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Abstract: Mangroves are a globally important ecosystem that provides a wide range of ecosystem
system services, such as carbon capture and storage, coastal protection and fisheries enhancement.
Mangroves have significantly reduced in global extent over the last 50 years, primarily as a result
of deforestation caused by the expansion of agriculture and aquaculture in coastal environments.
However, a limited number of studies have attempted to estimate changes in global mangrove extent,
particularly into the 1990s, despite much of the loss in mangrove extent occurring pre-2000. This study
has used L-band Synthetic Aperture Radar (SAR) global mosaic datasets from the Japan Aerospace
Exploration Agency (JAXA) for 11 epochs from 1996 to 2020 to develop a long-term time-series of
global mangrove extent and change. The study used a map-to-image approach to change detection
where the baseline map (GMW v2.5) was updated using thresholding and a contextual mangrove
change mask. This approach was applied between all image-date pairs producing 10 maps for
each epoch, which were summarised to produce the global mangrove time-series. The resulting
mangrove extent maps had an estimated accuracy of 87.4% (95th conf. int.: 86.2–88.6%), although
the accuracies of the individual gain and loss change classes were lower at 58.1% (52.4–63.9%) and
60.6% (56.1–64.8%), respectively. Sources of error included misregistration in the SAR mosaic datasets,
which could only be partially corrected for, but also confusion in fragmented areas of mangroves,
such as around aquaculture ponds. Overall, 152,604 km2 (133,996–176,910) of mangroves were
identified for 1996, with this decreasing by −5245 km2 (−13,587–1444) resulting in a total extent of
147,359 km2 (127,925–168,895) in 2020, and representing an estimated loss of 3.4% over the 24-year
time period. The Global Mangrove Watch Version 3.0 represents the most comprehensive record
of global mangrove change achieved to date and is expected to support a wide range of activities,
including the ongoing monitoring of the global coastal environment, defining and assessments of
progress toward conservation targets, protected area planning and risk assessments of mangrove
ecosystems worldwide.
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1. Introduction

Understanding the changing extent of mangroves is becoming increasingly critical
because of their disproportionate importance in relation to climate, biodiversity and provi-
sion of ecosystem services, relative to the small land area that they inhabit. The climate
implications of mangrove loss, particularly long-term, include reduced storage of carbon in
vegetation and soils [1,2] and reduced capacity to sequester carbon through photosynthesis
and trapping of material transported by rivers and coastal currents [3,4]. The resulting
changes will have a notable impact on climate change mitigation efforts over short to long-
term timeframes [5,6]. As productive and structurally complex ecosystems, mangroves
are particularly important as habitats or breeding grounds for fish and invertebrates that
support fishers and their communities with nutritional and economic security [7,8]. This
same structural complexity also acts as a substantial coastal defence, enabling mangroves
to defend shorelines from erosion, reduce flooding, wave impacts and debris movements
during storms and, in some locations, to maintain elevation in the face of rising seas [9,10].
Gains in mangrove extent provide the opposite by supporting carbon accumulation and
storage, attracting flora and fauna and protecting coastlines against storm impacts and
erosion. Protection of mangroves is critical, while the restoration of mangroves has been
demonstrated to provide significant ecosystem services benefits over short time periods [4]
and is important for reversing at least some of the recent declines in mangrove extent [11].

The environments that replace mangroves depend largely upon whether the drivers
of change are natural or anthropogenic [12], but few are able to provide the full range of
ecosystem services of natural mangrove ecosystems. Within the world’s intertidal zone,
there is a considerable dynamic interplay between mangroves, tidal flats and marshes [13],
which are frequently linked to differential responses to processes such as sea level fluc-
tuations, land/sea temperature changes or sediment transport (e.g., [14,15]). More acute
or short-term impacts, including cyclones, tsunamis, and lightning strikes, have also re-
sulted in damage to mangroves and promoted transitions to other intertidal ecosystems,
which may be temporary or permanent (e.g., [16,17]). Changes in sea level can result in
encroachment of mangroves into terrestrial or aquatic ecosystems and vice versa (e.g., [18]).
Alongside these processes are many direct human-driven changes that can lead to tran-
sitions to other intertidal ecosystem types or to other forms of land-use and land cover,
including aquaculture ponds, rice paddies, terrestrial crops, commercial forest plantations,
pastoral systems or indeed urban and associated infrastructure. Some human activities
can increase mangrove extent, either actively, such as via coastal ecosystem restoration
activities [19], or inadvertently through changes in sediment availability [20].

