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Abstract: Land use and land cover changes (LULCC) are prime variables that reflect changes in
ecological systems. The Guangdong, Hong Kong, and Macau (GHKM) region located in South China
has undergone rapid economic development and urbanization over the past three decades (1986–2017).
Therefore, this study investigates the changes in LULC of GHKM based on multi-year Landsat and
nighttime light (NTL) data. First, a supervised classification technique, i.e., support vector machine
(SVM), is used to classify the Landsat images into seven thematic classes: forest, grassland, water,
fishponds, built-up, bareland, and farmland. Second, the demographic activities are studied
by calculating the light index, using nighttime light data. Third, several socioeconomic factors,
derived from statistical yearbooks, are used to determine the impact on the LULCC in the study
area. The post-classification change detection shows that the increase in the urban area, from 0.76%
(1488.35 km2) in 1986 to 10.31% (20,643.28 km2) in 2017, caused GHKM to become the largest
economic segment in South China. This unprecedented urbanization and industrialization resulted in
a substantial reduction in both farmland (from 53.54% (105,123.93 km2) to 33.07% (64,932.19 km2)) and
fishponds (from 1.25% (2463.35 km2) to 0.85% (1674.61 km2)) during 1986–2017. The most dominant
conversion, however, was of farmland to built-up area. The subsequent urban growth is also reflected
in the increasing light index trends revealed by NTL data. Of further interest is that the overall forest
cover increased from 33.24% (65,257.55 km2) to 45.02% (88,384.19 km2) during the study period,
with a significant proportion of farmland transformed into forest as a result of different afforestation
programs. An analysis of the socioeconomic indicators shows that the increase in gross domestic
product, total investment in real estate, and total sales of consumer goods, combined with the overall
industrialization, have led to (1) urbanization on a large scale, (2) an increased light index, and (3) the
reduction of farmland. The speed of development suggests that opportunistic development has taken
place, which requires a pressing need to improve land policies and regulations for more sustainable
urban development and protection of farmland.
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1. Introduction

Land use and land cover changes (LULCC) have increasingly become a global challenge. They are
the most direct expression of the effects of human activity on the natural ecosystems [1–3]. The United
Nations ‘Agenda of the Twenty-First Century’ in 1992 officially stimulated research activities related
to land use and, therefore, the effects of land cover change (LCC). In 1995, two main international
organizations, the International Geosphere-Biosphere Programme (IGBP) and the International Human
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Dimensions Programme (IHDP), initiated the joint program: the Land Use/Land Cover Change (LUCC)
Research Program, as the core of a study related to the global LULC. Thus, since 2000, the monitoring
and simulation of LULC change has become a key focus in the field of land change science [2,4,5].

Over the last few decades, land use changes and developments have resulted in population
pressure [5]. Both positive and negative health and welfare effects have arisen, as a result of random
industrialization, economic development, modernization, and urban planning policies. It has been
found that changes in land use have negative impacts on the climate, ecosystems, surface radioactivity
(e.g., increased atmospheric greenhouse gasses, depletion of the ozone layer), agricultural activities,
and biodiversity on both local and global scales. Such situations are more prevalent in developing
countries such as China [4,6–9].

Since the opening up of economic reform of China in 1978, radical changes in the economy,
industrialization, and urbanization have taken place, which in turn have produced a highly noticeable
LULCC, well-illustrated by the results of the rapid widespread development, mentioned above.
Examples are found in coastal areas such as the Pearl River Delta (PRD) region in Guangdong,
Shanghai, Jiangsu, and Zhejiang provinces of southeastern China [10,11]. China’s inherent problem,
namely, the availability of land resources per capita being far below the world average, has influenced
the current economic development and unprecedented urbanization. Development appears to have
been almost uninhibited and characterized by a lack of planning for the betterment of the areas in which
it has taken place. A consequence of this lack of planning is what appears to be random development,
resulting in a lack of cohesion and subsequent inhibition of the preservation of the land resources
of the newly urbanized areas [12]. During the five decades between 1949 and 1996, the total extent
of the urban area of the cities of China nearly tripled [13]. During 1980–2011, the urban population
increased by 500 million, thus, exceeding the total population of most countries. It is expected to rise by
a further 300 million by 2050 [14]. This rapid urbanization, combined with LULCC, reflects a depletion
of natural resources and subsequent eco-environmental changes [5].

During the same period, Guangdong, Macao, and Hong Kong (GHKM) have had similar
experiences to those mentioned above, and, LULCC are especially notable in the form of urban
land expansion and population growth. These areas were once rich in land resources and were
a major source of commercial grain production before the opening of economic reform. The speed
of urbanization and land use change (LUC) has been most significant in the PRD region, with the
urban area increasing by more than 300% between 1988 and 1996 [8,10,11,15]. More than 40% of
farmland was converted to a different land type between 1978 and 2013. Between 1978 and 1998,
approximately 92 km2 of water sites adjacent to the PRD were transformed to islands, most of which
have now been urbanized [8]. Such changes have obviously reduced areas of fishponds and farmland,
and consequently the associated resources and crop yield, at an increasing rate. As a result, sustainable
development has been constrained [16,17], with such trends expected to continue during the coming
decades. Contradictions in the realm of sustainable development and secure land use policy reform [14]
leads to further concern regarding food security [8,12,15,18].

Aggravating the above complex land structure and intensive urbanization, industrialization and
economic development have, therefore, highlighted the importance of the LULCC of the GHKM over
the past 30 years and the “from-to” change in order to determine the socioeconomic factors that will
contribute to the necessary changes to ensure future sustainable development.

