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Abstract: Coastal habitat dynamics and ecosystem function in response to human-induced distur-
bance, especially urbanization, are of increasing concern. However, how changes in landscape
composition as well as habitat quantity and quality may affect the long-term sustainability of rapidly
urbanizing coasts remains unclear. This study aimed to quantify the extent, change rate, patterns,
change process and interrelationships of mangrove habitats, impervious surfaces, and other land
cover types in Deep Bay in the Guangdong-Hong Kong-Macau Greater Bay Area (GBA), China, the
world’s largest megalopolis, from 1924 to 2020. We processed historical aerial photos (1924�2020)
and multiple sources of satellite data (1973�2020) for different types of land cover mapping. Post-
classi�cation analysis, including correlation analysis and change detection analysis, was conducted
based on the long time-series land cover classi�cation results. Mangrove habitats increased in Deep
Bay from 1924 to 2020, except for a large area decrease from 1954 to 1964 due to the construction of
tidal aquaculture ponds. Mud�at areas contributed most to the expansion of mangrove habitats of
about 275 ha from 1987 to 2020. During this period, reclamation and urbanization for the construction
of the megacity of Shenzhen turned large areas of water and mud�at (about 4000 ha) on the northern
shore into impervious surface and urban vegetation. Overall, the landscape pattern of mangrove
habitats in Deep Bay showed increasing connectivity and decreasing degree of fragmentation from
1987 to 2020. These changes have signi�cant implications for the ecosystem services, e.g., supporting
migratory waterbirds, supported by these wetlands.

Keywords: mangrove habitat; land cover change; long time-series; urbanization; estuarine ecosystem
services

1. Introduction
Located in the tropical and subtropical intertidal regions, mangrove ecosystems are

among the most productive ecosystems in the world and play essential ecological functions
in nearshore ecosystems and the global carbon cycle [1�3]. Mangrove forests provide
breeding areas and nursery habitats for their associated faunal and �oral assemblages. The
mangrove communities provide commercial products like food, timber, fuel, and medicines
for human society, as well as services like �ltering pollution, protecting coastal regions from
natural disasters and coastal erosion, and carbon storage [4]. However, because of human
impacts such as urbanization, aquaculture, and wood harvesting, mangrove habitats have
been continuously destroyed worldwide for decades [5]. Once covering over 20 million
ha in the world, mangrove forests have declined sharply with nearly 30% lost in recent
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decades and continue to disappear worldwide [5], although there are signs that the loss rate
has decreased in recent years [6]. Given the many key ecosystem services of mangroves,
continued mangrove deforestation could cause signi�cant ecological and economic losses
for coastal regions, with wide-ranging long-term implications for global sustainability [5,7].

Mangroves live close to tolerance limits in an extreme and dynamic environment.
Often distributed in tropical estuaries where human settlement occurs, mangroves are
sensitive and vulnerable to natural and human disturbances [3]. Due to their high vulnera-
bility and important ecological and societal values, monitoring the extent and dynamics of
mangrove habitats is necessary for mangrove conservation and restoration [8], as well as
the sustainability of coastal regions. With rapid global coastal urbanization, particularly in
the tropics, the future of mangrove and other soft-sediment ecosystems and their capacity
for services require speci�c attention [9]. Remote sensing is an ef�cient and reliable way
to obtain real-time, long-term, and large-scale data on mangrove areas and their spatial
and temporal dynamics. With the development of new sensor and satellite technologies,
remote sensing images can monitor mangrove changes in different spatial and temporal
scales, addressing questions and knowledge gaps relevant to ecosystem sustainability.

One consequence of continued population growth is that the composition of natural
landscapes is largely in�uenced by human activities, resulting in the transformation be-
tween different land use and land cover types of natural, semi-natural, agricultural, urban,
and semi-urban areas [10]. Urbanization can drive fast-changing land use and land cover,
especially in areas around coastal megacities (�peri-urban� coasts), signi�cantly impacting
local ecosystems, such as wildlife use of the habitats and nutrient dynamics. Apart from
coastal mangrove habitats, urban areas, agricultural and other land cover types can also
act as carbon emitters/ exporters [11]. It is vital to incorporate human in�uences into the
study of the structure and function of ecosystems associated with coastal megacities [11].

This study aimed to assess how urbanization may result in changes in landscape
composition as well as habitat quantity and quality and explore the implications of such
changes for the long-term sustainability of tropical, mangrove-dominated coasts and their
capacity for ecosystem services such as wildlife conservation. To achieve this aim, we used
the example of the Greater Bay Area in southern China, the world’s largest megalopolis
with a 70-million population and followed the change of land cover during the period
1924 to 2020 using a diversity of remote sensing data sources. Despite their association
with the megacity, the wetlands in the study area also support many ecosystem services,
including acting as a refueling ground for migratory birds every winter along the East
Asia-Australasia Flyway. With the rapid urbanization of the global coastline, the pattern of
land cover change reported here will be of reference value to the management of similar
coastal wetlands being transformed by urbanization.

2. Study Area and Datasets
2.1. Study Area

The Guangdong-Hong Kong-Macau Greater Bay Area (GBA), located in southern
China, is the world’s largest megalopolis with a 70 million population (Figure 1). This
megalopolis contains nine cities and two special administrative regions: Guangzhou,
Shenzhen, Foshan, Zhuhai, Huizhou, Dongguan, Zhongshan, Zhaoqing, Jiangmen (cities of
Guangdong Province), Hong Kong and Macao (Special Administrative Regions of China).
Under the Chinese national development strategy, this megacity region has experienced
rapid development during the last four decades. The large increase in spatial connection of
human movements, traf�c �ow, and transport network greatly contributed to the degree of
regional integration in the GBA [12]. The development of Shenzhen city (13 million) and
Hong Kong Special Administrative Region (7.5 million) as two main core cities in GBA
is a microcosm illustrating the interplay between urbanization and coastal wetlands in
the tropics.
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trative Region (SAR), in the southeast region of the Greater Bay Area. There are four major 
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includes two mangrove nature reserves: Mai Po Nature Reserve, Hong Kong SAR, and 
Futian Nature Reserve, Shenzhen. Mai Po Nature Reserve in Hong Kong has been desig-
nated as a ‘Site of Special Scientific Interests’ since 1976. It has been included in the ‘List 
of Wetlands of International Importance’ under the Ramsar Convention since 1995. The 
mangrove area in Hong Kong had been destroyed due to human activity a few decades 
before 1997 [13]. Historically, the wetlands originally in the Mai Po Reserve were used for 
shrimp farming ponds and fishponds. By the late 1990s, only about 15% of the original 
mangrove stands remained in the intertidal areas of Mai Po [13]. In Deep Bay, eight spe-
cies of mangroves have been recorded, with Avicennia marina and Kandelia obovata being 
dominant in the tidal area, whereas only K. obovata is common in the gei wais.  

