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Abstract

The Macao Special Administrative Region is located in the southeastern coastal area of China. The region of
Macao was narrow in the history, so land reclamation has become a main means of expanding its geographical
scope. Exploring the significance of land reclamation for the planning and urban construction of the Macao
region provides valuable references. (1) The Google Earth Engine (GEE) cloud processing platform is used in this
study to calculate the modified normalized difference water index (MNDWI) based on Landsat data from 1986 to
2021; (2) the Jenks natural index classification method is used to extract the water body range, and the water body
boundary as well as area at different periods is calculated combined with the neural network classification
method in the environment for visualizing images (ENVI) software; (3) this study then combines the patch-
generating land use simulation (PLUS) model to predict the future trend of shoreline changes in the study area in
2036. The result indicates that the MNDWI and neural net classification method lead to a high classification
accuracy with both the overall accuracy (OA) and Kappa coefficient being higher than 87%. Land reclamation
activities in Macao were gradually intense from 1986 to 2021, with social and economic conditions such as
transportation being main influencing factors, which provides valuable references and inspiration for the regional
planning of the Macao Special Administrative Region.

Key words: Macao Special Administrative Region, Google Earth Engine, reclamation of land from the sea, water
body index, water boundary
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1  Introduction
Reclaiming land from the sea is an inevitable product of urb-

anization in coastal areas around the world. The rapid develop-
ment of industrialization has led to a series of urban problems,
such as population explosion, traffic congestion, housing short-
age and environmental pollution. Reclaiming land from the sea is
beneficial for avoiding and solving these urban problems. Macao
is located in the southeastern coastal area of China as an import-
ant part of the Guangdong-Hong Kong-Macao Greater Bay Area.
Studying changes in the coastline of the Macao Special Adminis-
trative Region is beneficial for its socio-economic development.

Remote sensing technology is an important means of assess-
ing changes in the ecological environment and economic-social
development of coastal areas (Xie et al., 2022). At present, many
studies have been focused on shoreline changes and marine eco-
logical environment in the Zhujiang River Estuary area. Liu et al.
(2017) processed remote sensing data of eight periods in the
Zhujiang River Estuary area, including six cities of Guangdong
Province from 1973 to 2015 using the object-oriented method,

obtaining coastline changes in the study area while carrying out a
driving force analysis. Wang et al. (2016) utilized the object-ori-
ented and supervised classification methods to monitor coast-
line changes in the Zhujiang River Estuary, including five cities of
Guangdong Province from 1960 to 2012. Yang et al. (2021) used
six remote sensing images from 1986 to 2018 to study spatiotem-
poral changes in the shoreline changes of the Guangdong-Hong
Kong-Macao region. Existing research is mainly focused on the
coastal changes in local cities of Guangdong-Hong Kong-Macao
Greater Bay Area during a few periods, without conducting re-
search on their long-term continuous changes. Macao is located
in the Zhujiang River Estuary region, with a small area of avail-
able and intensive land reclamation activities. There is currently
a lack of research on annual shoreline changes in the Macao re-
gion. Monitoring and analysis of the annual shoreline changes in
Macao Special Administrative Region can obtain more detailed
trends of shoreline changes. Combining Google Earth Engine
with neural network algorithm can improve the accuracy of ex-
traction. Traditional methods for extracting water bodies from  
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images mainly include threshold method, spectral index method,
object-oriented method based on texture and spectral features,
as well as machine learning method. With the rapid develop-
ment and improvement of machine learning method, neural net-
works are widely used in fields such as water detection, land use
classification, change detection, semantic segmentation and
quantitative remote sensing (Feng et al., 2022b). Some machine
learning methods like convolutional neural networks (CNNs),
generative adversarial networks (GANs) and fully-convolutional
neural networks (FCNs) improve the accuracy of water extrac-
tion by increasing the depth of hidden layers. The process of ma-
chine learning for water body extraction first involves inputting
remote sensing images and labeled samples; then extracting wa-
ter features such as textures and spectra, and methods such as
upsampling convolution, deconvolution and multi-scale seg-
mentation are used to segment water areas; finally, the results are
post-processed by combining morphologies, conditional ran-
dom fields and face objects (Duan and Hu, 2020; Feng et al.,
2019; Hertel et al., 2023; Lu et al., 2022; Weng et al., 2020).
Bendixen et al. (2017) conducted a comprehensive investigation
of the Arctic Delta by plotting the coastal morphology dynamics
of 121 Greenland deltas from 1940s to 2010s, finding that with cli-
mate warming, the increase in freshwater runoff and sediment
flux led to a gradual expansion of the delta area. The negative
AMO is associated with a continued acceleration of sea-level rise
along the northeast coast of the United States (McCarthy et al.,
2015). Changes in the coastal zones are an important reflection of
the development of social, economic, and natural conditions,
which mainly manifest shorter shorelines and smaller water
areas, having a significant impact on water dynamic conditions,
waves and currents. The main focus of research is on coastal
zone changes, beach restoration, the monitoring of marine ecolo-
gical environment as well as the monitoring and management of
coastal vegetation (Dai et al., 2019; Islam et al., 2019). Therefore,
it is imperative to monitor and restore the ecological environ-
ment of coastal zones over a long period of time.