In the continuing development of remote sensing technology, satellite remote sensing has been
widely used to detect LULC change both qualitatively and quantitatively [7,10,19–24], as well as
urban expansion [25], and to validate the modeling of urban growth [26,27]. Various methods
and algorithms, broadly classified into two types, have been developed for use in detecting such
changes. They include (1) change detection without classification, and (2) post-classification [7].
Change detection without classification includes the normalized difference vegetation index
(NDVI), normalized difference water index (NDWI), normalized difference built-up index (NDBI),
tasseled cap transformation, principal component analysis, and change vector analysis (CVA).
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Post-classification techniques include post-classification comparison, image differentiation, aerial
difference calculation, image rationing, and image regression [28]. All change detection techniques
provide the basis for an understanding of the relationships and interactions between humans and natural
phenomena [7,10,29]. Landsat images collected by Landsat 5 Thematic Mapper (TM), 7 Enhanced
Thematic Mapper Plus (ETM+), and 8 Operational Land Imager (OLI) are often used to detect
change, because they provide continuous, consistent, and long-term data over the past selected
decades [4,28–31]. They are available in multispectral, multi-resolution, and multi-temporal forms,
which make them useful for LULC change monitoring [4]. Extensive studies have been conducted
regarding LULCC [2,13,21,30,32–35] and their driving forces, such as urban expansion, population
growth [4,12,14,36], socioeconomic determinants [17,37], transformation of farmland to urban land [14],
and policy changes [38,39]. Wu et al. (2016) assessed urban expansion and LULC changes in Guangzhou
from 1979 to 2013 using differently dated Landsat images and concluded that urban expansion increased
by 1512.24 km2, at an annual rate of 11.25% [5]. Zhang et al. (2015) evaluated the long-term LULC
changes, and their results showed that the urbanized area in Dongguan had increased by more than
52% between 1979 to 2013 [40]. Du et al. (2014) revealed further LULC changes and concluded,
positively, that changes in land use were closely related to population growth, economic development,
and the implementation of policies [14].

For the classification of remote sensing data, both parametric and non-parametric statistical
learning techniques have been developed and used in different contexts [41]. Parametric statistical
learning techniques such as the maximum likelihood classifier (MLC) fail due to an inability to resolve
the interclass confusion. This limitation can be overcome by applying a non-parametric classifier
such as a support vector machine (SVM), which does not depend on any assumptions of the class
distributions of data [41–43]. The SVM is an advanced machine learning algorithm, binary classifier,
and a relatively new supervised classification technique [44]. The SVM outperforms the other methods
due to its robustness, high classification accuracy, and effective output results, even when using a small
training sample [29,41–43]. It operates on the principle of structural risk minimization (SRM) [45]
and has overcome the problem of overfitting [41,44]. Therefore, the SVM has recently attracted the
attention of researchers in the community of remote sensing [46]. Several studies have employed
an SVM [47–53].

GMHK land use has undergone a significant development over the past 30 years,
substantially influenced by the changing polices enabling industrialization, urbanization,
and socioeconomic activities. This region has become one of the richest regions in China, contributing
14% of the country’s gross domestic product (GDP) [54]. To understand the impacts of LULCC related
to changes in policies and socioeconomic dynamics, this study is based on an integrated analysis as
follows. First, we estimate the continuous monitoring of LULC changes in GHKM over the past 31 years
(1986–2017). Second, we analyze the driving factors and mechanisms of the change. Third, we determine
the relationship between light index, urbanization, and socioeconomic determinants. This study also
aims to provide reference data regarding the implementation of sustainable socioeconomic and urban
development for policy and decisions makers, and to map the relationships between factors that result
in the reduction of farmland.

2. Materials and Methods

2.1. Study Area

GHKM is located at 20◦13′N–25◦31′N, 109◦39′E–117◦19′E in the southernmost part of China
(Figure 1) [11,55,56]. It adjoins Fujian province in the east, Jiangxi and Hunan provinces in the
north, Guangxi in the west, and the South China Sea in the south [55]. GHKM covers a total area of
approximately 196,342 km2. The area consists of 23 cities, divided into four groups in accordance
with their geographical location. This includes 11 cities in the Pearl River Delta (PRD), five cities in
mountainous regions, four cities on the eastern side, and three cities on the western side [11,55,56].
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The whole area is a tropical and subtropical region. It has a humid climate with an annual average
temperature of 22 ◦C. The coldest month is January, with July the hottest. The rainy season begins in
April and ends in September, with an annual average precipitation ranging from 1500 to 2000 mm.
Forest coverage varies from north to south, in relation to the local climatic conditions. The total
population of the GHKM by 2017 was 9164.90 (10,000 persons) [54]. Guangzhou is the capital and the
Pearl River, flowing through GHKM, is the largest river in South China. The geography of the area is
mixed and includes rivers, mountains, hills, plateaus, and plains [11,17,55]. The area has been highly
industrialized and urbanized with its economy currently ranked 14th in the world.
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2.2. Data Acquisition and Preprocessing

2.2.1. Landsat Data

Atmospherically corrected Landsat (TM, ETM+, and OLI) level 2 images with 30 m spatial
resolution were collected in the dry season (October to March) from 1986 to 2017 from USGS Earth
Explorer [57]. The study area was covered with 15 tiles of Landsat images for the corresponding study
year. The dry season (winter) is considered the best period to study LULCC, due to minimal cloud
and a better capacity to differentiate between grasses and evergreen forest [17]. Mosaics of cloud-free
images were produced every five years. However, due to serious cloud contamination during some
years, the collected images were based on intervals that were one or two years longer or shorter during
the selected five years (Table S1).
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2.2.2. DMSP/OLS NTL Data

Defense Meteorological Satellite Program/Operational Linescan System (DMSP/OLS) version 4
data with 1 km spatial resolution and 6-bit radiometric resolution were downloaded from the National
Geophysical Data Center (NGDC) website of National Oceanic and Atmospheric Administration
(NOAA) [58]. NTL data from 1994 to 2010, used as an annual NTL image composite, were only
available for the period from 1992 to 2013. The stable night light product was used with six sensors F10,
F12, F14, F15, F16, and F18; all background noise is removed from this product [59], thus it comprises
only light emitting from residential areas, cities, town, and persistent lightning areas [60].

