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Integrating Multisource Geographic Big Data to
Delineate Urban Growth Boundary: A Case

Study of Changsha
Xing Gao , Nan Xia , Sudan Zhuang , Xin Zhao , Jiale Liang , Ziyu Wang , and Manchun Li

Abstract—An urban growth boundary (UGB) is an important
policy tool used to control urban sprawl, which can effectively
balance the urban construction needs, residents’ quality of life, and
urban ecological protection. Current studies of UGB delineation
and its indicators have paid little attention to human factors, such as
human activities and economic vitality, and weights for evaluation
indicators have been determined highly subjectively. In response
to these problems, this article integrated multisource geographic
Big Data to construct a total of 30 natural, human, and ecological
evaluation indicators. The GIS technology and machine-learning
(ML) approach were combined to determine indicator weights with
an officially manually drawn 2035 UGB as the reference, aiming
to reduce the subjectivity. The suitability score was then calculated
from indicator grading 4–1 and related weights, and high suitability
(>2.15) regions were eventually delineated as the UGB. Results
showed a delineated UGB of 1528.06 km2 with an overall accuracy
of over 93% and high consistence with reference data for 2035
in the Chinese city of Changsha. The geographic Big Data totally
contributed more than 33.72%, which mainly characterized role of
human elements, and a 5–6 percentage point reduction in accuracy
was found without these data. Compared with existing articles, our
delineated UGB had higher accuracy and closer spatial pattern
to the reference data, verifying the effectiveness and reasonability
of ML-based weight setting approach and index system with geo-
graphic Big Data. The proposed method can provide scientific and
accurate framework for UGB delineation, which can promote the
territorial spatial planning and sustainable urban development.

Index Terms—Geographic Big Data, GIS spatial analysis,
random forest (RF), territorial spatial planning, urban growth
boundary (UGB).

I. INTRODUCTION

IN RECENT years, China has been undergoing rapid ur-
banization, which has given rise to a series of problems,
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including urban sprawl, environmental degradation, and
severely imbalanced land resources [1]. These problems threaten
ecological security and the human living environment. In re-
sponse, in 2006, China proposed developing the urban growth
boundary (UGB) as an important policy tool to prevent unlimited
urban sprawl, protect open spaces on the edges of cities, and
encourage a compact urban layout [2], [3]. In 2019, during a new
round of territorial spatial planning, the definition of UGB was
clarified as a spatial control boundary of an area with primarily
urban functions, such as a city, town, or development zone,
where urban development and construction can be concentrated
for a certain period of time [4]. The delineation of UGB is
the basis of territorial spatial planning in China, and setting
this kind of maximum boundary for urban expansion should
consider multiple factors, such as natural conditions, agricultural
production, environmental capacity, and economic development
[4], [5]. By delineating UGB, the unlimited urban expansion
and the disorderly development can be avoided, and the spatial
patterns and spatial resources of cities can be optimized and
rationally allocated [6], [7]. Meanwhile, it can also help to
guide local governments to revitalize the urban land stock,
promote the intensive urban construction, improve the urban
living environment, and strengthen ecological conservation and
farmland protection [8], [9]. Overall, scientific delineation of
UGB is an important means to promote new urbanization,
ecological civilization construction, and modernization of the
national governance capacity [10], [11].

UGB was first proposed in the “smart growth” movement
in the USA, where UGB delineation in the western city of
Portland has become a classic case [12]. More recently, India
and European countries, such as Switzerland, have recognized
the effectiveness of UGB in urban planning [13]. Research on
UGB delineation in China began relatively late, with two main
categories of methods: spatial simulation and comprehensive
evaluation. Spatial simulation of urban expansion relies on
cities’ historical development dynamics to construct models,
such as cellular automata (CA) and artificial neural networks, to
simulate the future land use layout and predict the boundaries of
construction land [14], [15]. This approach focuses on internal
drivers of urban expansion and economic development, such
as transportation, location conditions, and population, lacking
sufficient attentions to the demand for and carrying capacity
of urban resources and the environment [16], [17]. As another
type of method, comprehensive evaluation is to identify areas
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with high development potential and delineate UGB by ap-
proaches, such as spatial overlay analysis, fuzzy mathematics,
and global sensitivity analysis [18], [19]. This method focuses
on the carrying capacities of resource and environmental, natural
conditions, spatial suitability of urban construction, protection
of ecological land, soil properties, etc. [20]. Meanwhile, it can
also account for specific characteristics of the spatial structure
and internal drivers of urban development, including urban
resource endowments, infrastructure, public services, and pop-
ulation distribution [21]. Compared to the spatial simulation
method, the comprehensive evaluation method has the advan-
tages of intuitiveness, clearness, and good operability. It provides
multidimensional, multilevel, and multiperspective evaluation
tools for effectively studying urban development patterns under
tight spatial and resource constraints [22].

Most previous articles have focused on natural and ecological
factors when selecting influence indicators of UGB delineation
[23], [24]. For human factors, only population and transportation
indicators were frequently considered, failing to fully consider
the socioeconomic factors related to the urban development
potential, such as human activities and economic vitality [25],
[26]. Residents’ daily activities, such as consumption and move-
ment, contribute to the demand for regional construction land,
which can significantly shape the spatial structure of cities [27].
Economic vitality is the primary indicator of urban dynamism,
reflecting the present and future economic development, and is
an important driver of urban development and expansion [28],
[29]. These two factors are often characterized with dynamic fea-
tures, and most traditional static data with outdated information
and poor spatial resolution cannot represent, such as statistical
and survey data [30]. The emergence of geographic Big Data
covering such topics as human behavior and earth observations
provides high-resolution, wide-coverage, and real-time dynamic
data for urban dynamic feature sensing [31]. Human behavior
Big Data includes the tremendous volume of spatiotemporal
behavioral information generated in people’s daily lives includ-
ing cell phone signals, Weibo check-ins, housing rents, traffic
operations, and social media data [32], [33]. These data have
the advantages of large sample size, high spatial and temporal
resolution, expressive spatial differences, and descriptiveness of
interactions, which can be used in research, such as urban spatial
expansion, resident behavioral characteristics, and separation of
employment and housing [34], [35]. Furthermore, a type of earth
observation Big Data known as nighttime light (NTL) remote
sensing can show the intensity of lights at night on Earth’s
surface, and have strong correlations with human activities and
economic development, which have been successfully applied
to studies on urban sprawl and urban area identification [36],
[37]. Combinations of geographic Big Data and deeper analysis
of human factors have important significance for evaluations
of urban areas and the accurate expression of city boundaries,
which can improve the accuracy of UGB delineation.

