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Abstract: Many countries, including China, have implemented the spatial government policy widely
known as urban growth boundary (UGB) for managing future urban growth. However, few studies
have asked why we need UGB, especially pre-evaluating the utility of UGB for reshaping the future
spatial patterns of cities. In this research, we proposed a constrained urban growth simulation model
(CUGSM) which coupled Markov chain (MC), random forest (RF), and patch growth based cellular
automata (Patch-CA) to simulate urban growth. The regulatory effect of UGB was coupled with
CUGSM based on a random probability game method. Guangzhou city, a metropolitan area located
in the Peral River Delta of China, was taken as a case study. Historical urban growth from 1995 to
2005 and random forests were used to calibrate the conversion rules of Patch-CA, and the urban
patterns simulated and observed in 2015 were used to identify the simulation accuracy. The results
showed that the Kappa and figure of merit (FOM) indices of the unconstrained Patch-CA were just
0.7914 and 0.1930, respectively, which indicated that the actual urban growth was reshaped by some
force beyond what Patch-CA has learned. We further compared the simulation scenarios in 2035 with
and without considering the UGB constraint, and the difference between them is as high as 21.14%,
which demonstrates that UGB plays an important role in the spatial reshaping of future urban growth.
Specifically, the newly added urban land outside the UGB has decreased from 25.13% to 16.86% after
considering the UGB constraint; particularly, the occupation of agricultural space and ecological
space has been dramatically reduced. This research has demonstrated that the utility of UGB for
reshaping future urban growth is pronounced, and it is necessary for the Chinese government to
further strengthen UGB policy to promote sustainable urban growth.

Keywords: territorial spatial planning; urban growth boundary (UGB); spatial reshaping; cellular
automata; utility assessment

1. Introduction

Urban growth has been a worldwide phenomenon in the past decades, especially in
developing countries such as China [1]. It is foreseeable that this phenomenon will continue
in the next decades [2,3]. Urban growth is strongly affected by human activities, which is
also the main reason for regional or global land use/cover change [4]. Usually, urban growth
has occupied a lot of cultivated land which greatly threatens food security [5]. Moreover,
the occupation of forests, waters, and some other ecological spaces have also cut down
ecological service [6]. Unreasonable urban expansion will inevitably affect urban sustainable
development, so the government expects to restrain unreasonable urban growth through
spatial planning [7,8], especially through the urban growth boundary (UGB), which has been
recognized as the most important planning regulation tool for managing urban growth [9].

With the Chinese government increasingly strengthening the planning regulation of
the UGB, the UGB has become a popular research subject [10–14]. Since the main planning
task of the UGB is to scientifically control future urban growth, it has always been the focus
of research to support future urban-scenario simulations by developing a spatial planning
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model [15,16]. As we all know, a city is a typical self-organizing system, and urban growth
is a spatial-temporal dynamic process [17]. Therefore, bottom-up models, such as cellular
automata (CA), have been widely applied for simulation of urban growth [18]. Actually,
CA is just a spatially and temporally discrete dynamical system, which can not only be
used to predict future urban growth according to historical conversion rules [19,20] but
also can help with multi-scenario simulations by setting up various conditions [21–23].
Thus far, CA modelling has made substantial progress in state conversion rules calibration,
neighborhood sensitivity, and various simulation applications [24,25].

According to their objective, CA-based models can be classified into three categories:
descriptive, predictive, and prescriptive [26]. As for predictive CA modeling, it is generally
recognized that better simulation rules contribute to predicting future urban growth better
and better, and mining the transformation rules is often considered as the core step of CA
modelling [27]. From classic logistic regression to the top-rated deep learning, almost every
method proposed is being currently used for CA modeling [28–30]. However, urbanization is
a coupled human–natural system process, and no city always remains unchanged forever in
its historical growth [31]. In practice, urban growth is often intervened and reconstructed by
human activities, e.g., a new spatial development strategy or policy set up by the governments
could change the law [32]. Although it is critical to develop predictive CA models, we should
not neglect the spatial reshaping effect caused by human activities. Therefore, the prescriptive
CA models that consider a variety of constraints for scenario simulation are also very attractive,
which is usually described as constraint cellular automata (CCA).