DMSP NTL images cannot be used directly because of the absence of onboard intercalibration
and sensor, orbit, and magnitude discrepancies, and the digital numbers (DN) values of lit pixels of
different satellites even when no changes occur on the ground [59,61–65]. Therefore, intercalibration,
inter-annual composition, and inter-annual series correction was performed to calibrate the NTL
data [59,61,62,64].

2.2.3. Other Data Sets

Other data used in this study included vector data of the GHKM administrative division
boundary and socioeconomic data such as population and GDP data extracted from Guangdong,
Hong Kong, and Macao Statistical Yearbooks 1986–2017. All satellite data, including Landsat and
NTL images, were clipped by the study area boundary. The projection system used for vector data
was WGS-1984-UTM-Zone-49N.

2.3. Land Use Land Cover Classification from Landsat Images

An a priori classification scheme was devised following similar studies in the GHKM [10,14,17].
LULC classes were defined as forest, grassland, water, fishponds, built-up, bareland, and farmland
(Table 1). The obtained images were classified by a supervised support vector machine (SVM) [66].
The SVM algorithm has flexible supervised classifier options with high accuracy when classifying the
multispectral data, compared to other supervised classification methods (such as a decision tree and
maximum likelihood classifier (MLC)). It is an advanced machine learning statistical algorithm that
separates the classes by an optimal decision hyperplane surface [67]. High-resolution Google Earth
imagery was used to assist with the selection of regions of interest (ROIs) as training samples. In the
SVM, a radial bias function (RBF) was used as a kernel function as this kernel yielded higher performance
with respect to convergence speed, robustness, and fewer parameter values to predefine [50]. The cost
parameter (C) tells the SVM optimization how much we want to avoid misclassifying each training
example. For large values of C, the optimization will choose a smaller-margin hyperplane whereas
a very small value of C will cause the optimizer to look for a larger margin separating the hyperplane.
The gamma parameter defines the influence of a single training example. With a low gamma value,
points far away from a plausible separation line are considered in the calculation for the separation
line. On the other hand, a high gamma value considers the points close to the separable line [44,50].
Therefore, an RBF with the adjusted parameters C factor = 100, gamma = 0.167, and threshold = 0
were used in this study, as these parameters give the best results and high classification accuracy.
The threshold = 0 was set so that it uses the full resolution image. To eliminate the random noise and
isolated pixels from a classified map, a majority filter of 8 by 8 was applied [14].

The accuracy of the classified maps was assessed by means of the producer’s accuracy, user’s
accuracy, and kappa statistics derived from the confusion matrix [68,69]. The accuracy assessment
samples were selected by stratified random sampling of the reference image verified with the
high-resolution images of Google Earth and the land use data from the provincial Department of Land
and Resources [70].
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Table 1. Description of land use land cover classes.

Class Description Abbreviation

Forest Forest, tree cover F

Grassland Natural shrubs and grassland G

Water Natural water bodies, oceans, lakes, rivers, and reservoir.
Water bodies that are not used for intensive aquaculture W

Fishponds Water bodies that are used for intensive aquaculture. Dike pond,
including mulberry FP

Built-up Land covered by buildings and other man-made structures BU

Bareland Exposed soil, sand, rocks, landfill sites, areas of active excavation BL

Farmland Land used for farming, cropland, orchards FL

2.4. Change Detection from Classification Map

Temporal changes in the spatial extent of the landscape thematic classes were determined
through post-classification comparison of the classified maps. The maps were paired sequentially,
i.e., 1986–1989, 1989–1994, 1994–2000, 2000–2005, 2005–2010, and 2010–2017, and transition matrices
were then produced [68,71]. To summarize the transition and for further analysis, gain (Equation (1)),
loss (Equation (2)), net change (Equation (3)), swap (Equation (4)), and total change (Equation (5)),
of each LULC class, for each of the periods [71] were calculated. Also calculated was the annual rate of
change using Equation (6), based on the compound interest law; therefore, there is an insensitivity to
different time periods [72,73].

G j = P+ j − P j j (1)

L j = P j+ − P j j (2)

ANc j =
∣∣∣P+ j − P j+

∣∣∣ (3)

Si = 2min
(
P j+ − P j j; P+ j − P j j

)
(4)

(Tc) j =
(

P j+ − P j j
)
+

(
P+ j − P j j

)
(5)

R =

(
1

T2 − T1

)
×

(
ln

A2

A1

)
× 100 (6)

where G represents a gain, L represents loss, ANc represents absolute net change, S represents
swap, Tc represents total change, A1 and A2 represent areas corresponding to times T1 and time T2,
respectively, and R represents the rate of change in percentage terms per year. Gain (G) is defined
as the landscape thematic class percentage at time 2 after subtracting its proportion from the time 1
landscape. Loss (L) is defined as the difference between the percentage of a class of time 1 landscape
and its persistent proportion after the transition period. Absolute net change (ANc) is defined as the
absolute difference of class landscape amount between the time 1 and time 2 landscapes. Swap (S)
represents the amount of a loss of class at one location and the same amount is added to a different
class in the landscape. The total change (Tc) characterizes the overall change, calculated by adding
gain and loss [68]. In this study, the forest growth, expansion of urban area, and loss of farmland were
explained both temporally and spatially through the transition matrix.

