical river networks
by using toponyms, which represent a powerful data source for historical geographical
information. The connotation of toponyms represents the features of past and present
natural conditions and significant era changes [28,38]. As the cultural vehicles of history
and descriptions of a specific area’s natural environment, toponyms provide multidimen-
sional visions to explore urban landscapes [28]. The potential information in toponyms has
attracted the attention of scholars in many disciplines, such as historiography, culturology,
and geography [39,40].

Contemporary interdisciplinary methods and techniques offer new ways to extend
the field of toponymic research. For example, the GIS methods have been widely utilized to
explore the complex systemic characteristics of toponyms [24,41]. Michele Tucci et al. [41]
quantified and analyzed hundreds of street toponyms varying spatially and temporally
over two thousand years with the construction of a geographical vector database. They
emphasized that GIS can contribute to quantification and visualization of the spatial char-
acteristics of toponyms. In addition, spatial statistical methods including the Moran’s I, the
density analysis, and the nearest neighbor analysis are the common measurement methods
used to explore the features of toponyms [24,41–44]. Some scholars regarded toponyms as
a cultural landscape and employed landscape indices to analyze the distribution patterns
of toponyms [24,45,46]. Through the aggregation analysis and balance degree of toponym
landscapes, these studies provided theoretical and practical guidance for optimizing to-
ponym management and helped to protect toponymic cultural heritages. Their analysis
results revealed the spatiotemporal evolution laws of toponyms and the transformation of
cultural and political power behind toponyms. Based on our best knowledge, although
many studies on toponyms have been conducted, the relationships between urban develop-
ment and toponyms remain unknown. There are few studies in the literature that explore
the relationships between urban development and toponyms. This study aims to fill in this
research gap in the literature.

Toponyms are important imprint data during urban construction. With the devel-
opment of society, toponyms gradually emerged in different urban spaces. Toponyms
might have different meanings with different spaces and times. Bo Zhao [47] analyzed the
economic benefits and spatial characteristics of the alien sense of toponyms in the process
of urban development. However, there are few studies that investigate the characteristics
of urban space evolution starting from toponyms. A simple combination of toponym infor-
mation in aspects of space and time may not be enough to fully understand the dynamic
urban change process. In this study, we combined GIS and text processing methods to
integrate spatial–temporal–semantic information in street names to study urban dynamics
over a hundred years.

3. Study Area and Data
3.1. Study Drea

Hangzhou was chosen as the study area to test the proposed spatial–temporal–
semantic triple analytical framework in this study. In the 13th century, Marco Polo visited
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Hangzhou and found that it was the most beautiful and luxurious city in the world at that
time due to its magnificent scenery and splendid sights. He called Hangzhou a ‘Haven
City’, and there was also a street named ‘Haven City Road’ based on the record. Recently,
with the rapid development of industry and commerce, Hangzhou has become one of the
most energetic and fast-growing cities in China. Because of its gorgeous natural landscape
and profound cultural heritage, Hangzhou attracts a large number of tourists to visit it
every year. It is not only an important major city with a long history of development in
China, but also a modern city bursting with many new opportunities. Therefore, Hangzhou
is an ideal city for urban dynamics development study.

Hangzhou, geographically located on the south coast of China (Figure 1), includes
eight administrative districts: Shangcheng District, Xiacheng District, Xihu District, Gong-
shu District, Jianggan District, Binjiang District, Xiaoshan District, and Yuhang District.

Figure 1. Hangzhou city and its eight administrative districts.

3.2. Data

The street name textual information was extracted from Hangzhou Gazetteer [48]
compiled by Hangzhou Civil Affairs Bureau and Hangzhou Toponymy Committee, which
collects detailed historical documents and records of toponyms in Hangzhou. Based on
this data source, we sorted out a total of 3717 pieces of street name information, including
the street names, naming reason, naming date, and history of the name changes.

OpenStreetMap provides the current road network data as line vector data for the
public, including streets’ spatial geometry information, streets’ names, and streets’ types.
By matching street names from the aforementioned two sources, the current street data were
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associated with the semantic textual information. Finally, a spatial dataset with 903 streets
having name history was obtained by further processing data from the aforementioned
two sources. The street naming dates span from the Song dynasty (A.D. 960 to A.D.
1279) to 2010. The street names reflect both the city’s historical and current cultures and
era characteristics.

