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Abstract: Land use/cover change (LUCC) has a crucial influence on ecosystem function, environmen-
tal change and decision support. Rapid and precise monitoring of land use/cover change information
is essential for utilization and management of land resources. The objectives of this study were to
monitor land use/cover change of Guangzhou of China from 1986 to 2018 using remotely sensed
data, and analyze the correlation between artificial surface expansion and the gross domestic product
(GDP) growth. Supervised classification was performed using Random Forest classifier, and the
overall accuracy (OA) ranged from 86.42% to 96.58% and kappa coefficient (K) ranged from 0.8079 to
0.9499. The results show that the built-up area of Guangzhou of China from 1986 to 2018 continued
to increase. However, the vegetation area continued to decrease during 32 years. The built-up
area increased by 1315.56 km? (increased by 439.34%) with an average growth of 41.11 km? /year.
The vegetation area reduced by 1290.78 km? (reduced by 19.99%) with an average reduction of
40.34 km? /year. Research has shown that the reduced vegetation area was mainly converted into
built-up area. The area of water bodies and bare lands was relatively stable and had a little change.
The results indicate that the GDP had a strong positive correlation with built-up area (RZ = 0.98).
However, there is a strong negative correlation between the GDP and vegetation area (R? = 0.97)
in Guangzhou City, China. As a consequence, the increase of built-up area was at the cost of the
reduction of vegetation area.

Keywords: land use/cover change; remote sensing; classification; Landsat; Hyperion; Sentinel-1;
random forest; GDP

1. Introduction

Land use/cover change (LUCC) contains very important information for global envi-
ronmental change and human-environmental science [1-6]. LUCC can directly reflect on
the way humans utilize the land and the influence of human activities on the ecological
environment of Earth surface [7,8]. There is an increasing need for LUCC information to
promote the sustainable development of ecological environment and natural resources [9].
In recent years, LUCC has been changing at a vertiginous pace, especially in urban areas,
mainly due to rapid industrialization and urbanization [4,10]. With urban expansion, more
and more agricultural land, forest and water bodies are being converted to urban land [10],
with serious implications on food production, biodiversity, environmental change, human
health and natural hazards [11,12].

The expansion of cities promotes rapid economic development, however, urban
expansion induces economic growth often at the expense of environmental degradation
in developing countries [13]. Therefore, rapid and precise monitoring of land use/cover
change information is essential for utilization and management of land resources [14-17].

Remote sensing systems are an efficient tool for acquiring land cover information
and monitoring land use/cover change [15,18-20]. Spaceborne sensors can quickly and
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periodically acquire remotely sensed data over large areas [21]. These data provide eco-
nomical and reliable data source for monitoring land use/cover change periodically [6].
Remote sensing systems are divided into passive and active remote sensing. Passive remote
sensing data are mainly an optical imagery with a usually high spatial resolution and rich
texture information. It helps to easily identify the type and status of the ground object
through visual interpretation [22]. Passive remote sensing sensors have a wide spectrum
range, which can comprehensively observe ground features, however, optical images are
easily affected by cloud conditions [23,24]. Active remote sensing sensor emits a certain
form of electromagnetic waves to a target, and then the sensor receives and records the
reflected waves, such as synthetic aperture radar (SAR) [25] and Light Detection and Rang-
ing (LiDAR) [26]. SAR sensor has the advantage of all-weather collecting data and can
continuously monitor the target [23,27]. Moreover, SAR has a certain penetration ability
to the target object and cloud, and therefore can reduce the influence of rain, snow and
cloud [28]. LiDAR can quickly obtain the three-dimensional information of ground objects,
and the pulses emitted by the LiDAR systems can penetrate the vegetation canopy to
the ground [29]. LiDAR data have been widely used in 3D modeling and estimation of
vegetation structure parameters [30,31].

