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a b s t r a c t
The integration of a system dynamics (SD) model, a cellular automata (CA) model, and a Geographic
Information System (GIS) is an important topic in the temporal and spatial simulation of land-use changes.
Based on many previous studies, the temporal–spatial dynamics method (TSDM) has been proposed as
a research framework that removes the limitations of using loosely coupled SD–CA–GIS. In this study,
TSDM was successfully implemented in the NetLogo platform. The results show that: (1) Integration
SD–CA–GIS based on grids leads to the seamless implementation of real-time data exchange among SD,
CA, and GIS; (2) The temporal–spatial dynamic mechanisms can be represented using common time
steps in SD–CA–GIS, and TSDM can be used for spatial visualization; and (3) The model accuracy can be
improved by extending the CA transition rules with SD. The land-use patterns for 2000, 2010, and 2016
in Beijing, China, were simulated to test the TSDM implementation, and the simulation accuracies were
83.75%, 80.98%, and 77.40%, respectively. The results indicate that TSDM achieves a much better accuracy
than conventional SD–CA–GIS coupled models, and is a more practical approach to simulate land-use
change.
© 2017 Elsevier B.V. All rights reserved.

1. Introduction
Land-use change simulation is very useful for governmental
plans and policies; it is also important for academic research. A
number of models have been developed for the simulation of landuse change such as Markov chains (López et al., 2001), system
models (Le et al., 2010), the SLEUTH (Hui-Hui et al., 2012), and
the CLUES-S (Hu et al., 2013). A novel method based on a system
dynamics (SD) model, a cellular automata (CA) model, and a Geographic Information System (GIS) is proposed in this study to deal
with complex time-dependent phenomena.
GISs have strong spatial capturing, processing, and calculating
capabilities and are applied to store, manage, and analyze spatial
data (Zhang and Huang, 2014). The GIS is widely used for a variety of
natural and social phenomena such as urban construction, land use,
environment management, and macro-policy design (Clarke and
Gaydos, 1998; Weng, 2002). Although GIS is powerful and has wideranging applications, it is not well adapted to representing time
and cannot effectively capture model dynamics (An et al., 2005).
This makes it difﬁcult for GIS to simulate nonlinear and complex
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phenomena such as land-use change (Li et al., 2011). Therefore,
it is required to identify complex, time-dependent phenomena by
integrating GIS with other models.
The SD models offer a possibility for GIS extension in time;
they are macro-dynamics models based on a “top-down” concept.
Complex relationships among elements under different “what-if”
scenarios can be simulated using SD and the ﬂow and feedback
relationships between various features can be expressed. The SD
can be used to predict changes and build a dynamic simulation
model based on observations. Recently, scholars have increasingly
begun using SD to simulate complex land problems (Liu et al., 2013).
However, SD models are macro-quantitative and neglect individual
behavior. There is no spatial expression in SD. Therefore, it cannot
readily handle spatial data; it also has difﬁculties in expressing and
analyzing the interactions among spatial data (Guo et al., 2001).
As a “bottom-up” dynamic spatial system representation (White
et al., 1997), cellular automata (CA) modeling is widely applied
to simulate complicated dynamic systems (Arsanjani et al., 2013;
Yang et al., 2012). The CA model contains four basic elements: cell,
state, neighborhood, and transition rule. The cell is the smallest and
most basic unit in CA. The state comprises a series of data values;
each cell can only be in one speciﬁc state at a time point. Thus, the
state is used to represent the current value of the cell (e.g. dead
or alive). The other cells within a certain distance around the cen-
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to 2016 for Beijing. Section 2 mainly introduces the basic principle of TSDM and the concrete realization on the NetLogo platform.
Section 3 describes the validation of the model based on the case
of Beijing. Section 4 provides an in-depth discussion of the results.
Conclusions are drawn in Section 5 and a future outlook is provided.
2. TSDM
2.1. General structure

Fig. 1. The deﬁnition of CA neighborhood.