Based on the original naming date of the collected street name data and the unique
characteristics of the era, we divided the study period into eight time periods (as shown in
Table 1): the Qing dynasty and before period, the Republic of China and the Sino-Japanese
War period, the liberation war period, the early days of the People’s Republic of China
period, the turbulent development period of the People’s Republic of China, the reform
and opening-up period of the People’s Republic of China, the rapid urban sprawl period
of the People’s Republic of China, and the new millennium development period of the
People’s Republic of China. From the time period name, it can be seen that the background
of each time period is different from each other. Each time period was separated by an
important historical event, such as the founding of the Republic of China, the end of the
Second Sino-Japanese War, the founding of the People’s Republic of China, the Cultural
Revolution, Reform and Open, and the Millennium.

Table 1. Time periods of the street naming date.

Time Period Time Period Name Year

A Qing dynasty and before
period <=1912

B
Republic of China and the
Second Sino-Japanese War

period
[1913, 1945)

C liberation war period [1945, 1949)

D
early days of the People’s

Republic of China founding
period

[1949, 1966)

E
turbulent development period

of the People’s Republic of
China

[1966, 1976)

F
reform and opening-up
period of the People’s

Republic of China
[1976, 1990)

G rapid urban sprawl period of
the People’s Republic of China [1990, 2000)

H
new millennium development

period of the People’s
Republic of China

[2000, 2010]

4. Methodology

This study proposes a novel spatial–temporal–semantic analytical framework to
describe urban dynamics from perspectives of time, space, and semantics using street
names. Firstly, a classification model suitable for street name short text was developed by
taking the word segmentation characteristics of Chinese short text into account. Secondly,
spatial visualization and quantitative analysis of street name data with different types
from different time periods were carried out by using geographical analysis methods. The
spatial and temporal distribution characteristics and semantic information of street names
were revealed by means of exploration analysis and pattern recognition, so as to excavate
the urban dynamics characteristics and track its development history.

4.1. Street Name Classification Model

A street name usually consists of 3–10 characters. The number of characters for
naming reasons varies from dozens to hundreds. Compared with most of the sample data
in text mining, the length of the street name text is relatively short. Because of the concise
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expression, the street name text is sparse and irregular and contains fewer features, which
brings great difficulty to classification. Normally, researchers and technicians improve the
classification accuracy by optimizing text representation and classifier construction. In
recent years, FastText [49–51], a text classifier based on word2vec launched by Facebook in
2016, has been widely used in short text classification of Chinese [52] and English [53,54]
due to its fast and efficient performance. In some Chinese short text classification examples,
the performance of FastText is better than that of deep learning [55]. The FastText model is
a shallow network model, which consists of an input layer, a hidden layer, and an output
layer. The input layer contains the terms and their n-gram features in the document, which
are mapped as embedded words. The FastText model introduces the n-gram feature, and it
slides the document content into n-size window according to byte/character order. Finally,
it forms n-size byte segment sequence, enriches the feature terms outside the training
dictionary, and considers the sequenced relationship of bytes or characters.

In order to improve the classification accuracy, we optimized the classification process
in this study. For short text mining, concise language, few terms, and low term frequency
usually lead to a great challenge in making full use of the hidden information in the text
for classification. We segmented the Chinese text using different segmentation methods.
With the application of n-gram, we obtained phrases and features of terms by n-size slide
window. The process for street name text classification is shown in Figure 2.

Figure 2. The process for street name text classification.

By adjusting the way of word segmentation and the parameters such as n-gram,
number of iterations, and learning rate, the model with the best classification results
was obtained.

4.2. Kernel Density Estimation

Density analysis is often used to explore distribution patterns of geographical entities,
and kernel density estimation is one of the frequently used methods. The kernel density
estimation method based on line features can calculate the density of linear elements in the
neighborhood of each output grid pixel. Conceptually, each line is covered with a smooth
surface. The largest value is located at the position of the line, and the values decrease as
the distances from the line increase. The value is zero at the position where the distance
from the line is equal to the specified search radius. The density of each output grid pixel
is the sum of all of the core surface values superimposed on the center of the grid pixel.
The kernel function for linear density calculation is shown in Equation (1).