Figure 1. A map of the study area illustrating the local environment of Deep Bay and its position
as part of the Greater Bay Area (GBA), supporting a population of 70 million. The lower diagram
indicates the area analyzed in this study. This map was made on Universal Transverse Mercator
(UTM) projection and World Geodetic System-84 (WGS-84) datum.

Deep Bay (Shenzhen Bay, 112 km2) is a shallow, mangrove-fringed embayment in the
eastern Pearl River estuary, fringed by Shenzhen city and Hong Kong Special Administra-
tive Region (SAR), in the southeast region of the Greater Bay Area. There are four major
landscape components in this shallow embayment: a shallow brackish water body (<2 m
at high tide), intertidal mud�at, tidal mangroves, and traditional gei wai (traditionally
operated tidal shrimp ponds) where the vegetation is largely preserved [11]. This area in-
cludes two mangrove nature reserves: Mai Po Nature Reserve, Hong Kong SAR, and Futian
Nature Reserve, Shenzhen. Mai Po Nature Reserve in Hong Kong has been designated as a
‘Site of Special Scienti�c Interests’ since 1976. It has been included in the ‘List of Wetlands
of International Importance’ under the Ramsar Convention since 1995. The mangrove area
in Hong Kong had been destroyed due to human activity a few decades before 1997 [13].
Historically, the wetlands originally in the Mai Po Reserve were used for shrimp farming
ponds and �shponds. By the late 1990s, only about 15% of the original mangrove stands
remained in the intertidal areas of Mai Po [13]. In Deep Bay, eight species of mangroves
have been recorded, with Avicennia marina and Kandelia obovata being dominant in the tidal
area, whereas only K. obovata is common in the gei wais.

Deep Bay offers a mosaic of wetland types (mangrove forest, tidal ponds, mud�at) for
supporting waterbird conservation. Collectively, the Deep Bay wetlands are a critically im-
portant stopover and refueling ground for migratory birds along the East Asia-Australasia
Flyway. Historical records maintained by the Hong Kong Bird Watching Society report
wintering bird numbers up to 100,000, including some globally endangered species such
as the Blackfaced Spoonbill (Platalea minor). Not all wetland types are of the same value
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to migratory birds, and the replacement of one land cover by another (e.g., mangrove
forests/�shponds replaced by impervious urban areas) would have signi�cant implications
for bird use of the area. Hence, the evolution of land cover in this wetland complex, part
of the world’s largest megalopolis, is of particular interest to the long-term ecological
sustainability of rapidly urbanizing coastlines.

2.2. Datasets
Multi-source, long-time-series satellite datasets in the Greater Bay Area from 1973�2020

were used in this study, including multispectral sensors of Landsat Multi-spectral Scanner
(MSS), Thematic Mapper (TM), Enhanced Thematic Mapper Plus (ETM+), and Opera-
tional Land Imager (OLI); SPOT-HRV, HRVIR, HRG; Quickbird-02, GeoEye-01, as well as
WorldView-01,03 (see Tables S1�S4 in Supplementary Materials). In addition, historical
aerial photos from 1924�2020 for the Hong Kong part of the system were also selected and
obtained from the Hong Kong Lands Department for precise land cover sample collection
and mapping (Figure 2). Analysis of land cover change for the period 1924 to 1973 was
primarily conducted using aerial photographs.
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Figure 2. Aerial photo no. 1964-2793R taken on 14 December 1964, by Hong Kong Lands Department,
showing the Mai Po Nature Reserve (area enclosed by white line) and the various wetland habitats:
Mangroves (M), mud�at (MF) and gei wai (GW).

We �rst selected aerial photos from the Lands Department of Hong Kong with no
clouds and high resolution. Each photo was �rst scanned in 1000 dpi resolution, and the
photo scale, sensor, and features were identi�ed. The image was then processed using
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enhancement, trimming, brightness, and grayscale adjustment to ensure the historical
photos had consistent properties. The origin of the coordinate system point was set up
using ArcGIS. Control points were selected to position the image overlay on a current
reference satellite image by identifying permanent features. Transformation with 1st order
polynomial (Af�ne) function was used to align the historical photo and reference satellite
image. The historical photo then underwent georeferencing and registration with multi-
source long time-series satellite datasets from 1973 to 2020, and geometric correction was
performed to align the photos with the current dataset. Each photo was then mapped out
using framing and mosaic for each year. The mosaic was vectorized into different land
cover types for further analysis. The following tables provide information on the satellite
data and historical aerial photos processed in this study for constructing the land cover
maps. Historical aerial photos from 1972 to 2020 were used for sample selection, details of
which are discussed in Sections 3.1.3 and 3.1.4.

Theoretically, images are selected preferably when the phenological characteristics
of different mangrove species are signi�cantly different. However, the study area of this
research is often cloudy and rainy, which greatly limits the availability of high-quality data.
Therefore, in this study, we selected most of the images from the dry season (October to
March) to eliminate cloud contamination.

3. Methodology
3.1. Land Cover Mapping

The overall methodology framework of this study is summarized in Figure 3. Overall,
Landsat data were mapped and analyzed for spatial and time-series analysis, while SPOT
data, other high-resolution data and historical aerial photos mapping results were used to
qualitatively interpret the land cover situation dating back to 1924 and to supplement the
land cover information for the Landsat data results.
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3.1.1. Image Preprocessing
All Landsat data were processed as Level-1, terrain-corrected data by the United States

Geological Survey (USGS), with prior systematic radiometric and geometric corrections.
The correction accuracy was assessed by incorporating ground control points and a digital
elevation model (DEM) [14]. For other satellite images, radiometric calibration was con-
ducted to eliminate the errors produced by variations in sensors. Geometric correction was
conducted for all images using image-to-image registration, with a Universal Transverse
Mercator (UTM) projection and World Geodetic System-84 (WGS-84) datum. Landsat
Level-1 data preprocessing was conducted through geometric correction by USGS. The
image-to-image registration process for medium-resolution and high-resolution images
was based on the SPOT 5 image in 2011, and Worldview-02 image in 2010, respectively,
and the co-registration employed a polynomial transformation method. The correction
accuracy was assessed by ground control points, which were selected from �xed surface
buildings and geometric corners in the images. In the geometric correction process of
medium-resolution images, all the Landsat MSS images of 60 m resolution were resampled
to 30 m resolution, and SPOT data (20 m resolution) were resampled to 10 m resolution. In
the geometric correction process of high-resolution images, all the Quickbird-02, GE-01,
WorldView-03 data (of 2.4 m, 2.4 m, and 1.6 m resolution, respectively) were resampled to
2 m. The co-registration adopted a polynomial transformation method, and the resampling
was an interpolation process using the nearest-neighbor method. We assumed that this
resampling does not have a signi�cant impact on the �nal mangrove species discrimina-
tion and statistical analysis. Layer stacking was used to stack all the bands together for
further processing of Landsat OLI data. Pan-sharpening was conducted on the other high-
resolution data. The areas covered by the high-resolution data were included in the study
area. For historical aerial photos, all the paper version photos were scanned, geo-referenced
and registered to Universal Transverse Mercator (UTM) projection and World Geodetic
System-84 (WGS-84) datum based on Landsat images.