tral cell are referred to as the neighborhood. Nowadays, general
neighborhoods used (Fig. 1) are the Moore neighborhood (containing eight contiguous cells) and the Von Neumann neighborhood
(containing four basic contiguous cells; White and Engelen, 2000).
The transition rule is a function that determines the state of the cell
in the next moment; it is the core of CA. A variety of methods are
used to deﬁne the transition rules, such as ant colony optimization
(Yang et al., 2012), data mining (Li and Gar-On Yeh, 2004), logistic regression (Munshi et al., 2014), and artiﬁcial immune systems
(Liu et al., 2010). The CA model is discrete in both time and space.
All cells follow the same transition rules; the simple evolution of
each cell contributes to deﬁne the complex change of the whole
system. The CA has a strong spatial power. As CA is cell-based,
it can easily be integrated with GIS. However, traditional CA has
the following weaknesses: (1) In systems that attach importance to
macro-driving factors, CA cannot readily address how macro-scale
regulation, economic development, technical progress, and population migration inﬂuence micro-units (Ward et al., 2000). Also, CA
cannot reﬂect the impact of micro-unit attribute changes on macrofactors; (2) The transition rules do not change during the simulation
of the whole system. However, the transition rules need to change
with time and also with different macro-states of the system in
some scenarios (Theobald and Gross, 1994); and (3) All cells follow
the same transition rules in traditional CA models; special cells are
not distinguished. This is not appropriate for land-use studies; for
example, some land, such as historical sites, is not free to change
its use.
With respect to advantages and weaknesses of SD, CA, and GIS,
some studies have integrated SD–CA–GIS, realizing simulations of
both macro- and micro-characteristics of various complex systems
(He et al., 2006; Han et al., 2009; Lauf et al., 2012). However, the
models developed in these studies are mostly based on loose coupling between SD and CA. The two submodels work independently.
There is a lack of effective feedback between SD and CA. The integration of the two submodels at a functional level is achieved by
using the temporal character of SD and the spatial character of CA,
but the effective iterative communication between SD and CA cannot be realized. The geographic system basic model (GSBM; Zheng,
2012) and the similar models integrated framework (Shen, 2006;
Zhang et al., 2016) indicate, in theory, the potential of a closely
coupled SD–CA–GIS.
For our purpose, in this paper, a temporal–spatial dynamics
method (TSDM) is proposed based on previous research and its
implementation is discussed. The TSDM is designed to provide integrated coupling of SD–CA–GIS. The TSDM was implemented based
on the LOGO language using NetLogo as the development platform.
The TSDM is used to simulate, forecast, and display geographical distributions; it can simulate the land-use change in multiple
dimensions and at multiple scales. The TSDM establishes a coupled bidirectional communication mechanism between SD and CA.
The TSDM was tested and validated using land-use data from 1990

Fig. 2 illustrates the temporal–spatial land-use changing process simulated by TSDM. The TSDM takes advantage of SD in the
time dimension and, at the same time, integrates the characteristics of CA in the spatial dimension. The model also involves spatial
visualization based on GIS. The TSDM can seamlessly integrate
SD–CA–GIS by adopting a coordinating step between SD and CA and
realizes temporal–spatial dynamic mechanisms and spatial visualization.
The TSDM builds on SD and simulates and analyzes based on
system theory. The TSDM can simulate and predict time-dependent
land macro factors under different “what-if” scenarios using macrodriving factors such as population policy, land policy, and economic
development. The transition rules of CA are inﬂuenced by land
macro elements obtained in SD and are combined with neighborhood and state considerations and mandatory constraints. The
iterations of CA are also controlled by the SD land macro factors. All
cells are iterated to simulate the next time state at a cell-scale; the
land-use distribution is deﬁned spatially. Based on this, relevant
index parameters at the spatial-scale are calculated. The computed
index parameters are fed back to SD and the next simulation step is
initiated. This process is repeated until the simulation stops at the
ﬁnal year.
In TSDM, GIS, SD, and CA are integrated using the smallest
grid element. The grid is the most basic element in TSDM and
is also the key factor in model integration. The communication
of geographic information during the integration of SD–CA–GIS is
realized with grids. Micro-dimensional changes result in complex
macro-dimension information and are reciprocally controlled by
macro-dimension index factors. The general TSDM relationship can
be expressed as:
F t+1 = f(SDt+1 ,CAt ),
Ft+1