Density = 1
r2

n
∑

i=1

[
3
π ∗ (1−( disti

r )
2
)

2]
for disti < r, i = 1, 2, 3, . . . , n

(1)
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where r is the search radius for calculating the kernel density at the current position, i is
the serial number of the point within the distance r from the current position, and disti is
the distance between point i and the current position.

4.3. Featured Functional Area Aggregation

Street names are usually related to the surrounding geographical entities, so they
usually imply local characteristics and development preferences. Therefore, the aggregation
area of specific types of street names may reflect the function and development orientation
of a region. The regional aggregation based on the main types of street names may help to
quickly find out the core areas and characteristic functions of a city. We designed a three-
step process to obtain the featured functional areas (Figure 3). We compared the featured
functional areas with the development status of Hangzhou city to verify the effectiveness
of the regional aggregation. The implementation steps of the regional aggregation are
as follows.

Figure 3. The three-step workflow of gathering featured functional areas. (a) Original street lines;
(b) extracted center points of lines; (c) the aggregated area from points; (d) the modified aggrega-
tion results.

1. The center points were extracted from the original street name data organized by
line vector.

2. The street center points were obtained by using an Aggregate Points Tool with a
specific threshold. The experiments found that the threshold value of 3500 meters is
appropriate for aggregation of the main categories of the street names. The aggrega-
tion results are not too scattered or continuous using this threshold value.

3. The aggregation areas were adjusted by buffer. Due to different lengths and shapes
of the streets, the point aggregation areas in step 2 could not fully reflect the spatial
aggregation status of the same type of street name data. Therefore, we modified the
aggregation areas. Taking half of the average length of one type of street name data as
the radius, the results from step 2 were analyzed using a buffer in the third step, and
the areas intersected by the space were combined in this step. Then, the combined
feature areas were finally gathered as featured functional areas.
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Figure 3 illustrates an example of the workflow of gathering featured functional areas.
The green lines in Figure 3a represent the street name data with naming information. The
points in Figure 3b were extracted from the lines, and one point corresponds to one street
name datum. The center points were transferred into areas through an aggregation tool.
Based on the inherent length attribute of the streets, the shapes of the aggregation areas
in Figure 3c were adjusted to make them more consistent with the obtained forms of
line features.

5. Results
5.1. Classification Results of Street Name Data

Similar to many other Chinese cities with a long history, Hangzhou’s urban culture is
rich and has different characteristics. Based on the actual natural and cultural background
of Hangzhou and classification standards from other studies [42,56–58], we classified street
names into two categories: nature-driven and society-driven. Through a more detailed
semantic division, the two categories were further divided into 31 types: mountain, water,
scenery, residential area, administrative area, industry, culture and education, and so on (Table 2).
In total, 3717 pieces of street name text data were collected in this experiment, and the
number of each type is unevenly distributed.

Table 2. Street name categories and types.

Category Type Number

Nature-driven

mountain 128
water 254

orientation 113
plant 52

animal 10
terrestrial material 16

scenery 33
non-adjacent water 6

Society-driven

residential area 207
building 133
bridge 222

government office 87
commemorative personage 171

wish 364
allusion 157

administrative area 575
digit 31

industry 224
culture and education 114
existing street name 231

historic site 284
political motivation 237

sports 16
commercial and trade area 133

entertainment 35
hospital 11

humanism 12
religion 3

environmental protection 3
memorial 2

non-adjacent administrative
area 21

Firstly, the irrelevant descriptions were removed during the preprocessing stage. To
obtain a better classification result, we adopted four different word segmentation methods
to cut the street name text, including exact mode, full mode and search engine mode in
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Jieba participle tool, and single char mode. Then, the segmented data were classified by the
FastText model. The parameter sensitivity analysis results (Figure 4) show that a relatively
accurate classification result was obtained when we cut text into a single char and took n-
gram as 2, the learning rate as 1, and the iterations as 14. The overall classification accuracy
was represented by three indexes with P = 0.699, R = 0.699, and F-measure = 0.699.

Figure 4. Parameter sensitivity analysis of text classification.
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Due to the lack of text data, it is difficult for the model to learn enough effective features
to classify some street name types accurately. However, it is not necessary to pay attention
to such data because they are not representative in describing urban characteristics due to
the scarcity of data. Table 3 lists the classification accuracy of common street name types.

Table 3. Classification accuracy of common street name types.

