Science of the Total Environment 807 (2022) 150813

Contents lists available at ScienceDirect

Science of the Total Environment

journal homepage: www.elsevier.com/locate/scitotenv

Urban expansion simulation and development-oriented zoning of rapidly M)

urbanising areas: A case study of Hangzhou

Check for
updates

Ye Zhou**, Tao WuP, Yechenzi Wang

2 Key Laboratory of Electromagnetic Wave Information Technology and Metrology of Zhejiang Province, College of Information Engineering, China Jiliang University, Hangzhou 310018, China
b School of Urban Construction, Wuhan University of Science and Technology, Wuhan 430065, China
¢ Hangzhou Geotechnical Engineering and Surveying Research Institute with limited liability, Hangzhou 310012, China

HIGHLIGHTS

A CA model is proposed by integration
with BA, DBN for urban expansion simu-
lation.

An urban development-oriented zoning
framework was established at township
scale.

Based on the proposed method, future
urban expansion can be predicted and
analysed.

ARTICLE

INFO

Article history:

Received 17 May 2021

Received in revised form 24 September 2021
Accepted 1 October 2021

Available online 6 October 2021

Editor: Martin Drews

Keywords:

Urbanisation

Sustainable development
K-means clustering
Spatial zoning

* Corresponding author.
E-mail address: zhouy@cjlu.edu.cn (Y. Zhou).

https://doi.org/10.1016/j.scitotenv.2021.150813
0048-9697/© 2021 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

GRAPHICAL ABSTRACTS

ABSTRACT

Sustainable urban development is the key to regional urban development policy-making. Therefore, the
comprehensive spatial zoning of rapidly urbanising areas is important. In this study, a novel spatial zoning
framework was established based on the future urban spatiotemporal pattern and multidimensional dy-
namic index system at the township scale. First, the urban expansion of Hangzhou in 2025 was simulated
based on a new method in which the hybrid bat algorithm and deep belief network (DBN) are coupled with
the cellular automata (CA) model (MDBN-CA). Second, an urban development-oriented evaluation system
was established at the township scale based on urban expansion simulations and indicators, including the
speed and intensity, morphology, socioeconomic and ecological benefits. Finally, Hangzhou was zoned by
using the K-means method. The results show that: (1) The MDBN-CA model effectively overcomes the lim-
itations of traditional neural networks, yielding an increase in the simulation accuracy and spatial pattern
similarity of 3.70% and 10.11%, respectively; (2) Hangzhou can be divided into six zones according to the
2025 urban expansion, that is, the highly urbanised, key urbanised, radiation, potential, optimised, and
ecological priority zones; (3) Based on the current development trends, urban expansion in Hangzhou
will have relatively large benefits by 2025. However, problems with respect to the unbalanced develop-
ment of land urbanisation and population urbanisation, as well as the low efficiency of land use, were iden-
tified. Based on the results of this study, suggestions are provided with respect to spatial pattern
reconstruction, urban function transformation, efficient land use, and green and healthy development;
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(4) Based on the combination of the MDBN-CA and K-means models with the zoning framework of the
comprehensive benefits evaluation system of urban expansion, future urban expansion can be predicted

and analysed.

© 2021 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license

(http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

Land use/land cover change is one of the most direct manifesta-
tions of the interaction between human activities and the natural en-
vironment and is the core subject of global environmental change
research (Fiener et al., 2011; Haase et al., 2012; Qian et al., 2020).
Since the reform and opening-up, China has achieved long-term
and sustained ultra-high-speed economic growth and large-scale ur-
banisation. This is especially reflected in the continuous expansion of
urban land, which leads to many challenges such as the exhaustion of
natural resources and degradation of the ecological environment
(Aburas et al., 2019; Huang et al., 2017; Wu, 2010; Zhao et al,,
2016). Because of the acceleration of urbanisation, increased atten-
tion has been paid to urban land use change/urban expansion, and
urban space research has focused on rapid urbanisation areas
(Banzhafet al., 2017; Gu et al., 2016; Hu et al., 2017). Due to the dy-
namics of urban expansion, the comprehensive spatial zoning of rap-
idly urbanising areas can be regarded as the basic work for
establishing urban development strategies and developing ecologi-
cal civilisation.

The development-oriented comprehensive zoning of rapid ur-
banisation areas based on urban expansion simulations is based
on more comprehensive studies of the ‘process’ of its evolution. Es-
tablishing a development-oriented zoning model is more in line
with future urban land use change without departing from the
thorough evaluation of urban space. However, there is a lack of
studies evaluating the benefits of zoning future urban expansion
areas. Therefore, intelligent urban expansion simulations,
development-oriented zoning based on the simulation results,
and trend evaluation have become the foci of current land use plan-
ning. Mainstream urban zoning tends to be the main function zon-
ing based on historical data, land use zoning, and urban function
zoning based on new open data (Chen et al., 2017; Fang et al.,
2020; Luescher and Weibel, 2013; Zhong et al., 2014). However,
there is a lack of urban development-oriented zoning studies
based on forecast data.

In the past few decades, scholars have established various models
to simulate urban expansion and land use changes such as system
dynamics, Markov chain, agent, and cellular automata (CA) models
(Kazemzadeh-Zow et al., 2017; Noszczyk, 2018; Ralha et al., 2013;
Rasmussen et al., 2012; Ren et al., 2019). The CA models have
attracted increased attention, and rule mining has become a hot
topic. A variety of rule mining methods have been proposed, includ-
ing logistic, Markov, intelligent algorithms, artificial neural networks
(ANN), and machine learning techniques (Azari et al., 2016;
Gounaridis et al., 2019; Liu et al., 2017; Mustafa et al., 2018). How-
ever, the complex relationships among variables cannot be effec-
tively determined with logistic models. Intelligent algorithms are
required to improve the accuracy of the models based on the precise
pruning of rules. Conventional ANNs are weak in global searching
and fall more easily into local optima during CA transition rule min-
ing (Pacelli et al., 2011). With the development of artificial intelli-
gence, deep learning has attracted increasing attention because of
its good feature detection and prediction capabilities and has been
successfully applied to urban expansion simulations. Recent studies
have shown that the use of deep learning models to mine the transi-
tion rules of CA outperformed the traditional models such as ANN-

CA, random forest - CA, and logistic regression - CA (He et al., 2018;
Xing et al., 2020; Zhai et al., 2020; Zhou et al., 2017).

