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Abstract: Urban agglomeration has become the predominant form of urbanization in China. In this
process, spatial interaction evidently played a significant role in promoting the collaborative
development of these correlated cities. The traditional urban model’s focus on individual cities should
be transformed to an urban system model. In this study, a multi-scale simulation model has been
proposed to simulate the agglomeration development process of the Wuhan urban agglomeration area
by embedding the multi-scale spatial interaction into the transition rule system of cellular automata
(CA). A system dynamic model was used to predict the demand for new urban land at an aggregated
urban agglomeration area scale. A data field approach was adopted to measuring the interaction of
intercity at city scale. Neighborhood interaction was interpreted with a logistic regression method at
the land parcel scale. Land use data from 1995, 2005, and 2015 were used to calibrate and evaluate the
model. The simulation results show that there has been continuing urban growth in the Wuhan urban
agglomeration area from 1995 to 2020. Although extension-sprawl was the predominant pattern of
urban spatial expansion, the trend of extensive growth to intensive growth is clear during the entire
period. The spatial interaction among these cities has been reinforced, which guided the collaborative
development and formed the regional urban system network.
Keywords: multi-scale; simulation model; spatial interaction; Wuhan urban agglomeration area

1. Introduction
Chinese economic reform and opening has stimulated unprecedented urbanization since the
1980s. The fact that more than 50 percent of the total population lives in cities marks the beginning
of a new urban era. The urban agglomerations arising have been important for urbanization and the
national economic development of contemporary China [1,2]. According to the statistics available
in 2015, nearly one-quarter of China’s total population and two-fifths of the total gross domestic
production were in three major urban agglomeration areas, the Yangtze River Delta, Pearl River Delta,
and Beijing–Tianjin–Tangshan region, although these areas only occupied 5.2 percent of national
territory [3]. Urban agglomeration will become the primary engine of China’s rapid economic
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growth [4], and will be a strong and lasting driving force to boost China’s economic growth in
the future.
However, urban agglomeration is still in the early stages, especially in the majority of the middle
and western regions of China. Under the long-term planned economy system, strict jurisdiction
makes development difficult if a city tried to expand beyond its administrative boundaries or merge
with another. An understanding and exploration of the urban system dynamics will serve as a good
model for nurturing urban agglomerations in the middle and western regions [5]. Simulation of the
co-evolution dynamic of urban system is an important tool for better understanding and planning the
urban future [6,7].
Urbanization is one of the most complicated human-induced conversions from nature to human
habitation. It is difficult to predict the future of urban growth [8,9]. Urban growth dynamics is a
complex process caused by the interaction between natural and social systems at different spatial scales
and levels [10–13]. There are three scales of interactions in an urban agglomeration expansion process:
at a macro-scale, the whole–part interaction between the urban agglomeration and its single city; at a
meso-scale, the intercity interaction; and at the micro-scale, the land parcels with their neighboring
interaction. Traditional studies focused on three aspects, mathematical/statistical approaches, spatially
explicit models, and intelligent computation algorithms of urban land conversion. Multilevel modeling
is one of the statistical tools capable of integrating multi-scale processes and including interactions
between these scales, which allows for exploring complex causal relationships originating from the
hierarchical system [14–16]. Nevertheless, these statistical approaches are mostly limited to capturing
causal relations between explanatory and dependent variables in a quantitative way, and make it
difficult to reflect the changing relationships in a space. Cellular automata as a spatial explicit approach
has been used widely to simulate the processes of urban growth dynamics [17–24]. However, CA
presents the growth dynamic by assuming that the change of cell states is based on the micro-scale
local neighboring interaction to emerging global spatial pattern, neglecting the macro-scale driving
forces [24–26]. From the aspect of intelligent computation, urban land use conversion is considered a
spatial optimization problem by establishing a mapping relationship between computing space and
geographic space, then the probability of land conversion can be calculated by a serial intelligent
computation algorithms such as a multi-agent system or artificial immune systems [27,28]. Recently,
linking other models to the CA framework as a promising solution has been investigated [23,24,27,29,30].
These integrated models have incorporated macro-scale driving forces successfully into the CA model,
but the spatial interactions of intercity at the meso-scale are neglected, which is important in modeling
urban agglomeration collaborative growth dynamics.
We propose a multi-scale simulation model of the collaborative expansion dynamic of urban
agglomeration in this study. We explicitly address: (i) macro-scale urban development potential for
new urban land use; (ii) meso-scale intercity interaction; (iii) micro-scale land use conversion process;
and (iv) incorporating multiscale interactions into the CA framework, which previously have not
been combined jointly in urban growth dynamic models. The remainder of this article is organized
in the following manner. In the methods Section 2, we present a multi-scale simulation of urban
agglomeration growth by focusing on designing an integrated model, depicting the multiscale spatial
interaction. The study area and associated data are discussed in their respective Section 3. Model
implementation and results section demonstrate a case study by applying the model to simulate
the urban spatial expansion dynamics in the Wuhan agglomeration area of China from 1995 to 2020
in Section 4. In discussion Section 5, we show the results of experiments and present discussion.
We conclude the study in the last Section 6.
2. Multiscale Simulation Model of the Urban Agglomeration Growth Dynamic
Our simulation model of coevolving growth dynamics of urban agglomeration is based on the
CA framework that includes three sub-models at different scales: a potential model of new urban
land use at the aggregated urban agglomeration scale, the intercity interaction model at the city scale,
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and the neighboring interaction model at the cellular scale, which is illustrated as Figure 1. In this
model, we assume the spatial expansion is a three-scale coordinated process. At the macro-scale, urban
expansion is driven by general characteristics of the urban agglomeration area, such as the economics
scale, population size, and environmental conditions. These factors reflect the attractiveness of an
urban aggregated system for new urban land uses that are usually kept stable over a certain period.
This causal relationship usually can be interpreted with a system dynamic approach. At the meso-scale,
with the highly developed transportation and information networks, the different cities in the urban
agglomeration area connect with each other intensively, generating intensive interactions on the space.
Therefore, intercity interaction has become an important driving force of urban expansion dynamics.
The urban flow model (UFM) widely has been applied in the research of spatial interaction [31,32],
which is a powerful tool for measuring intercity interaction. At the micro-scale, CA model’s ability
to simulate the land use conversion process with neighboring interactions has been investigated
widely [32–34]. In this study, an integrated model will be constructed by linking multiple regression
UFM with CA.