The comprehensive-evaluation-based UGB delineation
method requires consideration of many influencing factors,
with the assignment of indicator weights directly related to
the accuracy of the delineation results. The current methods
for assigning weights primarily use the Delphi analytical

hierarchy method of expert consultation or the entropy weights
method. However, these methods are highly subjective when
faced with multidimensional and multisource indicators and
their complex nonlinear relationships with UGB [38]. With
the rapid development of AI technology, machine learning
(ML) has attracted widespread attention from scholars for its
powerful learning and computational capabilities that can enable
intelligent analysis of data trends and patterns [39]. By selecting
relevant samples and training the model to explore nonlinear
relationships between influencing factors and geographical
phenomena, ML can efficiently clarify the importance of each
indicator to the sample data while minimizing errors caused
by subjective experience and obtaining more objective and
scientific indicator weights [40]. At present, ML-based weight
determination methods have been applied in the indicator
construction and composite assessment for purposes, such as
evaluating performance, detecting spatial patterns, and selecting
locations [41], [42], [43]. Moreover, classification, evaluation,
and simulation accuracy can be improved by support vector
machine, random forest (RF), extreme gradient boosting, and
other related ML algorithms used in studies on land use/cover
classification and urban sprawl simulation [44], [45]. Thus,
by combining the comprehensive evaluation method with
ML, the influence of multidimensional impact factors on
UGB sample data can be explored to determine the weights
of each factor, which can achieve objective, reasonable, and
scientifically accurate UGB delineation. Nevertheless, due
to a lack of UGB sample data and of clarity in the overall
framework, few existing articles on UGB delineation based on
the comprehensive evaluation method have incorporated ML
algorithms, and there is an urgent need to seek its potentials and
broaden the approach to intelligent UGB delineation.

Overall, for the comprehensive evaluation method of UGB de-
lineation, human factors, such as human activities and economic
vitality, and the potentials of ML algorithms for determining
factor weights have not been fully explored in existing articles.
Thus, the Chinese city of Changsha, with a rapidly developing
economy, was selected as the study area to carry out objective
and empirical UGB delineation by the following means: 1) inte-
grating multisource geographic Big Data to characterize human
activities and economic vitality and to construct a comprehen-
sive evaluation index system of natural, human, and ecological
factors; and 2) combining ML and multifactor spatial overlay
methods to improve the determination of indicator weights to
comprehensively evaluate the regional development potential for
UGB delineation. The article aims to provide new framework
for UGB delineation that can balance the needs of the natural en-
vironment, ecological security, and economic development, and
to provide theoretical support for high-quality and sustainable
urbanization.

The rest of this article is organized as follows. Section II
introduces the study area and materials. Section III thoroughly
describes the methods of combining multifactor overlay analysis
and ML algorithms to delineate the UGB. Section IV analyzes
the results in aspects of indicator weight and the UGB delin-
eation. Following this, Section V discusses the results. Finally,
Section VI concludes this article.
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Fig. 1. Location of study area and spatial distribution of current urban construction land in 2019.

II. STUDY AREA AND MATERIALS

A. Study Area

The city of Changsha is located in the northeastern part of
Hunan Province, in the transition zone between the hills of
central Hunan and the coastal plain. The city has nine adminis-
trative districts (or counties and county-level cities) (Fig. 1): two
county-level cities (Liuyang City and Ningxiang City) and main
urban area including Furong, Tianxin, Yuelu, Kaifu, Yuhua,
Wangcheng Districts, and Changsha County. The total area of
Changsha is 11816.14 km2. It had a resident population of 10 239
300 at the end of 2021 and an urbanization level of 83.16%. It has
favorable natural conditions, with a monsoon-influenced humid
subtropical climate consisting of four distinct seasons, rain and
heat in the same season, and annual precipitation of 1300–1600
mm. Most of the city’s river system belongs to the Xiang River
Basin, which provides abundant water resources and has a total
storage capacity of 3 billion m3 [46]. Changsha itself is in the
Xiang–Liuyang River Basin. It has undulating terrain, consisting
of 30.7% mountains, 19.3% hills, 28.6% sloped terrain, and
21.4% plains. Mount Yuelu is in the west of the city, the Liuyang
River passes through the east and the Xiang River through the
middle, with the island Juzizhou in the center of the river. As
the capital of Hunan Province, Changsha had an estimated GDP
growth of 4.8% in 2022, ranking first in central China. It is
an important node city in the middle reaches of Yangtze River
Urban Agglomeration and the Yangtze River Economic Belt. In
recent years, Changsha is undergoing a period of rapid urban-
ization, with the urban built-up area growing from 272.39 km2

in 2010 to 560.8 km2 in 2020 [47]. To achieve high-quality sus-
tainable development, the city is struggling to achieve a balance
between natural ecological protection and economic and social
development.

B. Materials

The data involved in the article primarily include UGB refer-
ence data, spatial survey, natural, and environmental data, and
Earth observation and human behavior Big Data. A 300 × 300
m grid was used as the basic unit for UGB delineation.

1) UGB Reference Data (Hereinafter Referred to as UGBr):
The vector-format UGB by Changsha Natural Resources and
Planning Bureau in 2021 was used as reference data, which was
manually mapped based on land demand, policy requirements,
planning objectives, current status of ecological agriculture, and
natural features. It is planned for 2035, and covers an area
of approximately 1651.27 km2. The Eliminate tool in ArcGIS
mapping generalization was used to remove fine fragmented
surfaces of area less than 0.09 km2 from the UGBr and convert
it into raster data to facilitate subsequent model training and
weight determination.

2) Spatial Survey Data: The whole of Changsha was clas-
sified into six land use types (grassland, arable land, forest
land, water, construction land, and unused land) according to
12 primary categories based on data from China’s third national
land survey in 2019 (referred to as third Survey). The declas-
sified vector-format data were provided by Changsha Natural
Resources and Planning Bureau.

Population statistics for each district (county and city) in
Changsha were obtained from the seventh national census (re-
ferred to as census).

Data on value-added secondary industry of each district,
county, and county-level city were obtained from the statistical
yearbook for 2020 (referred to as industry survey).

3) Natural and Environmental Data: ASTER global digital
elevation model (GDEM) V2 data with 30-m resolution were
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obtained from the Geospatial Data Cloud (http://www.gscloud.
cn/).