Street Name Type Precision Rate Recall Rate F-Measure

digit 1.000 1.000 1.000
non-adjacent water 1.000 1.000 1.000

political motivations 0.979 0.979 0.979
bridge 0.848 0.907 0.876

non-adjacent administrative area 1 0.75 0.857
sports 0.75 1 0.857
wish 0.763 0.841 0.8

orientation 0.867 0.722 0.788
administrative area 0.76 0.807 0.783

commemorative personage 0.765 0.788 0.776
existing street name 0.621 0.953 0.752

culture and education 1 0.6 0.75
historic site 0.737 0.737 0.737

industry 0.649 0.8 0.716
water 0.692 0.735 0.713

mountain 0.667 0.75 0.706
plant 0.545 0.75 0.632

residential area 0.826 0.475 0.603

From Table 3, it can be seen that the classification accuracy of 18 street name types
is more than 60%, and these types of data account for 87% of the total street name data.
Among them, the classification accuracy of digit, non-adjacent water, political motivations,
bridge, non-adjacent administrative area, sports, and wish street name types reached more
than 80%. Due to the obvious feature words contained in the content of these street name
types, the classification results are more accurate than others. These results showed that
the FastText model is good at short text classification even without many input data.

5.2. How Street Name Types Change Over Time

We selected the top six street name types in each time period and analyzed the
similarities and differences of street name types from different time periods. We explored
the characteristics of street name change, road network structure, and urban development
through the entire study time period. The total proportion of selected street names is higher
than 50% of all street name data in each time period.

5.2.1. The Similarities of Street Names in all Time Periods—The Base Culture of the City

The proportion of different street name types in each time period is shown in the
form of a segmented bar chart (Figure 5). From Figure 5, it can be seen that historic site is
the most common street name type in all time periods, accounting for a relatively high
proportion. Besides, the type of commemorative personage accounted for a large proportion
of Hangzhou street names before 1990 but declined rapidly in time periods G and H. In
addition, the number of streets named by allusion and administrative area also has a relatively
high proportion in most time periods. It is worth noting that water and bridge are two main
street name types that imply the natural characteristics of the city, i.e., the wide distribution
of rivers and lakes. The historic site, commemorative personage, and allusion types reflect that
city has many monuments and profound cultural heritage.
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Figure 5. Proportion distribution of main street name types in each time period.

5.2.2. The Differences of Street Names in Each Time Period—The Development Routine of
the City

By comparing the main street name types in each time period (Figure 5), it can be
seen that the main street name types during the first four time periods, A, B, C, and D,
are relatively similar, mainly reflecting the natural environment and historical culture,
such as historical site, commemorative personage, government office, allusion, and bridge. The
streets named by commercial and trade area have a significant proportion in time period
A. This indicates that commercial industry was widely developed in Hangzhou a long
time ago (during the feudal society time period). In time period E, influenced by the
social environment at that time, there is a notable increase in the streets named by political
motivations, which means that the people’s attention was focused more on political activities.
In time period F, the main street name types are quite different from those in the previous
time periods, and the proportions of historic site, water, and bridge type increased. The street
names affected by politics in time period E gradually reappear, resulting in a significant
change in the proportions of street name types. In time periods G and H, there are new
changes in the main street name types. With the increase in roads, the proportion of
streets named by historic site and commemorative personage gradually decreased, but the
proportion of streets named by wish increased. This indicates the urgent need for economic
development and people’s desire for a better life. The changes in the proportion of street
name types during these two time periods indicate that the focus of Hangzhou’s urban
development had shifted to economic development without ignoring the relevance to
nature. Compared with other time periods, the proportion of streets named by digit is
more obvious in time period G, when the society lost its cultural carrying capacity. In time
period H, the number of streets and the proportion of streets named after wish, industry,
and the existing street name gradually increase. This indicates fast urban expansion and
road network upgrades during time period H. The whole cognition of Hangzhou through
toponyms is similar to that found in Zheng Qiao’s study [58]. However, the understanding
of urban features in this paper is more detailed than the previous study.

Through diachronic and synchronic analyses of toponyms, we can see that street
names have both regional and epochal characteristics. The main street names of Hangzhou
in the early days were dominated by historical culture and natural landscape. Street
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names reflect the subjective will of human beings for the city reform during the modern
urbanization time period. In other words, the semantic information of the street names
can not only reflect the inherent core characteristics of the city, but also capture the social
background in urban development.

