International Journal of

Geo-Information
Article

Quantifying the Spatio-Temporal Process of Township
Urbanization: A Large-Scale Data-Driven Approach
Xinliang Liu, Yi Wang *, Yong Li and Jinshui Wu
Key Laboratory of Agro-Ecological Processes in Subtropical Region and Changsha Research Station for
Agricultural& Environmental Monitoring, Institute of Subtropical Agriculture, Chinese Academy of Sciences,
Changsha 410125, China
* Correspondence: wangyi@isa.ac.cn; Tel.: +86-731-8461-5291; Fax: +86-731-8461-2685
Received: 26 July 2019; Accepted: 2 September 2019; Published: 4 September 2019




Abstract: The integrated recognition of spatio-temporal characteristics (e.g., speed, interaction with
surrounding areas, and driving forces) of urbanization facilitates regional comprehensive development.
In this study, a large-scale data-driven approach was formed for exploring the township urbanization
process. The approach integrated logistic models to quantify urbanization speed, partial triadic
analysis to reveal dynamic relationships between rural population migration and urbanization,
and random forest analysis to identify the response of urbanization to spatial driving forces. A typical
subtropical town was chosen to verify the approach by quantifying the spatio-temporal process of
township urbanization from 1933 to 2012. The results showed that (i) urbanization speed was well
reflected by the changes of time-course areas of urban cores fitted by a four-parameter logistic equation
(R2 = 0.95–1.00, p < 0.001), and the relatively fast and steady developing periods were also successfully
predicted, respectively; (ii) the spatio-temporal sprawl of urban cores and their interactions with
the surrounding rural residential areas were well revealed and implied that the town experienced
different historically aggregating and splitting trajectories; and (iii) the key drivers (township merger,
elevation and distance to roads, as well as population migration) were identified in the spatial sprawl
of urban cores. Our findings proved that a comprehensive approach is powerful for quantifying the
spatio-temporal characteristics of the urbanization process at the township level and emphasized the
importance of applying long-term historical data when researching the urbanization process.
Keywords: urban cores; partial triadic analysis; logistic model; determinants; hierarchical
urbanization

1. Introduction
Urbanization presents complicated processes and presents multiple spatio-temporal characteristics,
e.g., urbanization speed, reciprocal relations with surrounding rural areas, and spatial sprawl.
Meanwhile, the urban system includes several hierarchical levels, i.e., urban clusters, provincial capital
cities, prefectural-level cities, county-level cities, and towns or villages [1–4]. Compared with large
cities’ urbanization, township urbanization exhibits more direct impacts on biodiversity reduction
and arable land change [2,3]. However, to date, most urban research has focused on big cities [5,6],
and these researching theories and frameworks of urbanization processes cannot be directly applied in
township urbanization studies [7]. Therefore, it is necessary to form unique techniques and frameworks
to detect and predict the spatio-temporal developing characteristics of the urbanization process at the
town scale.
The level or speed of urbanization is a prerequisite aspect of studying urban development,
while the concepts and measuring methods are still in controversy [3,8,9]. Due to the constant change
of urban areas and the conflicting statistics on urban population during several censuses, there was
ISPRS Int. J. Geo-Inf. 2019, 8, 389; doi:10.3390/ijgi8090389