Land classification and water extraction technologies have
gone through a development process from mathematical statist-
ics, optical wave analysis transformation and traditional image
processing methods to machine learning algorithm (Ahmad
et al., 2020; Yang et al., 2018; Yao et al., 2019). The emergence of
machine learning has laid a solid foundation for the application
of remote sensing technology. Using machine learning, features
related to classification tasks can be adaptively extracted, but due
to the complex network structure of deep learning, a large num-
ber of training samples are required to improve the accuracy of
prediction and classification (Feng et al., 2022a). The use of neur-
al network technology in the field of geospatial remote sensing is
becoming increasingly widespread, such as back propagation
neural network (BPNN), deep neural network (DNN) and recur-
rent neural network (RNN) (Pham et al., 2017; Wang et al., 2018;
Wei et al., 2022; Zhang et al., 2022a). The U-net algorithm has an
extremely high efficiency in image processing. The AlexNet al-
gorithm outperformed other image segmentation methods in
terms of classification accuracy; in 2015, fully-connected neural
network (FCN) emerged, achieving an end-to-end pixel level
classification (Hinton and Salakhutdinov, 2006; Chen et al.,
2018). The main characteristics of convolution operations are
local connections and weight sharing, while pooling operations
can satisfy evaluation invariance. The FCN adopts techniques
such as skip layer structure, residual and dilated convolution,
etc., which can achieve the task of target multi-scale information,
reconstruct original image information and save image spatial in-
formation from graph to graph (Zhang et al., 2020).

As an important coastal city in China, Macao is a typical area
for land reclamation. So, this study chooses Macao as the re-
search object. The modified normalized difference water index
(MNDWI) is an important water index improved from normal-
ized difference water index (NDWI), which is usually used to ex-
tract water areas in many studies (Xu, 2005; Karaman, 2021). The
patch-generating land use simulation (PLUS) is often effectively
utilized to predict land use transition (Li et al., 2022; Zhang et al.,
2022b). Layered feed forward neural network classification in the
environment for visualizing images (ENVI) is an effective meth-
od. Neural network algorithm is a highly-robust and applicable
image processing algorithm (Garajeh et al., 2021; Yang et al.,
2020), which has a wide range of applications in land use classi-
fication and water extraction. Using Google Earth Engine (GEE),
MNDWI, PLUS and neural net classification, this study explores
shoreline changes in the study area, reveals the development
process of land reclamation in the area, and combines natural
environmental socio-economic factors such as transportation,
terrain, GDP as well as population to explore the future develop-
ment trend of land reclamation in the area based on the PLUS
model, which provides valuable references for the Government’s
urban development decision-making and planning.

2  Study area and study methods

2.1  Introduction of study area
The Macao Special Administrative Region is located around

the South China Sea in the southeastern coastal area of China,
with longitude and latitude positioned at 22°11′ N, 113°33′ E
(Fig. 1). The climate type of this area is subtropical monsoon hu-
mid climate. There are higher temperatures, more precipitation
and higher humidity in summer, with a is relatively warm and dry
climate in winter. The geographical area of Macao is 32.8 km2,
with a relatively low and flat terrain. The economic pillar of Ma-
cao is secondary and tertiary industries, which have a high de-
mand for urban geographical scope.