(1)
SDt+1

where
is the land-use state at time t + 1;
represents the
effect of land change by SD at time t + 1, which is determined by SDt
and CAt ; CAt denotes the effect of land change by CA at time t, which
is determined by Ft and SDt+1 ; and f is the transition function.
2.2. Rule structuring
The rules for data interaction between SD and CA have been
extended in TSDM. The traditional integration of SD–CA–GIS can
only control iterations of CA by using macro-driving factors that
are simulated in SD. In the traditional integration, the time step is
much longer and there is no feedback of the CA simulation results to
SD, which could inﬂuence and adjust the operation of the proposed
SD model.
The TSDM feeds the CA simulation data at the micro-scale back
to SD and adjusts the simulation trends of the dynamic models in
SD according to real-time data transfer between SD and CA. The
TSDM combines SD with spatial data to improve the simulated and
predicted precision of SD. At the same time, the CA real-time simulation ability is extended and the drawback of the CA transition
rules being unchanged during the whole simulation is rectiﬁed
because the CA transition rules are inﬂuenced by the SD driving
factors. The iterations are controlled by SD macro-driving factors
to ensure the authenticity and reliability of the CA simulation.
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Fig. 2. The general TSDM structure.

The transition rules are the core and most important part of the
CA model. The transition rules of the traditional CA can be written
as:
S t+1 = f(S t ,N t ),
St+1

(2)
St

where
is the cell state at time t + 1; is the cell state at time
t; Nt refers to the neighborhood cell state at time t; and f is the
transition function of the cell state from time t to time t + 1.
This paper extends the effects of the SD driving factors to the CA
transition rules. Therefore, the CA transition rules are calculated as:
S t+1 = f(S t ,N t ,SDt+1 ),

(3)

where SDt+1 is the effect of SD on the cell state at time t + 1.
Also, this paper extends the CA transition rules by adding cell
self-characteristics, mandatory constraints, and random interference factors to the CA to enlarge the basis of the traditional CA
transition function and build an extended cellular automata model.
At time t, the probability Pk,t of cell k transiting from state i to
state j is deﬁned by the function, which is determined by a cell
neighborhood effect probability factor Nk,t , a transition probability factor Hk,t determined by cell self-characteristics, a probability
factor Ck,t due to a mandatory constraints effect, a random interference probability factor Rk,t , and a probability factor PSD,t+1 related
to the SD inﬂuence. It can be expressed as follows:
P k,t = f(N k,t ,H k,t ,C k,t ,Rk,t , PSD,t+1 ),

(4)

The probability factor Hk,t , which is determined by cell selfcharacteristics, is calculated as follows:
H k,t = f(SE k,t ,SH k,t ),

(5)

where SEk,t reﬂects the inﬂuence of the surrounding environment
(e.g., highway or railway) on the central cell and SHk, t is determined
by the cell self-characteristics.
The mandatory constraints probability factor Ck,t is:
C k,t = f(CE k,t ,CH k,t ,CP k,t ),