www.mdpi.com/journal/ijgi

ISPRS Int. J. Geo-Inf. 2019, 8, 389

2 of 21

no solid foundation for researchers to compare the urbanization levels at different times. Moreover,
even if on the basis of the same national census, there was no way to compare urbanization levels in
different areas [2,7]. In order to address the above problems, a population urbanization-level index
was constructed based on factors such as population, economy, society, and living environment [10].
Despite significant advances in the development of the quantifying the level and speed of urbanization
across the science and policy arenas, an accurate and comprehensive evaluation of urban development
remains challenging, especially at the town scale and in data-scarce regions [10,11]. According to the
literature, the spatial change of a town center pattern was the most intuitive expression of urbanization
at the town scale, and ordinarily showed a significantly positive correlation with socio-economic
development [2,12]. Several studies selected change of town center pattern as an important urbanization
indicator for exploring the impact of urbanization on ecosystem services deterioration, arable land
loss, and agricultural landscape fragments [8,13]. Thus, this study introduced the spatio-temporal
changes of urban cores to reflect the township urbanization process.
Township urbanization presents close correlation with surrounding rural residences [8]. Exploring
urban spatial pattern and its interaction with the surrounding environment in a rapidly urbanizing
region can contribute significantly to the quantifying, monitoring, and understanding of the complex
urbanization process [14–17]. Because urban systems are multi-scaled and social-ecological systems,
a comprehensive approach is needed for understanding their structure, function, and dynamic
interaction with the surrounding residential area [4,14]. Moreover, the increment of urban populations,
the expansion of urban built-up areas, and the changes of urban environments were considered as
key aspects of transformation for the urbanization process [2,9]. For the systemic research of the
urbanization process, some urban developing theories, e.g., the diffusion–coalescence and spatial
heterogeneity hypothesis, were used to demonstrate the spatio-temporal relationships between the
urban cores and the surrounding residential areas [4]. However, exploring and mapping such an
urbanization process is a challenging task, due to the issues of spatial heterogeneity and dynamic
land-use practices [18–20]. In this study, landscape index and spatio-temporal statistical method were
used to explore urban patterns and the dynamic relationship between urban cores and surrounding
residential areas.
The spatio-temporal driving mechanism of urbanization has always been a focus for the academic
community [12,21,22]. Current theories mainly address population moving and relocation, economic
explanations, transport and communication, policies, and institutions [2,23]. Moreover, certain
biophysical driving forces with spatial heterogeneity have been found to be the essential components for
influencing the urbanization process [15,24,25]. Several studies also demonstrated that industrialization
and structural transition of rural laborers were the main driving forces to promote urbanization [2,3].
For instance, the economic reform has been gradually launched in extensive rural areas in China,
resulting in a large amount of agriculture surplus laborers who gradually moved into adjacent urban
cores [1,3]. Township enterprises are flourishing and are becoming the leading factor for promoting
rural urbanization [2,7,11]. Numerous studies have been devoted to finding subsets of measures,
including demographic factors, physical variables, and landscape metrics [2,4,15,22]. Such sets of
measures play important roles in the facilitation of comprehensive understandings of urban ecology
and allow researchers to directly compare diverse urban areas across the globe [3,26,27]. Thus, social,
policy, demographic, and physical determinants of the urbanization process were integrated and
analyzed in this study.
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For quantifying the spatio-temporal urbanization process at the township level, a large-scale
data driven approach was established, and a representative town (Jinjing) was chosen to verify the
approach, which typifies many towns in terms of geo-morphology and socio-economic dynamics,
making it an ideal microcosm of the larger region. In general, similarly to a higher-level administrative
ISPRS Int. J. Geo-Inf. 2019, 8, x FOR PEER REVIEW
3 of 21
unit, a town includes at least one urban core, which can be considered the center of the town and the
mark of urbanization
[12]. scale
Exploring
theprovide
characteristics
processes
urbanization
at the town
scale
urbanization
at the town
should
critical and
references
forof
land
planners creating
policies
should
provide
critical
references
for
land
planners
creating
policies
and
strategies
for
future
urban
and strategies for future urban development. Therefore, urban cores were extracted to investigate
development.
Therefore, urban
cores were
to investigate
theirobjectives
growth characteristics
and
their
growth characteristics
and processes
atextracted
the town scale.
The primary
of this study were
processes
at
the
town
scale.
The
primary
objectives
of
this
study
were
(i)
to
develop
a
set
of
analytical
(i) to develop a set of analytical methods to facilitate urban cores research at the town scale; (ii) to
methods tothe
facilitate
urban cores
research at the
town scale;
to investigate
the
spatio-temporal
investigate
spatio-temporal
development
processes
of the(ii)
urban
cores at the
town
scale; (iii) to
development
processes
of
the
urban
cores
at
the
town
scale;
(iii)
to
quantify
the
spatio-temporal
quantify the spatio-temporal relationships between urban cores growth and surrounding settlements
relationships
between
urban cores
growth and
surrounding
settlements
migration;
(iv)scale.
to analyze
migration;
and
(iv) to analyze
the driving
forces
of urban cores
development
at theand
town
the driving forces of urban cores development at the town scale.

2. Materials and Methods
2. Materials and Methods
2.1.
2.1. Methodology
Methodology
A
flow chart
chart for
for aa systemic
systemic view
view is
is provided
provided in
in Figure
Figure 1.
1. It
A methodological
methodological flow
It involves
involves three
three major
major
steps:
(1)
quantifying
urbanization
speed
by
employing
logistic
models;
(2)
analyzing
relationships
steps: (1) quantifying urbanization speed by employing logistic models; (2) analyzing relationships
between
residential area
by using
using landscape
landscape indices
indices and
and partial
partial triadic
triadic
between urbanization
urbanization and
and the
the rural
rural residential
area by
analysis
(PTA);
and
(3)
identifying
driving
forces
for
spatial
sprawl
of
urban
cores
by
applying
analysis (PTA); and (3) identifying driving forces for spatial sprawl of urban cores by applying random
random
forest
and classification
tree (CTA).
analysis (CTA).
forest (RF)
and(RF)
classification
tree analysis

Figure
Methodological flow
flow chart.
chart.
Figure 1.
1. Methodological

2.1.1. Logistic Models
Two logistic models, i.e., a three-parameter logistic equation (3PL) and a four-parameter logistic
equation (4PL), were used to describe the development of urban cores. The two logistic models can
be described as follows: 3PL (Equation (1)), as a typical model, has been widely used to simulate
urban development. The derivation (Equation (2)) of 3PL was used to present the change ratio of
urban cores.

x(t) =

xm
xm

— kt

(1)
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2.1.1. Logistic Models
Two logistic models, i.e., a three-parameter logistic equation (3PL) and a four-parameter logistic
equation (4PL), were used to describe the development of urban cores. The two logistic models can be
described as follows: 3PL (Equation (1)), as a typical model, has been widely used to simulate urban
development. The derivation (Equation (2)) of 3PL was used to present the change ratio of urban cores.
x(t) =

0

xm
− 1)e−kt

(1)

1 + ( xxm0

s(t) = x (t) =

xm ( xxm0 − 1)e−kt t

[1 + ( xxm0 − 1)e−kt ]