Changsha’s geological disaster point data during 2018–2022,
including landslides, avalanches, debris flows, and ground col-
lapse hazards, were obtained from the geological cloud platform
(https://geocloud.cgs.gov.cn/) (referred to as geological disas-
ter).

Meteorological data including annual average PM2.5 and
PM10 concentration monitoring data at 10 stations of Chang-
sha in 2020 were obtained from China Meteorological Data
Service Center (http://data.cma.cn/) to reflect air quality and
atmospheric environment (referred to as atmosphere).

Soil data were obtained from the Chinese soil dataset (v1.1)
of the Harmonized World Soil Database (http://www.ncdc.ac.
cn/portal/), from which attributes of soil erodibility and organic
carbon content were extracted (referred to as soil).

4) Earth Observation Big Data: NPP–VIIRS-derived NTLs
data for 2020 were obtained with 500-m resolution
(https://eogdata.mines.edu/products/vnl/) (referred to as night
light).

To characterize vegetation cover, Landsat-8 remote sensing
data with a resolution of 30 m from 2020 were acquired from
the DATABANK data platform, from which the normalized
difference vegetation index (NDVI) data were obtained.

5) Human Behavior Big Data: POI/AOI data were obtained
from Baidu Maps and Dianping. These data included highway
intersections, railway stations, passenger stations, subways, and
bus stop POI data; development zone and industrial park POI
data to characterize industrial prospects; AOI data of forest
and geological parks, scenic areas, and nature reserves; and
commercial services POI data, including gourmet food, life
services, leisure and entertainment, sports and fitness, shopping,
and beauticians.

Weibo check-in data contained the locations from Weibo
platform in Changsha in July 2020 (referred to as Weibo).

Property rent data were obtained from residential rent infor-
mation on Anjuke (https://changsha.anjuke.com/) in Septem-
ber 2021 and from store rent information on 58.com (https:
//nj.58.com/), where coordinates information was determined
by listing names (referred to as Property rent).

All the human behavior Big Data were obtained by web
crawler technology, and data cleaning, coordinates correction,
and manual sampling checks were performed to ensure the data
reliability and the accuracy.

III. METHODS

We constructed a multifactor index system consisting of
natural, ecological, and human indicators based on the spatial
survey, nature, and environment data, and Earth observation
and human behavior Big Data. A variety of methods, including
GIS spatial analysis and landscape pattern analysis, were used
to spatially quantify each indicator. We then constructed a RF
model based on the UGBr to determine the indicator weight.
Finally, we conducted a multifactor overlay analysis to evaluate
UGB suitability, thereby delineating the UGB. The specific
technical process is shown in Fig. 2.

A. Indicator Construction and Quantification

An index system with natural, ecological, and human dimen-
sions was constructed based on existing articles and literature,
combined with the characteristics of Changsha and consultation
with relevant experts (Table I). The study area was divided into
133 533 300 × 300 m grids, and UGB suitability was analyzed
from a single-factor perspective. The scoring criterion for each
of 30 evaluation indicators was obtained according to the natural
breakpoint method and the actual circumstances, with low-to-
high suitability values of 1, 2, 3, and 4 assigned (see Table SI).
The grading results of some indicators are shown in Fig. 3.

1) Natural Factors: Terrain: Two indicators Slope-A1 and
Elevation-A2 were obtained from the GDEM data. Considering
that plains occupy a large proportion of the study area and moun-
tains and hills have low elevations, the scores of UGB suitability
could be distinguished as 4–1 for the elevation indicator assigned
at about 30-m intervals. Urban land classification and planning
construction land standards stipulate that the maximum slope of
urban construction land should not exceed 25°, and the slope
index were assigned 4–1 at intervals of 5° or 10° to reflect the
undulating terrain in the study area.

Waters: Two indicators were distance to water body-A3 and
water density-A4. Since urban construction is prohibited in
important waters and adjacent areas, the least restrictive factor
rule was applied. Grids with a distance score of 1 (<100 m), too
close to large rivers, lakes, and reservoirs, were removed from
subsequent weighted overlay analysis and their comprehensive
evaluation scores were set as 1. The intersection analysis tool was
used to calculate the density of the water and high water-density
areas were assigned low scores.

Landscape pattern: Using the construction land patches from
2019 third Survey, 11 landscape indices, such as radius of gy-
ration (GYRATE), shape index (SHAPE), and contiguity index
(CONTIG) were calculated in the FRAGSTATS platform. The
relationship between the 11 normalized landscape indices and
UGBr was obtained through binary logistic regression, and the
comprehensive landscape index (CLI)-A5 [48] characterizing
the landscape pattern of UGB was obtained. Higher CLI scores
indicated more suitable urban form and spatial pattern for de-
velopment.

Geological disaster: Geological disaster-prone areas have a
harsh natural environment, so urban construction needs to be
avoided. The distance to geological hazard points-A6 indicator
was obtained through buffer analysis.

2) Human Factors: Land use situation: We calculated the
proportion of urban land-B1 indicator based on vector data from
third survey and the stipulation that if more than 30% of the grid
is urban land, it belongs to the urban land grid. We used ArcGIS
focal statistics to analyze the proportion of urban land and show
the current situation of urban construction.

Location: The distance to regional centers-B2 indicator was
constructed based on the location of district and county govern-
ment offices as central markers, with urban construction tending
to gather toward urban centers.

Industry prospects: Industrial park density-B3 index was con-
structed based on the point data of high-tech development zones,

http://www.gscloud.cn/
http://www.gscloud.cn/
https://geocloud.cgs.gov.cn/
http://data.cma.cn/
http://www.ncdc.ac.cn/portal/
http://www.ncdc.ac.cn/portal/
https://eogdata.mines.edu/products/vnl/
https://changsha.anjuke.com/
https://nj.58.com/
https://nj.58.com/
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TABLE I
INDEX SYSTEM FOR URBAN GROWTH BOUNDARY DELINEATION
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Fig. 2. Technical process of UGB delineation.

science and technology parks, and other industrial parks, as areas
with concentrations of technology and industry that can promote
the construction of surrounding cities.

Transportation conditions: Three indicators were distance to
traffic nodes-B4, density of transport lines-B5, and density of
public transport stations-B6. Greater proximity to a transporta-
tion corridor facilitates movement and increases the probability
for urban sprawl [49].

Public service facilities: Two indicators density of SECH
facilities-B7 and density of C&B facilities-B8 were constructed
using data from the third survey and POI data. A concentration
of residential activities, high mobility, and better infrastructure
promotes the urban construction.