2.5. Light Index from DMSP NTL data

The light index is defined based, simultaneously, on two parameters: (1) the brightness of the
night light, and (2) the urban area of lit pixels. The light index shows a close relationship with urban
population, urban area, and economic activities [74,75]. Therefore, changes in the light index over time
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show the trends of population density and economic growth [55]. The light index was calculated using
the following formula:

Light Index = I ∗ S (7)

where I is the average night light brightness:

I =
1

NL ×DNM
×

DNM∑
i=P

(DNi × ni) (8)

where DNM is the maximum DN value, DNi is the DN value of the ith gray level, ni is the number of lit
pixels belonging to that ith gray level, P is the optimal threshold used to extract the urban area from
the NTL images, and NL is the number of lit pixels with a DN value between P and DNM. S is the
proportion of lit urban areas to the total area of a study region:

S =
AreaN

Area
(9)

where, AreaN is the lit urban areas and Area is the total area of the study region [55].

3. Results

3.1. LULC Changes from 1986 to 2017

The LULC maps for the years 1986, 1989, 1994, 2000, 2005, 2010, and 2017 were produced by
supervised image classification (Figure 2), followed by transition and persistence matrices of the
LULC classes. The accuracy assessment based on a confusion matrix, having overall accuracy of 91%
and kappa of 0.88 (Table S2), suggests each classified LULC map is satisfactory. The transformation
between the different LULC maps reflect the direction of change, which can be best explained using
a space-time change process. The results (Table S3) reveal that during 1986–2017, the major transition
occurred between built-up land, farmland, and forest. The diagonal numbers in Table S3 show a class
persistence (i.e., the area remained the same), and the off-diagonal numbers in the matrix represent
conversion from one class to another. The main characteristics of the transference are described below.

Figure 2 shows a series of maps, while Figure 3a,c is a bar chart and 3b, d gives LULC trends,
showing that the GHKM land cover changed significantly during the study period. The economic
reform policies, rapid economic development, and urbanization have changed the history of the study
area socially and economically, resulting in LULCC [39,76]. The LULCC over the past 30 years indicates
that forest, farmland, and built-up land remain the dominant cover types in the study area. The
results reveal that in 1986, built-up land had the least coverage (Figure 2, Table S3) and, over the years,
it increased from 0.76% in 1986 to 10.31% in 2017. Compared to other land cover classes, the built-up
area increased, with the highest annual rate of change i.e., 8.45%, during 1986–2017 (Table 2). Its highest
annual rate of change was observed between 1986 and 1989, i.e., 19.15%. From the late 1980s to
the 2000s, the GHKM built-up area grew at an annual rate of around 8–10%, decreasing to 5.19% in
2000–2017 but still maintaining a high rate. The built-up area attained its maximum gain from 0.59% to
2.05% over the entire study period, with the highest being in 2005–2010. Its continuous expansion
from an area of scattered downtown (central part or commercial of a town or city) to megacities is due
to economic growth and the increasing population.
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Figure 3. Area distribution of different land use land cover classes and change trends in Guangdong,
Hong Kong, and Macao from 1986 to 2017: (a) land use land cover area of forest, water, built-up land,
and farmland; (b) land use land cover change trends in forest, water, built-up land, and farmland;
(c) land use land cover area of grassland, fishponds, and bareland; and (d) land use land cover change
trends in grassland, fishponds, and bareland.
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Table 2. The annual rate of change of each class as a percentage.

1986–1989 1989–1994 1994–2000 2000–2005 2005–2010 2010–2017 1986–2017

(% Change Per Year)

Forest 2.95 1.23 0.58 0.42 0.75 0.86 0.98

Grassland −19.02 6.51 −8.21 11.96 −21.00 5.10 −2.69

Water 0.19 −0.02 −0.19 −0.50 0.06 0.30 −0.02

Fishponds 6.08 4.94 −1.36 −2.02 −4.94 −5.51 −1.24

Built-up 19.15 14.37 7.21 6.26 6.93 3.17 8.41

Bareland −21.40 13.36 −17.08 24.64 −29.47 3.45 −3.22

Farmland −2.38 −1.83 −0.86 −1.16 −1.60 −1.85 −1.55

The most socioeconomic development, industrialization, and urbanization have been observed in
the greater bay region, Pearl River Delta (PRD), while other areas such as the eastern flank, western flank,
and mountainous region have also grown. The Pearl River Delta (PRD) is characterized by intense
human activities. The proportion of built-up areas varies significantly over time in different cities.
In Shenzhen, Dongguan, Foshan, Zhongshan, and Macao, the built-up area was less than 5% in 1986.
Since then, the urban area in these cities have expanded to a greater degree than that of other cities.
The built-up land in these cities rose more than 50% by 2017 (Figure 4). In Guangzhou and Foshan,
the built-up areas were significantly higher than in other cities in 1986. They remain higher in built-up
area than other cities of the GHKM in 2017. The overall proportions of their built-up areas were
significantly lower than those in Shenzhen, Dongguan, Zhongshan, and Macao due to the relatively
slower rates of urban growth and the imbalanced internal development. The built-up area in small
cities such as Zhuhai is relatively smaller but proportionally close to that of Guangzhou. The built-up
area of Jiangmen, Jieyang, Huizhou, and Chaozhou is close to that of Zhuhai but the proportion of
their built-up land is smaller than that of the other PRD regions. The proportion of built-up areas in the
mountainous regions, on the western side, and in Shanwei city on the eastern flank are much smaller
than that of the other 12 cities in this study area. Thus, it is clear that the opening up of reform, and the
introduction of the new economic policies, especially in the PRD, have attracted a significant influence
of population from the inner provinces of China.