2

(2)

where x is the urban area, t is the time (years) of urban area change, k characterizes the slope of the
curve at its midpoint, xm is the maximum area of the urban core (top of the curve), and x0 is the
minimum area of the urban core (bottom of the curve).
In contrast to 3PL, 4PL (Equation (3)) is a typical dose-response curve with a variable slope
parameter. The derivation (Equation (4)) of 4PL was used to present the change ratio of the urban cores.
xm − x0
 −k
1 + tt2

x(t) = x0 +

0

s(t) = x (t) =

(3)

(−k−1) 1
k t2
2
(−k)

(xm − x0 )( tt2 )
[1 + ( tt2 )

(4)

]

where t2 is the t value for the curve point that is midway between the xm and x0 parameters, also called
the half-maximal effective time.
For the two logistical methods, 95% confidence intervals were used to evaluate their fitted effect
and calculated by Monte Carlo simulation with 10,000 simulations. The root mean square error (RMSE)
and coefficient of determination (R2 ) of the linear regression between the observed and predicted
values were used as the two indicators of model fit. In this study, R software and the nls2 package
were used to fit and evaluate the logistic models [27].
2.1.2. Landscape Index and Partial Triadic Analysis
The landscape index analysis and PTA were used to reveal the dynamic relationships between the
urbanization process and the surrounding rural residences. Landscape indices, including the patch
area_mean (AREA_MN), patch cohesion index (COHESION), contiguity index mean (CONTIG_MN),
fractal dimension index mean (FRAC_MN), largest patch index (LPI), effective mesh size (MESH),
shape index mean (SHAPE_MN), and splitting index (SPLIT), were calculated and used as the necessary
input data for the PTA. Details regarding these landscape indices are presented in Table 1. R software
(http://www.r-project.org) and Fragstats software were used to calculate the landscape indices.
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Table 1. Description of landscape indices used in the partial triadic analysis.
Acronym

Name

Formula
AREA_MN =

AREA_MN

COHESION

Patch area_mean

Patch cohesion index

1
n

n
P
i=1

ai

ai = area of patch i (m2 ); and n = total patch
number



1 −


COHESION
=

−1
pi  

i=1

√1
∗
1
−
∗ 100

n
P √ 
A
p a 
i

i

i=1

CONTIG_MN =

G
dAA dA A
1 P
ni (d 1) 1
G
P
AA1
i
=
1
ni
i=1

Contiguity index_mean

ni = the number of elements of the group i;
G = the number of groups; dAA , dA1A1 and
dAA1 = the average distances between the
points belonging to group A and its
complements
FRAC_MN =

FRAC_MN

Fractal dimension
index_MN

Unit

Range

AREA_MN expresses the
mean area of patches within
the entire reference unit,
reflecting the landscape
fragmentation

Hectares

AREA_MN > 0

COHESION measures the
physical connectedness of the
corresponding patch type

Dimensionless

0 ≤ COHESION ≤ 100

CONTIG_MN assesses the
spatial connectedness of cells
within a grid-cell patch to
provide an index of the patch
boundary configuration and
thus patch shape

Dimensionless

0 ≤ CONTIG_MN ≤ 1

FRAC_MN describes the
power relationship between
the patch area and perimeter,
reflecting the landscape
heterogeneity.

Dimensionless

1 ≤ FRAC_MN ≤ 2

n
P

pi = perimeter of patch i; ai = area of path i;
A = total number of cells in the landscape

CONTIG_MN

Description

1
n

n
P
i=1

2ln pi
ln ai

ai = area of patch i (m2 ); pj = perimeter of
patch i (m); ni = number of patches in the
landscape of patch type i
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Table 1. Cont.
Acronym

Name

Formula
n

max(ai )

LPI

Largest patch index

=1
LPI = iA
×100
2
ai = area of patch i (m ); A = total landscape
area (m2 )

MESH =
MESH

Effective mesh size

1
A

n
P

a2i

i=1

ai = area of patch i (m2 ); A = total landscape
area (m2 )
n
P

SHAPE_MN =
SHAPE_MN

r
n

Shape index_mean

pi

i=1
n
P

ai

i=1

pi = perimeter of patch i (m); ai = area of
patch i (m2 )
SPLIT =
SPLIT

Splitting index

A2
n
P
a2i

i=1

ai = area of patch i (m2 ); A = total landscape
area (m2 )

Description

Unit

Range

Percentage of the landscape
within the largest patch;
identifies the dominating
landscape types

Percentage

0 < LPI ≤ 100

MESH is based on the
cumulative patch area
distribution and is interpreted
as the size of the patches

Hectares

Ratio of cell size to
landscape area ≤
MESH ≤ total
landscape area (A)

Shape equals the patch
perimeter divided by the
square root of the patch area,
adjusted by a constant to
adjust for a square standard

Dimensionless

SHAPE_MN ≤ 1

Split is based on the
cumulative patch area
distribution and is interpreted
as the effective mesh number