To support global ecosystem monitoring programs, map products must be sufficiently
accurate to estimate change, globally consistent, reliable, and repeatedly updated, providing
up-to-date and relevant data [21]. Although several global mangrove change products have
been developed by other studies, none have been able to achieve all of these broad design
principles. Global change estimates are therefore limited by their uncertainties that are
typically introduced by merging independently developed products and a lack of a publicly
available highly accurate mangrove extent baseline. At the global scale (Table 1), Hamilton
and Casey [22] provided the first estimates of global mangrove change using a combination
of the Giri et al. [23] mangrove baseline for 2000 and the Hansen et al. [24] forest loss
mapping from 2000 to 2012. For the period 2000–2012, Hamilton and Casey [22] estimated
that 1646 km2 of mangroves were lost. However, only a very limited assessment of the data
accuracy was undertaken. Goldberg et al. [12] used Landsat data from 2000 to 2016 and
the Giri et al. [23] mangrove baseline to estimate a loss of 3363 km2 of mangroves. Bunting
et al. [25] (GMW v2.0), while not validated, has been used extensively for mangrove change
statistics (e.g., [26]) and uses an earlier version of the methodology and L-band Synthetic
Aperture Radar (SAR) data applied in this study. The GMW v2.0 layers estimated 4460 km2

of loss and 2273 km2 of gain over the period 1996 to 2016, resulting in an estimated net
loss of 2187 km2. Murray et al. [13] also used Landsat data but for the period 1999–2019,
to map changes in tidal wetlands, including mangroves. For mangroves, the loss was



Remote Sens. 2022, 14, 3657 3 of 32

estimated at 5561 km2 and the gain 1828 km2. However, with a focus on tidal wetland
change, this study does not develop a mangrove extent baseline and therefore cannot report
the magnitude of losses and gains relative to the estimated global extent of mangroves.
The most recent effort at mapping mangroves globally has been the Global Mangrove
Watch project (GMW; [25,27,28]), where we used radar data from Japan’s Advanced Land
Observing Satellite (ALOS) Phased-Array L-band Synthetic Aperture Radar (PALSAR)
and optical data from the Landsat Thematic Mapper (TM) to generate a baseline map for
2010. This baseline was subsequently refined using Sentinel-2 imagery, backdated to 2010,
to increase the overall accuracy to 95.1% [29], thus creating a reliable and consistent baseline
from which change can be detected.

Table 1. Comparison of global mangrove change estimates.

Study Period Loss (km2) Annual Loss (km2) Gain (km2) Annual Gain (km2)

Hamilton and Casey [22] 2000–2012 1646 137 NA NA
Goldberg et al. [12] 2000–2016 3363 210 NA NA
Bunting et al. [25] (GMW v2.0) 1996–2016 4460 223 2273 114
Murray et al. [13] 1999–2019 5561 278 1828 91

Building on the GMW v2.5 baseline mapping of Bunting et al. [29], the aim of this
study was to establish the magnitude of change in mangrove extent at the global scale to
inform overall trends from the mid-1990s to the present. This study provides the longest
time period over which change in mangrove extent has been assessed on a global scale.
The main objectives were to:

1. Establish a change detection approach to map mangrove extent for multiple years
(1996, 2007–2010, and annually from 2015 to 2020) based on the available L-band SAR
data.

2. Develop a method for estimating the uncertainty of the mapped extent and changes
between years.

3. Identify at a global level, but with consideration given to regional variations, the main
areas where losses and gains are evident and provide a reference dataset for mangrove
extent and change suitable for global and national-level reporting.

The products from the study were developed for integration within the Global Man-
grove Watch Platform [26]. However, they can also provide important data to national
systems for forest and/or wetlands monitoring, to national inventories and reporting
processes for international agreements and conventions, as well as for regional to local
monitoring of mangrove change. The existing GMW v2.0 dataset [25] was developed to
support a number of international agreements and conventions, in particular the Ramsar
Convention on Wetlands of International Importance and the UNFCCC Paris Agreement.
It is currently used for reporting on the UN Sustainable Development Goals [30], as well as
for conservation action (e.g., by non-governmental organizations; NGOs). We expect the
GMW v3.0 to continue to be used to support reporting on these international agreements
and conventions. The importance of mangroves has also recently been highlighted by the
Convention on Biological Diversity (CBD) and the Intergovernmental Panel on Climate
Change (IPCC).

2. Methods

This study builds on the 2010 global mangrove baseline map, GMW v2.5,
Bunting et al. [29], in which L-band SAR data from the JERS-1 (1996), ALOS (2007–2010),
and ALOS-2 (2015–) missions of the Japan Aerospace Exploration Agency (JAXA) were
used to perform change detection from the 2010 baseline to generate mangrove extent
maps for the years 1996, 2007, 2008, 2009, 2010, 2015, 2016, 2017, 2018, 2019 and 2020.
The analysis was undertaken on the SuperComputing Wales (SCW) High-Performance
Computing (HPC) infrastructure using the Remote Sensing and GIS Library (RSGISLib)
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of tools [31], the KEA image format [32] and the pbprocesstools [33] workload library to
manage the workflow of tasks on the HPC. The overall workflow is illustrated in Figure 1
and detailed below.

2.1. Datasets
2.2. Define

Change
Regions

2.3. Change
Detection

2.4. Quality
Assurance

2.5. Accuracy
Assessment

2.1.2 Prep. SAR Data
GMW v2.5 Baseline

SAR Min/Max
Coastal Zone

SAR Datasets

Change from 2010
to all other years

Change from each
 year to all other

 years

Manual Edits

Temporal
Filtering

Figure 1. Methodology Workflow.