3.1.2. Spectral and Texture Feature Extraction
Three spectral indices�Normalized Difference Vegetation Index (NDVI), Normal-

ized Difference Water Index (NDWI), and Modi�ed Normalized Difference Water Index
(MNDWI) were calculated for Landsat images:

NDVI =
RNIR � RRED
RNIR + RRED

(1)

NDWIn =
RNIR � RSWIRn

RNIR + RSWIRn

, n = 1, 2 (2)

MNDWIn =
RGREEN � RSWIRn

RGREEN + RSWIRn

, n = 1, 2 (3)

where RRED, RGREEN, RNIR and RSWIR represent the surface re�ectance of the red band,
green band, near-infrared band, and short-wave infrared band, respectively. NDVI was
calculated for all Landsat images. NDWI and MNDWI were calculated for Landsat TM,
ETM+, and OLI images.

Texture features were extracted through co-occurrence measures. The popular grey level
co-occurrence matrix (GLCM) approach was applied to analyze the texture features [15,16].
Homogeneity (HOM), dissimilarity (DISS), entropy (ENT), and the angular second moment
(ASM) were calculated for every band of the Landsat data (including calculated spectral
feature bands), SPOT and other high-resolution data, and stacked to the original images
since these four texture features were reported as effective indicators for texture description
of different land cover types [16,17]. The processing window size for SPOT and high-
resolution images was set at 7 � 7 pixels since this setting was reported to be suitable for
processing the images of spatial resolution from 2.5 m � 2.5 m to 10 m � 10 m [16,17]. For
Landsat images, the window size was set to be 9 � 9 pixels. The co-occurrence shift was
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set to be (1, 1), and greyscale quantization levels were set to 64 by default after calculating
the texture features of every band and combining them with the original bands.

3.1.3. Classi�cation of Mangrove Habitats and Other Land Cover Types
For the series of Landsat data and high-resolution data, seven land cover types were set

as classi�cation categories in this study: (1) mangrove habitat; (2) other vegetation; (3) water
body; (4) bare land; (5) impervious surface; (6) mud�at; and (7) shadow and mask (Table 1).
These seven land cover types constitute the bulk of the land cover composition in this study
area. For the series of SPOT data, �ve land cover types were set as classi�cation categories:
(1) mangrove habitat; (2) other vegetation; (3) water body; (4) bare soil and mud�at; and (5)
impervious surface. Samples were systematically and precisely selected for the land cover
types based on the historical aerial photo in ‘Hong Kong Map Service 2.0’ of Hong Kong
Lands Department (https://www.hkmapservice.gov.hk/OneStopSystem/home, accessed
from October 2019 to January 2022), high spatial resolution satellite images in Google Earth
platform, literature data as well as �eldwork data. The numbers of pixel and polygon of
selected samples for Landsat data and SPOT data are displayed in Table 2, with the number
of pixels being the sum across all the polygons for each class. These samples for each land
cover type were randomly divided into 80% training samples and 20% as testing samples.

Table 1. Land cover classi�cation categories for Landsat data.

Land Cover Type Satellite Image

Mangrove habitat
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Table 2. The numbers of polygon and pixel samples selected for training and testing classi�cation
rules for Landsat and SPOT data, presented as polygon/pixel.

Year Mangrove
Habitat

Other
Vegetation Water Body Bare Land Impervious

Surface Mud�at Shadow and
Mask

1987 64/1082 62/883 35/409 10/152 29/434 17/140 1/24
1988 75/1093 101/1182 25/226 18/246 48/1212 54/1152 2/130
1991 55/647 78/1829 32/807 31/201 65/498 41/447 2/46
1993 49/1246 50/1077 16/472 8/93 29/926 18/192 2/109
1995 65/765 54/1010 23/374 23/195 55/850 42/655 14/136
1997 46/949 49/1729 17/631 6/54 53/665 1/6 6/344
2000 97/4422 70/5330 20/1425 10/149 20/1408 10/631 1/71
2002 74/961 89/1607 26/706 24/256 58/1053 35/556 4/48
2004 123/4093 66/3275 32/1102 12/274 19/1396 33/522 5/219
2006 68/1013 59/1031 28/462 20/155 48/563 36/551 6/48
2008 84/3863 46/2302 16/769 4/168 15/1627 15/817 4/79
2011 149/6397 76/3729 20/818 14/223 23/1663 24/1381 1/107
2013 59/1147 28/1289 16/751 18/282 27/544 12/466 2/54
2015 66/1723 101/1647 53/827 13/61 75/967 22/410 2/41
2017 56/1024 56/1967 22/797 10/89 38/631 5/71 2/54
2019 56/1776 48/1205 21/552 18/173 58/859 11/155 12/80
2020 50/1407 59/1660 29/827 14/168 22/1012 18/486 7/154

The Random Forest (RF) algorithm was applied to conduct the classi�cation. Random
Forest is a widely used algorithm in remote sensing with high ef�ciency, especially when
dealing with large-sized, medium- and high-resolution images [18�20]. An important
advantage of using RF in high-scale image classi�cation is that it can handle situations
where the training dataset is small while the predicted data set is large [16,21]. The Random
Forest algorithm classi�es a dataset by integrating votes from a multitude of decision trees,
which are constructed by �tting random subsets of training samples and features [22]. For
Landsat data, spectral and texture features input in the RF classi�er and texture features
were calculated based on the original bands and spectral bands. For SPOT data and high-
resolution data, texture features were calculated based on the original bands and input in
the RF classi�er (see Section 3.1.2). The parameter for the number of trees was set as 200
after testing and comparing classi�cation accuracy as well as time took under different tree
numbers from 100 to 1000. The parameter for the number of features was set as the square
root, and the impurity function was set as the Gini coef�cient.

For all the images, the classi�cation process after preprocessing was conducted by
the following main steps. First, extracted spectral and texture features were added to the
original image bands through layer stacking. Second, the false-color composites combined
with the Red band, Near Infrared band and Green band of the images of each sensor were
used to assist the selection of samples (displayed in Tables 1 and 2, using Landsat data and
SPOT data as examples). Third, samples for each land cover type were selected using the
Region of Interest (ROI) tools in ENVI 5.3 software and were then randomly divided into
20% and 80%. Fourth, 80% of the samples were used to train the Random Forest classi�er
to run the classi�cation, and 20% of them were used as testing samples to test the accuracy
of classi�cation results, which is discussed in Section 3.1.4.