Dimensionless

1 ≤ SPLIT ≤ number of
cells in the landscape
area squared
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2.1.3. Classification Tree Analysis and Random Forest Analysis
2.1.3. Classification Tree Analysis and Random Forest Analysis
Descriptive statistics were analyzed to determine social and policy driving forces, e.g., population
Descriptive statistics were analyzed to determine social and policy driving forces, e.g.,
and township mergers. The influence of spatial driving forces, e.g., elevation, slope, aspect, distance to
population and township mergers. The influence of spatial driving forces, e.g., elevation, slope,
rivers (dis_rivers), distance to roads (dis_roads), and distance to lakes (dis_lakes), was analyzed by
aspect, distance to rivers (dis_rivers), distance to roads (dis_roads), and distance to lakes (dis_lakes),
classification tree analysis (CTA) and random forest (RF) analysis. For these two analyses, all urban
was analyzed by classification tree analysis (CTA) and random forest (RF) analysis. For these two
core cells in each map were set to a value of 1, while the rest of the cells were set to 0. R statistical
analyses, all urban core cells in each map were set to a value of 1, while the rest of the cells were set
software and the Random Forests [30] and rpart [31] packages were employed for the data analysis.
to 0. R statistical software and the RandomForests [30] and rpart [31] packages were employed for
CTA was applied to develop and plot the regression trees in order to describe the relationships between
the data analysis. CTA was applied to develop and plot the regression trees in order to describe the
urban expansion and its driving forces. No assumptions were made about the relationships between
relationships between urban expansion and its driving forces. No assumptions were made about the
urban expansion and its driving forces, and the relationships and formed clusters were modeled by
relationships between urban expansion and its driving forces, and the relationships and formed
repeatedly splitting the data, with each split chosen to minimize the dissimilarity within clusters [32].
clusters were modeled by repeatedly splitting the data, with each split chosen to minimize the
A regression tree is a forecasting tree-like diagram resulting from recursively partitioning the response
dissimilarity within clusters [32]. A regression tree is a forecasting tree-like diagram resulting from
data, with indication of the influence of the explanatory variables at each split. RF analysis was used
recursively partitioning the response data, with indication of the influence of the explanatory
to evaluate the importance of driving factors related to the spatial distribution, where the value can
variables at each split. RF analysis was used to evaluate the importance of driving factors related to
be between 0 and 1, with a value closer 1 indicating a stronger influence. The analysis provides an
the spatial distribution, where the value can be between 0 and 1, with a value closer 1 indicating a
ensemble classification method that consists of many regression trees developed by CTA and that
stronger influence. The analysis provides an ensemble classification method that consists of many
regression trees developed by CTA and that outputs the class that is the mean prediction of
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Figure 3. Flowchart showing the procedures for data acquisition and processing.

2.3. Study Area
2.3. Study Area
Jinjing Town is located in the northeast of the Changsha–Zhuzhou–Xiangtan urban cluster (also
Jinjing
is located
in the
northeast ofRegion),
the Changsha–Zhuzhou–Xiangtan
cluster (also
named
the Town
Greater
Changsha
Metropolitan
which has been appraisedurban
as “China’s
first
named
the
Greater
Changsha
Metropolitan
Region),
which
has
been
appraised
as
“China’s
first
experimental case of conscious regional economic integration” [2], and it is a heavily urbanized region
experimental
case
of
conscious
regional
economic
integration”
[2],
and
it
is
a
heavily
urbanized
that has greatly promoted economic development in Central China. Jinjing Town has a population of
region people
that has
greatly
economic
development
in Central
China.
has a
42,080
(2018)
and promoted
an area of 135
km2 (Figure
4). The main
land use
types Jinjing
area areTown
woodlands
2 (Figure 4). The main land use types area
population
of
42,080
people
(2018)
and
an
area
of
135
km
(56%) and paddy fields (34%), and the dominant crops include rich (prolific) rice, tea, and various
are woodlands
and paddy
(34%),
and the
crops
rich (prolific)
rice,area
tea,
vegetables
(e.g.,(56%)
snap been,
water fields
spinach,
cabbage,
anddominant
cauliflower)
[8].include
The history
of the study
and
various
vegetables
(e.g.,
snap
been,
water
spinach,
cabbage,
and
cauliflower)
[8].
The
history
of
can be divided into four major periods. The first period was prior to the foundation of the People’s
the
study
area
can
be
divided
into
four
major
periods.
The
first
period
was
prior
to
the
foundation
of
Republic of China in 1949. Only a few people lived in the area due to consecutive years of war,
the People’s Republic of China in 1949. Only a few people lived in the area due to consecutive years
of war, and urban cores were not formed. The second period lasted from 1949 to 1978, the population
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increased by a factor of more than eight, and urban cores were formed and rapidly developed. The
and urban cores were not formed. The second period lasted from 1949 to 1978, the population increased
third period began in 1978 and the tea industry has been flourishing and bringing considerable
by a factor of more than eight, and urban cores were formed and rapidly developed. The third period
economic benefits to Jinjing Town. The study area has been undergoing the fourth urban
began in 1978 and the tea industry has been flourishing and bringing considerable economic benefits
development period since 1991, since there was at ownship merger where two adjacent towns (Tuojia
to Jinjing Town. The study area has been undergoing the fourth urban development period since 1991,
and Guanjia) were merged into JinjingTown. The newly created town was named Jinjing, and the
since there was at ownship merger where two adjacent towns (Tuojia and Guanjia) were merged into
original two towns (Tuojia and Guanjia) were reorganized as two villages of Jinjing Town
Jinjing Town. The newly created town was named Jinjing, and the original two towns (Tuojia and
(http://jjz.csx.cn/).
Guanjia) were reorganized as two villages of Jinjing Town (http://jjz.csx.cn/).