2.1. Datasets
2.1.1. 2010 Mangrove Baseline

The GMW v2.5 mangrove baseline [29] was used for this study and it constitutes
the most spatially complete and accurate global mangrove extent dataset currently avail-
able [29]. The GMW v2.5 baseline was developed and refined over four generations and is
spatially aligned with the 2010 ALOS PALSAR global data mosaic [34]. The 2010 GMW
v2.5 baseline map suggests that the global extent of mangroves in 2010 was 140,260 km2.
The baseline has a map accuracy of 95.1% with a 95th confidence interval of 93.8–96.5%.
Nevertheless, within the GMW v2.5 analysis, some regions were found to be missing,
particularly within eastern India, western Africa and the Pacific. These areas were added
to the baseline using the methodology of Bunting et al. [29].

2.1.2. L-Band Synthetic Aperture Radar (SAR)

This study builds on the work of Thomas et al. [35–37] which demonstrated that
long wavelength (L-band, 23.5 cm) SAR data are sensitive to mangrove change and useful
for detecting both mangrove gain and loss (Figure 2). An advantage of using SAR is
that microwaves provide observations regardless of illumination and weather conditions,
overcoming a widely reported limitation of optical systems (e.g., Landsat and Sentinel-
2), and enabling observations in regions where persistent cloud cover reduces useable
observations, such as along tropical and sub-tropical coastlines.

The L-band SAR data used as the basis for this analysis were acquired by the JERS-1
SAR, ALOS PALSAR and ALOS-2 PALSAR-2 sensors and made available by JAXA as
public open global mosaic products (JAXA version release 1). The ALOS and ALOS-2
mosaics were provided as dual-polarisation (HH and HV) radar backscatter, while the
JERS-1 mosaic was available in HH-polarisation only. The mosaics were provided as 1 × 1
degree tiles, at 25 m (0.8 arc seconds) pixel spacing, covering 11 annual epochs between
1996 and 2020 (Table 2).
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Table 2. The time periods for the JAXA L-band SAR mosaic dataset.

Sensor Years Mosaic Version

JERS-1 SAR 1996 v1(C)
ALOS PALSAR 2007, 2008, 2009, 2010 v1(O)

ALOS-2 PALSAR-2 2015, 2016, 2017, 2018, 2019, 2020 v1(K)

a) 10 km b) 5 km c) 2 km d) 2 km

Figure 2. Examples of mangrove change identified within a time-series composite of L-Band HH SAR
data from 1996, 2010 and 2020 in RGB. Areas in red and yellow highlight loss of mangroves (high
L-HH in 1996 but low in later years = red; L-HH is high in 1996 and 2007 but low in 2010 = yellow)
while gains are represented by shades of blue (i.e., low L-band HH backscatter in 1996 but increased
in both 2010 and 2020 (cyan) and in 2020 only (blue)). Examples of change are mangrove loss and/or
gain in (a) the Sundarbans, (b) French Guiana, (c) Sulawesi (Indonesia) and (d) Sumatra (Indonesia).
Observed losses are primarily through coastal erosion (a,b) and deforestation (e.g., for aquaculture
development (c) whilst gains are primarily through colonisation of coastal sediment banks (b,d).

Initial efforts to develop the change analysis revealed some misregistration between
the different years of the SAR mosaics, resulting in the omission of known change events
and commissions where change was known not to have occurred. This was particularly
evident in the mosaics constructed from the JERS-1 SAR data from 1996. In these mosaics,
a significant non-linear shift from the 2010 ALOS PALSAR mosaic, typically ranging from
1 to > 5 pixels, was observed due to an error within JAXA’s standard mosaic processing
pipeline. To reduce the impact of this misregistration, tie points were automatically gen-
erated using the method of Bunting et al. [38] using the ALOS PALSAR 2010 mosaic as
the reference dataset. Tie points were created on a single 100-pixel grid using a 100-pixel
window around each tie point to locate the image shift using the maximum correlation
between the two images within the window. A visual check of the tie points was conducted
to identify and remove those that were incorrectly matched (e.g., due to true change). A
thin-plated spline transformation and a nearest neighbour interpolation, implemented
within the GDAL software, were then used to warp the JERS-1 SAR data.

The ALOS PALSAR (for all years other than 2010) and ALOS-2 PALSAR-2 from 2015
to 2017 were found to be generally well registered but with a non-linear shift of about ±1
pixel when compared to the 2010 ALOS PALSAR mosaic. For ALOS-2 PALSAR-2 mosaic
products from 2017 to 2020, JAXA improved the absolute spatial registration by enhancing
the data processing system. However, this resulted in an increased spatial misregistration
with the 2010 mosaic by up to ±4 pixels for 2019 and 2020. For this reason, a further
image-to-image registration step was undertaken where an overlap of 50 pixels was added
to each of the 2007–2020 mosaic tiles, which were moved by ±5 pixels in the x/y axes until
the correlation between the tile for each year and for 2010 reached a maximum. A sub-pixel
component of the offset was then estimated using the method outlined in Bunting et al.
[38] and the tile was then shifted by this amount and the overlapping regions removed.
Following this registration process, the individual mosaic tiles were found to be <±1 pixel
to the 2010 mosaics.