Human activity: Resident population data from the seventh
census were used to construct the resident population density-B9
indicator. The number of Weibo check-in records in each grid
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Fig. 3. Evaluation of the urban development boundary suitability score of partial indicators: (a), (b), and (c) represent natural, human, and ecological factors,
respectively.

were counted to construct the intensity of human activity-B10
indicator, with high values representing high intensity of the
human activity.

Economic vitality: This was represented by four indicators:
value-added of secondary industry-B11, residential rent-B12,
store rent-B13, and nighttime economic vitality-B14. B11 can
characterize the level of regional industrial development, and is
obtained from statistical yearbooks of each district and county.
To characterize the land rental level, a score for each grid was

obtained by Kriging interpolation using the monthly rental price
per m2 for each residential and commercial location. The NTLs
data were used to directly characterize the regional nighttime
economic dynamics [51].

3) Ecological Factors: Ecological land situation: The dis-
tance to nature reserves-C1 indicator was the distance to a
forest park, geological park, scenic area, nature reserve, or other
AOI, and the distance to other ecological lands-C2 indicator
was based on the distance to forest, garden, grassland, wetland,
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or similar. The ecological land coverage rate-C3 was also
constructed. Ecological land can provide essential materials for
human survival, which needs to be protected and is generally
not suitable for urban development.

Cultivated land condition: Changsha has a large proportion of
cultivated land, so this is analyzed separately using the indicators
distance to cultivated land-C4 and cultivated land coverage rate-
C5. Cultivated land is ecologically sensitive and protected by
national policies, not suitable urban construction.

Vegetation cover: The NDVI-C6 index is a quantitative de-
scription of vegetation cover and abundance, with a higher value
indicating denser vegetation. The cutoff points of 0.4, 0.5, and
0.6 were used to assign a UGB suitability score of 4–1. Grids
with a score of 1 were evaluated using the least restrictive factor
rule to avoid important ecological areas, such as forests from
being classified as UGB.

Soil properties: The soil organic matter content-C7 indicator
was constructed based on organic carbon content data from
the soil dataset, which characterizes the degree of fertility of
the soil, as organic matter contributes to the development and
formation of the soil. The soil erosion sensitivity-C8 indicator
was constructed by calculating the geometric mean of sensi-
tivity analyses of erodibility attributes from the soil dataset as
well as topography and coverage factors [52]. The lower the
organic matter content and the higher the erosion sensitivity, the
more fragile the soil environment in the area, indicating greater
sensitivity to human activities, which required strict control of
construction activities. Therefore, lower organic matter content
and higher erosion sensitivity meant lower UGB suitability.

Atmospheric environment: Based on data from 10 monitoring
stations in Changsha, the PM2.5 index-C9 and PM10 index-C10
indicators at the grid scale in the study area were obtained using
Kriging interpolation, where areas with severe air pollution are
not suitable as UGB.

B. Weight Determination by Machine-Learning Algorithm

1) Construction of Random Forest Model: RF is a combina-
torial algorithm that uses decision trees as base classifiers [53]. A
decision tree is a tree-like prediction model consisting of nodes
representing features or attributes and directed edges represent-
ing the values of the features [54]. The RF is constructed based
on the training subset, which is formed by random sampling
with put-back from the original dataset. At each internal node,
mtry predictor variables are randomly selected from original
variables as feature variables of the split node, and the best
split method is selected to split the node to complete decision
training. Decision trees are constructed using a selected subset
of features on a training subset, iterating until ntree decision
trees are generated [55]. After the construction, each decision
tree gives the prediction of new samples, and RF determines the
final classification result by majority voting [56]. The process
of splitting and judging the decision tree is usually based on the
purity or impurity of features. First, the best feature is selected
as the dividing standard of the current node based on criteria
including information gain, Gini index, and mean square error.
After determining best features, node splitting is performed

with different specific splitting methods until termination
conditions are met, such as a maximum depth is reached or
the number of samples in a leaf node is less than a predefined
threshold [57].

Evaluating the importance of variables in RF to obtain the
weights of each variable requires the use of out-of-bag (OOB)
data. Since the Bootstrap method was used for random sampling
with replacement when constructing decision trees [57], for each
tree there were approximately 36.8% samples that were not
involved in tree generation, and these are the OOB data [58].
The OOB data are brought into the trained RF model and the
calculated percentage of wrong scores is the OOB error, which
can be used to measure the importance of the variables [59]. This
article used the decrease in average precision, which changes the
value of a variable into a random number, to analyze the degree
of reduction in the predictive accuracy of the RF with other
variables unchanged. A larger value indicates that the variable
is more important [53].

To determine the weight of each indicator, the RF model first
must be trained on UGBr. The areas belonging to the UGB in
the training data were assigned a value of 1 and other regions
were assigned a value of 0 as the UGB status value. Using the
random stratified sampling method, about 10% of sample points
of UGB and other areas in the training data were extracted,
and the sample points’ corresponding UGB status values were
read using the sample function of ArcGIS. Raster data of the
evaluation and grading results of the 30 indicators in the index
system were unified into tif format and input to the RF model to
obtain the spatial variable dataset, thereby forming the original
training set X. Scikit-learn, an open-source toolkit for ML in
Python, was used to input the original training set X to train the
RF model.

2) Model Training and Parameter Setting: During the train-
ing process, the two abovementioned parameters ntree (number
of decision tree) and mtry (number of predictor variables) needed
to be set. The RF model combines the predictions of multiple
decision trees, and the final prediction results are obtained by
voting, so the mtry and ntree settings have an impact on the
prediction accuracy [60]. Since the test sample OOB in the RF
can be evaluated internally without the need to cross-validate
it or use a separate test set, the OOB misclassification rate
is an unbiased estimate of the RF generalization error. Thus,
this article used the OOB misclassification rate to measure the
model’s classification accuracy during parameter setting [60].

Improving prediction accuracy by making adjustments to
determine the appropriate parameters is a key step in model
training. The randomization of the model is better when the
number of decision trees is higher; i.e., larger ntree setting within
the allowable range means lower error of the model [61]. As
shown in Fig. 4, the ntree value was set to 100 for testing,
and accuracy increased and then decreased as mtry increased.
When mtry was set to 16 for testing, as ntree increased, the
classification accuracy increased then leveled off. Based on the
computational efficiency and computing speed of the model,
ntree was set to 100 and mtry to 16.