Figure 4. Geographical location of Jinjing Town, located in the north of Changsha County in the
Figure 4. Geographical location of Jinjing Town, located in the north of Changsha County in the
Changsha–Zhuzhou–Xiangtan urban cluster, Hunan province, China. Jinjing Town was divided into
Changsha–Zhuzhou–Xiangtan urban cluster, Hunan province, China. Jinjing Town was divided into
39 catchments, with elevations between 56 and 440 m.
39 catchments, with elevations between 56 and 440 m.

In this study, data on the residential distribution for five years (i.e., 1933, 1955, 1990, 2005,
In this study, data on the residential distribution for five years (i.e., 1933, 1955, 1990, 2005, and
and 2012) were used to investigate the spatio-temporal pattern of urbanization in Jinjing Town
2012) were used to investigate the spatio-temporal pattern of urbanization in Jinjing Town (Figure 5).
(Figure 5). Data for 1933, 1955, and 1990 were extracted from the historical topographic maps (scale
Data for 1933, 1955, and 1990 were extracted from the historical topographic maps (scale 1:10,000)
1:10,000) obtained from the Hunan Province Geomatics Information Center (http://www.hnpgc.com).
obtained from the Hunan Province Geomatics Information Center (http://www.hnpgc.com). The
The extraction process included scanning historical maps by using CONTEX HD Ultra i4450s and
extraction process included scanning historical maps by using CONTEX HD Ultra i4450s and
performing image rectification and vectorization in ArcGIS 10.0. Data for 2005 were extracted from
performing image rectification and vectorization in ArcGIS 10.0. Data for 2005 were extracted from a
a digital topographic map that included elevation information (points and contours) and land-use
digital topographic map that included elevation information (points and contours) and land-use data
data (woodlands, paddy fields, tea fields, roads, residential areas, and water bodies). The elevation
(woodlands, paddy fields, tea fields, roads, residential areas, and water bodies). The elevation
information was used to generate a digital elevation model (DEM) at a 5 m resolution by using the
information was used to generate a digital elevation model (DEM) at a 5 m resolution by using the
“Topo to Raster” function in ArcGIS 10.0. Data for 2012 were vectorized from an air photograph (at a
“Topo to Raster” function in ArcGIS 10.0. Data for 2012 were vectorized from an air photograph (at
2 m resolution) taken by airplane on 14 June 2012.
a 2 m resolution) taken by airplane on 14 June 2012.
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Figure 5. Spatial distribution of residential areas in Jinjing Town from 1933 to 2012.
Figure 5. Spatial distribution of residential areas in Jinjing Town from 1933 to 2012.

In a hilly area such as Jinjing Town, the distribution of residents is significantly influenced
In a hilly area such as Jinjing Town, the distribution of residents is significantly influenced by
by topography and, thus, the administrative boundary is nearly on the ridgelines. To explore the
topography and, thus, the administrative boundary is nearly on the ridgelines. To explore the spatiospatio-temporal changes of settlements, Jinjing Town was divided into 39 catchments using the
temporal changes of settlements, Jinjing Town was divided into 39 catchments using the Hydrology
Hydrology Analysis extension of ArcGIS 10.2 based on the DEM (Figure 4).
Analysis extension of ArcGIS 10.2 based on the DEM (Figure 4).
3. Results
3. Results
3.1. Urbanization Speed
3.1. Urbanization Speed
The changes in the spatio-temporal patterns of the three urban cores (Jinjing, Tuojia, and Guanjia)
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and the change ratio obviously increased after the implementation of the township merger policy
(Figure 7a).

ISPRS Int. J. Geo-Inf. 2019, 8, 389
ISPRS Int. J. Geo-Inf. 2019, 8, x FOR PEER REVIEW

11 of 21
11 of 21

Figure 6. Spatio-temporal patterns of the three urban cores (Jinjing, Tuojia, and Guanjia) from 1933
Figure 6. Spatio-temporal patterns of the three urban cores (Jinjing, Tuojia, and Guanjia) from 1933 to
to 2012.
2012.

The area changes of the urban cores were fitted by 3PL and 4PL (Figure 8). As reflected by the
high R2 and low RSME values (Table 2), both of the logistic models showed a good fit, while the latter
model presented a slightly better fit than the former. According to the 4PL simulation, the urban
core areas of Jinjing, Tuojia, and Guanjia reached their peaks in 2090, 2033, and 2050, respectively
(Figure 8a). The urbanization rate differed among the three urban cores. Jinjing experienced a rapid
rate of urbanization, whereas Tuojia and Guanjia underwent slower urbanization rates. The three
urban cores had already passed the most rapid development stage (1970s) (Figure 8b).
Table 2. Parameters and evaluation indicators of the logistic models.
Urban Cores
4PL
Jinjing
Tuojia
Guanjia
3PL
Jinjing
Tuojia
Guanjia