5.3. Spatial Distribution Characteristics of Street Names
5.3.1. The Spatial Distribution Characteristics of Changed Street Names in Each
Time Period

Density analysis is a widely-used method to visualize the distribution patterns of
toponyms [42,59]. We exploited the kernel density estimation method to analyze the
spatial distribution characteristics of changed street names during the time periods after
the founding of the People’s Republic of China. The changed street names are divided into
the new-emerging street names and the modified street names. The spatial distributions of
the density of the changed street names in each time period are shown in Figure 6.

Figure 6. Cont.
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Figure 6. Density of changed street names in time periods. Panels (a–e) correspond to time periods D–H, respectively.

With the passage of time, the spatial characteristics of changed street names present
two obvious characteristics. The changed street names continued to expand to the periphery
of the city from the old urban zone. With the expansion of the changed street names,
the density peak area appears in the suburban zones. However, the density values are
obviously reduced compared with the old urban zones. This reflects that urbanization
has changed from the tight and dense mode to the extensive and sparse mode. Combined
with the types of changed street names (Figure 7), we analyzed the focus locations of road
construction and urban sprawl in the time periods D–H.

Figure 7. Main types and quantities of changed street names in time periods D–H.

The changed street names in time period D are mainly distributed in the old urban
zone, including Shangcheng District, Xiacheng District, and Xihu District, with a maximum
density of 7 pieces/km2. The main types of street names in this time period are orientation,
historic site, political motivation, commemorative personage, and culture and education. The
People’s Republic of China was founded in this time period. The information reflected by
street names not only includes the commemoration of the epoch-making events, but also
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the situation of Hangzhou where a thousand things waited to be done. Combined with the
emergence of the culture and education street name type, we can find that Hangzhou played
an important role in the development of cultural industry. In addition, the orientation type,
which is frequently used in other well-planned and formal cities such as Beijing, indicates
that Hangzhou’s urban development was planned well.

Most of the changed street names in time period E are distributed in the old urban area,
but there are also a few in the suburban area, with the highest density of 12 pieces/km2.
During this time period, most of the changed street names were modified based on the
original street names influenced by politics. Toponyms are usually understood as power-
embedded representation over urban spaces. By naming places, specific political ideology
was powerfully rendered, so toponyms may be used for the ruling socio-political order [39].
Motivated by political events, many streets were given names with new meanings. Com-
bined with the main types of changed street names, street name data indirectly reflect the
societal and cultural changes of the city.

Many street names changed due to political influence in time period E were recovered
in time period F, so its overall distribution of street name data is similar to that of the
previous time period. In this time period, the highest density of street names is nearly
9 pieces/km2. The difference is that there is a small peak area in Xiaoshan District. The
major types of changed street names include historic site, water, bridge, allusions, and admin-
istrative area. The main reason for the change of street names during time period F was to
repair the local culture changed or damaged in time period E. In general, the aforemen-
tioned five types of street names account for a majority of street names in Hangzhou, so
they also became the major types in street name recovery.

Time period G is a rapid development time period, in which the spatial distributions
of changed street names were no longer limited to the old urban zones, but gradually
spread into suburban zones, such as Xiaoshan District, Xiasha area, and the junction of
Xihu District and Gongshu District. Figure 6 (time period G) shows multiple high peak
areas. The peak values of the region are not as high as those in other time periods, and
the coverage of the areas with high values is obviously enlarged. The density of changed
street names near the old urban center is relatively lower than that in the suburban zones.
In terms of changed street name types, time period G is quite different from other time
periods, with types such as administrative area, digit, wish, industry, and residential area. The
characteristics of naming administrative area by using toponyms are similar to those in
Shanghai, mostly for the convenience of memorizing. During the rapid urban sprawl
time period, the number of streets in need of naming increased rapidly. While the use of
other toponyms to name new streets is fast and effective, this implies the lack of cultural
carrying capacity.