After training the RF, variable importance was measured in
the generated model using OOB data, and the contribution of
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Fig. 4. Schematic diagram of weight determination by random forest model.

each variable to the model could be obtained [41]. Models,
such as logistic regression, require linear independence among
spatial variables, which is often difficult to satisfy. In compar-
ison, RF, which is a natural nonlinear modeling tool, obtains
variable weight values that are more consistent with reality
and can evaluate the variables importance more effectively. To
improve training and computational speed, multithreaded and
parallel independent operations were used to construct the RF
model [62].

C. Comprehensive Evaluation of UGB Suitability and
Validation

After obtaining the evaluation index system and the results
of the 1–4 suitability grading for each indicator, multifactor
overlay analysis was conducted according to the index weights
determined by the RF model. ArcGIS was used to overlay the

suitability scores of each indicator according to the indicator
weights, giving the final UGB suitability score for each grid, thus
enabling a comprehensive evaluation of the UGB suitability.

The results were evaluated by comparing with the UGBr. Ac-
curacy was validated by user’s accuracy (UA), producer’s accu-
racy (PA), and overall accuracy (OA), and the Kappa coefficient
(K) to verify the accuracy and reliability of UGB delineation
[63]. UA, PA, and OA were calculated based on the statistical
concepts of true positive (TP), true negative (TN), false positive
(FP), and false negative (FN), using the following equations:

UA =
TP

TP + FP
(1)

PA =
TP

TP + FN
(2)

OA =
TP + TN

TP + TN + FP + FN
(3)
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Fig. 5. Indicator contributions by random forest model and Moran’s I value of 30 indicators.

where TP is the number of grids attributed to UGBr that the
model classified as UGB, TN is the number of grids not attributed
to UGBr that the model classified as other regions, FP is the
number of grids not attributed to UGBr that the model classified
as UGB, and FN is the number of grids attributed to UGBr that
the model classified as other regions.

Different suitability scores were used as thresholds for clas-
sifying UGB, and the OA and Kappa coefficient of the UGB
delineated under different thresholds are discussed. The highest
accuracy score was selected to determine the threshold for
classifying UGB in this article. If the grid suitability score was
greater than this score, it was designated as UGB, while those
with a lower score were not deemed suitable to be UGB. Based
on this, the final UGB delineation results of this experiment
were obtained, and UA and PA were calculated to assist in the
verification of the results.

IV. RESULTS

A. Indicator Weight and Contribution Analysis

In this article, 2000 and 10 000 sample points from 24 597
UGB grids and 108 936 other grids were selected from 2035
UGBr data, approximately 10%, and then 70% of 12 000 samples
formed the training set, 30% for validation set. The spatial
variable dataset was obtained based on the data of each indicator
after evaluation, and the trained RF model was used to measure
the weight of each indicator (Fig. 5). The global Moran’s I
value of each index was calculated based on the index evaluation
grading results (Fig. 3) to reflect the spatial correlation among
the evaluation units, to observe the spatial distribution character-
istics of high–high and low–low clustering of the development
of each factor in the city [64]. Results showed that the Moran’s I
value of all 30 indicators were greater than 0 and the significance
test results were p < 0.05, indicating that all the indicators
had positive spatial aggregation, which was consistent with the
agglomeration principle of urban development. The Moran’s I

value was greater than 0.9 for several indicators, such as dis-
tance to traffic nodes-B4 and nighttime economic vitality-B14,
indicating a high level of overall spatial agglomeration.

There were 6 natural, 14 human, and 10 ecological indi-
cators in the constructed index system. Compared with natu-
ral and ecological elements, human elements played a larger
role in UGB delineation, so they had higher weights. Among
the 30 indicators identified in the experiment, proportion of
urban land-B1 and nighttime economic vitality-B14 had the
highest weights—both exceeding 10%, indicating the greatest
ability to reflect urban development potential. Meanwhile, nine
indicators, including distance to traffic nodes-B4, density of
transport lines-B5, density of C&B facilities-B8, residential
rent-B12, soil organic matter content-C7, and PM10 index-C10,
had weights that accounted for more than 3%, indicating a
relatively significant impact (Fig. 5). From the weighting ratios
of the indicators, the geographic Big Data totally contributed
more than 33.72% to UGB delineation. The greater the suit-
ability for urban development, the higher the intensity of hu-
man activity and economic vitality. Among these, NTLs data
and housing rent data had significant advantages in evaluating
urban development potential. Weibo check-in data also played
a guiding role in the UGB delineation for its ability to reflect
human activities. In addition, better infrastructure and public
facilities equated to a higher possibility of urban development,
and POI related indicator showed a great influence on the UGB
delineation.

B. Urban Growth Boundary Delineation Results and Analysis

1) Urban Growth Boundary Suitability and Threshold Set-
ting: A comprehensive evaluation of the urban development po-
tential of the study area was conducted based on the constructed
evaluation index system and the index weights obtained from
model training, and the suitability scores of all grids delineated
as 2035 UGB were then obtained. Most of the scores were
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Fig. 6. (a) Spatial distribution of urban development boundary suitability score for 2035 (divided into 30 levels). (b) Frequency histogram of urban development
boundary suitability scores. (c) Statistics of delineated accuracy under different suitability scores.

concentrated in the range of 1.6–2.1, with the number of scores
between 1 and 2 accounting for approximately 77.09% of the
total number of grids, scores between 2 and 3 accounting for
about 19.96%, and scores above 3 accounting for about 2.94%
[Fig. 6(b)]. The high UGB suitability areas were primarily
concentrated in the current built-up areas and their surrounding
areas on both sides of the Xiang River and in the central parts
of the Liuyang and Ningxiang city, while low suitability scores
were primarily concentrated in the mountainous areas in the east
and west of the study area [Fig. 6(a)].

Different UGBs were delineated under each threshold values
of suitability score with equal interval. The accuracy was ana-
lyzed by comparing different delineation results with the UGBr

reference data under threshold value, discussing the correspond-
ing OA and Kappa, and finding the suitability score with the
highest delineation accuracy to determine the threshold value for
delineating the UGB. Since the suitability scores ranged 1–3.6,
the 2–3 point region was selected for accuracy verification,
and the range was narrowed down to the 2–2.5 interval by the
accuracy results of 2, 2.5, and 3. Finally, statistical analysis was
performed at 0.01 intervals in the range of 2.1–2.2, yielding a
maximum OA of 93.71% at a threshold of 2.16 and a maximum
K of 0.7575 at 2.14 [Fig. 6(c)]. The comprehensive statistical
results showed that both OA and K values were closest to
the maximum (OA was 93.69% and K was 0.7573) when the
suitability score was 2.15, which was determined as the threshold

value. The results of UGB delineation based on multisource
geographic Big Data (hereinafter referred to as UGBg) were thus
obtained (Fig. 7), and the area of 2035 UGBg was 1528.06 km2,
about 2.25 times of 2019 current urban construction land.