During the 31-year study period, among all the land use types the highest change in cover occurred
in farmland. The area covered by farmland decreased by about 21%, i.e., from 53.54% (105,123.39 km2)
to 33.07% (64,932.38 km2), with a net loss of 4.26% to 4.73% over the study period (Table S3). This was
mainly the result of the expansion of built-up areas, urbanization, and forest growth (at the rate of 0.98%
annually) (Figures 2 and 3). From the transition matrix (Table S3), the conversion of farmland to other
land types is most noticeable. As previously mentioned, a huge amount of farmland was transformed
into built-up area: a probable 615 km2 (0.31%), 1,804 km2 (0.92%), 1690 km2 (0.86%), 1796 km2 (0.91%),
3211 km2 (1.63%), and 2840 km2 (1.44%) in 1986–1989, 1989–1994, 1994–2000, 2000–2005, 2005–2010,
and 2010–2017, respectively. The per capita area of farmland decreased to 0.000708 km2 in 2017 from
0.001831 km2 in 1986. The net loss of farmland decreased significantly, whereas its conversion to
built-up land accelerated.
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Figure 4 shows that the proportion of farmland varied significantly over time in different cities
of the study area. The situation was worse in the PRD (coastal) region and on the eastern side
of the province, due to a significantly higher population density, higher economic development,
and well-established farmland traditions. From 1986 to 2017, the area of farmland loss in these regions
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was greater than that in other regions of the study area, as officials took full advantage of making
a financial profit, regardless of the total effect on society. Other matters such as sustainability were
not considered.

The forest areas and built-up land have increased greatly. The gains in forest were 3.81%, 3.27%,
1.93%, 1.85%, 2.17%, and 3.42% during 1986–1989, 1989–1994, 1994–2000, 2000–2005, 2005–2010, and
2010–2017, respectively (Table S3). The forest cover, converted from farmland, increased at rates of
3.58%, 2.96%, 1.61%, 1.48%, 1.80%, and 3.05% during 1986–1989, 1989–1994, 1994–2000, 2000–2005,
2005–2010, and 2010–2017, respectively (Table S3). The highest annual rate of change in forest areas
was 2.95% between 1986 and 1989 (Table 2). The changes in the proportion of forest cover over
time differed in each prefecture during each of the six periods. In the PRD region, forest decreased,
and more noticeably in Shenzhen, Dongguan, Zhuhai, and Zhongshan, but increased in peripheral
counties (Figure 4). This is mainly because of conversion to built-up area, agricultural production,
and unused land. From 1994 to 2017, forest cover also decreased on the eastern flank of the study area,
but increased in some of the surrounding counties. In Foshan and Guangzhou, forest decreased from
1986 to 2000 and then increased between 2000 and 2017 because of an increase in urban forestry within
the urbanized area.

The area of fishponds changed slightly, decreasing from 1.25% (2463.37 km2) to 0.85% (20241.77 km2)
during the study period. This shows that the net loss in fishponds increased from 0.68% to 0.85%
from 1986 to 2017. Therefore, a net loss of fishponds and farmland accelerated the growth of urban
area and forest cover. Considerable changes were also observed in both grassland areas and bareland.
Grassland was reduced from 0.23% (460.11 km2) in 1986 to 0.10% (189.72 km2) in 2017, whereas bareland
was reduced to 0.14% (275.40 km2) in 2017 from 0.38% (752.17 km2) in 1986 (Table S3). Grassland and
bareland are located at areas of low elevation such as the PRD, which is the main reason for their
shrinkage in areas. However, the change in water bodies was relatively stable (Figure 3).

The intermixing of forest, grassland, and farmland was also observed, mainly because of the
nearly identical signature and the phenological difference in the image acquisition. The transition
probabilities for forest to grassland are 0.03, 0.07, 0.02, 0.07, 0.02, and 0.03 (Table S3); for grassland
to forest they are 0.05, 0.02, 0.08, 0.04, 0.06, and 0.03 (Table S3) and for farmland to forest they are
3.58, 2.96, 1.61, 1.48, 1.80, and 3.05 during 1986–1989, 1989–1994, 1994–2000, 2000–2005, 2005–2010,
and 2010–2017, respectively (Table S3). A variation was observed in the trend of grassland and bareland
as the acquisition of Landsat images was done in the dry season [17].

3.2. Socioeconomic Change

Several types of socioeconomic factors collected from Guangdong, Hong Kong, and Macao
Statistical Bureaus for 1986 to 2017, as listed in Table 3, are responsible for LULCC in GHKM.

During the past 31 years (1986–2017), the GHKM GDP grew from 667.53 (100 million yuan) to
79,512.05 (100 million yuan) (Table 3), with an annual growth rate above 15%. Economic development
and population are closely related. With the increase in economic development, GDP increases.
This increase in economic development also resulted in population growth through migration,
as delineated in Table 3. This unprecedented increase of migrant population caused gradual expansion
of cities, urban sprawl, and loss of farmland. Figure 5 shows the GDP, built-up land, and farmland
trends from 1986 to 2017, further confirming the influence of the increasing GDP and population
growth on the GHKM land cover. Compared to the GDP, however, the annual population growth
is relatively low and varies significantly in different stages (Table 4) and in each city of the GHKM
(Figure 6). Shenzhen, Dongguan, Hong Kong, Foshan, Guangzhou, Macao, and Zhuhai (monocentric
cities) have experienced the greatest and most rapid increase over the past three decades; their annual
GDP and population growth rate is close to the average growth rates of the whole region. The rest of
the cities in the study area, however, have significantly lower growth rates than the regional averages
and that of the population.
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Table 3. Socioeconomic indicators of Guangdong, Hong Kong, and Macao.