The spatial distribution of changed street names in time period H is more extensive
than those of the previous time periods. In Binjiang District and Yuhang District, there are
dense distribution areas. Almost the whole Binjiang District is located in the high peak area,
with the highest density of nearly 5 pieces/km2. The main types of changed street names
include industry, administrative area, wish, existing street name, and culture and education. In
this time period, construction orientation in Hangzhou obviously shows a strong desire for
economic development. The changed street name types also reflect the rapid development
of the science and technology industry. The increase in the number of industry type street
names indicates that Hangzhou has entered a new stage of industry development. The
urban vitality center is transferring from landscape and culture to economy and technology,
and the development direction of the city is also becoming diversified. Considering
the patterns of street name changes in the different time periods, it can be seen that the
economic and technological development in Hangzhou was not achieved overnight, but
gradually formed through certain cultural and industrial accumulation.
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5.3.2. The Spatial Distribution Characteristics of All Street Names in the Latest Time Period

Taking street names in time period H as an example, we explored the spatial dis-
tribution characteristics of street names in the new millennium. Through kernel density
estimation of all street names in this time period (Figure 8), it can be found that there are
four obvious density peak areas in Hangzhou, namely the old urban zone near the lake (A),
the urban zone around the canal (B), Binjiang high-tech zone (C), and Xiasha university
zone (D). The areas with a high density of street names in Hangzhou can be divided into
two types: the old urban zone with rich history and the new developing technological
zone. From Figure 8, it can be seen that the density of street names in the old urban areas
near the lake is the highest where residential areas, commercial areas, and scenic spots are
densely distributed. Zone B is close to the canal, with a large number of residential areas
and schools. Zone C has high-tech industries and has gradually developed into the city’s
suburban center. Xiasha zone (zone D) is equipped with the university town, science and
technology parks, and other facilities.

Figure 8. Density of street names in time period H (2010). Four high density regions (A, B, C, D)
are the old urban zone near the lake, the urban zone around the canal, Binjiang high-tech zone, and
Xiasha university zone respectively.

5.4. Understanding the City from Place to Location with Semantics

Using a geographical analysis method and a featured functional area aggregation
process, the spatial characteristics of the city reflected by the street names were refined and
located. We made a more detailed analysis of the city’s cognition from a whole city to a
specific location with semantics.

5.4.1. Spatial Distribution Characteristics of Street Names with Different Types

The main street name types include administrative area, wish, industry, historic site,
water, and existing street name, accounting for 12.3%, 11.3%, 9.5%, 7.6%, 7.0%, and 5.1%,
respectively. These different types of street names are marked with different colors as
shown in Figure 9. Street names of these types generally are scattered across the city. The
majority of streets named by wish are distributed in the suburban areas, while only very few
are located in the center of the city. The streets named by historic site are mostly distributed
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in the central urban area and the West Lake area. Most of the streets named by water are
located along the river.

Figure 9. The spatial distribution of main types of street names in time period H.

The types with similar semantics were selected and summarized into six categories,
namely administrative area, scenic area, industry area, culture and sport area, bridge area, and
wish area, as shown in Table 4. They include 550 pieces of street name data, accounting for
62.5% of the total data.

Table 4. The categories of aggregation areas and their corresponding street name types.

Category Type

Administrative area Administrative area

Scenic area

Mountain
Water

Scenery
Historic site

Industry area Industry

Culture and sport area Culture and education
Sport

Wish area Wish

Bridge area Bridge

We explored the distribution patterns of the six categories’ street names by average
nearest neighbor analysis. The results show that the Z-scores of other categories except
bridge area are less than −3 (Figure 10). This indicates that street names of these five
categories have significant spatial clustering patterns. The spatial distribution of street
names with bridge type tends to be a random pattern. Considering the actual situation,
most of the streets named by bridge are distributed along the canal and river. Therefore,
in terms of spatial distribution, there is no obvious spatial distribution pattern in bridge
aggregation areas.
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Figure 10. The averaged nearest neighbor analysis results of main type street names.

5.4.2. Featured Functional Area Aggregation Results

Based on the computed results of spatial distribution mode, we selected five cate-
gories of street names with significant spatial clustering characteristics to obtain featured
functional areas using the aggregation workflow. Figure 11 shows the spatial aggregation
results and the corresponding distributions of word frequencies for administrative area,
scenic area, industry area, culture and sport area, and wish area.

Figure 11. Cont.
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Figure 11. Spatial aggregation results of featured functional areas and the corresponding cloud of words. (a,b) correspond
to administrative area; (c,d) correspond to scenic area; (e,f) correspond to industry area; (g,h) correspond to culture and
sport area; (i,j) correspond to wish area. A-E in (e) are the extracted main industrial parks, namely Binjiang industrial
zone, Dajiangdong industrial zone, Xiaoshan economic and technological development zone, Yuhang industrial zone, and
Xiangfu industrial zone.