The CCA model provides an interface to consider the active intervention of human
activities, which is better used to discuss spatial planning problems [33]. For example,
planners usually use the CCA model to generate multi urban growth scenarios to support
decision-making in planning [34,35]. In addition, in the context of current policies to
improve ecosystem services and control carbon emissions, the new constraint factors such
as ecosystem services and carbon emissions have also attracted many researchers [36,37].
Undoubtedly, CCA provides an excellent simulation tool for studying the evolution of
urban growth. However, compared with numerous studies that generate scenarios with
CCA to support spatial planning, there are few studies have applied CCA to pre-evaluate
the existing spatial planning schemes [25]. Actually, using CCA to evaluate existing spatial
planning schemes is feasible, and it is also of great significance for planners to reflect on
their own planning schemes [38]. Although assessing existing spatial planning policies with
CCA has attracted some scientists, more in-depth discussion should be further promoted.

UGB has been viewed as playing an important role in territorial spatial planning
since China started the reform of spatial planning after the 19th National Congress of the
Communist Party [39]. However, why should China implement UGB policy to manage
urban growth? Is it bad for cities to grow freely? Existing studies have evaluated the
regulation effectiveness of UGB by using historical urban expansion [20,40], but few studies
have pre-evaluated the spatial reshaping effect of UGB on future urban growth, particularly
discussing the utility of the UGB that was planned by the professional agency. The only
way to answer the necessity of delimiting UGB for regulation of future urban growth is to
develop CCA-based scenario simulation models to demonstrate the difference between
future urban areas that grow completely free and those with constraint control.

According to the issues discussed above, this research aims to develop a constraint urban
growth simulation (CUGSM) model based on the framework of CCA to pre-evaluate the
utility of UGB. To deliberate the impact of planned UGB on future urban growth, Markov
chain-based quantity prediction, random forest-based suitability evaluation, patch growth
based cellular automata, and random probability-based game were coupled in a CUGSM.
Taking the Guangzhou metropolitan area of China as a case study, we applied the proposed
model to simulate the urban growth scenario from 2015 to 2035, and then, this simulation
scenario was compared with another not considering the constraints of UGB. This study
will help local authorities to assess the historical urban growth process, to decide whether
to implement UGB policies, and to explore the areas where tighter controls are needed to
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prevent illegal development. This research could not only answer the utility of UGB but also
clarify why China has started implementing the UGB policy to manage future urban growth.

2. Methodology
2.1. Framework of Modelling Procedure

We proposed a constrained urban growth simulation model (CUGSM) which coupled
Markov chain (MC), random forest (RF), and patch growth based cellular automata (Patch-
CA) to evaluate the utility of UGB for reshaping future urban growth. The modelling
procedure of CUGSM is shown in Figure 1. First, we must prepare the spatial data for
modelling. For example, we could use remote sensing (RS) such as Landsat imagery to
observe a series of historical urban growth. Two of these images were used to initiate the
parameters of predictive CA, and one of them was used to validate the simulation accuracy.
Moreover, we should also collect or preprocess some spatial environmental factors such as
regional landform, the official urban growth boundary, and so on. Second, we predict the
quantity of urban land for future growth with the Markov chain (MC). Although there are
a lot of methods for predicting this quantity, studies usually coupled MC into CA because
it not only uses less reference data but also has relatively good prediction accuracy [41,42].
Third, the random forest (RF) method was applied to calibrate the transition rules of CA
which are usually defined as suitability. Existing studies have evaluated the performance
of a variety of machine learning methods, and comparison studies revealed that the RF
algorithm outperforms most of the selected algorithms [43,44]. Fourth, a seed-based patch
growth strategy was defined to update the status of CA. Traditional CA modeling is usually
a raster-based procedure, but studies have shown that patches are a more natural form
of representing actual land use change [45,46]. Next, a random probability-based game
method was used to consider the influence of UGB on patch growth-based CA. Finally, the
scenarios with and without UGB constraints were compared to evaluate the simulation
accuracy and the reshaping ability of UGB for future urban growth. The CUGSM integrates
advantages of all the methods that have been discussed in previous literature and fits the
needs of the aim of this study very well.
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Figure 1. Procedure for evaluating the utility of UGB with CUGSM.