The DBN, which is among the mainstream methods of deep
learning, has excellent feature detection abilities. The DBN can eas-
ily express the non-linear, complex structures of the data in deep
hidden layers. A fast, greedy, unsupervised learning algorithm
that can initialise the weights of conventional ANN was recently
introduced (Shen et al., 2015). The problem with such a deep
learning approach is that it has a large number of critical
hyperparameters which are commonly tuned by experienced
practitioners, which makes it difficult to find an optimal model
architecture (Pham et al., 2021). Among various optimisation algo-
rithms, the bat algorithm (BA) and its improved version is efficient,
robust, and straightforward, which is mainly used to solve
problems where it is difficult to find an exact mathematical
model and can be used to automatically obtain the network struc-
ture of DBN to avoid the complexity of manual parameter tuning.
However, only a few studies have combined BA, DBN with the CA
model to simulate urban expansion. Hence, developing a new
method that can be coupled with CA might provide better simula-
tion precision.

The purpose of comprehensive urban space zoning, which is a
type of spatial development zoning, is to divide the urban area into
multiple comprehensive areas with homogeneous and functional at-
tributes as well as more prominent functional attributes, and it has
been used for a long time in urban research and planning (Chen
et al,, 2017). In early studies, remote sensing images and static
models were widely used to describe the comprehensive division
of urban functions based on small and medium-scale areas (Heiden
et al, 2012; Van de Voorde et al., 2011). At present, the comprehen-
sive zoning of urban space mainly focuses on constructing an indica-
tor system and improving technical methods. On the one hand, the
indicator system has evolved from a static system constructed
using social economy, land use, and natural factors to a system
based on new open data (Chen et al., 2017, 2021; Qian et al., 2020).
However, the indicator system establishment lacks a multidimen-
sional and dynamic description. On the other hand, partitioning
technology has gradually developed from traditional Geographic In-
formation System (GIS) modelling to spatial clustering analysis, in-
telligent and optimisation algorithms, nonparametric models,
Tyson polygons, and so on (Kazemzadeh-Zow et al., 2017; Qi et al.,
2019; Santé et al., 2016). For instance, Chen et al. (2017) proposed
functional city zoning based on building-level social media data
and applied the k-medoids method based on the dynamic time
warping (DTW) distance to analyse the urban spatial structure of
the Yuexiu District, Guangzhou.

In terms of research scales, most urban land use analysis and zoning
studies are conducted at the city or county level (Estoque and
Murayama, 2011; Frondoni et al., 2011; Sun et al., 2012). However,
there is a lack of research on the analysis and comprehensive zoning
of rapidly urbanising areas at the township scale (Sakieh et al., 2015;
Qi et al.,, 2019). Townships are the smallest units in China's land use
planning. It is of great significance to study the land use changes of
towns and thus contribute to the management and planning of urban
land.

Therefore, the main purpose of this study was to establish
an urban development-oriented zoning framework at the
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Fig. 1. Urban development-oriented zoning framework.
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township scale, considering the future spatiotemporal patterns
of rapid urbanisation areas and multidimensional dynamic
indicator systems. Hangzhou, one of the rapidly urbanising
areas in China's coastal region, was selected as the study area.
The main contributions of this paper can be summarised as
follows:

(1) We propose the MDBN-CA for future urban expansion
simulation, where the optimised DBN obtained by the
modified BA (MBA) is used to mine the transition rules of
CA.
The multidimensional characteristics of the spatiotemporal
evolution of expansion are obtained from forecast data. We
establish an urban development-oriented evaluation system
based on four-dimensional indicators, including speed and in-
tensity, morphology, socioeconomic benefits, and ecological
benefits.
(3) At the township scale, K-means, one of the most popular and
simple clustering tools (Jain, 2010; Zhao et al., 2019), is used
for the spatial zoning of Hangzhou.

(2

~—

The remainder of this paper is organised as follows: The methods
and models used in this study are introduced in Section 2. An overview
of the study area and data are provided in Section 3. The implementa-
tion and analysis of urban expansion simulation and spatial zoning are
described in Section 4. The discussion and conclusions are provided in
Section 5.

2. Methodology

The urban development-oriented zoning framework at the
township scale for the future spatiotemporal patterns of rapid
urbanisation areas mainly includes three modules: (a) MDBN-CA
module to predict urban expansion; (b) Multidimensional dynamic
indicator construction module; and (c) Spatial partitioning module
based on K-means clustering of townships, as shown in Fig. 1. The
implementation of the framework will be described in Sections
2.1-2.3.

2.1. Integration of cellular automata with the deep belief network for urban
expansion simulation

In urban expansion studies, the future state of a cell can be
determined based on the definition of a series of transition rules:

t
urban,pij > Pthreshold

1 _ ichht. ¢
State" = f (Nelghb Global non_urban, p§; < Pyureshod

i i Constraint,g-) = { 1)

where Statef;"! is the state (urban land 1/non-urban land 0) of a cell

at location (i,j) at time t + 1 and Pexresnorq is the predefined threshold
for range [0,1]. By adjusting the threshold, the amount of non-urban
land converted to urban land is constantly approaching the required
amount. In the simulation stage, the number of cells in which non-
urban land converted to urban land at the next time is the actual
value, and the amount of urban land in the forecast stage is obtained
by the Markov chain model. If pjj > Piresnoia, the non-urban state at
time t changes to an urban state at time t + 1. Otherwise, the non-
urban state remains unchanged. Globalj; represents the commonly
used driving factors. Constraint}; are the constraint conditions for
urban expansion, Neighb§; denotes the neighbourhoods, and f
represents the transition function used to obtain the best transition
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rules, which is based on DBN mining and is comparable to ANN in
this paper.