2.2  Study methods
This study first uses GEE to obtain Landsat remote sensing

image data of the study area, then the MNDWI water body index
is calculated, and the possible range of water bodies is obtained
based on Jenks natural breakpoint method. We establish a re-
gion of interest based on the water body range delineated by
Jenks, and then use the neural net classification method of ENVI
software for water body classification research (Fig. 2).

2.2.1  Remote sensing image processing based on GEE
The GEE platform is currently a widely-used remote sensing

image processing platform that can efficiently process remote
sensing image data, providing remote sensing and ecological en-
vironment workers with a large amount of data on free long time
series remote sensing images as well as a large number of func-
tion algorithms, which can easily implement various algorithms,
and is compatible with both JavaScript and Python languages,
providing convenience for different researchers to conduct sci-
entific research. This study conducts cloud removal and other
preprocessing on Landsat remote sensing image data from 1986
to 2021 using GEE. Finally, we use the mean of annual remote
sensing images as the data source in the water extraction re-
search. Due to the large number of Landsat images in the same
region each year, representing different time periods, we have
taken the mean of remote sensing image data in different time
periods throughout the year as a representative of remote sens-
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ing images for that year. However, it was difficult to obtain high-
quality remote sensing image data in 2012 because there were
many stripes in the image, so this study excludes that year. Com-
mon indicators include visually-discernible coastal features used
in this study and tidal datum-based coastline features.

2.2.2  MNDWI water index and Jenks water range extraction
The MNDWI is based on mid infrared and green bands, de-

rived from NDWI, and has been improved to reduce interfer-
ences from high-rise buildings in cities for water area detection.
The Jenks natural breakpoint method can be used to effectively
classify data and identify differences among different land use
patches, whose classification principle is “the minimum intra-
class difference and the maximum inter-class difference”. The

formula for MNDWI is as follows:

MNDWI = (G− SWIR)/(G+ SWIR), (1)

where G represents the reflectance of green bands, and SWIR
represents the reflectance of shortwave infrared bands.

2.2.3  Neural net classification and PLUS model
Neural network algorithms belong to machine learning al-

gorithms. Ordinary neural networks mainly include input layers,
hidden layers and output layers, each with several neurons,
which can achieve functions such as pattern recognition and in-
telligent control. The neural net classification algorithm in ENVI
is a layered feed forward neural network classification.
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Fig. 1.   Introduction to the location of the study area with the Digital Elevation Model and the remote sensing data.
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Fig. 2.   Research technology flow chart.
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The PLUS model is a land use spatial distribution and predic-
tion model developed in recent years, which adopts the random
forest classification method while combining natural or socio-
economic factors to analyze the driving factors of land use
changes, and then predicts the future distribution patterns of
land use patches. This study uses the PLUS model to predict the
future distribution of water bodies in the region. Because coast-
line changes in Macao are mainly due to its tight land area
caused by socio-economic development, the government adopts
the method of land reclamation to expand urban land area.
Therefore, this study chooses these influencing factors for pre-
dictive research. The information of influencing factors is shown
in the Table 1.

2.2.4  Evaluation of water extraction accuracy
This study uses overall accuracy (OA) and Kappa accuracy

evaluation methods to evaluate the accuracy of water extraction.
The formulas for OA and Kappa are as follows:

OA = (TP+ TN)/(TP+ TN+ FP+ FN), (2)

Kappa = (P − PE)/(− PE), (3)

where, TP represents the true number of cases, TN represents the
true negative number of cases, FP represents the false positive
number of cases, and FN represents the false negative number of
cases. P0 is the sum of the number of correctly-classified samples
for each class divided by the total number of samples, which is
the overall classification accuracy. PE is the sum of the products
of the actual and predicted number of samples, divided by the
square of the total number of samples.

3  Results

3.1  Verification results of accuracy of water extraction range
This study selects 100 sample points in both water and non-

water bodies respectively as validation data sources to validate
the water extraction areas from 1986 to 2021 (Figs 3 and 4). The
results show that the water extraction accuracy of both OA and
Kappa coefficient are higher than 87% year by year during this
period (Fig. 5).