Using remotely sensed data can objectively obtain LUCC information. Many studies
have been successfully conducted on LUCC using remotely sensed data [6]. Calderén-Loor,
et al. [32] assessed LUCC from 1985 to 2015 using Landsat images and results showed
that the method presented by the authors is feasible for monitoring LUCC over large
areas. Mallupattu and Sreenivasula Reddy [14] studied LUCC using remotely sensed
data in urban areas and found that it was significant from 1976 to 2003. However, optical
remote sensing images can only be suitable for cloud-free conditions. SAR data are able
to overcome this problem and have great potential for land use change detection [33]. In
recent years, the number of researchers using SAR data to study land cover has significantly
increased [34,35]. Nevertheless, SAR sensors cannot obtain spectral information of target
object [36]. To make use of both data sources, some researchers used combined optical
images and SAR data to study LUCC and study results indicated that the combined data
could produce better results for land cover classification and information extraction than
single remotely sensed data [37-39].

China’s reform and opening-up policies started at the end of 1978, which referred to
two important policy areas: internal reforms within China itself and the active external
opening-up to the rest of the world. The reform and opening-up policies introduced private
business and market incentives to what was a state-led communist system. Since the reform
and opening up, Guangzhou’s economy has been developing rapidly and continuously,
and the GDP reached 2.3 trillion CNY in 2018. Guangzhou’s GDP ranks the 4th in China,
and GDP per capita was about 154,000 CNY in 2018. With the development of economy, the
urbanization level of Guangzhou City has been rapidly developed. Therefore, the built-up
area has been greatly expanded. LUCC research has been performed for studying urban
expansion in Guangzhou City. For example, Wu et al. (2016) classified land cover using
Landsat images and investigated the influence of urban expansion on LUCC [40].

In this study, we will study the feasibility of using multi-source remote sensing
data to monitor LUCC and the correlation between the urban expansion and the GDP in
Guangzhou. We first preprocessed the remote sensing images in this study. And then,
the remote sensing images were classified into vegetation, build-up, water bodies and
bare lands using Random Forest classifier, and classification accuracy was assessed using
the indicators of overall accuracy and kappa coefficient. Finally, we analyzed LUCC and
investigated the influence of urban expansion on the GDP growth. The main objectives of
this study are (1) to comprehensively utilize passive optical images and active radar data
to monitor LUCC of Guangzhou City from 1986 to 2018; and (2) analyze the correlation
between artificial surface expansion and the gross domestic product (GDP) growth.
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2. Materials and Methods
2.1. Study Area

The research area is located in Guangzhou of Guangdong Province, China (Figure 1).
Guangzhou City is the capital in Guangdong province, adjacent to Hong Kong and Macao.
Guangzhou belongs to hilly area with frequent cloud and rain coverage. Guangzhou is the
maritime subtropical monsoon climate. The annual average temperature is 20-22 °C and
annual rainfall is about 1720 mm with average relative humidity of 77%. Guangzhou City
is rich in vegetation types and has abundant rainfall, which is conducive to plant growth.
The vegetation in Guangzhou is evergreen all year round. Guangzhou Development
Zone was established in 1984 and is one of the first batch of national economic and
technological development zones. Guangzhou is a hub of land, sea and air transportation
in southern China, which is known as the South Gate of the motherland. Moreover, it is
an important coastal port city opened to the outside world and a famous tourist city in
southern China. Guangzhou City is a megacity and a national central city, which is an
international business center. Guangzhou City has a permanent population of 15.3 million
with a GDP of 2.3 trillion CNY in 2018. China is a developing country. In recent years,
more and more people from rural areas are moving into cities, which brings abundant
labor force to China’s industry and promotes the rapid development of China’s economy.
The rapid urbanization rate and economic growth of Guangzhou, together its challenging
climatic conditions, made it the ideal scenario to use remotely sensed data to monitor
LUCC. The economy of Guangzhou has maintained a high speed and healthy development.
Guangzhou’s GDP has ranked third in China for 27 consecutive years, from 1989 to 2016.
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Figure 1. Location of study area of Guangzhou in Guangdong Province of China.