The remaining misregistrations were found to be non-linear and locally variable.
Whilst further tie points could have been generated to correct these errors, full automati-
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sation of this process is challenging and also likely to introduce further errors where tie
points are mis-located, particularly around areas of change.

Of the JAXA datasets, the 2019 and 2020 ALOS-2 PALSAR-2 data were most accurate in
terms of absolute registration, aligning very well with Sentinel-2, Landsat and other image
datasets. On this basis, and globally, the average absolute misregistration with the GMW
2010 baseline was determined to be less than 100 m, which should to be considered when
used in analyses with other spatial datasets. Due to the dependence on the 2010 GMW v2.5
mangrove baseline, all other datasets were geometrically aligned to the 2010 dataset.

2.1.3. Other Datasets

In addition to the JAXA SAR mosaic data, several other datasets were used to develop
and refine the 2010 mangrove contextual change mask (Section 2.2). The datasets included
the Shuttle Radar Topographic Mission (SRTM) elevation data, the General Bathymetric
Chart of the Oceans (GEBCO; 15 arc-second intervals [39]), the Global Surface Water
product [40] and the Database of Global Administrative Areas (GADM) Version 3.6.

2.2. Defining Change Regions

As described by Bunting et al. [27,29], the ability to separate mangroves from other
proximal land covers using L-band SAR data alone is limited. Therefore, optical (Landsat
and Sentinel-2) data were used in conjunction with the ALOS PALSAR mosaic to support
the generation of the 2010 GMW mangrove baseline map. The L-band backscatter at
both HH and HV polarisations is sensitive to the amount, moisture content and geometry
of the woody components of the mangroves, which often are affected when changes
(e.g., deforestation, degradation or growth) occur [35–37]. As such, differences in L-band
data between observations can be used to inform on changes in the extent and, to a lesser
degree, the condition of mangroves (e.g., Figure 2). Where pixels are classified as mangroves
in the 2010 GMW baseline but not for another date within the time-series, then the detection
of change is relatively straightforward, as only the pixels within the 2010 mangrove mask
will be considered. However, for pixels that were not mangroves in 2010 but mangroves in
another year, identifying pixels where change might have occurred is more challenging and
requires a contextual definition. Such an approach enables the exclusion of many pixels
that could not be mangrove being incorrectly associated with change to mangroves.

When visually examining the time series imagery (e.g., Figure 2), the human brain
is very good at contextually filtering the data to identify likely mangrove changes. Un-
fortunately, current automated computational approaches do not have the same ability to
classify context. Therefore, to make best use of the L-band SAR data, a contextual layer
for changes outside the 2010 mangrove baseline needed to be defined (e.g., Figure 3). This
layer was similar to the low backscatter surface in Bunting et al. [29] but was relevant to
the whole time-series rather than just 2010.

To define the potential change regions outside of the 2010 mangrove baseline (i.e., the
contextual layer), a coastal zone that encompassed areas within 2.5 km of the GADM
coastal boundary and within 500 m of the GMW 2010 baseline while excluding those with
a terrestrial surface elevation higher than 20 m or a bathymetric depth lower than −100 m,
was used. Within this coastal zone, the differences between the maximum and minimum
backscatter at each HH and HV polarisation were calculated to identify regions most likely
to have experienced change, with these based on areas where (a) the difference threshold for
L-HV was >8 dB, the minimum L-HV was <−18 dB and the maximum L-HV was >−25 dB
or (b) where the 0 > JERS-1 L-HH >−11 dB and the minimum HV was <−18 dB. These
thresholds were defined through visual interpretation of reference sites distributed globally.

Within this potential change area, mangroves were associated with a high L-band
backscatter and non-mangrove areas (e.g., water, mudflats, salt marshes) had a low backscat-
ter. Changes in backscatter were assumed to represent a steady transition or abrupt change
between these categories. The ability to detect such changes depends on the time separation
between the observations as some natural processes (e.g., sea level fluctuation) or events



Remote Sens. 2022, 14, 3657 7 of 32

(e.g., strong winds, floods) or human activities (e.g., the establishment of plantations or
construction of new port facilities) might be mistaken for changes in mangroves if observa-
tions are several years or decades apart. This is particularly the case if the land cover at the
observation time exhibits a backscatter signal similar to the mangrove or non-mangrove
states. However, the extent of confusion was expected to be low, particularly as manual
inspection and editing of the contextual mask had been undertaken a priori. The manual
inspection involved the digitisation of regions which should be removed from the mask
(i.e., incorrectly included within the mask) and additions to the mask (i.e., regions where
mangroves could occur but were not included within the mask). Any pixels which were
permanently water during the period were masked using the water ‘occurrence change
intensity’ layer 1984–2020 from Pekel et al. [40], where pixels which were water in both
periods were removed from the potential mangrove change layer. In addition, regions of
mangrove change from Bunting et al. [25] and Goldberg et al. [12] were included in the
potential change area and, based on visual interpretation, regions known not to be man-
grove change or otherwise were manually removed or added. Examples of this contextual
potential change layer are shown alongside the 2010 GMW v2.5 baseline in Figure 3.