(6)

where CEk,t are the mandatory constraints produced by environmental factors; CHk,t are the mandatory constraints due to human
factors (e.g., nature protection areas); and CPk,t are the mandatory
constraints generated by national policies.
To simplify the operation, the above-mentioned equations can
be summarized as (Li et al., 2014; Liao et al., 2016):
w

n

q

s

h=1

m=1

p=1

r=1

Pk,t =  Nh,k,t ×  SEm,k,t × SHk,t ×  CEp,k,t ×  CHr,k,t
v

×  CPu,k,t × Rk,t × PSD,t+1

(7)

u=1

w

where
N
is the inﬂuence probability of the neighborh=1 h,k,t
hood cells; Nh,k,t is the inﬂuence probability of neighborhood
n
cell on the central cell;
SEm,k,t is the inﬂuence probability
m=1

q

generated by the surrounding environment factors;
CEp,k,t
p=1
are the mandatory constraints produced by the natural environment; CEp,k,t are binary data, where CEp,k,t = 0 indicates that cell
k is forciblyconstrained by the natural environment, otherwise,
t
CEp,k,t = 1;
CHr,k,t are mandatory constraints produced by
r=1
human factors; CHr,k,t are binary data, where CHr,k,t = 0 means
is strongly constrained by human factors, otherwise,
that cell k 
v
CHr,k,t = 1;
CPu,k,t are the mandatory constraints produced
u=1
by national policies; and CPu,k,t are binary data, where CPu,k,t = 0
expresses that cell k is strongly constrained by national policy,
otherwise, CPu,k,t = 1.
2.3. Model implementation
In this study, TSDM is designed and implemented in the Logo
language based on the NetLogo platform. NetLogo is modeling
software based on the Logo programming language for model
development, and is used as a platform to simulate and model
various natural and social phenomena over time (Wilensky, 1999).
NetLogo was developed in 1999 and has been continuously updated
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Fig. 3. Graphic TSDM user interface.

Table 1
Functions of the graphical TSDM user interface.
Modules

Function Description

Module 1
Module 2
Module 3
Module 4
Module 5

Sets different simulation scenarios by specifying original images and initial values of various variables.
Displays probabilities of different land uses impacted by driving factors, national policies, and other macro-factors.
Operates the evolution function of the model and outputs model results under different policy scenarios.
Displays the dynamically land use and cover conditions based on the time step.
Monitors the changes of land-use areas, population, and gross domestic product (GDP) for different simulation scenarios.

at Northwestern University. Compared with other platforms that
simulate SD and CA, NetLogo has an extensive model library and
is easy to learn and use. In addition, it can easily integrate SD, CA,
and other models and extend GIS data. NetLogo can build complex
models and graphical interfaces and incorporates a simple but powerful programming language. NetLogo has been extensively used to
propose complex models for land use and urban expansion (Feitosa
et al., 2011; Le et al., 2008).
The TSDM, as based on the NetLogo platform (Fig. 3), has a
friendly visual user interface. The model is composed of ﬁve main
modules; the module functions are listed in Table 1. Users can freely
set up parameters of this model to create and group a variety of simulation scenarios. The results are obtained in the form of dynamic
images and data in the view box and monitors. Users can scrutinize dynamics and intuitively comprehensible results showing
the impact of policy, population, and other macro-factors. Also,
the model can also output standard map data and globally variable statistical results at speciﬁed time points; this allows further
map analysis and statistical operations using other software (such
as ArcGIS and SPSS).
3. Results
3.1. Study area and data
Beijing is located in the North China Plain and is the nation’s
political, economic, and cultural center. The city is also the center
of the Jingjinji metropolitan region. The population of Beijing has
been increasing in recent years. According to ofﬁcial statistics, the
permanent population in Beijing has increased to 21.7 million by
the end of 2015, which includes a permanent migrant population