2.2. Remotely Sensed Data and Preprocessing

Landsat images (TM/ETM+/OLI) are a moderate resolution (30 m) remote sensing
data. In this study, optical images from 1986 to 2018 were acquired from USGS Global
Visualization Viewer (GloVis) [41]. We selected remote sensing images with no or less
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cloud cover to improve accuracy of land cover classification. The study area of Guangzhou
City needs two scene images. Landsat path/row numbers are 122/43 and 122/44. We only
used the bands with a resolution of 30 m. Therefore, a total of 66 scenes remote sensing
data were downloaded. Hyperion data were collected by the hyperspectral sensor on
the EO-1 Earth Observation satellite. The Hyperion image has 242 spectral bands with a
spatial resolution of 30 m. Sentinel-1 provides data with four different modes. Sentinel-
1 SAR data were downloaded from European Space Agency website [42], which were
C-band data in Interferometric Wide Swath mode [43]. Sentinel-1 SAR images collected
were high-resolution (HR) Ground Range Detected (GRD) product with a pixel spacing of
10 m [44] and were resampled to 30 m to be consistent with Landsat data. Landsat data
were radiometrically corrected firstly. And then, atmospheric correction was performed
to remove the effect of atmosphere. Finally, geometric rectification and orthorectification
were taken on Landsat data. Moreover, the remote sensing data of each year from 1986
to 2018 were mosaicked and cropped to cover the whole study area. Preprocessing of
Hyperion data included noise removal, stripes removal, atmospheric correction, geometric
rectification and orthorectification. We used a minimum noise fraction (MNF) to smooth
the data. The atmospheric correction was performed using Line-of-sight Atmospheric
Analysis of Spectral Hypercubes (FLAASH) in ENVI software. Sentinel-1 SAR images were
processed using the software of Sentinel Application Platforms (SNAP) provided by the
European Space Agency. The preprocessing of SAR images included radiometric correction,
speckle reduction and terrain-correction. Radiometric calibration was performed to convert
SAR image pixel values to radar intensity backscatter coefficient. Lee Filter of 3 x 3
pixel size was used to reduce the speckle effect in the image. Terrain-correction was
performed using the Range-Doppler Terrain Correction Tool in SNAP. All data were
orthorectified using a digital elevation model (DEM) with a spatial resolution of 12.5 m.
Principal component analysis (PCA) was performed for each pre-processed data source.
PCA transformation is based on the variance and covariance of the data set [45], which
transforms the data to a new coordinate system to reduce the multidimensional datasets
into lower dimensions [46]. PCA transformation will produce some uncorrelated variables
called principal components, and only the first few principal components may account for
meaningful amounts of variance in the original data [47]. The flow chart of this study is
shown in Figure 2.

2.3. Classification of Land Cover and Post Process

In this study, land cover was classified into four classes: vegetation, build-up (arti-
ficial surfaces), water bodies and bare lands. Remote sensing images could be classified
according to supervised and unsupervised classification methods. Supervised classification
method is to select some representative training samples to train the classifier, and then
automatically classify the data of the whole study area according to the classifier. Unsu-
pervised classification generates clusters based on similar spectral characteristics inherent
in the image. Unsupervised classification method classifies the image without providing
training samples. In the study, we used supervised classification method to extract land
cover information. Random forest (RF) classifier is an ensemble learning algorithm, which
can be used as classification and regression. Researchers have used RF to classify land
cover such as Mahdianpari, Salehi, Mohammadimanesh and Motagh [35], Onojeghuo and
Onojeghuo [48],Pitkdnen and Kayhko [49]. Previous study results showed that RF classifier
has a higher classification accuracy compared with traditional classifiers [50,51]. There-
fore, we used RF classifier to perform land cover classification in this study. We selected
1578, 1291, 836 and 1125 training samples for vegetation, build-up, water bodies and bare
lands, respectively. The samples were selected through visual on screen, and the selected
samples were irregular polygons with different sizes. Training samples were distributed
evenly throughout the study area. The classification procedure of remote sensing image
usually produces some small and isolated spots [52]. Regardless of the perspective of
thematic mapping or the perspective of practical application, they need to be eliminated
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by classification post-process method. However, the classification accuracy was affected
by remote sensing image quality and cloud cover, and therefore, the classification errors
varied in different years. The errors in time series of land cover classification can also cause
LUCC errors. We used Majority Analysis and Minority Analysis to eliminate small spots.
The classification accuracies were assessed using the indicators of overall accuracy (OA)
and kappa coefficient (K). Overall accuracy assessed the correctly classified areas for the
whole image and is computed using the ratio of the total number of correct classifications
to the total number of sample points (Equation (1)). The kappa coefficient (Equation (2))
represents the degree of concordance between reference data and classified data [35].
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Figure 2. Flow chart of monitoring land use/cover change in the study.
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3. Results and Discussion
3.1. Land Use/Cover Change