x0

xm

t2

k

RMSE

R2

7.72
4.96
2.67

97.52
34.87
20.75

62.13
39.30
58.67

2.52
2.89
2.02

0.79
0.14
0.22

0.99
1.00
1.00

5.73
3.77
2.43

81.90
34.15
17.47

-

0.050
0.058
0.043

1.58
0.26
0.76

0.95
0.96
0.98

4PL is a four-parameters logistic equation, and 3PL is a three-parameters logistic equation. The xm is the maximum
area of the urban core (top of the curve); x0 is the minimum area of the urban core (bottom of the curve); t2 is the t
value for the 4PL fitting curve point that is midway between the xm and x0 parameters; and k is the slope of the
curve at its midpoint. The RMSE is the root mean square error.
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Figure 7. (a) Area changesof the urban cores (Jinjing, Tuojia, and Guanjia) and total residential area
from 1933 to 2012, and (b) population changes of towns (Jinjing, Tuojia, and Guanjia) from 1933 to 2012.
Figure 7. (a) Area changesof the urban cores (Jinjing, Tuojia, and Guanjia) and total residential area
from 1933 to 2012, and (b) population changes of towns (Jinjing, Tuojia, and Guanjia) from 1933 to
2012.

The area changes of the urban cores were fitted by 3PL and 4PL (Figure 8). As reflected by the
high R2 and low RSME values (Table 2), both of the logistic models showed a good fit, while the latter
model presented a slightly better fit than the former. According to the 4PL simulation, the urban core
areas of Jinjing, Tuojia, and Guanjia reached their peaks in 2090, 2033, and 2050, respectively (Figure
8a). The urbanization rate differed among the three urban cores. Jinjing experienced a rapid rate of
urbanization, whereas Tuojia and Guanjia underwent slower urbanization rates. The three urban
cores had already passed the most rapid development stage (1970s) (Figure 8b).
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Figure 8. Simulation results of (a,b) the four-parameter logistic equation and (c,d) three-parameter
Figure 8. Simulation results of (a,b) the four-parameter logistic equation and (c,d) three-parameter
logistic equation for urban core area and change ratios, respectively.
logistic equation for urban core area and change ratios, respectively.

3.2. Relationship between Urban Cores and Surrounding Residential Areas
Table 2. Parameters and evaluation indicators of the logistic models.
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3.2. Relationship between Urban Cores and Surrounding Residential Areas
Figure 9 shows the dynamics of spatio-temporal variability of residents for the period from 1933
to 2012 in Jinjing Town. The major gradients were determined by interpreting the first two axes of
the PTA (Figure 9a). Axis 1 (71.4% of the total inertia) opposed the landscape indices “LPI”, “MESH”,
“AREA”, “CONTIG_MN” to “SPLIT” (Figure 9a), indicating that the first axis provided a gradient of
the accumulation of residents, with the highest level of aggregation shown on the right side of the
figure. Figure 9b shows the classifications of the 39 catchments. Based on the clusters of the landscape
indices shown in Figure 9a, the 39 catchments were divided into three groups: Aggregated, split, and
stabilized (no change) (Figure 9b). The value of each catchment was matched with the spatial attribute
presented in Figure 9c. Catchments 26, 37, and 39, which contained most of the urban cores of Tuojia
and Jinjing, typically aggregated, whereas Catchments 2 and 7 typically became more separated
(split). The difference in residential changes in each catchment reflected population migration from
Catchments 2 and 7 (the split region) to Catchments 26, 37, and 39 (urban cores).
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Figure 10 shows the dynamic trajectories of residential changes in each catchment for the period
Figure 10 shows the dynamic trajectories of residential changes in each catchment for the period
from 1933 to 2012. Axis 1 (57.7% of the total inertia) opposed the landscape indices “LPI”, “MESH”,
from 1933 to 2012. Axis 1(57.7% of the total inertia) opposed the landscape indices “LPI”, “MESH”,
“AREA” to “SPLIT”, and as in Figure 6, provided a gradient of the accumulation of residents, with the
“AREA” to “SPLIT”, and as in Figure 6, provided a gradient of the accumulation of residents, with
highest level of aggregation shown on the left side of the figure. The trajectories of the residential
the highest level of aggregation shown on the left side of the figure. The trajectories of the residential
changes differed by catchment. For example, Catchments 2 and 7 (the split region) had similar historical
changes differed by catchment. For example, Catchments 2 and 7 (the split region) had similar
trajectories, i.e., from splitting to aggregation and then back to splitting; Catchment 26 (Tuojia’s urban
historical trajectories, i.e., from splitting to aggregation and then back to splitting; Catchment 26
core) was consistently aggregated; and Catchments 33 and 39 (Jinjing’s urban core) changed from split
(Tuojia’s urban core) was consistently aggregated; and Catchments 33 and 39 (Jinjing’s urban core)
to aggregated, to split, and eventually back to aggregated.
changed from split to aggregated, to split, and eventually back to aggregated.
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Figure 10. Variability of the landscape dynamics at the catchment scale.
Figure 10. Variability of the landscape dynamics at the catchment scale.