2.2. Constrained Urban Growth Simulation Model (CUGSM)
2.2.1. Basic Framework of CA

CA is undoubtedly the core model for urban growth simulation. Until now, though
there are a variety of ways of modelling, a basic CA model framework mainly includes the
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following parts: (1) a quantity module to determine when the simulation process stops,
which is usually predicted by Markov chain as well as some other methods that could
analyze the social and economic demand of humans; (2) a spatial module to explore the
initial probability for urban growth on cells, which is usually estimated with a variety of
data mining methods such as logistic regression, random forest, and some other algorithms;
(3) an iterative module to determine where cells could be converted into urban land, which
is usually considering neighborhood interaction and updating its status according to the
integrated probability. We formulate the basic urban growth simulation model as:

CA =

{
pt

ij = f (Sij, Ωt
ij, Ψij)

Ut
ij = g(pt

ij, Qt)
(1)

where pt
ij represents the integrated urban growth probability, which is calculated using

urban growth suitability Sij, neighborhood interaction Ωt
ij and prohibited development

conditions Ψij with the integration function f ; Sij is estimated from historical urban growth
using the random forest (RF) method; Ωt

ij is a dynamic variable calculated using a moving
window such as Moore and so on; Ψij is usually defined by the ecological or basic farm
land conserved areas. Ut

ij is the status of cell ij(i = 1, 2, · · · , I; j = 1, 2, · · · , J); whether cell
ij could be converted into urban land is determined by its integrated probability pt

ij and
newly-added urban land quantity Qt predicted with the MC method; g is a function used
to determine when the iteration of CA should be stopped.

2.2.2. Patch Growth-Based Strategy for CA Updating (Patch-CA)

In most previous research, whether the cells in CA could be urbanized is determined by
a threshold value. This means that if the integrated urban growth probability (pt

ij) is bigger
than the threshold value (pthd), then the status of cell ij is converted into urban land. There
is no doubt that this updating mechanism is scientific in theory, but it will encounter great
challenges in practical application. Actually, urban growth is not developed cell by cell, other
than plot and plot. The isolation effect will be more conspicuous when the cell size of CA
is smaller, e.g., from 100 m × 100 m to 10 m × 10 m. After recognizing the limitation of
classical CA, scholars proposed the strategy of patch growth [45,46]. The most important
step for patch growth is to select the seeds and define the patch growth template. Which cell
could be selected as a seed is mainly determined by the urban growth probability (pt

ij). It
is usually selected by using a roulette strategy. The patch growth template can be extracted
from historical urban growth with an appropriate window like 1000 m × 1000 m. The patch
growth-based update strategy is seed-centered expansion, which is very much like using a
clone stamp in Photoshop. Therefore, the updating step in Formula (1) can be revised as:

Ut
ij = g(h(pt

ij), Mw, Qt) (2)

where h is a roulette strategy function to determine which cell can be selected as the seed
according to the integrated urban growth probability (pt

ij); M is a template library collected
from historical urban growth by an appropriate window w.