A consistent time-series land cover classification was performed for Guangzhou
City from 1986 to 2018. The accuracies of land use classification were assessed. The
overall accuracy varied from 86.42% to 96.58% with kappa coefficient from 0.8079 to 0.9499.
The variations in classification accuracy may be attributed to differences in temporal
or quality of remote sensing data. Our classification accuracies were comparable with
previous studies, such as Calderén-Loor, et al. [32], Mahdianpari, et al. [35] and Tadele,
et al. [53]. Our classification accuracies were comparable with these previous studies, and
therefore, our study is acceptable in accuracy for monitoring LUCC of Guangzhou City.
The classification accuracy of each year is shown in Table 1. The LUCC maps of Guangzhou
City, China from 1986 to 2018 are shown in Figure 3. We could find that the built-up area
has been continuously expanding from 1986 to 2018, and correspondingly, the vegetation
area has been decreasing (Figure 3).

The changes of area in the build-up, vegetation, water bodies and bare lands of
Guangzhou City from 1986 to 2018 are shown in Figure 4. As shown in Figure 4, the
built-up area continually increased from 1986 to 2018, while the vegetation area has been
consistently declining from 1986 to 2018, despite slight fluctuations between 1995 and 1998.
These variations coincided with a minor slow down on the growth rate of the built-up area,
which peaked again in 2000. The area of water bodies and bare lands was relatively stable
and had little change in them.

With the development of economy and the increase of urban residents, the urban land
of Guangzhou has expanded rapidly. Urban expansion will cause great transformation in
LUCC [54], which can lead to an increase in natural disasters and destruction of natural
habitats. Moreover, more and more agricultural land is being converted to urban land use,
which will cause a reduction in food production and threaten food security. China is an
agricultural country and also a country with large population. In China, grain is always
the most important agricultural product concerning the national economy and people’s
livelihood. However, China per capita arable land is less than half of the global average.
Therefore, it is imperative to protect arable land to achieve sustainable agricultural devel-
opment but also, to protect forest land to fulfill the international principles of sustainable
forest management, declining deforestation and desertification.

The LUCC of Guangzhou city from 1986 to 2018 was monitored through multi-
temporal remotely sensed data. The results show that remote sensing technology could
quickly and reliably monitor LUCC at low cost. The spatial changes of land use/cover
from 1986 to 2018 is shown in Figure 5. As shown in Figure 5, Guangzhou City expanded
greatly in 32 years. We found that a large amount of vegetated land was converted to
built-up land, and the increase in built-up area was mainly converted from vegetation area
in Guangzhou City. However, only a few water bodies and bare lands were converted to
built-up area. There were relatively few changes among other land types.
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Table 1. The overall accuracy (OA) and kappa coefficient (K) of land cover classification Guangzhou
City, China from 1986 to 2018.

Year OA K Year OA K Year OA K

1986 92.50% 0.8791 1997 91.42% 0.8978 2008 91.18% 0.8857
1987 90.77% 0.8865 1998 86.42% 0.8079 2009 89.23% 0.8653
1988 95.12% 0.9460 1999 91.73% 0.8955 2010 90.00% 0.8890
1989 92.64% 0.9257 2000 90.13% 0.8735 2011 90.36% 0.8745
1990 92.13% 0.9026 2001 93.05% 0.8971 2012 90.68% 0.8569
1991 93.25% 0.9108 2002 92.41% 0.8986 2013 94.19% 0.9276
1992 96.58% 0.9499 2003 88.91% 0.8529 2014 89.69% 0.8542
1993 93.30% 0.9206 2004 90.13% 0.8901 2015 92.82% 0.9127
1994 91.55% 0.8999 2005 88.46% 0.8431 2016 94.44% 0.9192
1995 91.72% 0.8906 2006 91.50% 0.8998 2017 96.40% 0.9517
1996 95.44% 0.9393 2007 92.32% 0.8796 2018 94.51% 0.9336