3.2  The changes in the coastline of Macao
Macao is mainly divided into Macao Peninsula, Taipa Island

and Coloane Island. From 1986 to 2021, the land area of the study

area showed a fluctuating upward trend, while the water area
gradually decreased (Figs 6 and 7). From 1986 to 1991, areas with
significant changes in coastline were mainly located on Macao
Peninsula. In 1986, the Bei’an Industrial Zone in the northeast of
Taipa, the Ocean Garden residential area in the west, the Lian-
sheng Industrial Village in the northwest of Coloane, as well as
the cement plant and oil depot in the northeast were success-
ively reclaimed from the sea. From 1991 to 1996, coastline
changes in Taipa Island and Coloane Island were quite typical.
From 1987 to 1996, Macao Peninsula carried out another large-
scale reclamation project in history, mainly including the Black
Sand Ring Reclamation Project, the Outer Harbor Reclamation
Project and the South Bay Lake Reclamation Project, as well as
some small projects in the northwest and south ends of the
peninsula; Taipa has carried out larger-scale reclamation
projects, including the expansion of international airports and
racetracks; Coloane has also completed land reclamation for Jiu’ao
Port and power plants, as well as for hotels and residential areas
on both sides of the Heisha Bay. From 1996 to 2001, regional
coastline changes between Taipa Island and Coloane Island were
quite typical. The Taipa City Reclamation Project was launched
in 1997 and completed in 2006, during which, some reclamation
projects were carried out on Macao Peninsula, such as the Qing-
zhou Cross Border Industrial Zone and the Vicinity of Chopsticks
Base. The most famous offshore reclamation project was the Co-
tai City Reclamation Project on both sides of the Cotai Express-
way, which began in the late 1990s. In the following decade, the
area between Taipa Island and Coloane Island remained in a
state of land reclamation, which lasted until 2011. After 2006, Ma-
cao successively improved the Cotai Reclamation Project in the
eastern part of the airport (which has been completed) and
launched a new “Macao New City” Reclamation Plan. After 2011,
land reclamation in the Macao region mainly occurred on Ma-
cao Peninsula.

3.3  Analysis of main factors of land reclamation in Macao
This study uses factors such as population, GDP, transporta-

tion and building density to analyze the main influencing factors
of land reclamation (Fig. 8). Perhaps because Macao’s GDP has
always been at a stable growth level, its impact on Macao’s land
and water changes is smaller than other factors. The main influ-
encing factors of shoreline changes from 1986 to 1996 were trans-
portation and terrain, while those of shoreline changes from 1996
to 2006 were also transportation and rainfall. From 2006 to 2016,
the proportion of natural factors in shoreline changes was relat-
ively high. During the period from 2016 to 2021, transportation

 

Table 1.   Data introduction of different influencing factors
Influence factor Spatial resolution Reference

Precipitation 1 km https://www.resdc.cn/Default.aspx

Temperature 1 km https://www.resdc.cn/Default.aspx

Slope 30 m https://www.gscloud.cn/

Elevation 30 m https://www.gscloud.cn/

Aspect 30 m https://www.gscloud.cn/

GDP 1 km https://www.resdc.cn/Default.aspx

Population 1 km https://www.resdc.cn/Default.aspx

Distance from road 30 m https://www.openstreetmap.org/

Distance from river 30 m https://www.openstreetmap.org/

Distance from railways 30 m https://www.openstreetmap.org/

Geomorphology 30 m https://www.resdc.cn/Default.aspx

Evaporation 30 m https://www.resdc.cn/Default.aspx
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also had a significant impact on shoreline changes. Therefore,
transportation, among natural factors, is the main influencing
factor of shoreline changes in the study area. Because Macao is
mainly dominated by secondary and tertiary industries, espe-
cially gambling tourism industry in the tertiary sector, socio-eco-
nomic factors play a dominant role in land reclamation and
coastline changes. Meanwhile, all the roads built during these re-
clamation projects are used for secondary and tertiary industry
lands, which are economic, such as the Black Sand Ring Outer
Port Nansha Lake Reclamation Project on Macao Peninsula and
the Cotai Reclamation Project on Taipa Island as well as Coloane
Island. The latter is connected by the Cotai Expressway, so trans-
portation factors play a crucial role in the transformation of the
Macao coastline.