Figure 1. Framework of the multi-scale model of the urban agglomeration growth dynamic.

2.1. Macro-Scale Potential Sub-Model
A macro-scale model is utilized to predict the demand of new urban land use in the city i.
The system dynamics (SD) approach is a competent tool to represent the cause–effect relationships
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among the land use system, which can be used to simulate the dynamics of land use change [35].
The following formula can be used to compute the PA to reflect the potential of other land use types
converted into urban:
PA = Ac 0 /At × 100,
(1)
where PA is the conversion probability of other land use types into construction land; Ac 0 is the
demand of new urban land use, which can be obtained from the SD approach; and At is the total area
of the region.
2.2. Meso-Scale Intercity Sub-Model
The spatial interaction of the intercity is an important driving force not only for determining the
demand of new urban land, but also for spatial expansion direction and location, such as how the
new urban land use usually prefers to locate along the intercity road. Since the intensity of intercity
interaction decreases over the distance from the city center, the urban data field model can be used to
quantify the influence of spatial interaction as formulated as Equation (2) [36]:
PI = Zk /L(ak,i) ·λk ,

(2)

where PI is the spatial interaction influence of city k at point i, which is the field intensity
(radiative intensity) in the field; L(k,i) is the travel distance between city k and city i; and a is the
friction coefficient of accessibility. In general, a is defined as 1, and λk is the impact weight of city k,
which is determined based on the influence potential of the city. Zk is the influence potential of city k,
which can be calculated with Equation (3):
Zk =

m

n

a
.λk ),
∑i=1 ( Ai . ∑ j Cij .Xkj∗ /Lk,i

(3)

where Zk is the influence potential of city k; m is the number of factors determining the influence
potential; Ai contributes the major components i to the influence potential of the city; n is the number
∗ is the standardized
of indexes; Cij is the contribution of index j to the major components i; and Xkj
value of index j in city k.
2.3. Micro-Scale Cellular Sub-Mode
At the micro-scale, urban land use conversion is considered the result of interactions among
biophysical, socioeconomic and its surrounding at a cellular level. There are preconditions of urban
land conversion that the land patch must be suitable for the urban land use, denoted as PL . Here, three
variables, including cell-level neighborhood effect, suitability, and accessibility, are used to determine
the development potential, which can be formalized as the following equation:
PL = f (Ωi , Si , Ai ),