3.1.4. Accuracy Assessment
Reference data (Table 3) were collected via historical aerial photos available from

‘Hong Kong Map Service 2.0’ of Hong Kong Lands Department, �eld surveys data from
Agriculture, Fisheries and Conservation Department (AFCD), Hong Kong Government
(from 2004 to 2007), �eld validation data in 2013, 2015 and 2016, and Google Earth high
spatial resolution images as well as other literature data [14]. Field data were collected
with the support of the Real Time Kinematic Global Positioning System (RTKGPS), which
has an accuracy of <1 m, recording the upper-canopy species in each survey point. The
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�eld data offered by AFCD recorded dominant mangrove species in each survey point.
In addition, historical aerial photos, high-resolution satellite images, and Google Earth
high-resolution images were taken as reference data to assist in judging the land cover
types. Since this is a multi-temporal study of the long-term land cover changes with a
post-classi�cation analysis strategy, it was dif�cult to collect multi-temporal �eld validation
datasets. Therefore, the multi-temporal high-resolution historical aerial photos and satellite
images from Google Earth, to which we applied visual interpretation, supplemented the
�eld validation data. Finally, testing samples were used as the 20% of sample sets selected
based on all the reference data. The accuracy was then assessed by the producer’s accuracy,
the user’s accuracy, and the overall accuracy with the Kappa coef�cients based on the
confusion matrix. In addition, �ve-fold cross-validation was conducted to test the modal
accuracy. The evaluation of this study was through a model-based assessment of the
classi�er only and the actual overall and class-speci�c map accuracies for each time step
have not been evaluated.

Table 3. Reference data sample selection in this study.

Date of Landsat Data Sources of Reference Data

1987 Aerial photos in 1987.

1988 Aerial photos in 1988.

1991 Aerial photos in 1991; SPOT1 HRV data in 1991; high-resolution satellite data in 1991 from Google
Earth.

1993 Aerial photos in 1993; SPOT1 HRV data in 1993.

1995 Aerial photos in 1995.

1997 Aerial photos in 1997; SPOT1 HRV data in 1997.

1999 Aerial photos in 1999; SPOT4 HRIVR data in 2000; high resolution satellite data in 2000 from
Google Earth.

2001 Aerial photos in 2001; SPOT4 HRIVR data in 2000; high resolution satellite data in 2000 from
Google Earth.

2002 Aerial photos in 2002; SPOT4 HRIVR data in 2002; QuickBird-02 data in 2003; high resolution
satellite data in 2002 from Google Earth.

2004 Aerial photos in 2004; SPOT5 HRG data in 2004; QuickBird-02 data in 2003; high resolution
satellite data in 2004 from Google Earth; AFCD data.

2006 Aerial photos in 2006; AFCD data.

2009 Aerial photos in 2009; SPOT5 HRG data in 2008; QuickBird-02 data in 2008; Worldview-02 data in
2010; high resolution satellite data in 2008 from Google Earth.

2011 Aerial photos in 2011; SPOT5 HRG data in 2010; Worldview-02 in 2010; high resolution satellite
data in 2011 from Google Earth.

2013 Aerial photos in 2013; GE-01data in 2013; high resolution satellite data in 2013 from Google Earth;
�eld validation data.

2015 Aerial photos in 2015; Worldview-03 data in 2015; high resolution satellite data in 2015 from
Google Earth; �eld validation data.

2017 Aerial photos in 2017; Worldview-02 data in 2017; high resolution satellite data in 2017 from
Google Earth; �eld validation data.

2019 Aerial photos in 2019; high resolution satellite data in 2019 from Google Earth.

2020 Aerial photos in 2020; high resolution satellite data in 2020 from Google Earth.
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3.2. Post-Classi�cation Analysis
Change Detection Analysis on Mangrove Habitats and Other Land Cover Types

Change detection statistics were calculated every three to six years for each series
of satellite data set. For Landsat images, change detection statistics were calculated for
1987�1993, 1993�1999, 1999�2004, 2004�2009, 2009�2013, 2013�2017, and 2017�2020. For
SPOT images, change detection statistics were calculated for 1991�1997, 1997�2002, 2002�
2008, and 2008�2011. For high spatial resolution images, change detection was conducted
from 2003�2008, 2008�2013, and 2013�2017.

4. Results
4.1. Accuracy Assessment

The results of the model-based accuracy assessment, including producer’s accuracy,
user’s accuracy of each land cover type as well as overall accuracy and Kappa coef�cient of
the classi�cation results of each selected year and the results of �ve-fold cross validation
are displayed in Tables 4 and 5. The producer’s accuracy and user’s accuracy of each land
cover type are generally >90% for all the selected years. The overall accuracy is typically
>99%, and the Kappa coef�cient reached 0.99 for all the study years.

4.2. Mangrove Habitats and Other Land Cover Types Classi�cation Results
Figure 4 shows the land cover mapping results based on historical aerial photos from

1924 to 1964. In 1924, there were already some �shponds built near Nam Sang Wai and
along the Shan Pui River. Large areas of mud�ats were distributed around the Shan Pui
River. Only a few mangroves were distributed inside the �shponds where data were
available. By 1945, mangroves were largely distributed in the coastal area, including
locations that used to be mud�ats in 1924. The establishment of �shponds in mangrove
habitats at Mai Po had already occurred by 1945. By 1954, the establishment of �shponds
continued. Mangroves expanded and fully covered the gei wai area. By 1964, large areas of
mangroves in the gei wai had changed into open mud�ats, and mangrove losses can also
be observed in other �shponds at Mai Po. In the tidal areas seaward to the �shponds, some
expansion of mangroves can be observed on the mud�ats in the seaward direction.
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Table 4. Results of the model-based accuracy assessment (PA: producer’s accuracy; UA: user’s accuracy).

Year
Mangrove Habitats Other Vegetation Water Body Impervious Surface Bare Soil Mud�at Overall