3.4  The development process of future land reclamation in Macao
We use natural and socio-economic driving force data and

water classification data from 2006 to 2021 as data sources, and
predict the land reclamation situation of Macao in 2036 based on

the PLUS model (Fig. 9). The results indicate that future land re-
clamation will mainly occur in the surrounding areas of existing
land reclamation, namely the eastern region of Macao Peninsula
and the northeast region of Taipa and Coloane. However, the
PLUS model predicts that there may be land protrusions in the
sea area in the future, which may be caused by natural factors.
Natural conditions of the sea area are relatively good, and the re-
search area has also experienced a land reclamation far from
lands.

4  Discussion

4.1  Comparison of different water extraction methods
Neural networks based on machine learning algorithms are

an important and effective method for land use patch classifica-
tion, which can intelligently serve shoreline monitoring. We use a
layered feed-forward neural network classification algorithm for
water range extraction and achieved a high validation accuracy,
indicating that neural network algorithms can be effectively ap-
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Fig. 3.   Original remote sensing image data of the research area.
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plied to water range extraction. This method is more effective
than traditional band ratio methods, threshold methods and im-
age edge detection methods (Feyisa et al., 2014; Wang et al., 2010;
Liu et al., 2017; Sunder et al., 2017). In addition, our result is sim-
ilar to that of other studies using machine learning methods. Li
et al. (2019) proposed a SAR image change detection algorithm
based on CNNs, through which false labels are first generated
through unsupervised spatial fuzzy clustering, then these
samples are filtered to train the neural networks, and results are
obtained through the trained CNN. Gao et al. (2019) proposed a
CWNN algorithm and the result demonstrated the effectiveness
and robustness of the method. Neural networks have advantages
such as processing large-scale and temporal data, multi-level fea-
ture extraction methods, local connections and weight sharing,
so they still have good performance in water extraction. Image
classification technology has also been widely applied in
shoreline and water range extraction, evolving from visual inter-
pretation to supervised and unsupervised classification, as well

as to current machine learning technologies, where classification
methods have evolved from pixel-based to object-based (Chen
et al., 2022; Gong et al., 2012; Hochberg, 2003; Hu and Ban, 2014;
Li et al., 2022; Mcfeeters, 1996; Purkis et al., 2002; Yang et al.,
2018). AlexNet, SPP net, NIN, CaffeNet, ZF net and other neural
network algorithms have emerged and been widely utilized (Qiu
et al., 2020; Tseng and Sun, 2022; Wei et al., 2023; Zhang et al.,
2016; Zhao and Du, 2016). Wang et al. (2017) proposed a vari-
ance method for extracting discriminative image features from
the same same-level information contained in CNNs. Hinton and
Salakhutdinov (2006) studied a deep auto-encoder network
learning method that could effectively initialize weights, which is
more efficient than principal component analyses. Chen et al.
(2018) integrated the final DCNN layer with the CRF and got
improved localization performance. Ge et al. (2022) proved
that the improved U-net algorithm performed better than tradi-
tional methods, while other studies got the similar result (Chen
et al., 2020; Duan and Hu, 2020; Lu et al., 2022; Wang and Wang,
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Fig. 4.   Extraction of water body range of the study area.
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2019; Weng et al., 2020; Zhang et al., 2017a, 2018, 2023). There-
fore, many studies used CNNs for water area extraction, and
the accuracy of the algorithms was relatively high (Gao et al.,
2019; Li et al., 2018; Nemni et al., 2020; Tseng and Sun, 2022).
In the future, neural networks will gradually be improved to en-
hance their applications in the field of image analysis, and their
applications in the water area extraction field will be more ex-
tensive.