2) Accuracy of Urban Growth Boundary: UGBg was pri-
marily concentrated in the main urban area of Changsha along
the Xiang River. The eastern part of Liuyang City includes the
Dawei and Jiuling mountain ranges, the central part is covered by
the Lianyun Mountains, and the western part of Ningxiang City
includes the Weishan Mountain area, and these areas are ecolog-
ical spaces and not suitable for urban construction. Comparison
between UGBg and UGBr showed that the overall morphology
of the two was relatively consistent, with an overlapping area
of 1424.60 km2, indicating that more than 93% of the UGBr

was correctly identified (Fig. 7). The PA of UGBg delineation
was 86.27% and the UA was 93.22% (Table II). The area
of misclassification and omission was a total of 330.13 km2,
indicating relatively small errors and that the constructed index
system for UGB delineation was reasonable and the model was
highly accurate. Compared with the UGBr area of 1651.27 km2,
the UGBg area of 1528.06 km2 delineated in this article was
somewhat smaller in scope, particularly in the east-central and
south-central parts of Wangcheng District and some areas in
the central part of Yuelu District, which were not delineated
as development boundaries. The current status of these areas is
mostly vegetation, hills, and agricultural land. Some small areas
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Fig. 7. Comparison between the urban growth boundary reference data (UGBr) and the urban growth boundary delineated by experiment (UGBg).

TABLE II
URBAN GROWTH BOUNDARY DELINEATED BY EXPERIMENT (UGBg), URBAN GROWTH BOUNDARY DELINEATED WITHOUT GEOGRAPHIC BIG DATA (UGBn), AND

URBAN GROWTH BOUNDARY DELINEATED WITHOUT NIGHT LIGHT DATA (UGBv) DELINEATION ACCURACY AND AREA

scattered in Ningxiang and Liuyang cities were also failed to be
included in the UGB delineation.

V. DISCUSSION

A. Spatial Pattern Analysis of Urban Growth Boundary

Orientation analysis was used to explore the differences in
the spatial distribution of delineated 2035 UGBg in terms of
direction and scale and to identify the urban development direc-
tion and growth trend in relation to current urban construction
land in 2019. Taking the commercial center of Changsha, Wuyi
Square, as the central point, the area of Changsha was divided
in 16 directions at an interval of 22.5°, and the ratio of UGBg

to its total area in each direction was calculated to generate the
wind-rose diagram, with current construction land and UGBg as
the base map [Fig. 8(a)].

The spatial distribution of UGBg was consistent with the
overall spatial pattern of Changsha: “one axis, one belt, four
corridors, as well as one core area, two sub-centers, and ten
clusters” as proposed in the territorial spatial overall planning
of Changsha city (2021–2035), where Fig. 8(b) and (c), respec-
tively, showed transportation hubs, road networks and clusters,
economic development zones, ecological barriers, etc. in the
overall planning. The wind-rose diagram indicated that UGBg

was primarily distributed in a W-E direction, with the largest
proportion of the UGBg delineated area in the eastern region,

based around development clusters, such as the mature Chang-
sha economic and technological development (ETD) zone and
Liuyang ETD zone, with further development at the Xingsha
Songya Lake Cluster and the Jinyang New City Cluster. In
contrast, the distribution of the UGBg in the N-S direction
accounted for a relatively small percentage, with 28.78% of
UGB laid out as the core function area of urban construction
under the guidance of the Xiang River Comprehensive Service
Axis. This is related to Changsha’s long east-west distribution
and short vertical urban form. Moreover, the urban development
framework emphasizes guidance by key transportation hubs and
transportation road networks when building the industrial area
of Jinyang New City and Jinzhou New City to the east and
west of the center, so that urban development extends along
the east-west axis. However, the ecological barrier formed by
the mountainous areas to the east and west of Changsha also
limits the uncontrolled expansion of the city in the east-west
direction.

Compared with current urban construction land [Fig. 8(a)], the
UGBg expanded outward in all directions and extended the most
in the E–SEE–SE directions, which accorded with the Chang-
sha masterplan in terms of developing a “Changsha–Liuyang–
Ningxiang urban development belt that traverses Ningxiang
City, the core area of the main city, and Liuyang City.” Under
the guidance of the Air–Rail Cluster and the Jinyang New
City Cluster east of the Xiang River, urban development will
gradually penetrate the southeast of Changsha County. As urban
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Fig. 8. (a) Wind-rose map of urban growth boundary delineated by experiment (UGBg) area ratios by orientation and the distribution of 2019 current urban
construction land in Changsha. (b) Comprehensive transportation hub, road network, and urban development axis map of Changsha. (c) Territorial spatial pattern,
industrial park layout, and ecosystem protection map of Changsha [data from overall land and space planning of Changsha City (2021–2035)].

development needs to avoid the ecological spaces of Xiang River
North Embankment and ChangZhuTan Green Heart, expansion
in the north–south direction has slowed, and urban construction
has focused on upgrading. In the SW and E directions, however,
a hub of science and technology innovation has formed around
Yuelushan National University Science and Technology City
and a hub of aerospace manufacturing has formed around the
Changsha and Liuyang ETD Zone. Thus, expansion and multi-
polar extension of the development boundary have occurred, as
is important for healthy urban development.

B. Contributions of Geographic Big Data

Geographic Big Data has provided high spatial—temporal
resolution and comprehensive information for the studies of
urban dynamics and human behavior, and the laws and trends
hidden in the data can be revealed by data mining method, such
as ML [31], [33], [35]. This article integrated multiple sources of
geographic Big Data, such as Weibo check-ins and property rents
to carry out UGB delineation and explored their contribution in
UGB delineation. We broadly classified geographic Big Data

into two categories: Earth observation and human behavior Big
Data [65]. A control experiment was constructed to delineate
“UGB without geographic Big Data” (UGBn), which did not
use two types of geographic Big Data in UGB delineation but
used only spatial survey and natural and environmental data.
Using the same RF model and parameter optimization method,
UGBn delineated an area of 1446.60 km2 (Fig. 9), with a PA
of 82.31%, UA of 87.75%, OA of 88.26%, and K of 0.6893
(Table II). Compared with the delineation of UGBg, the delin-
eation of UGBn was less effective, with a 5–6 percentage point
reduction in accuracy, indicating the effectiveness of multisource
Big Data.