Accuracy
Kappa

Coef�cientPA UA PA UA PA UA PA UA PA UA PA UA

1987 100% 99.5% 98.9% 100% 100% 97.6% 97.7% 100% 100% 100% 100% 100% 99.4% 0.99
1988 99.1% 100% 100% 99.2% 100% 100% 100% 100% 100% 100% 100% 100% 99.8% 0.99
1991 97.7% 100% 100% 99.2% 100% 100% 100% 100% 100% 100% 100% 100% 99.7% 0.99
1993 99.6% 100% 100% 99.5% 100% 98.9% 99.5% 100% 100% 100% 100% 100% 99.7% 0.99
1995 98.7% 99.3% 99.5% 99.1% 97.5% 100% 100% 99.4% 97.4% 100% 100% 98.5% 99.2% 0.99
1997 97.9% 100% 100% 98.9% 100% 100% 100% 100% 100% 100% 100% 100% 99.5% 0.99
1999 98.8% 98.2% 98.4% 99.4% 100% 100% 100% 100% 100% 94.3% 100% 100% 99.2% 0.99
2001 98.8% 100% 100% 99.7% 100% 100% 100% 99.5% 98.0% 100% 100% 98.8% 99.7% 0.99
2002 100% 98.5% 99.4% 99.7% 100% 100% 100% 100% 100% 100% 99.1% 100% 99.7% 0.99
2004 99.5% 99.0% 99.0% 98.6% 100% 100% 100% 100% 94.6% 100% 100% 100% 99.3% 0.99
2006 98.5% 99.5% 99.5% 98.6% 100% 98.9% 99.1% 100% 100% 100% 100% 100% 99.3% 0.99
2009 96.6% 97.8% 98.3% 96.6% 100% 100% 100% 99.1% 89.2% 100% 100% 100% 97.9% 0.97
2011 100% 99.8% 99.4% 99.7% 99.3% 98.0% 97.3% 98.2% 94.6% 100% 100% 100% 99.5% 0.99
2013 100% 100% 100% 100% 100% 100% 100% 99.1% 98.2% 100% 100% 100% 99.8% 0.99
2015 98.5% 100% 99.7% 98.6% 100% 100% 100% 99.1% 83.3% 100% 100% 98.8% 99.3% 0.99
2017 98.0% 99.0% 99.5% 99.3% 100% 100% 100% 99.3% 100% 100% 100% 100% 99.4% 0.99
2019 98.9% 100% 100% 98.4% 100% 100% 100% 98.8% 94.1% 100% 100% 100% 99.4% 0.99
2020 99.3% 99.6% 99.7% 99.4% 100% 100% 100% 99.5% 97.0% 100% 100% 100% 99.6% 0.99
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Table 5. Results of �ve-fold cross validation (SD: Standard deviation).

Year
Overall Accuracy Kappa Coef�cient

Minimum Maximum Mean SD Minimum Maximum Mean SD

1987 99.68% 100% 99.84% 0.113 0.996 1 0.998 0.001
1988 99.52% 99.91% 99.71% 0.151 0.994 0.999 0.996 0.002
1991 99.55% 100% 99.73% 0.187 0.994 1 0.996 0.002
1993 99.76% 99.88% 99.83% 0.067 0.997 0.998 0.998 0.001
1995 99.26% 99.75% 99.55% 0.225 0.991 0.997 0.995 0.003
1997 98.40% 99.77% 98.97% 0.593 0.979 0.997 0.986 0.008
1999 98.83% 99.79% 99.28% 0.348 0.985 0.997 0.991 0.004
2001 99.49% 99.79% 99.65% 0.138 0.993 0.997 0.996 0.002
2002 99.04% 99.90% 99.54% 0.356 0.988 0.999 0.994 0.004
2004 99.48% 99.74% 99.61% 0.092 0.993 0.997 0.995 0.001
2006 99.35% 99.87% 99.58% 0.194 0.992 0.998 0.995 0.002
2009 98.54% 98.99% 98.77% 0.21 0.98 0.986 0.983 0.003
2011 98.76% 99.44% 99.08% 0.219 0.983 0.992 0.987 0.004
2013 99.67% 100% 99.85% 0.126 0.996 1 0.998 0.002
2015 99.22% 99.83% 99.57% 0.26 0.99 0.998 0.994 0.003
2017 99.16% 99.69% 99.39% 0.202 0.988 0.996 0.992 0.003
2019 99.69% 99.76% 99.71% 0.047 0.996 0.997 0.996 0.001
2020 99.40% 100% 99.69% 0.216 0.992 1 0.996 0.003
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Land cover classi�cation results from 1987 to 2020 are displayed in Figure 5. Mangrove
habitats in Deep Bay kept expanding toward the sea both on the Hong Kong and Shenzhen
sides during this period. In some parts of gei wai and Futian, mangrove habitats can be
observed to have disappeared over time. By 1987, there was a large area of mangrove
habitats on the west shore of Shekou (arrow), but this habitat gradually decreased, then
was not present in 2004 due to the land reclamation project in Shenzhen. Other vegetation
areas can be observed to gradually decrease and disperse in the study area from 1987 to
2020. The area of the water body also gradually decreased both for the coastal sea area and
landward �shponds during the study period. Conversely, the impervious surface greatly
expanded both along the coastal area toward the sea and in the inland area in the same
period. The areas of mud�at changed sharply in some years due to the different tide levels
when each image was captured.
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4.3. Interrelationship between Mangrove Habitat and Urban Area Change
The temporal areal changes of mangrove habitats in Deep Bay, including both the

Hong Kong and Shenzhen sides, are displayed in Figure 6a. In the whole Deep Bay area,
there is an overall increasing trend for mangrove forests from around 300 ha to around
500 ha between 1987 and 2020. When looking at Deep Bay from the Hong Kong and
Shenzhen sides separately, the rate of mangrove increase in Hong Kong was higher than
that of Shenzhen. In Hong Kong, mangrove habitats increased from around 250 ha to



Remote Sens. 2022, 14, 5163 16 of 27

around 400 ha, with a net increase of about 150 ha and a rate of increase of about 4.5 ha
per year. In Shenzhen, mangrove habitats decreased from about 90 ha to 50 ha from 1987
in 1991 and then gradually increased to about 110 ha in 2020, with a net increase of about
60 ha and an increasing rate of about 2 ha per year.
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The temporal changes in the area of impervious surfaces in Deep Bay, on both the
Hong Kong and Shenzhen sides, are displayed in Figure 6b. In the whole Deep Bay area,
there is an overall increasing trend from around 13,000 ha to around 18,000 ha from 1987 to
2020, with a net increase of about 5000 ha (38.5%) and an increasing rate of 150 ha (1.15%)
per year. On the Hong Kong side, the area of impervious surfaces increased from about
5000 ha to about 7000 ha (a 40% increase). Impervious surfaces in Hong Kong experienced
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a sharp increase especially from 2006 to 2015. For the Shenzhen side, the area of impervious
surfaces increased from about 8000 ha to about 11,000 ha (37.5% increase). The period of a
sharp increase in Shenzhen happened between 1987 and 1993.

The temporal area changes of water and mud�at coverage in Deep Bay, both on the
Hong Kong and Shenzhen sides, are displayed in Figure 6c. In the whole Deep Bay area,
there is an overall decreasing trend of water and mud�at areas from about 14,000 ha to
about 10,000 ha (28.6% decrease) from 1987 to 2020, with a net decrease of about 4000 ha
and a rate of decrease at about 120 ha (0.9%) per year. The rate of decrease of water and
mud�at areas in Shenzhen is higher than that in Hong Kong. In Hong Kong, water and
mud�at coverage decreased from about 7000 ha to about 6000 ha, with a net decrease
of about 1000 ha and a rate of decrease at about 30 ha per year. In Shenzhen, water and
mud�at areas decreased from about 7000 ha to about 4000 ha, with a net decrease of about
3000 ha and a rate of decrease at about 90 ha per year.