2.2.3. Applying Spatial Constraints of UGB to Patch-CA

The essence of the constrained urban growth simulation model is to consider the
spatial management of UGB for future urban growth. Though UGB is just a planning line,
urban space is mainly located within UGB; agriculture and ecological space are mainly
outside UGB. Hence, when applying the spatial constraints of UGB to Patch-CA, the
spatial management features should be considered. In order to better match the probability
characteristics of the Patch-CA model, we used the quantitative value ranging from 0 to
1 to represent different types of development requirements. Generally speaking, urban
space that is located in centralized development zones (CDZ) is significant to urban growth,
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we can mark it as 1. The flexible development zone (FDZ) is also located in UGB, but its
aim is to deal with the uncertainty of development. Therefore, we can mark it as the mid-
value 0.5, which is neither encouraged nor restricted. The agricultural space outside UGB
normally only allows major infrastructure projects while the ecological space is commonly
not permitted for any built, so we can mark it as 0.3 (it is an empirical value used to control
the possibility of farmland encroachment. In principle, it is greater than 0 but should be
less than 0.5) and 0, respectively. Next, we used a random probability-based game model to
couple the influence of UGB into Patch-CA, and the seed selection is shown as Formula (3):{

if pt
ij ≤ λij, ij = Seed

otherwise, ij→
(3)

where pt
ij is the integrated urban growth probability, if it is smaller than λij; then, this cell

can be selected as the seed; otherwise, Patch-CA model should move to next cell.

3. Case Study Area and Data Materials
3.1. Study Area

We selected Guangzhou city in China to examine the utility of UGB. Guangzhou is an
international metropolis undergoing rapid development, located in the Peral River Delta of
China (22◦26′–23◦56′ N, 112◦57′–114◦03′ E). Guangzhou covers an area of 7434.4 km2, in-
cluding 11 districts (Figure 2a). By the end of 2020, the permanent resident population and
GDP has already exceeded 18.7 million and 2.5 trillion CNY, respectively [47]. According to
its newly spatial development strategy, Guangzhou will mainly develop its northern, east-
ern, and southern parts due to the high development density of its central part. However,
we need to pay special attention to the Nansha district regarding this development strategy.
Nansha is located in the geometric center of Guangdong-Hong Kong-Macao Greater Bay
Area (GBA), and it has been set as a sub-center by the government of Guangzhou city.
Therefore, there is no way around the fact that Guangzhou’s future urban growth will not
completely follow the historical growth rule. It is a very typical city to discuss the utility of
UGB for reshaping the future urban growth.
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3.2. Data Materials

The data used in this study mainly include Landsat satellite images, Digital Elevation
Model (DEM), road network, administrative division data, and so on. Historical urban
growth in 1995, 2005, 2015, and 2020 were classified and visually interpreted from Landsat
satellite images (122-044), which are collected from the public service platform Geospatial
Data Cloud. Sampling analysis shows that the average accuracy of data classification is
higher than 85%, which meets the needs of research and application [38]. According to
the monitoring, the urban and rural area in 1995, 2005, 2015, and 2020 was 865.64, 1359.45,
1685.98, and 1915.25 km2, respectively (Figure 2a). China formally implemented the UGB
policy after its spatial planning reform in 2017 [39], so the historical urban growth from
1995 to 2005 was used to calibrate the prescriptive CA model, and land use in 2015 was
used to evaluate the simulation accuracy. To further illustrate that the implementation of
UGB has changed the existing urban growth law, we further employ land use in 2020 to
illustrate the spatial reshaping effectiveness of UGB.

Since the government institutional reform in 2017, the Chinese government has pro-
posed a new uniformly named territorial spatial plan to support the sustainable devel-
opment of urbanization until 2035. We collected the new version of the territorial spatial
plan (2018–2035) of Guangzhou city from the Guangzhou Municipal Bureau of Planning
and Natural Resources (Figure 2b). According to the spatial government rules of China,
territorial space is usually divided into three main space types, including urban, agriculture
and ecological [48]. Generally speaking, urban space should be located in UGB, while
agriculture and ecological areas should be outside UGB. According to the development
time and urban growth demands, areas located in UGB can also be divided into CDZ, FDZ,
and special development zone (SDZ) [49]. CDZ is the priority area for urban growth while
FDZ is reserved for the uncertainty of urban growth, e.g., if real estate developers do not
want to develop CDZ for some reason, then we can adjust the newly added land into FDZ.
Special zones are mainly forest parks, culture heritage, and some others that are located in
UGB; all of them usually focus on producing ecological products. Because special zones
are usually small and sporadic, we do not discuss this type in this research.