(4)

where Si is the suitability for urban land use of cell i, which is a function of elevation, slope, hydrology,
and geology, denoted as s1 , s2 , s3 , s4 , respectively. Ai is the accessibility of cell i to the service network
or centers such as the road network, railway, main centers and sub-centers, denoted as a1 , a2 , a3 , a4 . Ωi
is the neighborhood effect, which can be defined as the ratio of the number of urban land use cell to
the total of neighboring cell.
Logistic regression is considered to be competent for constructing the function of f in Equation (5) [8,9].
Here, Equation (6) can be used to determine the probability of a cell being converted to urban land use:

 

PL = 1/ 1 + exp − D0 + ∑m Dm Xm
Ωi ,
where D0 is a constant and Dm is the weight of the mth driving factor Xm .

(5)
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2.4. Multi-Scale Linking Model
A linking model is constructed by incorporating the above three sub-models into the CA
framework. The demand sub-model is adopted as the termination condition of the iteration of
CA. The intensification of intercity interaction PI calculated from the intercity sub-model and the
potential of land conversion PL defined at the cellular sub-model are integrated into the transition rule
system of CA, which can be depicted as in Equation (6):
∗ /L a .λ ) × 1/ (1 + exp(−( D +
P = ∏ PA PI PL = 100A0c /At × ∑im=1 ( Ai . ∑nj Cij .Xkj
∑m Dm Xm )))Ωi .
0
k,i k

(6)

3. Study Area and Data
3.1. Study Area
The Wuhan urban agglomeration area (WUA) is the regional urban system that includes
Wuhan City and eight other prefecture-level cities. WUA has an area of 57,800 square kilometers,
a population of 38 million, and a GDP of 1879 billion Chinese in 2016. Wuhan City is the hub of
this area, and is the capital of Hubei province (Figure 2). The city is the largest inland rail and road
transportation hub in China. The longest river of China, the Yangtze, runs from west to the east;
and the busiest railway of China, Jingjiu railway, runs from north to south and intersects in Wuhan.
In addition, many of China’s national highways, such as the Beijing–Hong Kong–Macau expressway,
the Shanghai–Chengdu expressway, G316, G318, and G107, also intersect in Wuhan. Thus, the WUA
is a crucial area that links all parts of China. The urban population and GDP of the WUA in Wuhan
were more than 10 million and 1191 billion Chinese Yuan, respectively. Since China implemented
its New Type Urbanization strategy in 2014, WUA has been viewed as the top of the central urban
agglomeration at the national level. The WUA plays a significant role as the national strategic fulcrum
and is the leading dynamic growth pole in the development of central China.

Figure 2. Map of study area: Wuhan urban agglomeration area, Hubei province, China.

3.2. Data
Data for this study were obtained from three sources and processed as follows: (1) Landsat
Thematic Mapper image data (acquired in 1995, 2005 and 2015; resolution 30 m) for the Wuhan urban
agglomeration area was obtained and processed by geometric correction and radiometric correction.
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Land use classification information was extracted from the data by human-computer interactive
operations using ArcGIS with rasterized images as the background. The images were classified
into six types of land use: arable land, grass land, forest land, urban land, water, and unused land
(see Figure 3). The test of classification accuracy is implemented by sampling and on-site surveys.
The overall accuracy is 86.53%. (2) Statistical data were obtained from the Hubei Statistical Yearbook,
the China Statistical Yearbook for Regional Economy and the China City Statistical Yearbook. SPSS 21.0 was
employed to standardize the original data to eliminate the deviation influence from magnitudes and
dimension of indexes. (3) A great deal of thematic geographical data describing and suitability and
transportation accessibility are derived from the land use plan and transportation network database.
All of the spatial layers for statistical analysis were converted into raster format with a spatial resolution
of 150 m × 150 m using an ArcGIS spatial analyst module.

Figure 3. Actual land use map from (a) 1995, (b) 2005, and (c) 2015.