Table 2 shows the transition matrix of LUCC in Guangzhou City between 1986 and
2018. There was a continuous increase in the built-up area. From 1986 to 2018, the built-up
area increased by 1315.56 km? from 299.44 km? in 1986 to 1615.00 km? in 2018. During 32
years, the built-up area increased by 439.34% with an average growth rate of 41.11 km? /year.
Research has shown that the expansion of built-up areas was mainly accomplished through
expanding over vegetation (1291.56 km?) and, to a significantly lower extent, over water
bodies and bare lands. The average reduction rate of vegetation area during 32 years
from 1986 to 2018 was 41.07 km? /year. The area of water bodies decreased by 8.75 km?
in 32 years, mainly due to seasonal dry and high water periods, land reclamation, and
construction of fish ponds and artificial lakes. The area of bare lands decreased by 16.02 km?
during in years, mainly due to seasonal vegetation changes, afforestation, crop planting
and harvesting, and engineering construction. In short, the expansion of built-up area was
at the cost of the vegetation area.

Table 2. Transition matrix of LUCC in Guangzhou City between 1986 and 2018 (km?).

2018

1986 Vegetation ~ Water Bodies Build-Up Bare Lands Total
Vegetation (%11286/5) (OZ.ZSOZ) (2(2390105/6) (02260}) 6457.08

Water bodies (5225) (SLS’Z';Z) (31228;) (096&@) 47963
Build-up (2.7523/0) (0.13;5/0) (92793142) (o?d(z)f/o) 299.44

Bare lands (42.79'?/0) (156.i1((>)°/o) (33%22/0) (291'5552/0) 4040
Total Qoo el wawy  eoawe T8

Land ownership in China is divided into two categories: State-owned land and
collectively-owned land, and there is no private ownership of land in China. Therefore,
urban growth and LUCC are greatly affected by government intervention and urban
development policies. Moreover, three control lines (permanent basic farmland red line,
urban development boundary, and ecological red line) are being put in place in China. The
delineation of the three control lines will help better protect the ecological environment,
save land and prevent the disorderly development of cities. As a consequence, the era of
endless urban expansion is over in China. We can anticipate that, in the future, Guangzhou
City will develop scientifically and methodically without substantial expansion.
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Figure 3. Land use/cover classification maps of Guangzhou City, China from 1986 to 2018.
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Figure 4. Changes of area in the build-up, vegetation, water bodies and bare lands of Guangzhou City, China from 1986
to 2018.
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Figure 5. Land use/cover change map of Guangzhou City from 1986 to 2018. In the legend, ‘veg’ represents vegetation, and

‘veg, buildup’ represents the conversion of vegetation area into built-up area.

3.2. Correlation Analysis between Build-Up and GDP Growth

We analyzed the correlation between economic development and the urbanization of
Guangzhou City, China. The gross domestic product (GDP) data of Guangzhou from 1986
to 2018 were obtained from website of Guangzhou statistics bureau (http:/ /tj.gz.gov.cn/
(accessed on 13 January 2021)). The GDP of Guangzhou City increased by 2271.98 billion
CNY (increased by 162.81 times) from 13.955 billion CNY in 1986 to 2285.935 billion CNY
in 2018. The GDP increased by 71.439 billion per year (increased by 5.1 times per year).
The average annual growth rate of GDP was 17.64%. In 32 years, the GDP per capita
increased by 155155.43 CNY, an increase of 62.75 times. The correlation analysis between
the GDP and the built-up area and the vegetation area obtained from remote sensing
interpretation was carried out, respectively. As shown in Figure 6, the GDP rapidly grew
with the increase of built-up area, and the GDP had a strong positive correlation with
built-up area (R? = 0.98). However, the GDP did not increase linearly with the built-up
area. Similar findings were reported by Wu, Li and Yu [40], who found that urban land
was highly correlated with the GDP. However, Figure 7 shows a strong negative correlation
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between the GDP and vegetation area (R? = 0.97) in Guangzhou City. The GDP increased
rapidly with the decrease of vegetation area. Figure 8 indicates the increments of built-up
area (km?) and GDP (billion CNY) relative to the previous year. We found that the built-up
area expanded the fastest in 1999, and the built-up area increased by 163.13 km? compared
with 1998. The GDP had the fastest growth rate in 2017, with an increase of 195.57 billion
CNY compared with 2016. As shown in the Figure 8, the economy has grown rapidly since
2014. However, the growth of GDP was not directly proportional to the growth of built-up
area. Therefore, the growth of built-up area is only one of the factors of the GDP growth.
Urban expansion can drive real estate, construction, commerce, etc., and can effectively
stimulate domestic demand and promote economic development. As a consequence, urban
expands with economic development, and in turn, urban expansion has a huge role in
promoting economic development in Guangzhou City. We find that the GDP increased by
3.16% when the built-up area increased by 1% in Guangzhou City. Therefore, the expansion
of built-up area can contribute to the rapid development of economy.