of 8.23 million. On one hand, the population increase promotes the
growth of the gross domestic product (GDP) in Beijing. In 2015,
the GDP increased to 2296.86 billion yuan; nearly 7% more than
in the previous year. On the other hand, an excessive population
causes economic, transportation, housing, and water shortage and
other issues. To alleviate these problems, the government has published a series of policies and regulations including a household
registration deﬂation policy and an economic adjustment policy.
However, whether these policies can really alleviate these problems or enhance the sustainable development of the city is yet to
be determined.
Data collection over a large time interval is important in landuse simulation (Verburg et al., 1999). Hence, four remote sensing
images provided by Landsat-5, Landsat-7, and Landsat-8 were used
in this study, which include remote data for 1990, 2000, 2010, and
2016. The spatial resolution of the images acquired from the U.S.
Geological Survey is 30 m. This study also used global 30 m Digital Elevation Model (DEM) data, which were obtained from the
Geospatial Data Cloud. In addition, a vector data series was selected
including the distribution of highways, airports, parks, hospitals,
and government ofﬁces. Previous studies have shown that these
vector factors are closely related to the urban land-use change
(White and Engelen, 1993; Wu and Webster, 1998). Detailed information about the data used is listed in Table 2. For operational
accuracy and reliability of the model, coordinate systems of all vector data were deﬁned in the Universal Transverse Mercator (UTM)
coordinate system.
To simplify the model, the remote sensing images from 1990
to 2016 were categorized into four main land types in this study:
cropland, forest land, construction land, and water. To improve
the classiﬁcation precision and avoid the misclassiﬁcation of land
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Table 2
Detailed information about the data used in this study.
Data

Data Source

Resolution

Landsat images
Digital Elevation Model
Highway network
Hospital features
Park features
Airport features
Government ofﬁces
Population
Gross Domestic Product

U.S. Geological Survey
Geospatial Data Cloud
Beijing municipal government data resource network
Beijing municipal government data resource network
Beijing municipal government data resource network
Beijing municipal government data resource network
Beijing municipal government data resource network
Beijing Statistical Yearbook
Beijing Statistical Yearbook

30 m
30 m
30 m
30 m
30 m
30 m
30 m

Table 3
Areal land-use changes for Beijing from 1990 to 2016.

1990 (km2 )
2000 (km2 )
2010 (km2 )
2016 (km2 )
Change in Area (km2 )

Cropland

Forest

Construction

Water

5621.69
5275.92
4441.78
3676.07
−1945.62

8576.25
8803.37
8539.28
8932.10
355.85

1991.24
2088.67
3180.09
3593.35
1602.11

203.89
224.99
230.59
150.40
−53.49

types, Google Earth images were used for comparison. The overall classiﬁcation accuracies are 92.31%, 97.60%, 94.47%, and 93.26%
for 1990, 2000, 2010, and 2016, respectively. Also, the interpreted
raster data were resampled at 180 m to take the data loading and
computing time in NetLogo into account and ensure that enough
spatial details would be obtained (He et al., 2006).
The areal land-use changes in Beijing from 1990 to 2016 are
shown in Table 3. The cropland area decreased by 1945.62 km2 ,
while the construction land area increased by 1602.11 km2 . Small
changes were observed for the forest land and water areas. This may
indicate that the construction land occupied parts of the cropland
in Beijing due to the excessive population and economic development.
3.2. Simulation results
It is necessary to validate the model with existing data before
using it to simulate and predict land-use change to ensure the
authenticity of the simulation (Li and Liu, 2006). In this study, landuse data from 1990 to 2016 were analyzed, with the data from 1990
and 2000 used as training data, whereas the data from 2010 were
employed as test data. The training data were used to test and calibrate various parameters and transition rules of the model, whereas
the test data were used to verify the calibrated model.
According to the signiﬁcance index and other evaluation
indexes, obtained from logistic regression results in SPSS, six environmental variables, including distance to highways, distance to
hospitals, distance to parks, distance to airports, distance to government ofﬁces, and slope were chosen. The units of these factors were
not consistent. The six factors were therefore normalized, eliminating effects caused by different units. Based on the logistic regression
Equations (8) and (9), the probability of being affected by environmental factors was calculated for each land-use type from 1990 to
2016:
PE =

1
1 + exp (−z)

z =˛+

n

i=1

ˇi Xi

(8)
(9)

where PE represents the inﬂuence of the surrounding environment
on the cell land type; ␣ indicates the logistic regression constant; ˇi
denotes the logistic regression coefﬁcient of some environmental
features; and Xi is the inﬂuence of some environmental factors (e.g.,
the distance to hospitals).