Figure 3. Examples of the contextual regions defining the non-mangrove regions for change (a) from
Venezuela, where mangroves are expanding, (b) from Sumatra, Indonesia, in a region of aquaculture
and (c) from The Bahamas, where the coastline is complex with many small islands. The green areas
are the 2010 v2.5 mangrove baseline, while the blue areas are the contextual areas, indicating there is
the potential of mangrove occurrence.

2.3. Change Detection

A map-to-image method was used for the change detection, with an approach based
on Thomas et al. [37]. The map-to-image approach aims to update the baseline map using
an input SAR image rather than reclassifying the input imagery or directly comparing
imagery from multiple dates. Only the two classes, mangrove and non-mangrove, were
analysed for this analysis .

The mangrove class was initially defined using the 2010 GMW v2.5 baseline and
the non-mangrove regions by the change regions defined in the previous step. From
this baseline, a mangrove/non-mangrove map, where the non-mangrove regions was
defined using the context mask, was produced for each of the change years (1996–2020),
with each representing a unique baseline. The change analysis was then applied from
each year to all the other years, including 2010, generating 10 change maps for each year.
The final overall maps were then created for each year based on the classification majority
(i.e., a pixel has be identified as mangroves >5 times). This analysis was conducted on
a per-pixel basis where, within the mangrove/non-mangrove masks, a threshold of the
L-band SAR data was defined by splitting the change pixels from the original class. For
the ALOS PALSAR and ALOS-2 PALSAR-2 data (2007–2020), the threshold was defined
using the HV polarisation as this was found to be more consistent with less direct scattering
from the water surface, which otherwise can produce false positives for change during
certain surface conditions. However, for the single-polarisation JERS-1 SAR (1996) data,
the threshold had to be defined using the HH polarisation.
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Two key assumptions of the map-to-image approach to change detection are that
change occurs rarely and that the response within the remote sensing imagery (i.e., SAR
backscatter) will be altered, resulting in a difference in the digital number (DN) values for
pixels where a change has occurred compared to those where no change has taken place.
When visualised as a histogram (Figure 4), the DN values of the change pixels will form
a tail to the histogram (i.e., outliers) and hence threshold identification can make use of
the many outlier identification algorithms available (e.g., [41]). For this, the thresholding
method proposed by Thomas et al. [37] was used, where the class response is assumed to be
normal (Figure 5) and the threshold that separates outliers (and hence identifies the change
within mangrove and non-mangroves classes) is derived by optimising the skewness and
kurtosis splitting the histogram (e.g., Figure 4).

Figure 4. Example histograms with the thresholds for defining (a) mangrove and (b) non-
mangrove thresholds.

Figure 5. Illustrating the histograms of 2010 HV ALOS PALSAR backscatter from the 2010 mangrove
baseline and non-mangrove contextual regions for project GMW-09-003, Sumatra, Indonesia. These
histograms are representative of the other projects and both HH and HV polarisations. (a) The
mangrove HV histogram and (b) Q-Q plot illustrating that the majority of the histogram is normal
will a short tail in the lower values. (c) The non-mangrove HV histogram and (d) Q-Q plot illustrating
that the majority of the histogram is normal with a small tail in the higher values.

Given that change is rare, identifying thresholds on a 1 × 1 degree tile basis would
result in situations where there are no changes or only small areas of mangroves are within
the tile (e.g., tile edges or islands). Therefore, either an incorrect threshold or no threshold
might be identified. To identify the change thresholds the project extents defined by Bunting
et al. [27] (Figure 6), merging neighbouring 1 × 1 degree tiles into connected regions, were
revised and used.
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North Atlantic Ocean
North Pacific Ocean

South Pacific Ocean
Indian Ocean

South Atlantic Ocean

Africa

Asia

Australia

North America

Oceania

South America

Level 1 Projects: Global

Level 2 Projects: South America Level 2 Projects: South East Asia

Figure 6. An updated version of GMW geographic projects from [27] used to define the change
thresholds. The projects are defined in two levels, the first as broad geography areas (e.g., South
America) and then within those regions, the second level of projects are defined. Examples are shown
for South America and South East Asia. Colours were randomly assigned to illustrate the different
projects at the two levels, where the 1 × 1 tiles have the same colour they are within the same project
at that level.

Thresholds were first calculated from the 2010 baseline for both classes and L-band
polarisations (HH and HV) to all the years and filtered prior to application to the SAR
data. This was achieved by calculating the median threshold across all years (2010 to other
years) on a per-project basis. For years where the threshold was >2 dB from the median,
the median value was substituted to ensure that changes were not artefacts within the
time-series that resulted from strong variability in the thresholds. The mean and standard
deviation of the thresholds, using all years as the baseline, are shown in Table 3. As
expected, the thresholds are consistent throughout the time series with some variation
between areas (projects) due to site variations. Site variations mainly occur due to the
size of the mangrove. For example, in areas such as Indonesia, mangroves are typically
over 12 m in height while in China they are less than 5 m in height [42]. The backscatter
thresholds used for the 1996 JERS-1 data were higher given the use of the HH rather than
HV polarisation.
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Table 3. The average and standard deviations of the thresholds used to separate mangroves and
non-mangroves changes.