4.4. Land Cover Change Process: Natural and Anthropogenic Drivers
Mangrove habitat coverage grew signi�cantly along the original coastline and river

drainages in 1987 landward compared to the coastline today (Figure 7a�c). In Mai Po
and Futian, mangrove habitats were distributed along the coastline, Shan Pui River, and
Shenzhen River, as well as in some landward areas like gei wai. In Shenzhen, mangrove
habitats were also largely distributed along the old coastline of the west shore of Shekou.
From 1987 to 1999, the mangrove forest in Deep Bay expanded seaward, especially near
Nam Sang Wai, where large areas of mangrove growth occurred. From 1999 to 2006,
mangrove expansion was evident near the estuary of Shenzhen River. From 2006 to
2020, mangrove habitats continued to expand seaward in Deep Bay, and some landward
expansion in Mai Po can also be observed. Overall, mud�at areas contributed most to the
increase of mangrove habitat areas, especially from 1987 to 1993, from 1993 to 1999, from
1999 to 2004, from 2004 to 2009, with about 60 ha, 80 ha, 70 ha, and 50 ha of mud�at areas
changed into mangrove habitats, respectively (Figure 7d). From 2009 to 2013, 2013 to 2017,
and 2017 to 2020, mud�at and water coverage together also contributed an increase of
about 20 ha of mangrove habitats. Other vegetated areas also contributed to increases of
about 20 ha and 60 ha of mangroves from 1993 to 1999 and from 2017 to 2020, respectively,
while mangrove habitats changed into other vegetation areas in other periods. Increase
in impervious surfaces and water coverage also resulted in some decrease in mangrove
habitats from 1987 to 1993, from 1993 to 1999, and from 2017 to 2020.

From 1987 to 1999, a large expansion of impervious surfaces can be observed in Deep
Bay, especially in Shenzhen city (Figure 8a�c). Along the coastline in Shenzhen, a large
increase of impervious surfaces occurred on the seafront due to the land reclamation project.
Signi�cant expansion of impervious surfaces occurred on both the west and east shores
of Shekou as well as in the coastal area on the Shenzhen side of Deep Bay. In the inland
area, impervious surfaces also expanded both in Shenzhen and Hong Kong from 1987 to
1999. From 1999 to 2006, a large expansion of impervious surfaces continued along the
west and east shores of Shekou in Shenzhen due to reclamation. From 2006 to 2020, some
expansion of impervious surfaces can be observed continually on the west shore of Shekou
in Shenzhen and in the inland area of Hong Kong. From 1987 to 1993, 2009 to 2013, and
2017 to 2020, water coverage largely contributed to the increase of impervious surfaces for
about 160 ha, 40 ha and 30 ha, respectively, due to the land reclamation project along the
coastline (Figure 8d). Mud�at and other vegetation areas also contributed to the expansion
of impervious surfaces in other periods. From 1993 to 1999, 1999 to 2004, 2004 to 2009 and
2013 to 2017, about 20 ha, 90 ha, 30 ha, and 40 ha of impervious surfaces changed into other
vegetation areas, respectively.

In 1987, water coverage can be observed much more landward than at present, es-
pecially on the west and east shores of Shekou and along the Shenzhen side of Deep Bay
(Figure 9a�c). Fishponds were widely distributed along the west shore of Shekou and
the north estuary of Shenzhen River, as well as in Mai Po. In 1999 and 2006, the water
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coverage area in Shenzhen retreated towards the sea due to the land reclamation project. In
2020, water coverage area expanded because of the relatively higher tide level, while the
coastline still expanded largely seaward compared to 1987. Fishponds along the coastal
area in Shenzhen had largely disappeared by 2020. On the Hong Kong side, �shponds were
still present along Shenzhen and Shan Pui Rivers as well as in the gei wai in 2020, albeit
reduced to much smaller areas compared to the past. Water coverage decreased greatly
and changed largely into impervious surfaces and other vegetation areas in most of the
periods, especially from 1987 to 1993, from 1999 to 2004, from 2004 to 2009, from 2009 to
2013, from 2013 to 2017 and from 2017 to 2020, with losses of about 120 ha, 100 ha, 70 ha, 50
ha, 40 ha and 80 ha, respectively (Figure 9d). From 1993 to 1999, about 20 ha of mangrove
habitats and other vegetation areas changed into water coverage areas. In addition, from
2009 to 2013, about 30 ha of other vegetation areas changed into water-covered areas.

Remote Sens. 2022, 14, x FOR PEER REVIEW 18 of 27 
 

 

1987 to 1999, the mangrove forest in Deep Bay expanded seaward, especially near Nam 
Sang Wai, where large areas of mangrove growth occurred. From 1999 to 2006, mangrove 
expansion was evident near the estuary of Shenzhen River. From 2006 to 2020, mangrove 
habitats continued to expand seaward in Deep Bay, and some landward expansion in Mai 
Po can also be observed. Overall, mudflat areas contributed most to the incre ase of man-
grove habitat areas, especially from 1987 to 1993, from 1993 to 1999, from 1999 to 2004, 
from 2004 to 2009, with about 60 ha, 80 ha, 70 ha, and 50 ha of mudflat areas changed into 
mangrove habitats, respectively (Figure 7d). From 2009 to 2013, 2013 to 2017, and 2017 to 
2020, mudflat and water coverage together also contributed an increase of about 20 ha of 
mangrove habitats. Other vegetated areas also contributed to increases of about 20 ha and 
60 ha of mangroves from 1993 to 1999 and from 2017 to 2020, respectively, while mangrove 
habitats changed into other vegetation areas in other periods. Increase in impervious sur-
faces and water coverage also resulted in some decrease in mangrove habitats from 1987 
to 1993, from 1993 to 1999, and from 2017 to 2020. 

 
(a) 

 
(b) 

Figure 7. Cont.



Remote Sens. 2022, 14, 5163 19 of 27Remote Sens. 2022, 14, x FOR PEER REVIEW 19 of 27 
 

 

 
(c) 

 
(d) 

Figure 7. Mangrove habitats and other land cover types in Deep Bay between 1987 and 2020. (a–c), 
Change detection maps; and (d) Change detection statistics of mangrove habitats and other land 
cover types. 

From 1987 to 1999, a large expansion of impervious surfaces can be observed in Deep 
Bay, especially in Shenzhen city (Figure 8a–c). Along the coastline in Shenzhen, a large 
increase of impervious surfaces occurred on the seafront due to the land reclamation pro-
ject. Significant expansion of impervious surfaces occurred on both the west and east 
shores of Shekou as well as in the coastal area on the Shenzhen side of Deep Bay. In the 
inland area, impervious surfaces also expanded both in Shenzhen and Hong Kong from 
1987 to 1999. From 1999 to 2006, a large expansion of impervious surfaces continued along 
the west and east shores of Shekou in Shenzhen due to reclamation. From 2006 to 2020, 

Figure 7. Mangrove habitats and other land cover types in Deep Bay between 1987 and 2020. (a�c),
Change detection maps; and (d) Change detection statistics of mangrove habitats and other land
cover types.