At the same time, the effects of SD macro-driving factors on
CA micro-transition rules were taken into account. The CA transition rules were modiﬁed according to the changes of cropland,
forest, population, and other economic features in SD. The population changes, land changes, and other macro-scale factors were
seamlessly integrated with micro-land allocation to quantitatively
solve questions.
To simplify the TSDM, we assumed that the change of each land
type in SD was inﬂuenced by a single human society factor. In the
SD model, the land-use changes in Beijing were predicted mainly
based on population policy, economic policy, land policy, and other
macro-government regulations (Fig. 4). The Beijing Statistical Yearbook and Beijing land-use distribution were used to determine the
causal relationships and system equations of the SD model.
After the CA model and the SD model were proposed, the two
submodels were seamlessly integrated within GIS. The GIS data
were ﬁrst loaded into the model to set the initial parameters. The SD
model was then employed to predict the land-use area of the next
year and the area of each land-use type was transferred to the CA
model to inﬂuence the CA transition rules. The CA iterations were
controlled by the land area values during the operation of the CA
model. When the CA had completed its iteration, the land area values calculated in CA were fed back to the SD model. The simulation
was then advanced to the next year until the scheduled simulation
year was reached.
Common methods to verify the accuracy of the simulation
results are visual and point-by-point comparisons (Wu, 2002).
Although visual inspection has some subjectivity, the overall quality of the simulation results can be easily assessed (Clarke et al.,
1997; Ward et al., 2000). Based on the visual comparison, the simulation results (Fig. 5) reﬂect the spatial patterns of the actual data
well, although several scattered land phenomena were not well
simulated. A point-by-point comparison was adopted in this study
to quantify the consistency between the simulation and actual
results. The simulation was compared with the real data of the corresponding year; the consistency between the simulation data and
original data was determined by calculating a kappa coefﬁcient. The
kappa coefﬁcient is deﬁned as follows (Congalton, 1991):
kappa =

N

r

r
(xi+ ∗ x+i )
,
r i=1

x −

i=1 ii
N2 −

i=1

(xi+ ∗ x+i )

(10)

where N is the total number of elements in the error matrix; r represents the rows of the error matrix; xii are the elements in the main
diagonal of the error matrix, which are the elements with simulation results equal to the true results; xi+ is the sum of the elements
in row i of the error matrix; and x+i is the sum of the elements in
column i of the error matrix.
The simulation precision of land-use data for 2000, 2010, and
2016 reached 83.75%, 80.98%, and 77.40% and the kappa coefﬁcients were 0.7144, 0.6775, and 0.6300, respectively. Furthermore,
Table 4 shows the quantitative results for the simulated area for
2000, 2010, and 2016 and the simulated error. The simulation accuracies are higher than in previous studies (Chen et al., 2002; Han
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Fig. 4. SD causality diagram for land use in Beijing.

Fig. 5. Land-use change simulation for Beijing from 2000 to 2016.
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Table 4
Simulated results for 2000 and 2016 in Beijing.
Cropland