3.3. Driving Forces of the Urbanization Process
3.3. Driving Forces of the Urbanization Process
3.3.1. Population and Policies
3.3.1. Population and Policies
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4.1. Urbanization Change Rates and Logistic Model Simulation
4.1. Urbanization
Logistic
Model
Simulation
UrbanizationChange
speedsRates
wereand
well
reflected
by the
areas changes of urban cores and the relatively fast
and steady developing period were also successfully predicted. The areas of the urban cores replaced
Urbanization speeds were well reflected by the areas changes of urban cores and the relatively
the share of people in the calculation of urbanization speed (Figure 5), which is in contrast to general
fast and steady developing period were also successfully predicted. The areas of the urban cores
studies of urbanization levels indicated by the share of people living in cities [34]. The main reason for
replaced the share of people in the calculation of urbanization speed (Figure 5), which is in contrast
this was that the majority of residents in urban cores are farmers who still own farmland, and they
to general studies of urbanization levels indicated by the share of people living in cities [34]. The main
are merely doing business in urban cores at the town scale. Therefore, there are two types of people
reason for this was that the majority of residents in urban cores are farmers who still own farmland,
in urban cores: Local residents whose homesteads are in the urban areas and residents who have
and they are merely doing business in urban cores at the town scale. Therefore, there are two types
migrated from remote areas (hinterland) and resettled in the town and who may have more than one
of people in urban cores: Local residents whose homesteads are in the urban areas and residents who
homestead. This phenomenon has likewise been called the double occupation of rural–urban land
have migrated from remote areas (hinterland) and resettled in the town and who may have more
in China as a result of urbanization [2,35]. Consequently, accurate statistical data on the urban core
than one homestead. This phenomenon has likewise been called the double occupation of rural–
populations from town governments are lacking. In contrast, population statistics are available for
urban land in China as a result of urbanization [2,35]. Consequently, accurate statistical data on the
cities based on HuKou and temporary residence permits in China [35].
urban core populations from town governments are lacking. In contrast, population statistics are
Trends in urban area change could be well fitted by the two logistic models (Table 2 and Figure 5),
available for cities based on HuKou and temporary residence permits in China [35].
and 4PL performed somewhat better than 3PL. However, compared with 4PL, 3PL has been used
Trends in urban area change could be well fitted by the two logistic models (Table 2 and Figure
more often to fit urbanization curves in most urbanization studies [34,36]. The parameter k in 3PL
5), and 4PL performed somewhat better than 3PL. However, compared with 4PL, 3PL has been used
more often to fit urbanization curves in most urbanization studies [34,36]. The parameter k in 3PL
reflects the urbanization change rate, which is mostly used at a national scale, e.g., 0.0463 for China
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reflects the urbanization change rate, which is mostly used at a national scale, e.g., 0.0463 for China [2].
In this study, the k values were 0.050, 0.058, and 0.043 for Jinjing, Tuojia, and Guanjia, respectively.
It seems that urbanization has been more rapid in Jinjing and Tuojia than in Guanjia, and in the nation
as a whole. Moreover, the three urban curves show a clear S shape. This is in contrast with many
other urbanization studies on urban clusters or counties, in which urban area has been found to have
exponentially increased from 1978 to 2008 [4]. This discrepancy is mainly due to the difference in
the study time range. For example, in this study, if we merely investigated the urban area change
for the period from 1990 to 2012, the trend of urban area change would also fit to an exponential
curve (Figure 5). However, given the influence of natural and socio-economical determinants of urban
spatial sprawl, especially slow population growth, the urban core areas could not increase faster than
during the 1970s in Jinjing Town. Considering the fitted curves for the urban area change (Figure 6),
the expansion processes of these urban cores can be divided into three stages of development [34,36].
In the first stage (1933–1975), the urbanization rate was slow for all the urban cores because of the
small population and certain important historical events, e.g., the Anti-Japanese War (1937–1945),
China’s Liberation War (1945–1949), the Great Leap Forward (1958–1960), and the Cultural Revolution
(1966–1976). In the second stage (1976–1990), each urban area experienced their fastest urbanization rate
primarily because China’ urban policy focused on developing towns and small cities during 1978–1999.
The period preceding the peak differed for the three urban cores. This phenomenon primarily occurred
owing to the natural environments and governmental policies of the urban cores [2]. In the third stage
(1991–), population grew at a sluggish rate. Population migration and the township merger promoted
urban core progress in Jinjing Town. Jinjing’s urban core experienced rapid development, whereas
Tuojia’s and Guanjia’s urban cores slowly developed after a period of rapid development.
4.2. Urban Core Sprawl and Residential Migration
The spatio-temporal sprawl of urban cores and their interactions with the surrounding rural
residential areas were well revealed by PTA analysis, and implied that the town experienced different
historically aggregating and splitting trajectories. Urban cores and surrounding residents exhibited
distinct spatio-temporal dynamic characteristics that influenced each other, as revealed and quantified
by the PTA (Figure 6). The areas of the urban cores obviously increased from 1933 to 2012, which is
consistent with that in the urban areas at higher levels of the urban hierarchy in China [2,3,37]. However,
the modes of spatio-temporal urban sprawl are distinct between towns and urban areas at higher levels
of the urban hierarchy, e.g., urban clusters, provincial capital cities, and prefectural-level cities. In the
literature, three modes of spatio-temporal urban sprawl (infilling, edge expansion, and leapfrogging)