2.1.1. Deep belief network

A classic DBN consists of several restricted Boltzmann machines
(RBMs) and a backpropagation (BP) network, which are used for
pretraining and fine-tuning, respectively (Hinton et al., 2006). The
DBN trains the unsupervised RBM network by using the output of
the previous RBM as the input of the next RBM. An RBM is an undi-
rected probabilistic graphical model composed of a visual layer (v)
and hidden layer (h), trained using the contrastive divergence

method. Based on the visible units (vq, va, ...... , Vm) and hidden
units (hq, h, ...... , hy,), the energy function can be expressed as
follows:
m n m n
E(V,h) =, Z V,'W,'jh]' — Z b,'V,' — Z thj (2)
i=1 j=1 i=1 j=1

where wj; is the connection weight between visible unit i
and hidden unit j, b; is the bias of unit i, and ¢; is the bias of
unit j.

When the state of the visible unit (vq,vy,...... ,Vim) is known, the
activation probability of hidden unit j is as follows:

P(hj = 1|v) = sigmoid (c,- + ZW%‘) ®)
i

Because the RBM is symmetrical, the activation probability of visible
unit i can be calculated using Eq. (4) when the hidden units (hy, h, ...... ,
h,,) are provided:

P(vi = 1|h) = sigmoid (b,» + Zwijhj> @
j

During the fine-tuning procedure, the conventional BP network
receives the output feature vector of the RBM as the input data for
supervised learning training. The RBM training can be regarded as
the initialisation of the weight parameters of the BP to avoid the
local optimal problem due to the random initialisation of the
weights.

2.1.2. Determination of the DBN structure based on the novel bat algorithm

The selection of parameters, such as the number of hidden units
and the learning rate of the DBN, directly affects the model
performance. The BA, developed by Yang (2010), has been proven
to have better performance than the genetic algorithm (GA) and
particle swarm optimisation (PSO) in obtaining globally optimal
solutions. We introduced the GA's selection, crossover, and mutation
operators based on previous studies to optimise the new BA
(Meng et al., 2015; Wang et al., 2017), called Modified Bat algorithm
(MBA).

In this study, we set the RBM layer number to two and used the
MBA model to obtain the optimised DBN parameters, including the
number of hidden units (hidden;, hidden,), learning rate [g;,
& € (0,1)], sparsity (s), and the dropout (d) of each RBM layer.
Based on the objective function, the minimal error of the training
data is obtained. The pseudocode of MBA for DBN using MATLAB is
described as Algorithm 1.
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Algorithm 1. Integrate Modified bat algorithm with DBN.

Initialise: N: the population of bats; M: the number of generations; P: the probability of selection; w: inertia
weight; C: the compensation rates for Doppler effect in echoes; 8: contraction-expansion
coefficient; G: the frequency of updating the loudness and pulse emission rate; f: the frequency; A:
loudness; r: pulse rate; and the constants a, y.
x: the position including the number of hidden units (hidden,, hidden,), learning rate [e,, &, €
(0,1)], sparsity (s), and the dropout (d) of each RBM layer of bats. The initial x is expressed as:
x = Lb + (Ub — Lb) x rand(1, dim)
where dim is the dimension of x; Lb, Ub are the maximum and minimum values for initialising
DBN parameters
Fitness: the prediction error on training data of all bats
fort=1:M
ifrand(0,1) <P
generate new solutions by:

t t t
gj+0x |meanj —Xx;

J»| * ln(uL), if rand < 0.5
i

gf- — 6= |meanf —xi‘,j| *In (u%]),if rand = 0.5

else
generate new solutions by:
fij = fmin + (fnax = fmin) * rand(0,1)
(c+vf) (g5 =)
fug =gt *fug * (L Cox i
€tV |gj _xi,jl te
vijt =wvl;+(g; —xi) * fi
xft = xfi vl
end

ifrand(0,1) > r;
generate a local solution around the selected best solution by:
xit = g§ * (1 +rand n(0,02))
where 02 = |Af — Abyeqn| + €, £ is used to ensure g2 > 0. A%,qy is the average loudness of all
bats at time step t.
end
evaluate the objective function value of each individual and rank
selection: select the best 50% bats to the next iteration, and use these bats for crossover
crossover: after random pairing, crossover calculations are performed respectively, and the newly
generated individuals replace the bat individuals whose fitness function values are ranked in
the lower 50%. The number of hidden units is crossed; continuous data is crossed a by:
t

= rand X x{; + (1 — rand) X xjr ;

t+1
xl-'j

t+1 _ t t
xpr i =rand X x;r i + (1 —rand) X x;;

=rand X v{; + (1 — rand) x yit,l.,

t+1

Vi j

t+1 _ t t
v = rand X vy + (1 —rand) X v;;

mutation: select several individuals to mutate, for mutated individual i, when rand>0.5, mutate the
number of hidden units; other parameters are initialised randomly
evaluate the fitness function value fitness of each bat, and obtain the optimal individual in fitness and
fitness1 as the local optimal in the current iteration
ifrand < A; & f(x;) < f(x*)
accept the solutions, and update the loudness and pulse rate by:
At = qAl
i =11 - exp(—yt)]
end
Rank the solutions and find the current best g
if (iteration - g )>G
Re-initialise the loudness 4; and pulse rate r;
end
end

output: Global optimal solution and corresponding position, fitness function value, and other information

Where the initial value N =20, M= 100, P [] [0.6, 0.9], w [1[0.5, 0.9], C [1[0.1, 0.9], 6 [/ [0.5, 1],
G= 1O’fmin = 09fmﬂ)(:1'57 Amin =1, Amax =2, Tmin=0, "max=1, &, Y= 0.9.
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2.1.3. Integration of the MDBN model with cellular automata

The urban expansion simulation model (the first model in Fig. 1)
proposed in this study, which couples Markov chains, DBN, and CA,
mainly includes the following steps:

Step 1: Data collection and preprocessing. Time series land use maps
are collected, and driving factors are determined using GIS and re-
mote sensing technology. Obtaining training and validation samples
using the stratified sampling method.

Step 2: MDBN training. Obtain the optimal DBN parameters using
the MBA algorithm.

Step 3: Simulation and validation. The optimal DBN structure ob-
tained in step 2 is used to simulate the urban land at time t. The ob-
servation data at that time are used to perform accuracy validation.
Step 4: Prediction. The Markov model is used to predict the future
growth of urban land. The future urban land is predicted using the
optimal DBN model.