Forest

Construction

Water

2000

Simulated Area (km2 )
Error

5133.52
0.0270

8753.61
0.0057

2302.05
0.1022

203.89
0.0938

2010

Simulated Area (km2 )
Error

3785.16
0.1478

8973.34
0.0508

3409.45
0.0721

224.99
0.0243

2016

Simulated Area (km2 )
Error

3680.80
0.0013

8695.67
0.0265

3784.68
0.0532

230.59
0.5332

et al., 2009; Liu et al., 2008). The simulation accuracies for 1990 and
2000 were higher than the accuracy of 2010 because the model correction is based on the training data from 1990 and 2000. However,
the classiﬁcation accuracy and other parameters of remote sensing
images affect the model simulation accuracy differently.
The simulation results (Fig. 5 and Table 4) show that the main
land-use change from 1990 to 2016 is the expansion of urban construction land. Some of the forest and cropland in Fangshan and
Daxing was disturbed by the center of urban expansion. The economy has developed rapidly and the urban population has increased
substantially since the reform and opening-up policy in 1978. As
the national political, economic, and cultural center, Beijing has
a large inﬂux of migrant workers, causing urban over expansion.
Meanwhile, people ignore and underrate the great signiﬁcance of
cropland and the green belt for urban sustainable development and
a lot of farmland and green space have been occupied. The urban
development in Beijing does not form a decentralized multi-center
pattern. On the contrary, the cohesion effect of the central district
is enhanced and multiple subdistricts merged to form a “big-pie”
development pattern.
The development of Beijing has attracted the attention of many
scholars (Chen et al., 2002; He et al., 2005). The attraction and
cohesion of the central urban district and the construction of ring
roads in Beijing slowed the development of satellite towns down.
Over-expansion of the central urban district and environmental
degradation occurred; the achievement of a sustainable development of Beijing is problematic.
4. Discussion
In this study, TSDM was proposed and developed to achieve bidirectional communication between SD and CA. The comparison of
the TSDM with the traditional SD–CA integrated model conﬁrms
that TSDM has a better simulation accuracy. The TSDM is implemented based on the NetLogo platform in which users can simulate
different land-use policies by setting different parameters to obtain
land-use changes under different conditions.
4.1. Data bidirectional communication between SD and CA
Bidirectional communication can be implemented in TSDM by
selecting appropriate indicators as communication mechanisms
between SD and CA. When the model begins to run, the SD transmits the calculation results of the indicators to the CA to control
the evolution of the CA. After a time step, the operational results
of the indicators in CA are fed back to SD to modify the causalities
and dynamic equations in SD. This cycle is repeated to achieve the
bidirectional communication between the SD and CA models and
solve the problems of the one-way communication model of the
traditional SD–CA integrated model that only relies on indicators
from SD to control the CA iterations.
In this study, we took the urban construction area as an example
to illustrate the effect of the interactive communication between
SD and CA. Fig. 6 shows that the construction area obtained from the
system equations in SD is transferred to CA based on the land-use

Table 5
Comparison between TSDM and traditional SD–CA model.
TSDM

2000
2010
2016

Traditional SD–CA model

Precision

kappa coefﬁcient

Precision

kappa coefﬁcient

83.75%
80.98%
77.40%

0.7144
0.6775
0.6300

82.08%
77.70%
76.17%

0.6881
0.6265
0.6109

data for 1990. After the value reaches the CA model, it becomes part
of the inﬂuencing factors used to determine the CA transition rules,
addressing the drawback that CA transition rules never change
during the whole simulation. Meanwhile, the CA iterations are controlled by the area and other variables. When the CA iterations
are terminated, the construction area in the land-use distribution
map is calculated by integrating CA with GIS and fed back to SD to
modify the causalities and system equations of SD. For comparison,
the evolution of the land distribution in CA was simulated without
inﬂuences from SD. To facilitate the comparison, a small part of the
land-use area in Beijing has been selected for display in Fig. 6. The
comparison of the two land-use maps shows that the SD indexes
change the distribution and variations of the land use.
4.2. Comparison with traditional SD-CA integrated model
The integration of the SD and CA models can be widely used
to simulate complex and nonlinear geographical phenomena (Han
et al., 2009; He et al., 2006). As a contrast test, the traditional SD–CA
integrated model in this study used the same data, transition rules
in CA, and system equations in SD as those applied in TSDM.
It is hard to quantitatively differentiate the simulation precision
of TSDM and the traditional SD–CA integrated model by visual comparison; thus, a point-by-point method was used. Table 5 shows
the simulation precision and kappa coefﬁcient for the TSDM and
traditional SD–CA model. The overall simulation precision of the
traditional SD–CA model is lower than that of TSDM; the same is
true for the kappa coefﬁcient.
The comparison indicates that TSDM has a much better ability to
model the land-use change. The TSDM is a more practical approach
for the integration on the cell-level, simulating both the overall
amount and the spatial distribution of the land-use change.
4.3. Setting simulation scenarios by changing parameters
The TSDM can be used to set up different simulation scenarios
by adjusting the parameters. By this approach various alternative,
land-use patterns in Beijing can be easily and quickly obtained
and displayed. The main land-use changes in Beijing from 1990
to 2000 were simulated by taking the population indicators as an
example and setting the ideal Beijing population to 23 million,
30 million, and 40 million, respectively (Fig. 7). In the monitors
and view box, the land distribution and related data can be intuitively accessed. The change of construction area, cropland, and
forest area in Beijing can also be displayed. The land-use conditions of construction area, cropland, and forest area in Beijing from
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Fig. 6. Bidirectional communication process between SD and CA in the TSDM. The CA evolution comparison charts show the evolution results in CA without inﬂuences from
SD.