have been identified for urban areas at higher levels of the urban hierarchy in China, which could have
substantial impacts on neighboring areas and promote the coordinated development of large, medium,
and small cities, as well as small towns [3,4]. In contrast to urban areas at higher levels of the urban
hierarchy, towns show only one mode of urban development, i.e., edge expansion, which is mainly
due to the small scale of spatial sprawl in the urban cores of towns and the lack of comprehensive
planning. From 1933 to 1990, population and residential area increases were a notable tendency in
Jinjing Town, and migration from remote regions to urban cores became a major trend after 1990
(Figures 2 and 6c). Enterprises in the township grew, absorbed surplus labor, and contributed to help
small cities flourish. These observations are comparable to observations regarding resident changes
across China [2,35]. The three urban cores experienced different historical trajectories (Figure 6).
For instance, Tuojia’s urban core was consistently aggregated, and Jinjing’s urban core changed from
split to aggregated, to split, and eventually back to aggregated, although all of the urban cores were
more aggregated than other places in Jinjing Town. As a result, these urban cores showed different
historical trajectories with respect to the surrounding residential areas and paddy fields, as shown in
Figures 3 and 7. In addition to agricultural land loss, the inter conversions of agricultural land types
were also impacted by urbanization. For examples, paddy fields were transformed to tea fields and
vegetable fields surrounding the three urban core areas in order to promote economic development
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(Figure 5), and several tea manufacturing companies and vegetable-production bases have been
established in recent decades. Specifically, from 1990 to 2012, 102 ha of paddy fields were converted to
tea fields and vegetable fields in Jinjing Town [38].
4.3. Urban Core Developments and the Driving Forces
The key drivers (township merger, elevation and distance to roads, and population migration)
were identified in the spatial sprawl of urban cores, indicating that CTA and RF are efficient for
quantifying the mechanism of urban core spatial sprawl and the importance of each driving force.
The main reason is that among the ensemble-based classifiers, CTA and RF classifiers are efficient for
input predictors with a different nature, and insensitive to noise, outliers, and overtraining. Moreover,
they are computationally much faster than boosting-based ensemble methods and somewhat faster than
simply bagging [33]. Moreover, determining and collecting data on the driving forces of urbanization is
more difficult for towns than for urban areas at higher levels of the urban hierarchy, primarily because
of the difficulty of obtaining high resolution spatial data and the lack of authoritative socio-economic
data [10]. In this study, the influences of population changes, urban development policies, and spatial
driving forces were analyzed over different periods. However, an adequate analysis of economic
driving forces of urbanization could not be performed for the following three reasons: Firstly, township
officials are the lowest ranked officials in China’s government hierarchy and, therefore, very few
government responsibilities have been defined, except for those of the Birth Planning Commission [35];
secondly, the methods for collecting economic statistics and the units of the data have differed over
various historical periods [2]. Thus, it was difficult to standardize and compare these economic data
for a period covering over more than 80 years, from 1933 to 2012; and thirdly, in contrast to large cities,
the examined urban cores showed no obvious differences with respect to the three major traditional
industries that generally reflect economic development. Specifically, the urban cores were dominated
by commodity trading business and agriculture-based manufacturing industries, e.g., tea and food
processing, which serve both surrounding villages and large cities [2]. The increments of urban core
areas were mainly associated with socio-economic factors, such as population change and urban
development policy. In addition, spatial distribution factors, e.g., DEM or distance to roads and rivers,
played prominent roles at the town scale (Figures 8 and 9). The differences in the determinants of
urbanization could be reflected in the modes of urban cores expansion. For example, Jinjing and Tuojia
developed in clusters and along roads for convenient transportation, in line with the development
in most cities [2,3], whereas Guanjia showed a more dispersed development owing to the impact of
elevation. The analysis of the determinant’s importance aimed not only to aid urban development
planning but also to evaluate future changes in the urban areas by calculating probability maps [12,15].
5. Conclusions
In this study, a comprehensive framework was established for modeling urban spatial dynamics
based on multidisciplinary theories, e.g., landscape ecology, urban function development, and land-use
change modeling theory. Some traditional methods, such as landscape indices for examining spatial
pattern changes in the urban core area and urbanization curves for quantifying urbanization levels,
were developed for urbanization research at the town scale. Besides, partial triadic analysis, as a
powerful three-dimensional spatio-temporal method, was introduced to explore the spatio-temporal
urbanization process and relationships between urban cores and surrounding settlements. Moreover,
other methods, e.g., classification tree analysis and random forest analysis, were used to analyze the
driving forces of spatial sprawl of urban cores. By using the comprehensive framework, Jinjing Town
was chosen to research the spatio-temporal process of urbanization at the town scale. These results
suggest that a comprehensive approach is powerful for quantifying the spatio-temporal growth of
urban cores at the township level. Jinjing Town typifies many towns in terms of geo-morphology and
socio-economic dynamics, but before we are able to apply the comprehensive approach to address
urban developing issues at the practice level, further research at other places is needed, for instance,
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whether or not the rate, mode, driving forces, and research methodologies of urban core development
at the town scale are obviously different from those at other levels of the urban hierarchy in China.
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