Year Mangrove to Non-Mangrove Non-Mangrove to Mangrove

1996 (HH) −14.03 (1.84) −14.38 (3.26)
2007 (HV) −20.23 (2.05) −24.34 (1.01)
2008 (HV) −20.21 (2.03) −24.31 (1.06)
2009 (HV) −20.27 (2.00) −24.29 (1.02)
2010 (HV) −20.24 (2.00) −24.26 (1.12)
2015 (HV) −20.87 (2.17) −24.50 (1.31)
2016 (HV) −20.85 (2.14) −24.57 (1.28)
2017 (HV) −20.86 (2.16) −24.68 (1.29)
2018 (HV) −20.62 (2.16) −24.80 (1.35)
2019 (HV) −20.85 (2.33) −25.14 (1.44)
2020 (HV) −20.89 (2.34) −25.12 (1.50)

A sensitivity analysis was conducted to quantify the differences in the mangrove area
mapped given the variation in the thresholds. The sensitivity analysis demonstrated that
changes in the thresholds of <2 dB resulted in only small changes in the area of mangroves,
with these being <2% (Figure 7).

Figure 7. Sensitivity of the mangrove (a) and non-mangrove (b) change thresholds. These plots
illustrate the percentage of change in the number of mangrove or non-mangrove pixels classified
with the change in threshold, where the red line indicates the threshold used.

2.4. Quality Assurance

The quality assurance (QA) processing step (Figure 1) sought to improve overall map
accuracy through the application of several standard data post-processing procedures. The
QA was only applied to the final mangrove extent layers and consisted of two temporal
filters alongside manual edits created through visual assessment of the data layers. The
first temporal filter ensured the time series of mangrove maps were temporally consistent,
preventing pixels from switching back and forth between mangroves and non-mangroves.
For example, if a pixel was mangroves in 2007, non-mangroves in 2008 and mangroves
in 2009, then the 2008 classification would be reverted to mangroves. An extensive visual
assessment of the dataset was conducted where pixels mapped as mangroves but visually
identified as having not been mangroves at any date within the time series were removed
from the dataset. Additionally, a few small areas were found to be mangroves across the
entire time series but were missing from all years and these were therefore added to the
mangrove mask in all years. Edits were not applied independently to individual years as
the time to generate such inputs would be significant.

Finally, a number of small change features (i.e., mangrove gain or loss) were observed
that were either 1 or 2 pixels in size, with many associated with the residual misregistration
between the input L-Band SAR data. Therefore, the time series was sequentially filtered
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from 1996 such that change features between the consecutive years of 1 or 2 pixels in size
were removed (i.e., not changed) on the condition that the relative border of the change
feature was <0.5 with the class being changed to. For example, if a feature consisting of
two pixels changed from non-mangroves to mangroves, it would be accepted as a change if
the relative border to mangroves was ≥0.5.

2.5. Accuracy Assessment

The accuracy assessment was undertaken in two parts. The first used the 60 validation
sites from Bunting et al. [29] for 2010 to compare the accuracies of the GMW v3.0 2010
mangrove extent with the GMW v2.5 2010 baseline. This provided an assessment of the
impact the SAR change detection processing had on the quality of the mapped mangrove
extent. The second assessment focused on the accuracy of the change detection. This
assessment defined a new set of 38 sites (Figure 8) covering a diverse range of geographic
regions, mangroves types and change drivers that were considered to represent the full
range of known and expected change events globally and included areas without changes.
For each site, a 0.2 × 0.2 degree reference area was located such that it overlapped with as
much of the mangrove area as possible and usable historical Landsat imagery was available
for multiple dates as an independent reference for mapped changes. The advantage of
using Landsat data over other available historical optical datasets are that the inclusion of
shortwave infrared channels allowed mangroves to be more easily distinguished and data
were freely available for each site. The Landsat data (Collection-1 product) was accessed
via the Google Earth Engine, with median composites of non-cloud pixels created using all
the images acquired within the year of interest.

North Atlantic Ocean
North Pacific Ocean

South Pacific Ocean
Indian Ocean

South Atlantic Ocean

Africa

Asia

Australia

North America

Oceania

South America

Figure 8. Site locations for assessing the accuracy of the mangrove changes.

For assessing the accuracy of change detection, four change classes were considered
(Table 4), representing no change (mangroves, non-mangrove), mangrove gain and man-
grove loss. Given the relative areas of the four classes within the classifications, identifying
sufficient reference points for the change classes was challenging, particularly considering
change omissions. Therefore, two sampling methods for defining reference points were
used for each of the 38 sites.

Table 4. Definitions of the change classes.

Class Description

Mangroves Mangrove in both observations.
Non-Mangroves Not mangroves in both observations.