2.1.4. Accuracy assessment
To test the effectiveness of the model, the accuracy is evaluated as
follows:

(1) Pixel dimension. The Overall Accuracy (OA), Kappa coefficient,
and Figure-of-Merit (FoM) index are chosen to evaluate the sim-
ulation results (Arsanjani et al., 2013; Chen et al., 2016; Yao et al,,
2017). The FoM is mainly used to measure the consistency be-
tween the actual observation conversion number and the simu-
lation forecast conversion. A higher FoM reflects a higher
simulation accuracy. The FoM can be calculated as follows:

FoM =B/(A+B+C+D) (5)

Product’s accuracy (PA) = B/(A+B +C) (6)

User accuracy (UA) = B (7)
y "B+C+D

where A denotes the number of cells that have been predicted to change
during the observation but did not change in the simulation; B repre-
sents the number of cells that correctly changed both in the simulation
and observation; C is the number of cells that incorrectly changed both
in the simulation and observation, and D is the number of cells that
changed in the simulation but not in the observation.

(2) Spatial pattern dimension. We used a series of landscape pattern
indicators at the built-up land scale and landscape scale to distin-
guish the differences between the simulated map and observa-
tion (Chen et al, 2013, 2016). These indicators include the
number of patches (NP), largest patch index (LPI), mean shape
index (Shape_MN), and mean Euclidean nearest-neighbor
distance (ENN_MN) and can be calculated with Fragstats 4.2.
The similarity measurement of the landscape pattern A can be
calculated as follows:

A= (1 1%“’*“”*‘" 100% 8
“UTng g, )17 ®)

i=1 i,0

where n is the number of landscape metrics and ; s and ; , represent
landscape metrics obtained from the simulation and actual
observation, respectively.

2.2. Construction of urban development orientation evaluation system

The development-oriented evaluation system established in this
study uses towns as the basic evaluation units. Considering the complex
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functional structure and urbanisation characteristics of rapidly
urbanising areas, as well as the impact of urban expansion on the econ-
omy, landscape, and ecological environment, the characteristics and
benefits of urban expansion, are used as the two major evaluation
themes. Considering the lack of socioeconomic statistical data, substi-
tute indicators or other methods are used to quantify several factors.

The evaluation system includes the system, criterion, and index
levels; 21 indicators are preliminarily selected. The system layer in-
cludes the characteristics and benefits of urban expansion. The charac-
teristics of urban expansion are divided into the change degree and
morphological structure of urban expansion. The benefits of urban ex-
pansion are divided into socioeconomic and ecological benefits. The
change degree of urban expansion directly reflects the speed and inten-
sity of urban development. Four indicators are selected: urban intensity
index (UII), built-up land growth index (UGI), the regional contribution
rate of the built-up land expansion (US), and change rate of the built-up
land (UC). The morphology of the built-up land expansion reflects the
intensive use and characteristics of the built-up land, reflecting the con-
centration, superiority, and compactness. Therefore, six indicators, that
is, the change rate of the patch density (PD) of the built-up land (C_pd),
the change rate of the LPI (C_Ipi), the change rate of the splitting index
(SPLIT) (C_split), the change rate of the aggregation index (Al) (C_ai),
the change rate of the morphological compactness (C_cp), and change
rate of the mean fractal dimension index (C_fac), were initially selected
to characterise the dimension of the morphological structure. Socioeco-
nomic benefits of urban expansion refer to the comparison between
input and output in land use, which are reflected by the comprehensive
socioeconomic effects of urban development. Considering the availabil-
ity of data, four indicators were selected: the change rate of the land rec-
lamation index (C_Ir), change rate of the land use degree (C_ludc),
population expansion index (pop), and economic growth index (gdp).
Ecological benefits of urban expansion refer to the effects of land use ac-
tivities on the urban ecosystem, which are mainly evaluated based on
the landscape pattern and ecological effects of urban expansion. Seven
indicators were used, that is, the expanded arable land composition
index (E_al), expanded green land composition index (E_gs), ecological
land coverage change rate (C_ecc), change of mean patch area of green
land (C_mp), change rate of Shannon's diversity index (C_shdi), land-
scape contagion change rate (C_contag), and degree of change in the
overall ecological status of the regional land use, which was calculated
by referring to the global ecosystem service function evaluation model
of Costanza et al. (1997) (C_ec). A detailed description of each indicator
is provided in Supplementary Table S1.

The Pearson correlation coefficient was used to analyse the correla-
tion of each indicator. Based on our definition, a correlation coefficient
of 0.85 indicates a strong correlation. We eliminated indicators that
did not meet these requirements. The range method was then adopted
to standardise the original indicator values and convert them into di-
mensionless values. Finally, the Analytic Hierarchy Process and Entropy
method were combined to determine the weight of the influence factor.

2.3. Development-oriented zoning based on K-means clustering

The K-means cluster analysis, one of the most popular and simple
clustering algorithms, was employed for development-oriented zoning.
At the township scale, the standardised and filtered values of each indi-
cator constitute a matrix, which is used as observation data for the K-
means classification. Based on K-means clustering, the observations
are divided into k mutually exclusive clusters. The observations within
one cluster are close to each other and far from observations in other
clusters (Jain, 2010; Carvalho et al., 2016). Determining the number of
categories should follow the principles of mutual exclusion of partition
objects, the rationality of the number of partitions, and the self-evidence
of partition types. Given the observation X = {x;},i = 1, 2, ...n (n is the
number of towns in the study area) and each town properties of m
dimensions, where m is defined as the number of indicators after
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filtering, all towns will be divided into k clusters C = {ci,k = 1,2,...,K}.
The goal of K-means clustering is to gather objects into designated k
clusters based on the similarity among objects. Each object only belongs
to one cluster, with the smallest distance from the centre of the cluster.
Based on the assumption that v is the mean value of cluster ¢, the
Euclidean distance between v, and all points belonging to c; is defined
as follows:

Dic) = 2 Il — vell 9)

The aim of K-means clustering is to solve the optimal problem of all k
clusters:

K
D(cy) = miny > X [Ix; — vill?

k=1 x;€cy

(10)

The K-means method initialises k cluster centres, compares the dis-
tance from each object to each cluster centre, and assigns the objects to
the clusters with the nearest cluster centre. Partitions are generated and
modified by recalculating the new centroid of each cluster and the new
Euclidean distance between each centroid and the point. This process
ends when the cluster members are stable or conditionally terminated.