With reference to Google Earth images, UGBn, UGBg, and
UGBr, were compared (Fig. 9), and the results of the suitability
scores of delineated UGBn and UGBg were calculated. The
scores were normally distributed but with evident differences.
The peak of grid scores of UGBg was around 1.7, while the peak
of UGBn was around 2.1. The UGBn was primarily distributed
around the old city center in Furong and Tianxin Districts,
spreading significantly southward of Yuhua District, while the
delineated areas on both the east (eastern Changsha County) and
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Fig. 9 (a) Urban growth boundary reference data (UGBr) versus urban growth boundary delimited with or without geographic Big Data (UGBg and UGBn,
respectively). Comparison of UGBn and UGBg supplemented by remote sensing data and Weibo check-in data for example regions in (b) western part and (c)
southern part. (D) Histogram comparison chart of UGBn and UGBg suitability score.

west (western Wangcheng and Yuelu Districts) were smaller,
excluding some suitable. The explanation was that the UGBn

delineation relied only on predominantly natural and land use
factors, appropriately as they were the basis for urban devel-
opment, but these physical characteristics could not represent
the socioeconomic attributes of human activities. Geographic
Big Data contain rich information on human activities, which
can explore the “human–land” relationship from a more com-
prehensive perspective. The Weibo check-in data indicated that
residents’ activities in the eastern area of Changsha County and
Furong District were widespread [Fig. 3(b-8)], and POI data
also reflected the well-developed transport infrastructure and
commercial service points in these regions [Fig. 3(b-3), (b-5),
and (b-7)]. Furthermore, the property rent and NTLs data could
show higher economic vitality in Wangcheng and Yuelu Districts
in the western part of the central urban area [Fig. 3(b-9), (b-10),
and (b-11)], which had a greater concentration of traffic nodes
and industrial parks with more developable land.

For large suitable areas on the east and west sides, UGBg

notably extended to the west of the central city and with an
evident small, noncontiguous cluster of development to the
east, which accorded with large-scale development of the Air–
Rail cluster. And because geographic Big Data, such as Weibo
check-in data, were not integrated, part of the densely populated
area on the west side of UGBn was not included within the
development boundary [Fig. 9(b)]. In addition, UGBn extended
to the south of Yuhua District, where a large area of ecological

land was unsuitable for urban construction [Fig. 9(c)], only based
on the spatial survey and natural and environmental data. The
human behavior Big Data with a finer scale and wider spatial
and temporal scope show low levels of human activity, poor
infrastructure, and low economic vitality in this region [such as
Weibo check-in data in Fig. 3(b-8)]. NDVI data also revealed
that the area had an abundance of vegetation cover where urban
construction needs to be avoided; therefore, the southern part of
Yuhua District is not suitable for designation as UGB. Generally
speaking, geographic Big Data had significant advantages in
portraying the “human–land” relationship, and could play an
important supportive role in UGB delineation.

Fig. 5 showed that the nighttime economic vitality-B14 indi-
cator characterized by NTL data had the largest weight share
among the geographic Big Data. NTL data with 500-m resolu-
tion could characterize subtle economic differences at the grid
scale better than economic statistics [36]. NTL data contained
rich information on socioeconomic activities which was sig-
nificantly positively correlated with urbanization, thus played
a prominent role in the evaluation of UGB suitability [66].
To further quantify and analyze the contribution of NTL data,
“UGB without NTLs” (UGBv) was defined as removing NTL
data from the evaluation model to observe the change in the
accuracy of UGB delineation. We focused on the main urban
area of Changsha because there was little difference in the
delineation results for Liuyang and Ningxiang (Fig. 10). The
delineated area of UGBv was 1292.17 km2, which was much
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Fig. 10. Urban growth boundary reference data (UGBr) versus urban growth boundary delimited with or without nightlight data (UGBg and UGBv, respectively)
for example regions in (a) northwestern part and (b) southwestern part.

smaller than UGBr and UGBg. The results of UGBv had a PA
of 84.98%, UA of 90.42%, OA of 91.01%, and K of 0.7059,
so accuracy decreased by 2–3 percentage points (Table II). The
local comparisons showed that the unidentified areas of UGBv

were mostly areas with high NTL intensity, and the lack of
NTL data in the comprehensive evaluation could lead to the
failure to identify areas with high urban development potential.
Notably, areas such as waters with saturated problem and iso-
lated suburban roads outside urban areas were not designated
as UGBg despite with high NTL value. Therefore, integrating
geographic Big Data into the UGB delineation could improve
the identification of urban features and human activities, allow-
ing scientific and objective evaluation of urban development
potential.

C. Comparative Analysis With Existing Methods

Comparison with existing methods could prove the effec-
tiveness of our proposed method, and different weight deter-
mination method was first compared. The analytical hierarchy
process method of expert consultation or the entropy method
is usually used to determine index weights for the land use
suitability evaluation related to UGB delineation. Faced with
30 indicators in the domains of nature, humanity, and ecology,
the expert scoring method can encounter difficulties of accu-
rately estimating the weight distributions of many indicators
for one expert. Moreover, there may be large differences in
the scores of different experts. It is difficult to meet the incon-
sistency ratio requirement of the analytical hierarchy process
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method, and the determination of weights is highly subjective
[67]. For the entropy method, it relies on objective data and
is only affected by sample data, lacking subjective guidance.
The construction of indicators, such as humanities and ecology,
are deeply influenced by human factors, so the entropy method
cannot comprehensively and correctly represent the real situa-
tion of data, and cannot reflect the relationship between various
indicators [68]. Comparative experiments were conducted using
the entropy method to delineate UGB. According to the index
system constructed in the previous section, the source data were
normalized and non-negative processed, and the entropy value
were calculated according to the formula of the information
entropy [69]. Then, the difference coefficient and weight of the
indicators were calculated, and the entropy method was used to
analyze the processed data in SPSS to obtain the final weight
value of indicators. Accordingly, evaluation index system and
related indicator weight were combined to delineate UGB in
Changsha. Comparing the delineation result with UGBr, the
overlap area was 1341.60 km2 and the OA was about 87.93%,
which was about 5 percentage points lower than our proposed
method.