4.2  Application of different data sources in water extraction
In this study, we use Landsat remote sensing image data for

water range extraction. The accuracy verification results of water
body extraction showed a high accuracy, indicating that Landsat
has a relatively high spatial resolution and can be applied to wa-
ter body range extraction. There are many studies using Landsat
remote sensing data in the water research field (Jiang et al., 2018;
Rokni et al., 2014; Wang et al., 2018; Zhang et al., 2017b). In addi-

tion, other remote sensing images with a high spatial resolution
or other advantages are used in the field of water extraction. Adri-
an et al. (2021) used Sentinel-1 radar data and Sentinel-2 optical
data for fusion, and then conducted research to improve classi-
fication accuracy. Therefore, we can try to do this in the future
when there is no need to make long-time-series analyses. What’s
more, remote sensing image data is susceptible to factors such as
instrument noises, atmospheric conditions and surface condi-
tions. The impact of microwave radar data is mainly manifested
in structural sensitivity, imaging distortion, speckle noises and
imaging system interferences. One major flaw is speckle noises,
which are caused by the interferences of return waves at the
radar aperture. Many studies use median filtering methods to
smooth remote sensing images (Li et al., 2019). Optical remote
sensing images are susceptible to interferences from clouds and
atmospheric moisture content, especially in tropical and sub-
tropical regions. Synthetic aperture radar images can effectively
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Fig. 5.   Water roi and land roi (a), OA (b), and Kappa (c) coefficient for the extraction accuracy of water body range in the study area.
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Fig. 6.   Land and water area values at different periods.
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avoid such drawbacks, but are susceptible to interferences from
terrain and vegetation. Many methods are used to compensate
for shortcomings in remote sensing data quality. Li et al. (2020)
proposed an object-based fully-convolutional network to over-
come interferences from different data sources. Image filtering is
an important means of eliminating background noises. Cur-
rently, existing filtering methods include mean filtering, median
filtering, Gaussian filtering and wavelet filtering (Geusebroek
et al., 2003; Saxena and Rathore, 2013). In addition, many studies

have fused remote sensing image data from different sensors to
carry out coastline change detection, environmental monitoring,
forest resource monitoring, leaf area index, land use mapping
and other fields (Houborg and McCabe, 2018; Lunetta et al., 2006;
Seo et al., 2018; Yousif and Ban, 2014). Rule-based water area
classification algorithms fuse optical and radar images to obtain
the best results for water masks (Ahmad et al., 2020). With the
improvement of scientific and technological level, remote sens-
ing images have been significantly improved in terms of tempor-
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Fig. 7.   Changes in water body area during different time periods.
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al resolution, spatial resolution and spectral resolution. Espe-
cially, spatial resolution has developed, and the improvement of
spectral resolution has led to the development of remote sensing
images from multispectral to hyperspectral level (Andréfouët
et al., 2001a, 2001b, 2003; Mumby and Edwards, 2002). Wieland
et al. (2023) found that high-resolution satellites (IKONOS,
GeoEye-1, WorldView-2, WorldView-3, and four different air-
borne camera systems) and aerial images could improve model
performance. Feng et al. (2019) utilized high-spatial-resolution
Gaofen-2 and WorldView-2 remote sensing images to classify im-
ages into water and non-water areas. Zhang et al. (2021) demon-

strated that Gaofen-3 SAR images could be used to validate the
neural network method, while other studies got similar results
(Hertel et al., 2023; Nemni et al., 2020; Ni et al., 2021; Xue et al.,
2021). With the deepening of research, when extracting water
body information in a short period of time, we can make im-
provements in remote sensing data sources and research meth-
ods, and combine the above methods to further improve the ac-
curacy of water body information extraction.

5  Conclusions
Due to the narrow geographical scope of Macao, land reclam-
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ation has become an important means of expanding the land
area of the region, and it is essential to monitor coastline
changes. This study uses GEE to calculate the MNDWI water in-
dex, extracting the water range of the area combined with Jenks
natural discontinuity method and neural net classification, and
then the shoreline morphology of the area is statistically ana-
lyzed.

This study randomly selected 100 sample points for valida-
tion. The verification results indicate that both the overall accur-
acy and Kappa coefficient of water extraction are high, indicating

that the MNDWI, Jenks natural discontinuity method and neural
net classification used in this study have a high computational
accuracy.

The PLUS model was used to calculate the contribution of dif-
ferent influencing factors to shoreline changes, and the main in-
fluencing factors of shoreline changes were analyzed. The study
found that social and economic factors such as transportation
had a significant impact on shoreline changes, providing ex-
tremely valuable references for economic development and land
reclamation.
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