3. Study area and data
3.1. Study area

Hangzhou, in the southern part of the Yangtze River Delta, is the po-
litical, economic, transportation, and financial centre of the Zhejiang
Province and an important growth core and ecological centre of the
Hangzhou Bay Greater Bay Area and Yangtze River Delta urban agglom-
eration. Without considering the changes in the administrative divi-
sions after 2015, a total of 119 towns in 9 districts under the
jurisdiction of Hangzhou were included in the study area in this work,
covering a total area of 4876 km? (Fig. 2).

Following the market transition and the local policy of ‘establishing
urban agglomeration around Hangzhou Bay,” Hangzhou has undergone
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rapid urbanisation. The gross domestic product (GDP) in Hangzhou has
significantly grown: it increased from 114.5 billion RMB in 2000 to
872.2 billion RMB in 2015, whereas the population increased from
4.35 to 7.21 million throughout this period. This region experienced a
significant expansion of urban land, and the urban landscape configura-
tion dramatically changed. Hangzhou is a typical example of urbanisa-
tion.

3.2. Data collection

3.2.1. Land use maps

A Landsat-7 ETM+ image from 2001, Landsat-5 TM image from
2008, and Landsat-8 OLI image from 2015 were used to derive the
time series land use maps (30 x 30 m) for Hangzhou. Data preprocess-
ing, including geometric registration, radiometric calibration, atmo-
spheric correction, image cropping, and supervised classification, was
conducted using Envi and ArcGIS software. Training and test samples
for the supervised classification were obtained using the published
land cover data and visual interpretation results of Google Earth histor-
ical images. Finally, according to the classification system for remote
sensing monitoring of land use of the Resource and Environmental Sci-
ence Data Center, six categories, including arable land, forest land, grass-
land, water land, built-up land, and unused land, were selected. After
supervised classification and post-classification processing, all overall
classification accuracies were higher than 85%, and the Kappa coeffi-
cients were larger than 0.82. As shown in Fig. S1, the built-up land ex-
panded rapidly, whereas the arable land decreased.

3.2.2. Driving factors

The process of urban land use change is a complex non-linear sys-
tem. A single factor cannot accurately reveal the essential relationships
and interactions between driving factors and urban expansion. Previous
studies showed that the topography, such as the elevation and slope, are
prerequisites and important factors limiting urban development
(Gounaridis et al., 2019). Transportation accessibility and location
conditions often affect the distribution of new urban land; therefore,
distance variables are factors that are generally considered in the
built-up land expansion (Poelmans and Van Rompaey, 2009). The

Fig. 2. Location of the study area.
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Table 1

List of urban expansion factors used in this study.

Categories Variable Data source
Natural Elevation Geospatial Data Cloud?
conditions Slope Geospatial Data Cloud
Distance to rivers Land use maps
Distance to highways ~ Openstreetmap”
Distance to primar
! primary Openstreetmap
roads
Distance to secondary Openstreetmap
roads
Distance to railways  Openstreetmap

Accessibility

Distance to forest

Land use maps

factors Distance to airport POIs from Baidu Map®
Distance to county POIs from Baidu Map
centres
Distance to town POIs from Baidu Map
centres
Density of road Openstreetmap
network
Urban neighbourhoods Lapd use r.naps (7 x 7 extended Moore
Neighbourhood neighbourhoods)
g Non-urban Land use maps (7 x 7 extended Moore
neighbourhoods neighbourhoods)

2 http://www.gscloud.cn.
P https://www.openstreetmap.org.
¢ https://map.baidu.com.

construction of roads, highways, and railways greatly improves the ac-
cessibility, especially the construction of roads connecting urban and
rural areas, which will allow the development of surrounding areas. A
location closer to the city centre means better public infrastructure,
greater employment opportunities, and a greater likelihood of develop-
ment and construction (Zhang et al., 2013). In addition, based on the
first law of geography, the spatial correlation indicates that the land
use state with a closer distance has a trend similar to that with a farther
distance. In summary, a total of 14 driving factors, including natural
conditions, accessibility factors, and neighbourhood factors, were
adopted (Table 1, Fig. 3). All factors have a spatial resolution of 30 m,
calculated with the Euclidean distance equation of ArcGIS 10.4.

3.2.3. Urban development-oriented indicators

The land use maps of Hangzhou from 2008 and simulation results for
2025 are divided by town. The 21 indicators used in this study were cal-
culated as follows:

Based on the 1 km grid population datasets from 1990 to 2015, the
population data of each town in Hangzhou in 2025 were obtained
through coordinate transformation, resampling, and exponential
smoothing prediction. The GDP was obtained with the same method
based on the 1 km grid GDP datasets from 1995 to 2015.2 The change
rate of the regional SHDI, the change rate of landscape fragmentation,
and all morphological structure indicators for 2008 and 2025 were cal-
culated using Fragstats 4.2. Subsequently, the change rate was calcu-
lated. The remaining indicators in the evaluation unit were obtained
using ArcGIS statistical methods.

3.2.4. Zoning suitability data

In reference to previous studies, the Minimum Cumulative Resis-
tance (MCR) model was used to partition the suitability of the ecological
land in Hangzhou City (Xiao et al., 2020; Xu et al., 2018). Based on land
use planning data for Hangzhou, the partition results were revised to
obtain the extent of the suitable ecological protection land as the eco-
logical constraint of the CA model, which can be divided into key protec-
tion, general protection, and suitable construction areas, as shown in
Supplementary Fig. S2.

! (http://www.resdc.cn/DOI), 2017. DOI:10.12078/2017121101.
2 (http://www.resdc.cn/DOI), 2017. DOI:10.12078/2017121102.
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4. Implementation and analysis
4.1. Implementation and analysis of the urban expansion simulation

4.1.1. Model implementation

The MDBN-CA model proposed in this study simulates the distribu-
tion of the built-up land in 2015 based on the land use map from 2008
and evaluates the accuracy by comparing the results with the observa-
tion data from 2015. When the simulation accuracy meets the require-
ments, the built-up land in 2015 is used to predict the built-up land
pattern in 2025.