According to previous studies, variables such as points, lines, and areas in CA modelling
are usually used to mine the relationship between historical urban growth and spatial envi-
ronment [28,43]. In this study, a total of 9 spatial variables (Figure 3) were used for modeling,
including (a) Digital elevation model (DEM), (b) Slope, (c) Proximity to river, (d) Proximity to
highway, (e) Proximity to subway, (f) Proximity to port, (g) Proximity to municipal development
center, (h) Proximity to district development center, and (i) Proximity to town development center.
In this study, we ignore the dynamic characteristics of these proximate variables. All the datasets
like terrain and road network for generating spatial environment variables were collected from
open sources like OpenStreetMap, and all of them are preprocessed within ArcGIS.
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Guangzhou. (a) Digital elevation model (DEM), (b) Slope, (c) Proximity to river, (d) Proximity to
highway, (e) Proximity to subway, (f) Proximity to port, (g) Proximity to municipal development
center, (h) Proximity to district development center, and (i) Proximity to town development center.

4. Results
4.1. Pattern of Future Urban Growth Scenarios

For future urban growth in 2035, we simulated two scenarios: one is simulated with
the spatial UGB constraint (Figure 4a) and another is simulated without UGB constraint
(Figure 4c). By comparing the two simulated scenarios, we can analyze whether the UGB will
play a great role in shaping the future urban growth process. In general, under the control
of UGB, the future urban growth process will be relatively compact, while the urban growth
process without the consideration of UGB control will be relatively scattered. Moreover,
the UGB constraint represents the government’s expectation of future urban growth, and
in particular helps to adjust some urban growth trends that are not in line with sustainable
development. In order to illustrate the necessity of UGB for reshaping future urban growth,
we selected two typical cases for demonstration. Zone A is an experimental area named
China-Singapore Guangzhou Knowledge City, which has been developed since 2010. Over
the past decade, co-development has been limited in a small region. However, with the
approval of the China-Singapore Guangzhou Knowledge City Master Development Plan
(2020–2035) by the Chinese government in 2020, a major development opportunity has
emerged in this region. Obviously, simulation scenarios without UGB constraint cannot
respond to this developmental planning. In other words, the development pattern of China-
Singapore Guangzhou Knowledge City cannot be reasonably predicted by only considering
the historical growth tendency. Another typical area is Nansha new area (zone B), which
has been updated as the sub-center of Guangzhou city since 2018. From the historical urban
growth probability, the development of Nansha to the north can be integrated with the central
urban area. However, the new development strategy of Nanshan is to develop towards
the south because the south is closer to the sea and more connected to the GBA center (See
Figure 2). As can be seen from the comparison in Figure 4a,c, if the spatial UGB constraint is
not considered, urban growth mainly happens to the north, but after introducing the UGB
constraint, urban growth is mainly oriented to the south. Since the implementation of the new
spatial development strategy in 2018, the growth hotspots of Guangzhou have shifted. By
comparing Figure 4a–c in Zones A and B, we can see that there were many land-use plots that
had been developed by the year 2020, but they were not presented in the simulation scenario
without UGB constraint. Obviously, the historical urban growth law has been reshaped by
UGB. Therefore, for better simulation of future urban growth, we should not only consider
the historical dynamic mechanism but also include the relevant requirements of future spatial
control, which are the advantages of CUGSM.
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4.2. The Utility of UGB for Reshaping Future Urban Growth