4. Results and Analysis
4.1. Result of New Urban Land Demand
Land use dynamic is a complex process under the influence of socioeconomic factors and regional
biophysical characters interactions. These interactions can be expressed as the causality diagram
by using the SD approach [35]. The software Vensim was used to construct the causality diagram.
The historical data of the land use dynamic from 1995 to 2015 were used to calibrate the coefficients of
SD, based on the calibrated model to simulate the land use scenario. The simulation results are listed
in Table 1.
Table 1. Results of urban land demand and PD of different cities in WUA.

Urban land (Km2 )
PD

Wuhan

Huangshi

Huanggang

Xiaogan

602.52
7.03

64.37
1.41

172.12
0.99

131.66
1.48

Xianning Tianmen
99.02
1.02

49.97
1.91

Ezhou

Qianjiang

Xiantao

59.86
3.75

56.67
2.85

62.40
2.48

4.2. Result of Interaction
A hierarchical indicator system of urban influence potential is constructed from three aspects:
economy (including financial revenue, total sales of wholesale and retail, GDP, percentage share
of secondary sector in GDP, percentage share of tertiary sector in GDP, total investment in fixed
assets, actually utilized foreign investment, and disposable annual income of urban households per
capita), society (including non-agricultural population, budgetary expenditure of local government
on education, number of hospital beds per thousand people, and area of paved roads per capita) and
environment (including park and green space per capita, area of construction land, power consumption
per capita, and SO2 emissions intensity per unit of GDP), which is used to reflect the comprehensive
radiation ability affecting other cities [35].
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Therefore, based on the urban influence potential and the travel distance from the city to each
grid in the field, we can obtain the interaction field of a single city that expresses the urban spatial
interaction from the given city to the peripheral area. The total interaction then needs to be acquired to
integrate the interaction influence of the entire cities. Figure 4 explicitly demonstrated the results of
interaction PI among different cities in WUA.

Figure 4. Interactions among different cities of WUA in different years: (a) 1995, (b) 2005, and (c) 2015.

The core city, Wuhan, interacts considerably more strongly with other cities. At the same time,
the eastern spatial interaction situation is stronger than in the west in the WUA. The spatial patterns of
“one nuclear and multitude weak” and “East is stronger than West” are demonstrated in the interaction
network of WUA.
4.3. Simulation Result
4.3.1. Model Calibration
Parameters of the model need to be calibrated before applying our model to interpret urban
growth dynamics in WUA. These parameters include the regression coefficients in equation 5. Stepwise
logistic regression was used to select factors and quantify the relationship between driving factors and
land use conversion [7,8]. The 1995 and 2005 land use maps were used to generate a sampling dataset
for regression. The results of the regression coefficient and p-value for different land use types are
reported in Table 2.
Table 2. Regression coefficients and their p-values.
Arable Land

Soil
Elevation
Slope
Hydrology
Geology
Distance to main center
Distance to sub-center
Distance to road
Distance to railway
Constant

Grass Land

Forest Land

Urban Land

Water

Unused Land

β

p

β

p

β

p

β

p

β

p

β

p

0.041
−0.006
−0.039
−0.019
0
−0.095
−0.047
−0.052
0
0.273

0.0012
0.0027
0.0016
0.0038
0
0.0016
0.0029
0.0028
0
0.0467

0.030
0.011
0.004
−0.012
0.002
−0.019
−0.008
−0.015
0
0.625

0.0012
0.0021
0.0016
0.0009
0.0023
0.0047
0.0050
0.0067
0
0.0132

0.005
0.015
0.009
0
0
0.017
0.022
0.010
0.005
−0.385

0.0013
0.0024
0.0061
0
0
0.0057
0.0012
0.0006
0.001
0.0432

0
−0.052
−0.171
0.006
0.359
−0.621
−0.271
−0.421
−0.052
0.329

0
0.0003
0.0025
0.0045
0.0087
0.0139
0.0061
0.0063
0.0216
0.0116

0
0.004
0.007
0.013
0.002
0.006
0.003
0.011
0.004
0.721

0
0.0262
0.0353
0.0185
0.0423
0.0313
0.0227
0.0165
0.0292
0.0312

0.037
0.052
0.071
0.011
0.007
−0.012
−0.014
−0.026
0.012
0.532

0.0081
0.0052
0.0102
0.0317
0.0052
0.0009
0.0014
0.0007
0.0102
0.0391

All regression coefficients are significant based on a conventional level of 5%; β: coefficients; p: p-values.