In the training phase of the MDBN-CA, the numbers of hidden layers,
visible nodes, and output layer units are 2, 14, and 1, respectively. We
set the learning rate in the fine-tuning stage and iterations of each
layer of the RBM to 0.01 and 100, respectively. The number of the bat
population is 20; that is, the number of hidden nodes, learning rate,
sparsity factor, and dropout of 20 groups of the RBM in each layer
were randomly initialised. The selected fitness evaluation function is
as follows:

NE!

f=

1

=0 (11)

Il
-

i

where m x n is the number of test samples. When the cell conversion
probability obtained by DBN training is greater than the threshold, then
pij is 1, otherwise p;; is 0. The parameter y;; represents observations.

When the number of iterations obtained by MDBN-CA training is 87,
the fitness function value drops to the minimum value of 1320 (Fig. S3).
The optimal structure of the MDBN-CA is as follows: the number of the
two hidden layer nodes and RBM learning rate are 13, 12, and 0.39, 0.44,
respectively; the sparsity factor is 0.0043, and the dropout parameter is
0.067.

The number of simulation iterations was set to 50, and the conver-
sion probability threshold pepresnoiq is set to 0.9. The optimal MDBN-CA
model was used to obtain the conversion probability of each cell p;.
The conversion probability of the cell can be calculated as follows:

(12)

” { 1,p; x ECj; x con (sf]) 2 Petreshord and rand (0,1) > 0.5
=

0, otherwise

where ECj; are ecological constraints and con(sj;) are other constraints,
which together constitute a global constraint G, If the cell jj falls in
the key protection area, then G, = 0. If the cell ij falls in the general
protection area, then G, = 0.5, the rest are 1. The parameter rand
(0,1) is a random number in the range [0,1].

Based on the land use maps from 2001 and 2015, the Markov chain
was used to predict built-up land area for the next ten years. The transi-
tion probability matrix is shown in Table S2. The total built-up land in
2025 was calculated to be 1726.31 km?.

4.1.2. Comparison and analysis of the simulation results

The null model and traditional ANN-based CA model (ANN-CA)
were used to attest to the practicality of the MDBN-CA model. The accu-
racies are shown in Table 2. The MDBN-CA model yields good results,
with the highest OA, Kappa coefficient, and FoM. Compared with the
ANN-CA, the simulation results (FoM, PA, and UA) of the MDBN-CA
model increased by 3.70%-3.86% in 2015 (Part A in Table 2), which
demonstrates that the MDBN-CA model is more suitable for mining
the transition rules. Part B lists the results of the comparative analysis
of the landscape indices for the two models at the built-up land scale
and landscape level. The MDBN-CA performs better with respect to
the landscape similarity, which is 10.11% and 13.11% higher than that
of the ANN-CA model, respectively, at the two scales. In general, the
above-mentioned results indicate that the MDBN-CA model satisfacto-
rily simulates the urban landscape.


https://map.baidu.com
https://map.baidu.com
https://map.baidu.com
http://www.resdc.cn/DOI
http://dx.doi.org/10.12078/2017121101
http://www.resdc.cn/DOI
http://dx.doi.org/10.12078/2017121102
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Fig. 3. Global factors.
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Table 2
Comparison of the results and landscape metrics simulated for 2015(Part A and B).
Part A
OA Kappa FoM PA UA
Null 94.01% 0.841 - - -
ANN-CA 94.63% 0.867 0.378 54.47% 55.29%
MDBN-CA 95.08% 0.878 0.415 58.27% 59.15%
Part B
NP LPI Shape_MN ENN_MN A
Built-up land scale
Observed in 2015 4331 11766  1.430 166.147 -
Simulated (ANN-CA) 5027 14.078 1381 143.054 86.74%
Simulated (MDBN-CA) 4121  12.100 1.366 166.897 96.85%
Landscape scale
Observed in 2015 9708 11.766  1.466 209.587 -
Simulated (ANN-CA) 13,112 14078 1398 167.812 80.18%
Simulated (MDBN-CA) 10,708  12.100  1.410 188.858 93.29%

Fig. 4 shows the simulation results and the comparison of the ANN-
CA and MDBN-CA models. In part A, the central urban areas of the two
models have a clear and consistent outward expansion trend. Based
on the overall effect of the simulation, the simulations of the two models
in the eastern and southwestern regions are insufficient. In region a1 of
part B, the MDBN-CA simulation results are similar to the observations
in 2015, whereas the simulation results of ANN-CA in the northeast
are insufficient. In regions a2 and a4, MDBN-CA performs better with re-
spect to the overall morphological distribution of built-up land. In re-
gion a3, most of the newly added built-up land represents outlying
expansion, and the simulations of both models are insufficient. How-
ever, the transition rules obtained by these two models effectively sim-
ulate urban expansion, and the MDBN-CA model is superior to the ANN-
CA model.

4.1.3. Prediction

We predicted the future urban expansion of Hangzhou in 2025
based on the MDBN-CA model under the current development scenario.
As shown in Fig. 5, the built-up land in Hangzhou will continuously ex-
pand outward. Compared with 2015, the growth rate of newly added
built-up land will reach 19.30%.

This is mainly manifested in the trend of the expansion from the
urban centre, focusing on infilling and edge expansion. With the accel-
eration of urbanisation in Hangzhou and the rapidly increasing popula-
tion and social economy, the built-up area will continue to increase.
Given the constraints of ecological land, protection is met, new built-
up land will replace a large amount of arable land. Table 3 shows that
the NP, PD, and LSI indices will decrease in 2025, whereas LPI and Al
will increase, indicating that the urban land in Hangzhou will become
more regular and agglomerated. The degree of fragmentation is re-
duced, the advantage of the landscape is more notable, and the structure
tends to be simplified.