For the other category of UGB delineation method, spa-
tial simulation methods, such as CA models, suffer from the
difficulty of acquiring data. Model construction for land use
simulation in the near, medium, and long term and related model
validation require a long time-series of historical land use data,
and insufficient data affect the accuracy of the simulation. More-
over, such models struggle to capture the macro socioeconomic
drivers of urban growth, especially the human decision-making
process, which means they fail to reflect the land demand of
urban construction [70]. Comparative experiments were also
conducted based on the CLUMondo model to delineate UGB,
which was widely applied in the urban studies [71]. First, ac-
cording to the spatial policy and restriction document, we added
the restricted area layer to CLUMondo model to extract the
areas where land use changes were allowed. Then, the model’s
simulation scenario parameters were set based on the land use
data and land use change driving factor files. In this step, Landsat
images of 2000, 2015, and 2020 were adopted to classify land
use types into agricultural land, ecological land, water area,
and construction land. The quantitative change, change rate, and
transfer matrix of land use were analyzed accordingly. Based
on the indicators in Section III-A, the driving factor files with
parameters of the simulation scenario were further generated.
Finally, based on land use demand, the difference with simulated
land use data was compared in a constant iterative calculation
until land use demand was satisfied for CLUMondo model.
In this experiment, according to the average growth rate of
Changsha’s economic and social development in past 10 years,
the demand for three parameters of food production, built-up
area, and forest area in 2035 was calculated, and the 2010
land use data were used as a benchmark to simulate the scale
of construction land in 2035. The simulated construction land
was directly deemed as UGB, and correctly identified grids
was calculated for consistency check compared with UGBr.
Simulated results showed an overlapping area of 1390.67 km2

with UGBr, with the OA of 90.72%, slightly lower than our
proposed method.

Overall, in contrast to these two types of methods commonly
used in UGB delineation, the present article used ML model to
obtain weights, which could reduce the subjectivity of weight
determination and guaranteed the objectivity and scientificity
of the results. The use of multisource geographic Big Data
allowed this article to consider the influence of human behav-
ior and economic vitality on urban development while also
accounting for natural factors and ecological protection. This
comprehensive analysis provided a more scientific and practical
reference for decision-making about the scale and spatial pattern
of urban development. However, indicators of human factors in
terms of development potential, strategy, and forecasting were
lacking in this article. Consequently, the fact that peripheral areas
tend to develop and expand outward was not considered during
the delineation process. Some geographic Big Data were not
included in our index system due to data acquisition difficulties,
such as mobile phone signaling data, taxi trajectories data, and
land surface temperature data [72]. In addition, relatively low
accuracy of the data used for some evaluation indicators resulted
in an inability to accurately evaluate some fragmented and small
areas with high development potentials, especially geographic
Big Data. All the abovementioned issues require more attentions
in future articles to further improve the performance of UGB
delineation.

D. Suggestions on Urban Growth Boundary Delineation

Urban development is closely related to natural, human, and
ecological elements. Integration of the full range of elements
can provide multidimensional, multilevel, and multiperspective
comprehensive features for the accurate delineation of UGB.
Attentions should be paid to adhering to the combination of
reverse and positive constraints, fully respecting the natural
geographical pattern, and avoiding limiting factors, such as the
bottom line of environment and disaster risk in the process of
delineation. Meanwhile, the UGB delineation should make full
use of natural geography and feature boundaries, such as rivers,
hills, and transportation infrastructure, with the form as complete
as possible for easy identification and management. Moreover,
when extending the proposed method to other cities or regions,
differences in the size, spatial structure, development status,
and natural resources should be fully considered for the UGB
delineation.

The scientific delineation of UGB also requires a combination
of multisource geographic Big Data, which can provide high-
resolution, wide-coverage, real-time dynamic data to improve
the accuracy of UGB delineation. Geographic Big Data, such
as human behavior Big Data and NTL remote sensing data, can
represent the difference in human activities and economic vital-
ity, which are essential to the UGB delineation. Integration and
deeper analysis of geographic Big Data can reveal spatial pattern
and trends for urban development, and then allow scientific and
objective evaluation of its potentials, which has significance for
the accurate expression of urban areas.
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The precise implementation of UGB delineation results
should be promoted continually by local governments and the
Ministry of Natural Resources and Planning. There is a need
to strictly regulate the fact that no centralized construction of
cities, no planning and construction of development zones, and
industrial parks shall be carried out outside UGB. Meanwhile,
terrestrial spatial planning within UGB needs to be well arranged
in a way that ensures both constraint and flexibility.

VI. CONCLUSION

This article combined spatial survey data, natural and envi-
ronmental data, and multisource geographic Big Data, such as
NTLs, Weibo check-in, and property rent data, to delineate the
UGB. A total of 6 natural, 14 human, and 10 ecological indica-
tors formed the UGB suitability index system, with score of 1–4.
Using the manually drawn boundary UGBr as reference data, the
RF model was constructed by setting parameters ntree as 100
and mtry as 16, and the indicator weight was obtained more
objectively and scientifically. Based on these, the multifactor
overlay analysis was applied to delineate an area of 1528.06 km2

UGBg (with geographic Big Data) in 2035, with suitability
score of 2.15 as the threshold value. The overall morphology
of the delineation results of was consistent with UGBr, and the
overlapping area reached 1404.60 km2, with OA of 93.69, PA of
86.27%, and UA of 93.22%. The spatial distribution of UGBg

was consistent with the territorial spatial overall pattern, which
primarily distributed in a W-E direction. And it extended the
most in the E–SEE–SE directions compared with current urban
construction land, which accorded with the Changsha master-
plan. The geographic Big Data totally contributed more than
33.72% to UGB delineation, indicating its advantages, where
NTLs data and housing rent data had the largest contributions.
Comparison analysis showed that the accuracy of UGBn (with-
out geographic Big Data) and UGBv (UGB without NTLs data)
delineation results decreased by about 5.43 and 2.68 percentage,
respectively. By comparison with the entropy method and CLU-
Mondo model urban simulation method, the proposed method
was about 5 and 3 percentage points higher in the OA, respec-
tively, which showed a better performance and superiority of the
method.

Our proposed UGB delineation model with multisource ge-
ographic Big Data provides a scientific, accurate, and novel
framework for predicting the potential region of urban devel-
opment, which can contribute to territorial spatial planning and
realization of sustainable and high-quality development. The
optimization of the index system, the combination with more
types of geographic Big Data, and improvements of the ML
model in UGB delineation can be the further articles in the
future.
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