1986 1989 1994 2000 2005 2010 2017

Gross Domestic Product
(100 million Yuan) 667.53 1381.39 4619.02 10,741.25 22,557.37 46,036.25 79,512.05

Primary Industry 188.37 351.73 692.25 986.32 1428.27 2286.98 3694.37

Secondary Industry 255.88 554.13 2253.25 4999.51 11,356.60 22,821.77 34,001.31

Tertiary Industry 223.28 475.53 1673.52 4755.42 9772.50 20,927.50 41,816.37

Total Population
(10,000 persons)

5740.70 6024.98 6691.46 7498.54 7899.64 8521.55 9164.90

Total Investment in
Fixed Assets

(100 million yuan)

216.50 347.34 2141.15 3233.70 7164.11 16,113.19 33,008.86

Government Revenue
(100 million yuan)

82.41 136.87 298.70 910.56 1807.20 4517.04 10,390.35

Gross Agricultural output
value (100 million yuan)

279.15 548.60 1151.38 1701.18 2447.57 3754.86 6078.43

Gross Industrial output
value (100 million yuan)

632.89 1647.24 7273.95 16,904.47 41,661.74 93,462.97 144,926.10

Total Retail Sales of
Consumer Good

(100 million yuan)

327.02 636.15 1991.33 4379.81 7915.51 17,458.44 34,739.00
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Table 4. Population growth rate during different period.

1986−1989 1989−1994 1994−2000 2000−2005 2005−2010 2010−2017

Population growth rate (%) 4.95 11.06 12.06 5.35 7.87 7.55
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Based on the urban extent dataset from NTL, an increasing trend of light index related to
urbanization has been observed (Figure S1, Table 5), which reflects human activities and development
(Figure 7). The reason for the increase in the light index is new lighting projects such as at malls,
scenic spots, and streets in order to make the cities seem more glamorous. Consequently, after 30 years
of development, a new pattern of urban sprawl has been observed in GHKM, especially in the PRD
region, now named the “Greater Bay area” (Figure 2). This area accounts for 57% of the GHKM
population. The GHKM government revenue has increased to 10,390.35 (100 million Yuan) from
82.41 (100 million Yuan) during the study period (Table 3).

Table 5. Light index of the study area for the years 1994, 2000, 2005, and 2010.

Year Light Index NTL* Built-Up Area (km2) Average SDV **

1994 3.42 7860 53.00 4.77

2000 4.40 1024 52.84 4.90

2005 6.21 15,104 54.27 4.53

2010 8.38 17,431 55.34 4.07

* NTL = nighttime light, ** SDV = Standard deviation.
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The total investment in fixed GHKM assets has increased from 216.50 (100 million Yuan) to
33,008.86 (100 million Yuan) during 1986–2017. This significant increase in annual investment is the
direct result of (a) more infrastructure and construction projects, (b) urbanization from low density to
high density, and (c) conversion of farmland to other land types during the study period [17,39,77].
There is a significant logarithmic relationship with a coefficient of determination R2 = 0.93 and R2

= 0.98 between the fixed assets investment and the built-up area (Figure 8a) and between GDP and
population (Figure 8b), respectively. Figure 8c indicates that the coefficient of determination between
population and farmland is 0.98. The light index has a strong relationship with urban areas extracted
from DMSP NTL data, total population, and socioeconomic indicators (i.e., secondary and tertiary
industry), with a coefficient of determination of 0.94, 0.94, and 0.83 (during 1994–2010) (Figure 8d–f).

During the study period, the total retail sales of consumer goods surged from 327.02 (100 million
Yuan) in 1986 to 34,739.00 (100 million Yuan) in 2017, reflecting the demand for consumer goods
such as cars and houses. This increase in spending power has promoted real estate. Due to
the above-mentioned factors, GHKM has also experienced significant socioeconomic development,
by encouraging industry. A large migrant population and increasing demand for labor have further
increased secondary and tertiary industries, rather than the primary industries (Table 3). As a result,
the total population increased from 5740.70 (10,000 persons) in 1986 to 9164.90 (10,000 persons) in 2017
(Table 3), with a population density of 612 (persons/km2) in 2017.
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4. Discussion

4.1. Driving Forces of LULCC: The Link Between Socioeconomic Factors and LULC

Previous studies have suggested that the processes of industrialization, urbanization,
macro-economic policies, and economic fluctuations may be the major driving forces of land use and,
therefore, land cover changes [39]. In the current study, the results from LULC maps (Figure 2) and NTL
images (Figure 7) shows the increasing trend of built-up area. This increase in built-up area reflects that
socioeconomic development and the upgrading of industrial structures affected the land use structure
and the provision of land resources. During the study period, fishponds decreased to 0.85% from
1.25% and forest cover increased to 45.02% from 33.24% (Figure 2). GHKM shows the relationship
between the different periods of modernization and the relationships with political movements,
socioeconomic development, and urbanization (Table 6). The year 1986 marked the beginning of the
economic “soft landing” that was intended to control unconstrained growth in the initial reform period.
However, the years 1996 and 1997 marked the beginning of administrative changes that required
approved integrated land use planning (LUO) at both regional and county levels and a shift to regional
urbanization and pro-urbanization [38] in the development policy [38]. The detected LULCC results
reveal a close relationship between urbanization and socioeconomic activities.