Based on the master plan of Hangzhou city (2001–2020), as shown in Figure 12, and
the field survey data regarding construction conditions, it can be found that the aggregated
administrative areas are mostly located at the junctions of administrative districts.
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Figure 12. Master plan of Hangzhou city (2001–2020).

The aggregation zones of scenic areas are mainly distributed in West Lake, Xiang Lake,
Banshan scenic area, Linping Lake, and downtown area. Typical street names include West
Lake reach and Xiang Lake road. The most frequently used words in this category of street
names are dynasty, river, temple, mountain, and lake, which reflects that the street names
contain both the meaning of natural scenery and human sites.

The aggregation zones of industry areas are located mainly in Binjiang District, Xi-
aoshan District, and Yuhang District. The spatial aggregation results extract the main
industrial parks in Hangzhou, such as Binjiang industrial zone (A), Dajiangdong industrial
zone (B), Xiaoshan economic and technological development zone (C), Yuhang industrial
zone (D), and Xiangfu industrial zone (E). Through the word cloud chart, we can see
that industry, park, and high-tech are common words in street name text. High-frequency
words can reflect that the industrial development direction of Hangzhou is more focused
on the fields of science and technology, which are different from labor-intensive industry
and resource-intensive industry. The development of the high-tech industry means that
there are abundant personnel, scientific, and educational resources available from the
government to support its development.

In terms of the culture and sport area category, two zones are found through spatial
aggregation: the education park in Xihu District and the Xiasha university town. The former
includes Zhejiang University, Zhejiang Business University, Zhejiang University of Finance and
Economics, Xuejun middle school, Hangzhou gymnasium, and other places. The latter includes
Hangzhou University of Electronic Science and Technology, Zhejiang University of Technology,
and China University of Metrology. In this category of street name text, the common words
mainly include Zhejiang, primary, school, culture, and university. The support for education
has played an important role in the development of the high-tech industry in Hangzhou.
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Figure 11 also shows the five pieces of the wish aggregation area, which are mainly
distributed in the downtown area, Yuhang industrial park, Xiangfu industrial area, and
the canal bank. Typical street names include Benefit People road and Safe road in the old
urban areas, and Luck road in the new development areas. We extracted the frequent
words such as new, prosper, people, peace, develop, and rich by excluding the words that
appear more but with less meaning. These street names have common characteristics,
bearing the wishes and expectations of the local communities for future development.
Therefore, the spatial aggregation zones are mostly concentrated in areas with better
economic development conditions.

The aggregation method of featured functional area proposed in this paper can deter-
mine the key functional areas of a city from space, which may help to realize more refined
urban cognition from a place to a specific location. Street names, therefore, may serve as
useful auxiliary data in other related studies such as in functional zone identification studies.

5.4.3. Discovering City Centers through Street Name Data

The aforementioned five categories of spatial aggregation results include the key
areas in the process of urban development of Hangzhou. The spatial distributions of
these regions indicate that the spatial preference of urban growth may surround the urban
centers. The density of road networks and nodes was used to generate the main center
area in the literature [60]. Inspired by this, we united these aggregation areas to extract
the gravity center of Hangzhou. The identified center results suggest that the straight-line
distance between the administrative center of Hangzhou municipal government in 2010
and the center based on all categories of aggregation areas is about 4.5 km (Figure 13,
center B). In addition, considering that Hangzhou is not a traditional industrial city from
the perspective of urban planning, we eliminated industrial areas and re-extracted the
gravity center. The re-extracted center results show that there is less deviation between
the administrative center and the center based on the union of administrative area, wish area,
culture and sport area, and scenic area. The straight-line distance is only 2.5 km (Figure 13,
center A).

Figure 13. Identified centers based on spatial aggregation results of main street names.
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The above results verify the urban orientation of Hangzhou. That is, industry is not
the only pillar trade, and Hangzhou is a comprehensive city integrating natural scenery,
culture, education, and economy.