Mangroves > Non-Mangroves (Loss) Mangroves at the earlier observation and not mangroves
at the later observation; i.e., a loss of mangroves.

Non-Mangroves > Mangroves (Gain) Not mangroves at the earlier observation and mangroves
at the later observation; i.e., a gain of mangroves.
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For the first, 500 points were distributed randomly within each 0.2 × 0.2 area for a pair
of randomly sampled years, with the condition that the base year had to be earlier than the
change year. These points were not stratified for particular classes or temporal periods as
sampling was proportional to the area mapped for each class and the temporal period was
randomly selected. The number of change samples (‘mangroves > non-mangroves’ = 139,
‘non-mangroves > mangroves’ = 39) identified was naturally small, as these are globally
rare. Therefore a second set of points was defined within regions where changes were
known to have occurred (determined through manual annotations) or defined as change by
the change analysis. The temporal period was also maximised using the earliest and latest
year for which useable Landsat reference imagery were available. Within these change
regions, further reference points (up to 500) were defined through random selection of
pixels, where if the number of change pixels was ≤500 then half the available pixels were
selected. By focusing the second set of points on the change regions, a sufficient number of
reference change points was realised in a manageable amount of effort. The reference points
were manually annotated with a reference class based on an informed interpretation of the
Landsat imagery. Each of the 76 points sets (38 sites × 2 sampling methods) were then split
into two (i.e., two sets of 250 points), where the first set were annotated with their reference
class and the second set were randomly selected and annotated until sufficient points had
been assessed. Sufficient points were deemed to have been annotated once the addition of
new reference points did not significantly change the F1-scores of the change classes (see
Section 3.3). This resulted in 11,769 non-mangroves, 4482 mangroves, 702 ‘Mangroves >
Non-Mangroves’ and 413 ‘Non-Mangroves > Mangroves’ points being sampled. Therefore,
the complete validation set had 17,366 reference points.

2.6. Addressing Uncertainty

Reporting the uncertainty of a map with confidence intervals around derived estimates
is important to enable data end-users to understand map limitations, propagate known
uncertainties and characterise the performance of mapping protocols. Unfortunately,
transparently reporting map accuracy and propagating error via confidence intervals is
commonly not undertaken. Using the bootstrapping method of Murray et al. [13,43] 95th
confidence intervals for the accuracy statistics and mangrove extent and change areas
were calculated. For the bootstrap, 1000 iterations using a 40% sample of the validation
set (i.e., 6946 reference points), with replacement, were used to estimate the variance of
the accuracy statistics. The 95th confidence interval was defined using the 5th and 95th
percentiles of each of the resulting accuracy statistics.

To calculate the area based confidence interval for both the mangrove extent and
gain and loss maps the 95th confidence intervals of the class (e.g., mangroves; Section 3.3)
omission and commission were calculated and these were used to calculate the extent
confidence interval of each class:

areai95CILower = areai − (areai × commissionP95) (1)

areai95CIUpper = areai + (areai × omissionP95) (2)

A single accuracy assessment was conducted for the four classes in Table 4, which
includes the gain and loss classes. Therefore, the same approach is applied to both the
mangrove class, and the gain and loss classes. As a single estimate of commission and
omission was produced for all years these are constant across all years of the time series.

2.7. Adjustment of Change Area

Using the omission and commission statistics from the accuracy assessment, the mapped
area estimates for the mangrove extent and gains and losses were adjusted to reflect the
impact of known sources of map error [44,45]. Known sources of map commission and
omission errors included the residual misregistration between the observations.
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To calculate the adjusted area (areaa) for the gain (g) and loss (l) classes, the omission
and commission errors are estimated from the error matrix (see Section 3.3) and used with
the mapped areas (aream) as follows:

areaag = areamg − (areamg × commissiong) + (areamg × omissiong) (3)

areaal = areaml − (areaml × commissionl) + (areaml × omissionl) (4)

Note, the estimated omission and commission errors should have a range 0–1. To
calculate the total adjusted mangrove extents, the adjusted gain and loss areas from 1996
for each year were added to the 1996 mangrove extent area.

3. Results

The results of the analysis demonstrate the ability of the GMW v3.0 product to map
mangrove change through time (Figure 9a–f). The GMW v3.0 datasets are able to identify
many causes of change, but the most commonly observed are losses due to coastal erosion
(Figure 9c) and deforestation (Figure 9a), and gains due to sedimentation around river estu-
aries (Figure 9b). However, we also observed that the remaining misregistration of the input
JAXA L-band SAR data resulted in some commission and omission errors (e.g., Figure 9g
which illustrates a region heavily impacted by the error), which are individually small in
area but add uncertainty to the change estimates. Given the random nature of the input
data misregistration errors, the changes associated with errors are considered to be similar
in terms of gain and loss. Therefore, the observed net change rather than independent gain
and loss statistics from this analysis are recommended to be used.