By comparing the constrained scenario with the unconstrained scenario in 2035, we
can evaluate the utility of the UGB for reshaping future urban growth (Figure 5). Through
overlay analysis, we can find that the spatial difference between the constrained growth
scenario and the unconstrained growth scenario is as high as 21.14%, and the actual area is
about 418.84 km2. Therefore, the intervention of UGB can reconstruct the space pattern to a
certain degree. In addition to directly comparing the differences between the two simulated
scenarios, we also need to investigate the spatial relationship between the two simulated
scenarios and UGB, and the spatial distribution structure is shown as Table 1. If the future
urban growth is constrained by UGB, 83.14% of growth units are located within UGB and
16.86% of those are located outside UGB, but this proportion is converted into 74.87% and
25.13% when there are no UGB constraints. It can be seen that the intervention of UGB
management further standardized the order of urban growth, and the spatial reshaping
efficiency directly reached 8.27%. Further analysis shows that the urban growth trend
reconstructed by UGB is mainly located in agricultural and ecological space. For example,
after considering UGB constraints, urban growth ratio in agricultural space decreases from
13.39 to 9.37%, and urban growth ratio in ecological space decreases from 11.75% to 7.48%.
In terms of spatial management rules, agricultural and ecological spaces are not absolutely
prohibited (such as major infrastructure projects can be built), but large-scale conversion of
land to urban space is usually strictly controlled in these areas.

Table 1. Spatial analysis of the two simulation scenarios with UGB.

Urban Growth Type UGB Constrained (km2, %) Unconstrained (km2, %)

Urban space (CDZ)
Within

1603.08 66.80 1412.01 58.83

Urban space (FDZ) 392.36 16.35 384.84 16.03

Encroachment of Agriculture space
Outside

224.98 9.37 321.27 13.39

Encroachment of Ecological space 179.58 7.48 281.89 11.75

This study has proved through the random-games method that UGB’s reconstruction
utility is very significant. Actually, if more strict spatial control measures are implemented,
the areas outside UGB will not be developed at all, and the utility of UGB for reshaping
future urban growth will be more obvious. However, the management of UGB is an
artificial control process, and if the control measures are strong, the reconstruction effect
will be high. On the contrary, if the control effect of UGB is weak, the city will grow
spontaneously, and the spatial reconstruction effect of urban growth will also be naturally
weakened. In general, as UGB represents a spatial expectation of future urban growth, it is
usually the result of comprehensive consideration of multiple objectives and is a relatively
spatial optimal scheme. Therefore, strengthening the control effect of UGB is actually more
conducive to sustainable urban growth.



ISPRS Int. J. Geo-Inf. 2022, 11, 511 9 of 13ISPRS Int. J. Geo-Inf. 2022, 11, 511 10 of 15 
 

 

 
Figure 5. Comparison the simulation scenario with or without UGB. 

  

Figure 5. Comparison the simulation scenario with or without UGB.