6. Discussion
6.1. The Limitation of Street Name Semantic Classification Standard in Research Regions

We classified the street names into two categories: nature-driven class and society-
driven class. This distinction is constantly recognized in the linguistic theory of to-
ponymy [61]. In order to make full use of the semantic connotation of the street names,
these two categories need to be divided into more detailed subcategories. Based on to-
ponym literature [56,58] and also considering the actual situation of Hangzhou city, we
finally identified 31 subcategories of street names. There are few standards about street
name classification. Different from broad toponym types, street naming reasons are com-
plicated and cannot be unified among different regions. They may be universal in some
regions with similar history and culture but are probably diverse in other regions differing
in history and culture. The street name semantic types identified in this study may not
be fully applicable to Western countries. This depends on the local development back-
ground. However, this study provides a novel idea and a feasible practice to explore urban
dynamics characteristics by using toponyms.

6.2. The Accuracy of Urban Space Recognition Based on Street Names

Toponyms can represent the specific geographical space and spatial entities [46].
Based on this concept, we proposed a featured functional area aggregation workflow to
recognize the interesting areas in urban space. The aggregation results reflect the main
development directions, important locations, and industries of Hangzhou city. The aim of
this study was not to try to clearly associate a particular place with a specific function or to
identify the accurate industrial layout. Through the exploration from place to location, we
argue that the spatial–temporal–semantic characteristics of toponyms may be helpful for
understanding the dynamic details of a city. The time span and spatial scale of toponyms
in this study may be adapted to a multiscale analysis.

7. Conclusions and Future Works

Street names are the product of urban development. A street name may reflect the
changing footprint of a city based on its regional and epochal characteristics. With the
support of text and spatiotemporal information, the urban dynamics may be explored from
the multidimensional views of time, space, and semantics, so as to improve understanding
of a city from shallow cognition to in-depth explanation.

This study takes the street name as a new data perspective to tell the story of a city.
Under the spatial–temporal–semantic analytical framework, the information implied in
street names has been mined thoroughly to extract the urban dynamics characteristics. By
classifying the street name data and comparing the distribution of street name types in
different time periods, we explained the natural geographical environment and humanity
features of Hangzhou city and analyzed its development direction and vitality that changed
with time. During the last hundred years, Hangzhou city gradually expanded outwards
with diverse development preferences and formed several high-density areas of road
network. In this study, we selected the important street names in Hangzhou and aggregated
them in space. Based on the aggregation results, the contents of the text were analyzed to
find the urban characteristics of Hangzhou. Based on the analysis results, we learned that
Hangzhou is a cultural ancient city with historical accumulation and unique natural scenery.
As for the orientation of development, Hangzhou is a comprehensive city with various
industries, focusing on the development of high-tech industry and tourism. These analysis
results are highly consistent with the current urban development plan of Hangzhou. We
effectively extracted urban featured functional areas and urban center to reflect the core
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characteristics of the city based on the semantic features and spatial distribution features of
street names.

There are two major new contributions in our study. First, through the combination
of n-gram feature and Chinese text segmentation strategy, we obtained highly accurate
classification results. We verified the effectiveness of the classification method for the
main types of street names. Second, taking the street name data as a new perspective, we
proposed a set of methods to explore the urban dynamics characteristics in depth. The
results show that the analytical framework proposed in this study can achieve a more
objective and in-depth cognition of the urban development background, current situation,
and development direction. Compared with the literature driven by remote sensing data or
human behavior data [3,4,6,10,19], this study extends the novel third dimension of urban
dynamics research. In the related studies on the combination of toponyms and geography,
scholars paid more attention to the toponym landscape and analyzed the cultural, economic,
and political phenomena behind toponyms [24,27,36,41,58,62]. However, they ignored the
combined toponym information from the spatial, temporal, and semantic dimensions. We
integrated the spatial–temporal–semantic information of toponyms and exploited it to
track the historical urban development process by applying GIS technologies. Such a deep
understanding of a city may provide scientific suggestions for urban planning, land use
development, and industrial structure layout and design.

It can be seen that street names can be used as valuable data to extract more features
of long-term urban dynamics for urban cognition and development. Through the more
detailed analysis of featured locations, semantic information is of great significance to the
exploration of urban functions. We suggest that semantic information has potential in the
identification and recognition of urban functional zones to enlarge the regional differences
beyond the temporal and spatial patterns of activities. In terms of visualization, we used
the traditional static 2D maps to visualize the characteristics implicated in street name
data. In order to reach a wide variety of people at a low cost, web-based interactive maps
for the public may be developed in future work. Open access libraries have given much
simplicity to web cartography [63,64], and they can also help for better visualization of our
research results.
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