2.5

R? =0.98 e GDP

RMSE = 0.075 (X 10*2 CNY) —— Fitted line
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Figure 6. Fitting analysis of GDP and built-up area of Guangzhou City from 1986 to 2018.
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Figure 7. Fitting analysis of GDP and vegetation area in Guangzhou City, China from 1986 to 2018.
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Figure 8. The increments of built-up area (km?) and GDP (billion CNY) relative to the previous year.

Urban expansion is a complex process and is affected by many factors, such as econ-
omy, environment, and policy. Economic development played an important role in ur-
ban growth and LUCC. With the implementation of the reform and opening up policies,
Guangzhou’s economy has developed rapidly, which has attracted a large number of
people to work and live in Guangzhou City, so more housing and infrastructure are needed.
In order to meet the development of the city, the construction land in Guangzhou is con-
stantly increasing. Therefore, economic development has an important influence on urban
expansion and LUCC of Guangzhou City. As shown in Figure 7, the strong relationship
exists between GDP and built-up area. Our findings were also supported by a previous
study conducted by Wu, Li and Yu [40]. Urban expansion is not only the result of economic
development, but also closely related to local policies [55]. At the same time, the expansion
of Guangzhou City also promoted the rapid economy development. However, the growth
of GDP is caused by many factors, such as labor force and consumption. The growth of
built-up area is only one factor of GDP growth. However, urban expansion leads to the
accelerated loss of agricultural and forestry land, which affects the sustainable development
of agroforestry. Moreover, GDP is not the only indicator to measure the economy. The
ecological environment is also an important indicator to measure the high-quality eco-
nomic development. Therefore, balancing economic growth with ecological environment
protection is beneficial to preventing excessive urban expansion to ensure the scientific and

sustainable development of cities.

4. Conclusions

Land use and land cover change was monitored in Guangzhou City, China from
1986 to 2018. Research has shown that the built-up area of Guangzhou had a continuous
expansion from 1986 to 2018, and peaked during 1990 to 2000. In total, the built-up
area increased by 1315.56 km? in the studied time frame. The built-up area increased by
1315.56 km? from 1986 to 2018. However, the vegetation area reduced by 1290.78 km?, and
a total of 1291.56 km? of vegetation was converted into build-up. The following conclusions

can be drawn:
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1.  Remotely sensed data could be reliably used to classify land use/cover and monitor
LUCC in Guangzhou City.

2. The correlation between the GDP and build-up was investigated. The results indicate
that the GDP had a strong positive correlation with built-up area. Therefore, the
development of urbanization was closely related to the economic development of
Guangzhou City, China.

The results of this study will provide valuable information of LUCC for urban planning
and land use management. However, further research is required to study how the built-up
area affects Guangzhou’s GPD and how much the built-up area contributes to Guangzhou'’s
GDP. Moreover, urban expansion brings a series of problems, such as endangering national
food security and reducing biodiversity. We should prevent the excessive expansion of
the city and mitigate the damage of urban expansion to the ecological environment. As
a consequence, further research should be carried out to investigate the impact of urban
expansion on agriculture, ecology, environment and economy:.
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