The primary reason for urbanization is the land price differences between cities and downtown
areas. The land prices of rural and backward areas were almost half, or even less than, that of
established urban areas. This huge difference in land prices attracted investors to install their industries
in commercially backward areas and towns. It also created the mixed land use patterns in which
villages were absorbed within cities and cities imposed on villages. In so doing, the expansion of urban
areas into the surrounding rural areas created strong pressure on farmland and provided an open
space for conversion to other land types [17]. Mixed land use patterns are more pronounced in highly
populated regions, further enabled by fast economic development. In circumstances of relatively
cheap land, it is difficult to control expansion owing to the interest of industrial investors. This rapid
industrial growth further drove the conversion of more farmland and the subsequent rise of built-up
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areas. Additionally, such developments are encouraged in that they provide a significant contribution
to government revenue.

Table 6. Changing land use policies from 1978 to 2017.

Years Periods Land Use Policies Issues

1978−1991 Opening up and economic
reform Local entrepreneurship

Initial productivity but effect
development of town and village
enterprises

1992−2002 Initial period of the socialist
market-oriented economy

Farmland protection and
land-use planning

Conflict over farmland protection and
land development

2003−2008 Mid-term of the socialist
market-oriented economy

Urbanization and regional
development
Regulating land markets, use
rights and property law

Uneven urban-rural and regional social
and economic development

2009−now Socialist market-oriented
economy

Intensive land use under
construction of civilization
Regulating land markets, use
rights and property

Conflict over farmland conversion,
protection and land development
Uneven urban–rural and regional social
and economic development

The increase in monthly income has increased the demand for a luxurious lifestyle. This includes
beautiful, spacious, and comfortable houses and more convenient transportation. This results in
an increase in demand for urban land. Thus, urban sprawl and economic development have moved the
GHKM away from an agrarian society. The light index has also delineated the land use policies that have
been the product of political, economic, and social conditions in different periods of modernization and
development since the opening of reform (Table 6) [38]. Over the last three decades, economic growth
is reflected in the marked increase in GDP, total investment in fixed assets, total retail sales of consumer
goods, and other socioeconomic determinants.

However, as urban land is more beneficial to the economic output of an area than areas of arable,
farming, agricultural land, and bareland in the urban fringes, these land types provided obvious
potential for urbanization [17,39,77]. Urban land accounts for 30–70% of government revenue [78].
The latter would probably be invested in industrialization and infrastructure projects to promote GDP
growth, and, in so doing, further the corresponding urban sprawl. GHKM leads the country in retail
sales and pays the most taxes to central government [76]. This causes an increase in the rate of land
cover change and, subsequently, the furthering of urban expansion. This facilitated urban growth,
not only in the PRD region but also in the outskirts of that region, which has been a major driving force
in the reduction of farmland. The PRD, the central part of the province, became the main urbanization
core, replacing the farmland of previous decades [17].

Developments in science and technology in terms of economic development have promoted
urbanization. New built-up areas were mainly concentrated in the center (PRD) and on the eastern
side of the study area because of their geographical location. For instance, areas of low elevation were
considered suitable for urban projects and development. The geography of each area resulted in the
expansion of urban areas at decreasing rates. In these two regions, farmland and fishponds were the
primary contributors to new built-up areas [14,56]. By comparing the PRD urbanized area with other
densely urbanized areas of the world such as the UK (7.5% built-up area), the Netherlands (11.5%),
and Belgium (20%), the PRD can be described as the most rapidly urbanized region, with built-up areas
rising to 10.31% over the entire study period [14]. However, it has been observed that urbanization has,
to a degree, become out of control, due to the inefficiency of land use management and failure of policies.
Further reasons are related to the growing industries, foreign direct investment, job opportunities,
desire for a better lifestyle, facilities, and road networks, and also the uniqueness of the location, i.e.,
neighboring Hong Kong and Macao [10,76].

4.2. Consequence of LULCC: Farmland Reduction and Replacement

Before the “open door” policy, Guangdong was an important region, dominated by open space,
and farming activities, and was the largest grain-growing region in China. It was an important
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production base for rice, sugar cane, and tropical fruits [14]. More than 50% of the country’s grain was
grown in its southern part [39,76]. After the economic reform process initiated a surge in industry
and technology, shifts in local economy, and a massive influx of overseas migrants, pressure was
placed on farmland. The pressure became more serious as planning and management functions lagged
behind economic development, making farmland unprotected and vulnerable [2–6], with the result
that, during the study period, it became a consistent source of new built-up areas, in line with the
performance of other similar regions [10,14,17].

The conversion of farmland to another land use type was eventually restrained by additional and
different land policies and legislation. The most influential of these were the “Land Administration
Law (LAL)”, the “Basic Farmland Protection Regulation (BFPR)”, the “Returning Farmland to Forest
Program (RFFP)” and “The Notice on Stabilizing and Improving the Contract of Rural Land issued
by central government” [39]. These programs were initiated by the government of China in 1999.
These programs aimed (1) to control the expansion of urban areas, and (2) to protect farmland and
its conversion. Furthermore, the aim was to promote market development and increase forest cover.
According to article no. 33 of LAL, there should be no net loss of farmland. To control the urban
sprawl, the stakeholders allowed the development of farmland, only if a substitute area could be
developed more efficiently elsewhere in the province. There are two major benefits of these policies: (1)
the control of the expansion of built-up areas, and (2) reclamation of farmland by establishing its use in
other places or by changing the preference of industry regarding the use of arable areas. The basic
hypotheses of the above policies were rejected due to high investment and the implementation of
different development policies that led to a significant occupation of land for construction activities.
The result was a constant increase in urban and rural area settlements at the cost of a large reduction
of the proportion of farmland and a widening of the urban–rural gap [13,14,39,76,79]. Thus, at the
above juncture, urbanization was given priority over the protection of farmland in the current stage of
economic development [14].