4.3.2. Evaluation the Goodness-of-Fit
The kappa index can be applied to assess goodness-of-fit between simulation results and observed
land use patterns [37]. A drawback of using the kappa index for comparing model results is that
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slight displacements of a simulated land use type, compared to the observed types, are classified as
incorrect, whereas these simulated results with slight displacements can be considered almost correct
from the perspective of a modeler. Therefore, a fuzzy kappa index, where a linear distance-decayed
function accounts for slightly displaced pixels/cells is used to measure goodness-of-fit. The results
were obtained (see Table 3) by using the tool of MCK 3.2.2 (Netherlands Environmental Assessment
Agency; http://www.riks.nl/mck/) to compare the simulated urban agglomeration growth pattern in
2015 with the real scenario of 2015. The results show that the precision of the model is acceptable for
simulating the urban growth dynamic of WUA.
Table 3. Results of evaluation goodness-of-fit with a fuzzy kappa index.

Kappa index

Arable

Grass Land

Forest

Constructive

Water

Unused

0.81

0.89

0.86

0.82

0.91

0.79

4.3.3. Simulation Results
The time duration of the simulation model is 1995–2020. The environment is represented using
a rasterized landscape with a spatial resolution of 150 m × 150 m. A 3 × 3 Moore neighborhood
rule was used for representing neighborhood interactions. The conversion of each cell is determined
by transition rules defined with Equation (6). The simulation results in the spatial allocation of
land use types into cells, depicting the scenario of urban spatial growth for the year 2020. The CA
iteration algorithm was implemented in the C# programming language. ArcEngine of ArcGIS 10.2 was
integrated for spatial analysis and mapping. Using the calibrated model to simulate the scenario of
WUA urban growth in 2020, we obtained the results illustrated as Figure 5.

Figure 5. Simulation results of the WUA urban growth scenario in 2020.
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5. Discussions
5.1. Urban Spatial Growth Transits from Sprawl to Compact Expansion
There are different patterns of the process of urban expansion in WUA based on the classification
of urban growth [8].The spatiotemporal pattern of urban expansion can be divided into three types
according to landscape metrics and the different intensity of urban expansion at different times:
a pattern of spontaneous growth that meant the new urban patches were formed and had no direct
spatial connection with the existing urban patches; an extension-sprawl pattern that expanded
gradually from the central city to other suburbs; and an infill-extension pattern that is characterized by
situations where the urban land growth occurs through the infilling of free spaces remaining within
the existing urban area.
The three urban growth types were identified and the contribution of each in the three periods
was presented in Figure 6. Throughout the three periods, the extension-sprawl type growth was the
primary type of the urban land growth in WUA. This growth type’s proportions of three periods were
65.6%, 54.7% and 48.2%, presenting a descending trend, while the proportion of the infill-extension
type growth was in a rising trend. The infill-extension type growth provided almost 13.1% of the
total newly increased urban area in the first period (1995–2005), while the extension-sprawl type
occupied 65.6%, and the spontaneous growth type accounted for a proportion of 21.3%. This results
indicates the rapid and disorder urbanization phenomenon in this period. In the second period
(2005–2015), the extension-sprawl type growth decreased to 54.7%, and the infill-extension type
growth increased to 35.7%. In contrast, the spontaneous growth dropped to 9.6%. These results
are in line with the Chinese central government’s policies of strictly controlling urban land. In the
last period (2015–2020), the percentage of the infill-extension type growth increased to nearly 44.1%,
very close to the extension-sprawl type growth (48.2%), and the spontaneous growth type stabilized
a small proportion at 7.7%. These analyses show that the urban spatial growth has experienced a
transition from sprawl to compact expansion in the WUA. To illustrate this trend spatial explicitly,
we abstracted the map of urban land change dynamic of Wuhan City at three time points of 1995,
1995–2005, and 2005–2020, as demonstrated in Figure 7. From the map, we can see the scattered spot
is the predominant pattern of urban land distribution (see the enlarged Map A) before 1995. During
the period of 1995–2005, the urban land extended from the fringe of the existing urban area (see the
enlarged Map B). These blank areas gradually had been filled during the period 2005–2020.