Remote Sens. 2022, 14, 5163 20 of 27

Remote Sens. 2022, 14, x FOR PEER REVIEW 20 of 27 
 

 

some expansion of impervious surfaces can be observed continually on the west shore of 
Shekou in Shenzhen and in the inland area of Hong Kong. From 1987 to 1993, 2009 to 2013, 
and 2017 to 2020, water coverage largely contributed to the increase of impervious sur-
faces for about 160 ha, 40 ha and 30 ha, respectively, due to the land reclamation project 
along the coastline (Figure 8d). Mudflat and other vegetation areas also contributed to the 
expansion of impervious surfaces in other periods. From 1993 to 1999, 1999 to 2004, 2004 
to 2009 and 2013 to 2017, about 20 ha, 90 ha, 30 ha, and 40 ha of impervious surfaces 
changed into other vegetation areas, respectively. 

 
(a) 

 
(b) 

Figure 8. Cont.



Remote Sens. 2022, 14, 5163 21 of 27Remote Sens. 2022, 14, x FOR PEER REVIEW 21 of 27 
 

 

 
(c) 

 
(d) 

Figure 8. Impervious surfaces in Deep Bay from 1987 to 2020. (a–c) Change detection maps; and (d) 
Change detection statistics of impervious surfaces and other land cover types. 

In 1987, water coverage can be observed much more landward than at present, espe-
cially on the west and east shores of Shekou and along the Shenzhen side of Deep Bay 
(Figure 9a–c). Fishponds were widely distri buted along the west shore of Shekou and the 
north estuary of Shenzhen River, as well as in Mai Po. In 1999 and 2006, the water coverage 
area in Shenzhen retreated towards the sea due to the land reclamation project. In 2020, 
water coverage area expanded because of the relatively higher tide level, while the coast-
line still expanded largely seaward compared to 1987. Fishponds along the coastal area in 
Shenzhen had largely disappeared by 2020. On the Hong Kong side, fishponds were still 
present along Shenzhen and Shan Pui Rivers as well as in the gei wai in 2020, albeit 

Figure 8. Impervious surfaces in Deep Bay from 1987 to 2020. (a�c) Change detection maps; and (d)
Change detection statistics of impervious surfaces and other land cover types.



Remote Sens. 2022, 14, 5163 22 of 27

Remote Sens. 2022, 14, x FOR PEER REVIEW 22 of 27 
 

 

reduced to much smaller areas compared to the past. Water coverage decreased greatly 
and changed largely into impervious surfaces and other vegetation areas in most of the 
periods, especially from 1987 to 1993, from 1999 to 2004, from 2004 to 2009, from 2009 to 
2013, from 2013 to 2017 and from 2017 to 2020, with losses of about 120 ha, 100 ha, 70 ha, 
50 ha, 40 ha and 80 ha, respectively (Figure 9d). From 1993 to 1999, about 20 ha of man-
grove habitats and other vegetation areas changed into water coverage areas. In addition, 
from 2009 to 2013, about 30 ha of other vegetation areas changed into water-covered areas. 

 
(a) 

 
(b) 

Figure 9. Cont.



Remote Sens. 2022, 14, 5163 23 of 27Remote Sens. 2022, 14, x FOR PEER REVIEW 23 of 27 
 

 

 
(c) 

 
(d) 

Figure 9. Water coverage in Deep Bay from 1987 to 2020. (a–c) Change detection maps; and (d) 
Change detection statistics of water coverage and other land cover types. 

5. Discussion  

We used a combination of historical aerial photographs and recent remote sensing 
satellite imagery to document and analyze land cover changes in an embayment that has 
undergone dramatic changes over the last 100 years. This study on a microcosm of intense 
coastal urbanization illustrates how the construction of a coastal megacity and associated 
anthropogenic activities have driv en changes in wetland habitats and how the other dif-
ferent land cover types have changed during the last century in Deep Bay GBA. Mangrove 
habitat decreased and transformed to fishponds in Mai Po from 1954 to 1964, and through 
conversion to impervious surf aces, fishponds, water coverage and other vegetation areas 

Figure 9. Water coverage in Deep Bay from 1987 to 2020. (a�c) Change detection maps; and
(d) Change detection statistics of water coverage and other land cover types.

5. Discussion
We used a combination of historical aerial photographs and recent remote sensing

satellite imagery to document and analyze land cover changes in an embayment that
has undergone dramatic changes over the last 100 years. This study on a microcosm of
intense coastal urbanization illustrates how the construction of a coastal megacity and
associated anthropogenic activities have driven changes in wetland habitats and how the
other different land cover types have changed during the last century in Deep Bay GBA.
Mangrove habitat decreased and transformed to �shponds in Mai Po from 1954 to 1964, and
through conversion to impervious surfaces, �shponds, water coverage and other vegetation
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areas on the landward side in Deep Bay from 1987 to 2020, despite a continued expansion
happened on the seaward side in the same period. The major decrease was observed due
to the expansion of aquaculture and urban areas on both the Shenzhen and Hong Kong
sides, with a major driver being the reclamation project in Shenzhen, which was completed
around 2003/4. This �nding matches the results of recent studies that large-scale mangrove
habitat loss happened through conversion to �shponds and impervious surfaces during
the 1990s, and the coastline length of GBA gradually increased from the 1980s to 2017 due
to reclamation [23,24].

The performance of our analysis may be re�ected by recent studies that used a similar
approach. Previous studies such as Liu et al. (2018) [25] used time-series satellite imagery
to determine the zonation and directional dynamics of mangroves in Mai Po in the past
three decades. Liu et al. (2018) [25] found that mangrove coverage increased from around
150 ha to more than 350 ha from 1991 to 2015. The same study successfully identi�ed
the distribution change of four different mangrove species by using historical satellite
imagery. A more recent study [24] estimated the mangrove area changes at GBA during
1990�2018 using remote sensing imagery. They also found two contrasting periods, in
which mangrove areas decreased during 1990�2000 but increased rapidly during 2000�2018.
The increase is mainly due to the restoration and protection effort and the introduction
of exotic mangrove species, as well as changes in the hydrographic environment in inner
Deep Bay.