4.2. Validation and analysis of the partitioning results

4.2.1. Partitioning results

Based on the land use maps in 2008 and 2025, the indicators of each
town were calculated. Pearson correlation analysis was used to remove
the very similar indicators. Finally, twelve indicators were obtained
(Table S3). After standardisation, the indicators of 119 towns consti-
tuted a 119 x 12 matrix, which was used as the input for the K-means
clustering analysis. When the number of categories was six, the catego-
ries greatly differed, maintaining the integrity of each category. When
the number of categories was higher than 6, the partition results show
a greater fragmentation and uncertainty. Based on the combination of
the natural environment, socioeconomic conditions, and spatial
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development planning in Hangzhou with the characteristics four-
dimensional evaluation, the 119 towns of Hangzhou can be divided
into six regions (Fig. 6): highly urbanised zone (Z1), key urbanised
zone (Z2), radiation zone (Z3), potential zone (Z4), optimised zone
(Z5), and ecological priority zone (Z6).

4.2.2. Multidimensional analysis

Moran's I index was used to analyse the spatial correlations of the
partitioning results. As shown in Fig. S4, at a significance level of 0.01,
the spatial distribution of the features in each dimension has spatial
clustering characteristics. All Moran's I statistics are positive, proving a
significant positive correlation among the 119 towns.

Based on the analysis of the urban expansion results of each zone ac-
cording to the weighted average calculation of the township area
(Table S4) and the radar chart drawn based on the average of the
first-level indicators (Fig. S5), the following observations can be made:

(1) The highly urbanised zone consists of 47 towns, mainly located in
the city centre and including the old city of Hangzhou. This zone
has a large population, and its urbanisation is relatively mature.
The early construction is relatively complete. The patch index,
degree of agglomeration, and urbanisation rate are high, as indi-
cated by the relatively large UII (A1) and small C_Ipi (B1) and
C_ai (B2).The C_ludc (C2) is the largest, indicating more complex
socioeconomic activities in the zone and the rapid expansion of
built-up land. Except for the highest E_al (D1), all other ecologi-
cal benefit indicators are low, which means that a large amount
of arable land is replaced by built-up land. Ecological land protec-
tion measures are in place, but the overall ecological land cover-
age rate is relatively low. This zone is characterised by a large
proportion of built-up land, insufficient vacant land, high land
use cost, and low potential for future urban expansion. It is nec-
essary to identify a suitable development model to coordinate
the population urbanisation with land urbanisation.

The key urbanised zone, including 17 towns, is mainly located in
the flat areas in the northern part of the city. The urban expan-
sion speed and intensity indicators are high, indicating the
rapid development during the study period. Similar to the highly
urbanised zone, C_Ipi (B1) and C_ai (B2) are small and all three
socioeconomic benefit indicators are relatively small. The E_gs
(D2) and C_ec (D4) are the lowest, implying that the overall eco-
logical land coverage is lower, although the urban expansion oc-
cupies less ecological land. Based on the current development
model, there will be insufficient green space and ecological land
to support the high population density in the future. It is neces-
sary to plan rationally to improve land use efficiency, pay atten-
tion to the planning and construction of supporting green
spaces, and follow the path of sustainable development.

The radiation zone, including 14 towns, is in the northeast of the
city. It includes the ‘Qiantang District’ established on March 11,
2021 and comprises the Dajiangdong Industrial Cluster Zone.
This zone has gentle topography. It is one of the key points of
the city's future development. Except for the highly urbanised
and key urbanised zones, all built-up land expansion speed and
intensity indicators are better than those of other zones. The
C_Ipi (B1) and C_ai (B2) are high, which indicates that the dom-
inance and agglomeration degree of built-up land in this zone
have been improved. The three socioeconomic benefit indicators
are relatively high, which shows that arable land use still ac-
counts for a large proportion of the area. The population is rap-
idly growing due to the radiation of urban expansion and
gradually spreads outward. The E_al (D1) and C_ecc (D3) are
the smallest, whereas E_gs (D2) is the highest. Due to the rela-
tively effective protection measures of basic farmland areas in
this zone, the occupation of arable land in this zone is relatively
moderate. As a key area for future development, it is imperative

(2

—

(3)
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Fig. 4. Results and comparison of simulations of urban expansion based on the two models for 2015.
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Fig. 5. Simulation of the urban expansion for the year 2025.

to strengthen the protection of ecological land and improve the
efficiency and intensity of land use. At the same time, complete
industrial functional zones should be built, regional economic
development in towns and villages outside industrial clusters
should be accelerated to the greatest extent, and long-term de-
velopment positioning should be completed.

The potential zone includes 17 towns in the south of the city. The
urban expansion speed of built-up land is relatively poor; mor-
phological indicators are moderate; and the advantage, concen-
tration, and compactness of built-up land are low. The
socioeconomic and ecological benefit indicators are both high,
indicating that the benefits of socioeconomic activities in the
zone are significant. However, because the ecologically con-
trolled area accounts for a large proportion, the expansion
speed and intensity are affected. The future development of the
city should be reasonably planned considering the protection of
ecological resources. The intensity of urban expansion and de-
gree of land use should be increased.

The optimised zone includes six towns in the northwestern part
of the city. In terms of the speed, intensity, and morphology of
the built-up land expansion, the overall trend is similar to that
of the potential zone. The ecological coverage change is the
highest. Large areas of ecological land affect the intensity and
speed of urban expansion. The C_ludc (C2) is the lowest and
pop (C3) is the highest, indicating that the land use in this zone
is low and the socioeconomic activities are relatively weak. Sim-
ilar to the development of the potential area, the focus should be
placed on balancing the population and land urbanisation and
formulating relevant policies to attract talent.

The ecological priority zone includes 18 towns in the southwest-
ern part of the city and ecological protection areas such as nature
reserves and forest parks. The ecological conditions are superior,
and the natural environment is good, limiting built-up land ex-
pansion. The speed and intensity of built-up land expansion are
the smallest. The morphological indicators are also low, and the
change rate of the ecological benefits of the land use structure
is large. The proportion of green space, such as forest land, is re-
placed during urban expansion. Therefore, the future

=

—
wul
=

Table 3
Landscape indices of built-up land in 2015 and 2025.
Year NP PD LPI LSI Al
Built-up land 2015 4331 0.837 11.766 72.380 94.365
2025 3926 0.758 17.446 67.402 95.201
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Fig. 6. Partitioning results based on K-means clustering.

development in this zone will be based on ecological protection
and the rationally planning of land resources. In addition, it is
necessary to strictly control the intensity and speed of urban ex-
pansion to improve the socioeconomic benefits of urban land use
and develop advantageous industries in combination with the
characteristics of towns and villages.