Unfortunately, farmland being displaced to other regions would not necessarily ensure grain
production, as the new sites may be less fertile, or dry and require irrigation facilities. Hence, because of
a lack of land suitability, a significant decline in grain yields from 4.6 million tons to 2 million tons was
seen in the early 2000s, causing adverse effects on the food production capacity. Additionally, a major
shift from traditional double-season rice cropping to a single season directly caused the decrease in total
grain production, even in more fertile and appropriate areas of farmland, such as in the higher areas of
the PRD region. The indication is that farmers in these areas had changed the agricultural structure
from food production to market-oriented farming, which included vegetables and animal husbandry.
Additionally, this substantial reduction in grain yield was also due to the changes in food demands of
high-income urban residents. For instance, larger sections of local communities began to consume less
rice and wheat, focusing more on poultry, meat, and fish. Together with the effects of environmental
pollution, which led to a serious decline in food quality, GHKM is currently facing the pressure of
food security. In addition, the government is facing difficulties in maintaining a constant supply of
farmland, due to rapid urbanization as indicated above. Thus, it is possible that food security problems
could negatively influence the current economic development process of the whole area. China needs
to independently produce grain to meet the demands of the growing population. Urbanization,
however, has increased the tension between the need to protect farmland and the demand for land
for development. Although it is important to improve agricultural productivity and food security,
as indicated above, there is an urgent need to strictly implement the protection policies regarding the
quantity and quality of farmland [14,38,39].

Irregularities and a lack of coordination with a market-oriented system have been unavoidable.
Prevention tactics regarding the transfer of rural, collectively owned land by means of a market-oriented
mechanism, have led to significant inequities between urban and rural activities. The policy “Proper
law of 2007” has led to the phenomenon of “financing through land,” and impoverishing farmers by
taking their land from them, apparently for the betterment of society, has caused an aggravation of the
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social divide between the urban and rural populations [38]. Thus, there appears to be a necessity to
modify the previously mentioned land policies and address or remove the urban–rural gap, not only
to better ensure sustainable economic development, but also to remove social division between them.

4.3. Benefits of LULCC: Forest Cover Increases

GMHK has been ahead of the country in terms of socioeconomic development and urbanization,
but also in its contribution to the deterioration of the environment. To solve such problems,
the government established the program “Greener Guangdong in 10 years” in 1985. By the end of
1993, 3.33 million hectares of degraded forest lands had been re-planted. To maintain this momentum,
urban forestry considerations were given priority by the government. The objective was to introduce
tree and shrub planting in cities to enhance the quality of life [80,81]. A focus was placed on obtaining
a Greener Guangdong [14,82]. Thus, during the period of this current study (1986–2017), forest cover
increased from 33.24% to 45.02%. The government’s encouragement of urban forestry was designed to
play a critical role in lessening the urban–rural gap, providing more job opportunities, improving the
environment, maintaining the ecological balance, beautifying urban regions [79], and controlling the
expansion of cities. The increase in the pattern of urban forestry reveals an increase in the demand for
forest resources in the urbanized areas and a willingness to control and preserve natural ecosystems [17].

From 1990 to the present, a wide range of forest programs were launched and implemented
in GHKM, thus supporting afforestation achievements and the modernization of forestry practices.
The focus was on both forest industry development (ecological forest) and plantations by adjusting tree
species and forest structure to support different economic and recreational purposes. These programs
also increased people’s incentives and interests regarding forestry development and encouraged
the recognition of public ownership. Industrialization and urbanization, therefore, have promoted
forestry development and the rehabilitation of degraded forest land in GHKM [81,83]. However,
the development of urban forestry is only one strategy for solving the many problems facing cities new
to the urbanization process.

4.4. Recommendation for Sustainable Development and Open Space Protection

Hong Kong can be considered reasonably successful in controlling unplanned urbanization and
protecting open spaces, despite the population growth, economic development and the resulting urban
sprawl to cater for them. The government should impose heavy taxes on the urban development of
farmland to prevent further loss of farmland. The government needs to set up a new administrative
body for the effective planning of land use. In this process, public contributions and making and
executing plans for land use and sustainable development will play a dominant role. Transferring
industrial activities from the PRD to lagging regions will help to reduce urban–rural inequality and
increase rural household income. This would result in lessoning rural poverty. Furthermore, a detailed
study at the city level is required to adapt policies more effectively and to control the negative impacts
of land cover changes.

5. Conclusions

The results show that over the past three decades, GHKM, a large tropical and sub-tropical
region in China, has undergone dramatic LULCC, mainly dominated by built-up land, farmland,
and forest. During the study period, the built-up area has increased from 0.76% to 10.31% and
farmland and fishponds decreased from 53.54% to 33.07% and from 1.25% to 0.85%, respectively.
On the other hand, at the expense of the reduction of farmland and different afforestation programs,
forest cover increased from 33.24% in 1986 to 45.02% in 2017. The primary reasons for such changes
in land use and land cover were the development of the socioeconomic corridor, industrialization,
job opportunities, urban sprawl, and different land policies. The transition of farmland to built-up area
and the increase in light index reveal that urbanization provides more benefits to the government in
terms of economic development. To some extent, the decrease in farmland mirrors the irreversible
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trends of industrialization, urbanization, and marketization. Moreover, a spatial analysis and statistical
data revealed that the marked increase in GDP, total investment in fixed assets, and total retail sales of
consumer goods have to a large extent led to the expansion of cities. On the other hand, there has been
a loss of farmland and an increase in forest cover. Such changes have caused notable land cover changes
in GHKM. These trends may also be projected into the future, such that socioeconomic developments
and policies may pose a serious threat to food security. These findings revealed in this paper are
designed to help policy and decision makers to analyze the relationship between socioeconomic drivers
and LULCC. Also, this paper provides a scientific basis for land resource optimization, not only in
GHKM but also in other parts of China.
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