1990 to 2000 were acquired by using the construction area as an
indicator and setting the Beijing maximum construction area to
3000 km2 , 4000 km2 , and 5000 km2 , respectively (Fig. 8). The simulation results in Figs. 7 and 8 show that the construction area

increased and the cropland and forest area decreased with the
increase of the ideal population or maximum construction area in
Beijing.
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Fig. 7. Land-use conditions for different population constraints.

Fig. 8. Land-use conditions for different construction area constraints.

Various land-use distributions can be obtained in TSDM by
setting different populations, construction areas, and other parameters. We can search for the most suitable combination of
parameters for the urban development in Beijing using the different
simulation results. The operation and use of the TSDM implemented on the NetLogo platform is convenient for users; the TSDM
is also ﬂexible with respect to setting parameters and can provide
a basis and reference for the government to formulate relevant
policies.

5. Conclusions
The “top-down” SD model and “bottom-up” CA model have been
widely used in various complex land-use simulations. In this study,
the TSDM facilitates the data interaction between SD and CA at
the cell-level; thus, the two models have bidirectional communication and mechanistic coupling. The TSDM realizes the seamless
coupling among SD, CA, and GIS by using GIS to visually express
the spatial data. Meanwhile, the land-use changes can be obtained
for “what-if” scenarios by setting different simulation parameters
and original conditions based on the characteristics of the SD. The
simulation results in this study were compared with previous similar experiments and the traditional SD–CA integrated model. The
results of the comparison show that the TSDM simulates the spatiotemporal land-use change better and has a higher precision and
kappa coefﬁcient; it reﬂects the development of the objective world
better.
The synergy of the steps between SD and CA is especially important for the operation of the whole model. The determination of the
SD and the CA steps directly inﬂuences the precision of the model
simulation and the accuracy of the prediction results. At the same
time, the scale of the cells also affects the simulated results. The
local-scale data can improve the simulating precision and express
more details of the objective world. However, the amount of raster
data increases with increasing resolution; this adversely affects the
operational speed of the model. The use of broad-scale data is associated with the omission of some details and the combination of
fragmented information and greatly reduces the computing time.
However, the use of broad-scale data will inevitably affect the accuracy of the simulation results and the expression of detailed spatial

data. It is thus important to ﬁnd a balance between the simulation
accuracy and computing speed. NetLogo does not have a good solution for this problem. In future work, a TSDM-speciﬁc tool will be
developed on the .NET platform based on C# language and will, if
possible, be combined with parallel computing, which might not
only improve the model precision but also exclude an effect on the
computing speed.
In this paper, the TSDM was tested for the case of Beijing.
The results show that the urban fringe is partly occupied by the
overexpansion of urban construction land because of the strong
condensation effect of the central urban district, construction of the
Beijing ring road, and underestimation of the value of cultivated and
green land. Beijing does not show the mutual development pattern
of a central urban district and multi-satellite town. On the contrary, the central urban district merged with the subcentral urban
district to form a bigger central urban area. In future urban development, the government should take a variety of coercive measures to
effectively solve the problems of food security, water shortage, and
environmental deterioration to achieve a healthy and sustainable
development of Beijing.
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