5. Discussion

The Patch-CA model that learns from the historical urban growth process (classified as
predictive CA) is widely used to predict future urban growth, but its simulation accuracy
tested by Kappa and FOM indexes was usually not very high [50]. Therefore, there is a
good reason to believe that there must be a force driving urban evolution that cannot be
learned from historical processes through machine learning algorithms. In this study, the
urban growth from 1995 to 2005 was taken as the dependent variable, and nine spatial
factors were set as independent variables. The urban growth suitability map estimated
with random forest is shown in Figure 6a. Based on the urban pattern in 2005, the Patch-CA
model without UGB constraint was used to simulate the urban pattern in 2015 (Figure 6b),
which was compared with the actual pattern observed by Landsat remote sensing images
(Figure 6c). Through comparison, the Kappa and FOM indexes were 0.7914 and 0.1930,
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respectively. From the perspective of simulation accuracy, the urban growth predicted by
Patch-CA was not high, but it was close to the accuracy reported in previous literature [46].
Through the accuracy evaluation, we can find that there seems to be no predictive CA able
to improve the prediction accuracy to 100% because the city may evolve new development
patterns through time. Therefore, it is only theoretically valid to predict future cities by
looking for rules from the historical process, but there are obvious weaknesses in applying
them to spatial planning decisions. For China, a country with strong planning intervention,
future urban development is affected by various spatial structure regulations, and its urban
growth is not completely the continuation of bottom-up historical process. For example,
Zone A and Zone B in Figure 6 are the airport and high-speed rail stations, respectively,
which obviously cannot be simulated with the predictive CA model, but they will cause a
mass of urban growth in the future. By overlaying the simulation scenario of 2015 with
UGB, we can find that only 81.18% of them are located in UGB. If we continue to project
the 2035 growth scenario using this model, more units will be developed outside the UGB,
which is clearly not in line with the Chinese government’s planning policy of land use
control. Therefore, it is necessary to consider the spatial regulation effect of UGB when
simulating future urban growth.
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According to the model mechanism of predictive CA, future urban growth simulation
is just a continuation of the historical urban growth process. There is no doubt that this
model framework is scientifically modeled, but the problem is that using this model
to simulate the future always presents several areas that cannot be simulated correctly.
Obviously, this shows that there are natural defects in the assumptions established by
the predictive CA model. In order to further analyze the cause of simulation failure, we
analyzed the spatial relationship between UGB and the urban growth simulated by the
Patch-CA model but not observed using remote sensing images (shown as Figure 7). The
cells simulated with Patch-CA but not observed using remote sensing images are classified
into two types and marked as magenta (within UGB) and blue (outside UGB), respectively.
According to statistical analysis, the cells within UGB and those outside UGB account for
38.69% and 61.31%. Although the magenta cells were not observed by the remote sensing
image in 2015, they are very likely to be observed in 2016 or other adjacent years. Therefore,
we could believe that the cells located within UGB are not affected by UGB regulation.
Of the cells predicted by Patch-CA without constraints, 61.31% lie outside UGB. If the
management of UGB is strongly implemented, it is highly likely that these cells will not be
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developed, which also indicates that Patch-CA without any spatial constraints has natural
defects, and failure of prediction using CA is inevitable.
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6. Conclusions

Since the spatial planning reform of China in 2017, delimiting the UGB has been set
up as one of the most important tasks in territorial spatial planning by the government. To
evaluate the necessity of delineating UGB in territorial spatial planning, we developed a
CUGSM model which integrated the advantages of Markov chain, random forest, patch
growth-based cellular automata, and random probability-based game to demonstrate the
utility of UGB for reshaping future urban spatial growth.

The main conclusions can be concluded as follows: (1) The simulation scenario with
the UGB constraint is more in accordance with the actual development trend or develop-
ment planning, and UGB can efficiently reconstruct the spatial pattern of urban growth
with the analysis of case studies. (2) UGB regulation reduces the encroachment on agri-
cultural and ecological space, and the urban space outside UGB is greatly reduced in the
simulation scenario with the UGB constraint. (3) The proposed CUGSM model is effective
to pre-evaluate the utility of UGB for reshaping future urban growth. The comparison of
simulation scenarios indicates that we can also use the CUGSM model to find potential
illegal hotspots that may appear following historic development trend. Therefore, our
research demonstrates that it is necessary for the Chinese government to further strengthen
the UGB policy to promote sustainable urban growth.

Moreover, detail discussion shows that there are still some defects in the CUGSM
model proposed in this study. For example, due to the lack of long-time evaluation data
on the implementation effect of UGB, we just adopted a random game model to simulate
the management and control effectiveness of UGB. However, the actual management and
control of UGB is definitely not a process of random games. With the further implemen-
tation of UGB in China, we can accumulate more actual urban growth data after UGB
implementation. Then we can enhance the parameters of the CUGSM and upgrade the
pre-evaluation ability to support territorial spatial planning.
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