Despite the mangrove loss in some parts of Deep Bay due to urbanization and an-
thropogenic activities, there was an overall increasing trend for mangrove areas on both
the Hong Kong and Shenzhen sides from 1987 to 2020. Mud�at areas contributed most to
the increase of mangrove area, and seaward expansion of mangroves was also observed
in both Hong Kong and Shenzhen, especially within the nature reserves, corroborating
with recent studies in the same area [25]. This gradual increase in the mangrove area is
probably due to the protection strategies in both the Mai Po reserve in Hong Kong and
Futian reserve in Shenzhen [14]. The expansion occurred through the gradual �lling of the
gaps among previously isolated patches, resulting in increased connectivity and decreased
fragmentation. This �nding is in accordance with recent studies showing that mangrove
area has been increasingly protected, and mangrove areas gradually have increased in
Guangdong Province within the nature reserves [23�26].

The rapid expansion of mangroves concomitant with the construction of the megacity
of Shenzhen was also facilitated by the unexpected effect of reclamation for Shenzhen,
which caused signi�cant loss of mangroves on the northern shores of inner Deep Bay. The
dramatic increase in mangrove area in southern Deep Bay more than compensated for this
direct loss due to the reclamation. The increase in mangrove area on the southern shores
may be attributed to the changed sedimentation and water circulation patterns associated
with the reclamation of Shenzhen. Yang and Chui (2021) [27] demonstrated through
simulations that reclamation in the northern shores of Deep Bay for the construction of
Shenzhen signi�cantly altered the hydrodynamics of Deep Bay, in�uencing �ushing and
thus sediment load. The current velocity in Deep Bay from �ushing by the Pearl River
discharge was signi�cantly changed as a result of the Shenzhen reclamation, which reduced
the width of the entry into Deep Bay by 30% [28]. The rapid rise in mangrove forest areas
particularly on the southern shores of Deep Bay, may re�ect this increased sedimentation
alongside the increase in impervious urban areas in Shenzhen. With stringent protection in
place in the Mai Po Nature Reserve and the Futian Reserve, the expansion of mangroves
occurred rapidly once sedimentation breached the threshold for mangrove colonization.
Contemporaneously, the area of mud�ats decreased signi�cantly, as the need to maintain
navigable channels and water bodies effectively limited the lower tidal extent of the
mud�at areas.

The increase in mangrove area in Deep Bay goes against the general decreasing trend
of mangroves in the tropics, particularly in Asia, where the combined impact of urban
development, agriculture and aquaculture has historically in�icted signi�cant losses [29].
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Although such direct habitat loss has largely been decelerating in tropical Asia [6], actual
expansion of mature forests is still relatively rare in the region. Attempts to increase
mangrove area through large-scale planting have generally been cost-ineffective [30]. Even
when planting is successful, establishing mangroves is expected to deliver the full suite
of ecosystem services, e.g., carbon storage and support for biodiversity, only after a long
period of ecosystem development. Studying the rate of carbon and nitrogen accumulation
with forest age in the managed Matang forest in Malaysia, Adame et al. reported that it
takes >15 years to achieve near steady-state ecosystem carbon and nitrogen stocks [31].
Given also the extra effort required for restoration through planting, our study indicates
that the bene�ts of increased mangrove area are best achieved through natural expansion
of the forest, and this may even be achievable in the setting of rapid urban development if
suitable protection is available.

Although sound protection strategy has promoted a gradual increase of mangrove
habitats in the GBA region, exotic species Sonneratia caseolaris, Sonneratia apetala, and
Laguncularia racemosa, were introduced for restoration, which may also cause potential
damage to the function and services of the native mangrove species in GBA [29]. The
expansion of exotic mangrove species has resulted in a widespread apparent increase in
forest area but a latent loss of functionality and ecosystem quality [25,32].

Our study also illustrates the balance in land cover that is critical to achieving multiple
objectives for tropical estuarine wetlands. The intertidal region is of limited spatial extent
and shifts in land cover imply growth of some and loss of others. The pattern in Deep
Bay over the past 100 years has demonstrated progressive but sometimes abrupt shifts
from natural wetlands (particularly mangroves and tidal �ats) to urban and modi�ed
wetlands (tidal/�shponds). The balance of the mangroves and tidal �ats also has changed
in response to the prevailing hydrographic and sedimentary conditions, often triggered by
external land use changes, e.g., developments in the Pearl River catchment.

These shifts alter the capacity of the series of wetlands for various ecosystem services.
For example, the overall shifts in the extent and diversity of the land cover types in Deep
Bay, i.e., the increase in impervious urban area and mangrove forests but a decrease in
tidal mud�at extent, have signi�cant potential implications for the capacity of this shallow
embayment for supporting migratory birds. Periodic monitoring of the mud�at fauna
during the period 1996 to 2014 suggested signi�cant shifts in the balance of surface and
in-sediment species occurred around 2005 when the reclamation work at Shenzhen was
completed [33]. As mud�at animals are the main food sources for migratory waterbirds,
this change has profound implications for the capacity of the wetlands to support the
migratory bird populations. Notwithstanding, the increase in mangrove cover at the
expense of tidal �ats would result in an increased capacity for carbon storage, which
could be bene�cially used as a mitigation for the carbon emissions from the nearby urban
development. Such balances will increasingly be commonplace in the management of
wetlands on peri-urban coasts.

6. Conclusions
In this study, the change in wetland habitats and coastal land cover in GBA, the

world’s largest megalopolis and a rapidly urbanizing area in the Pearl River estuary, was
traced back to the earliest image data available (~100 years). The changes were mapped
and quanti�ed from 1924 to 2020. Mangrove habitats showed an overall increasing trend
in Deep Bay, except from 1954 to 1964 when there was a large area decrease due to the
construction of tidal aquaculture ponds in Mai Po and mangrove areas converted to
impervious surfaces, �shponds, water coverage and other vegetation areas mainly on
the northern shores to form Shenzhen megacity (13 million) from 1987 to 2020. Change
in circulation and sedimentation pattern after the reclamation resulted in mud�at areas
contributing most to the expansion of mangrove habitats of about 275 ha from 1987 to
2020, which indicates most of the mangrove expansion happened in the seaward mud�at
area. Reclamation and urbanization for the construction of the megacity of Shenzhen also
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turned large areas of water and mud�at (about 4000 ha) on the northern shore into the
impervious surface and urban vegetation, which caused part of mangrove loss. Overall,
the landscape pattern of expanding mangrove habitats in Deep Bay showed increasing
connectivity and decreasing degree of fragmentation from 1987 to 2020, which is a result of
habitat expansion from effective protection of mangrove habitats. This expansion, however,
also resulted in a signi�cant decrease in the tidal mud�at area, the prime feeding ground
for wintering migratory birds for which the wetlands are managed. This continual and
rapid shift of land cover composition is fundamentally through changes in current �ow
and sedimentation driven by reclamation for urbanization.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/rs14205163/s1, Table S1. General information on Landsat images
employed in this study, Table S2. General information on SPOT images employed in this study,
Table S3. General information on very high-resolution images, including QuickBird, GeoEye, as well
as WorldView, employed in this study, Table S4. General information on historical aerial photos
employed in this study.
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