4.2.3. Development proposal

In short, the urban expansion in Hangzhou will be highly comple-
mentary in the future. The ecological zone and core of the socioeco-
nomic development zone will define clearly, which is in line with the
current development plans, and hence the overall benefits will be sub-
stantial. However, each zone has its problems that cannot be ignored.
There are problems with respect to the coordinated development of
land urbanisation and population urbanisation and the inability of eco-
logical benefits to consider the low efficiency of land use. Based on the
results of this study, we provide the following suggestions regarding fu-
ture development strategies in Hangzhou:

(1) Spatial pattern reconstruction. In response to the development of
the Yangtze River Delta urban agglomeration and Zhejiang Prov-
ince's request for ‘Construction of the Greater Bay Area, Great
Garden, Great Channel, and the Great Metropolitan,’ the goal of
building a new modern district integrating industry and the
city and the harmonious coexistence of man and nature, an
urban spatial pattern with Shanghai as the core and Hangzhou
as one of the primary nodes should be formed focusing on the in-
tegrated development of the Yangtze River Delta, and the future
development of Hangzhou should be integrated with the overall
plans for the Greater Bay Area, overcoming the constraints of ad-
ministrative divisions, advancing the construction of the intercity
railways and inter-provincial highways in the Yangtze River
Delta, jointly building a comprehensive interconnected transpor-
tation system, promoting spatial integration and infrastructure
sharing, and forming a network integration development model.
Urban function transformation. The highly urbanised zone is re-
sponsible for several of the main urban functions. It provides a
space for the flow of population, capital, and transportation in
the central urban area of Hangzhou, whereas the original indus-
trial and residential auxiliary functions migrate outward. In key
urbanisation radiation zones, which are hot areas for economic
development in Hangzhou, the focus should be placed on build-
ing the dual engines of digital economy and manufacturing,

(2)
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accelerating the digital transformation of industries, optimising
the industrial layout, and strengthening the construction of
transportation and public services to form a new urban core of
Hangzhou.

Efficient use of land and balancing the land urbanisation and
population urbanisation. In the transition zone between the
highly urbanised zone, periphery of the key urbanised zone,
and radiation zone, a high-level interconnected modern trans-
portation facility network and comprehensive transportation
hub system should be constructed, the overall location advan-
tage should be improved, and the coordinated development of
the metropolitan area as well as the development of the Yangtze
River Delta urban agglomeration should be promoted.

Green and healthy development. The ecological priority zone
should be considered the key area for environmental protection,
supplemented by the development of the potential and optimised
zone, and industrial transformation and upgrades should be pro-
moted based on the development positioning of each district,
thereby creating a green and healthy sustainable development
model. The quality and equalisation of community services, such
as educational facilities and cultural and health facilities, should
also be promoted. An ecological, systematic, and humanistic
green space system should be established to facilitate green trans-
formation and construct a healthy living environment.

5. Discussion and conclusion

Hangzhou was selected as the study area, and an urban development-
oriented zoning framework was constructed in this study based on future
spatiotemporal patterns and the multidimensional dynamic indicator sys-
tem at the township scale: (1) A model integrating the DBN with the CA
was proposed, whereas the MBA optimised DBN model was used to ob-
tain the CA transition rules. The results show that the model effectively
overcomes the prediction limitations of the traditional neural network.
The simulation accuracy (FoM index) and spatial pattern similarity im-
proved by 3.70% and 10.11%, respectively. The model considers the
needs of ecological protection and urban development, thus providing a
scientific basis for urban planning guided by ecological priority;
(2) Based on the speed, intensity, morphology, socioeconomic and eco-
logical benefits of urban expansion, 21 indicators were selected to estab-
lish an evaluation system. Twelve independent indicators were obtained
after calculation, correlation analysis, and data preprocessing, which re-
flect the future development trend of the city based on the land use
data from 2008 and 2025; (3) A matrix including the evaluation indica-
tors of 119 towns in the study area was used as the input vector for K-
means clustering and Hangzhou was divided into six zones: highly
urbanised zone, key urbanised zone, radiation zone, potential zone,
optimised zone, and ecological priority zone. The analysis results show
that the urban expansion in Hangzhou by 2025 and development ideas
agree with the local development plan and the overall benefits of expan-
sion are relatively high. However, challenges with respect to the coordi-
nated development of land urbanisation and population urbanisation
and the inability of ecological benefits to consider the inefficient use of
land were identified. Spatial analysis was used to identify the characteris-
tics of each district in four dimensions, actual conditions were considered
to determine the district development status of Hangzhou, and strategies
were proposed based on the spatial pattern reconstruction, urban func-
tion transformation, efficient land use, and green and healthy develop-
ment.

In short, the MDBN-CA model proposed in this study performs better
than the traditional ANN-CA model. Based on the combination of the
MDBN-CA model and K-means clustering with the zoning framework
of the comprehensive benefit evaluation system of urban expansion,
the future urban expansion can be predicted and analysed, which is of
great significance for future urban planning and government decision-
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making. However, to make the proposed framework more practical,
several improvements are necessary:

(1) The MDBN-CA model is less effective in simulating ‘outlying ex-
pansion.’ Land use changes are closely related to socioeconomic
development and government policies. The integration of more
socioeconomic variables and policy factors will further improve
the performance of the model.

(2) The population and economic data of the development-oriented
evaluation indicators are based on inversion data, and certain de-
viations were observed. The use of social statistics and inversion
data should be considered to improve the data accuracy. The se-
lection of development-oriented evaluation indicators is not op-
timal. Therefore, the completion of data or the use of more
substitute indicators should be considered to build a more com-
prehensive evaluation system.

The spatial development-oriented zoning of Hangzhou was only

realised at the township scale from 2008 to 2025. In future re-

search, the time scale should be extended, and the fixed bound-
aries of township administrative divisions should be broken to
explore urbanisation.

Considering the impact of all kinds of land use changes on zoning

in the future.

—
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