Figure 6. Urban expansion pattern during 1995–2020.
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Figure 7. Urban land change dynamic of Wuhan City in three different periods.

5.2. Intercity Interaction Promotes Urban Collaborative Expansion
In 2004, based on the “rise of central China” strategy, the government of Hubei Province launched
the construction of Wuhan Urban Agglomeration. With the development of the integration in WUA,
all cities develop themselves based on the following principles: the integration of infrastructure,
industrial layout, regional market and urban construction. Promoted concepts include restructuring
the layout of the key industry and pillar industry, developing the advantageous agricultural belts,
constructing the integrated facilities of traffic, electricity, information and water conservancy and
regional balanced development. As a result, spatial interaction increased continuously during
1995–2015. Meanwhile, there was a turning point in 2005; the strength of interaction increased
rapidly during 2005–2015 (see Figure 8).

Figure 8. Strength of interaction changes during three periods.

Meanwhile, these peripheral cities have an obvious trend to expand adjacent to the core city of
Wuhan after 2005. Ezhou City and Xiaogan City, close to Wuhan, are the most obvious. Comparing the
urban expansion maps from 2005 to 2020, we can see that the centers of urban spatial growth have
been moving forward to Wuhan City along with the main traffic routes. For Xiaogan City, the pattern
of urban growth has transformed from north–south axial linear expansion to southward and eastward
with a two-wing extension to Wuhan City. Similarly, most of the new urban land of Ezhou City was in
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the vicinity of Gedian, which borders Wuhan during 2005–2020 (see Figure 9). From these data, we can
see that the spatial interaction has been strengthened in the WUA. Consequently, the regional urban
system has gradually been generated; meanwhile, its spatial structure has been reconstructed from
scattering individual circles to the multicenter urban spatial network.

Figure 9. Urban spatial growth of Xiaogan City and Ezhou City extends to Wuhan City.

6. Conclusions
Urban agglomeration has become the predominant form of urbanization in China. In this
process, the spatial interaction evidently played a significant role in promoting the coordinated
development of these correlated cities. The Wuhan agglomeration area consists of one megacity,
Wuhan, and eight peripheral medium cities (called 1 + 8 urban cluster) have experienced a rapid
aggregated and integrated process. It is the need for planning the 1 + 8 urban system to simulate the
collaborative growth dynamic. A multi-scale simulation model has been proposed to simulate the
agglomeration development process of the Wuhan agglomeration area by embedding the multi-scale
spatial interaction into the transition rule system of CA. The multi-scale interaction has been separately
measured by a system dynamic demand predicting model of new urban land at the aggregated urban
agglomeration scale, intercity data field interaction model at the city scale and the neighborhood
interaction model at land use parcel scale. The results of the urban agglomeration spatial growth
revealed that there has been a continuing urban growth in the Wuhan agglomeration area from 1995 to
2020. The spatial growth pattern mixed with three patterns: spontaneous growth, extension-sprawl,
and infilled extension. Although extension-sprawl was the predominant type, the trend of extensive
growth to intensive growth is obvious during the whole period. The spatial interaction among these
cities has been reinforced since the strategy of Construction of Wuhan Urban Agglomeration in 2004,
which guided the collaborative development and formed the regional urban system network.
From these results, we can outline several policy implications for WUA sustainable development.
Urban problems should be faced in the urban system instead of the individual city; therefore,
a general spatial plan of WUA should be made to resolve difficult problems such as division labor
and collaboration, regional specialization and comprehensive development between the megacity
and the other eight peripheral cities. Integrated regional development, welfare policies, and sharing
infrastructures should be constructed to improve the integration of these cities.
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This multi-scale simulation model provides support for simulation urban collaborative spatial
expansion in urban agglomeration area. The case study has demonstrated the applicability of the
model, which not only enriched the methodological system of urban modeling, but also provided
a new perspective for the study of urban spatial growth at urban agglomeration level. This model
can be applied to province, interprovince, national area, or any other urban agglomeration area,
not just a specific region. How to accurately quantify intercity interaction is a key issue when creating
simulations of the co-evolutionary dynamics of an urban system. With the rapid development of big
data acquiring and analysis technologies, it will be our future work to use population migration and
information flow big data to measure the interaction between cities.
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