3.1. Global Mangrove Change

Globally, our map datasets suggest that a net 3.4% (5245 km2) of mangrove extent has
been lost between 1996 and 2020 (Table 5), with a rate of loss approximately twice that of
gain. As mangroves are naturally dynamic systems changes have occurred in almost all
parts of the world. However, hotspots of mangrove change are clearly present in a number
of locations (Figure 10). Significant losses are commonly associated with two main drivers,
coastal erosion or anthropogenic deforestation. While significant gains are commonly
associated with a supply of new sediments, typically at the mouths of large river systems
(e.g., the Amazon; Figure 9b).

Table 5. Global mangrove extent estimates 1996–2020 and change since 1996 in km2. Note: reported
mangrove extent estimates account for known map commission and omission errors.

Year Extent 95th Conf. Int. Change Since 1996 % Change Since 1996

1996 152,604 133,996–176,910 - -
2007 149,973 130,949–172,887 −2631 −1.7%
2008 148,645 129,419–170,868 −3959 −2.6%
2009 148,453 129,197–170,575 −4151 −2.7%
2010 148,020 128,709–169,930 −4584 −3.0%
2015 147,345 127,940–168,915 −5260 −3.4%
2016 147,070 127,624–168,497 −5535 −3.6%
2017 147,260 127,832–168,772 −5344 −3.5%
2018 147,554 128,155–169,199 −5050 −3.3%
2019 147,605 128,206–169,266 −4999 −3.3%
2020 147,359 127,925–168,895 −5245 −3.4%
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Figure 9. Examples of the mangrove change results. (a) Mangrove loss in Sulawesi, Indonesia,
(b) Mangrove gain in Amazon Delta, (c,d) natural mangrove dynamics in Guyana, (e,f) anthropogenic
mangrove dynamics in Guinea-Bissau and (g) an example of false mangrove gain and loss due
to misregistration
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Figure 10. Net change in mangrove extent (in ha) illustrating the locations of mangrove
change hotspots on a 1 × 1 degree grid. Areas of red show a net loss while areas in blue a net
gain

3.2. Regional Mangrove Change

Table 6 summaries mangrove change at regional levels using the UN Statistics Geo-
graphic Regions [46], while country level statistics have been provided in Appendix A. The
largest area of mangroves is located within Southeast Asia, and this region has experienced
the largest net loss of an estimated 2456.5 km2 (4.8%) from 1996 to 2020, representing 47%
of the global net loss total. However, in percentage terms Western Asia (13.8%; 27.9 km2),
Eastern Asia (11.5%; 29.5 km2) and the Caribbean (7.9%; 513.8 km2) have had the largest
losses from 1996 to 2020. Of the remaining regions Eastern Africa, Central America, South-
eastern Asia and Australia & New Zealand have losses from 1996 to 2020 above the global
average. However, it should be noted that 45% of the change in Western Africa is associated
with Nigeria alone. While for Australia, 41% of the change is for the period 1996–2007.
Following a visual inspection of the 1996 layer, comparing to the results of Lymburner et al.
[47], it is considered that there are some areas of over-estimation of mangrove extent in
1996 for Australia, which has led to a marginal over-estimate of change extent in 2007.
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Table 6. Mangrove extent estimates 1996-2020 for the UN Statistics geographic regions in km2. Individual country statistics are within Appendix A. Note: reported
mangrove extent estimates account for known map commission and omission errors.

UN Region UN Sub-Region 1996 2007 2008 2009 2010 2015 2016 2017 2018 2019 2020

Africa

Eastern Africa 7883.3 7789.0 7713.6 7702.1 7688.6 7678.9 7661.5 7670.1 7683.4 7669.9 7610.0
Middle Africa 4531.3 4533.2 4527.8 4530.8 4530.5 4530.4 4517.6 4515.7 4514.5 4520.8 4514.0
Southern Africa 25.7 26.2 26.0 26.0 26.1 26.4 26.3 26.4 26.5 26.6 26.4
Western Africa 17,558.5 17,504.8 17,409.2 17,415.7 17,400.1 17,375.1 17,298.0 17,296.0 17,290.1 17,272.2 17,200.8

Americas

Caribbean 6545.1 6260.1 6136.1 6133.0 6057.5 5960.0 5936.0 5957.7 5984.0 6007.4 6031.3
Central America 15,003.3 14,789.1 14,660.3 14,589.4 14,547.7 14,461.2 14,450.1 14,503.0 14,597.6 14,586.4 14,466.3
Northern America 2400.1 2388.8 2371.3 2371.5 2342.2 2307.1 2297.5 2296.4 2303.1 2319.0 2329.3
South America 20,516.5 20,273.5 20,209.7 20,218.8 20,205.1 20,199.9 20,251.3 20,331.5 20,376.5 20,395.0 20,378.1

Asia

Eastern Asia 257.2 237.3 231.3 226.0 223.6 228.0 232.1 232.8 230.1 229.8 227.7
Southeastern Asia 50,678.8 49,254.2 48,663.8 48,572.3 48,440.9 48,115.5 47,965.1 47,952.7 47,983.2 48,046.4 48,222.3
Southern Asia 9960.7 9846.3 9759.9 9737.3 9710.4 9733.6 9774.1 9791.6 9829.1 9777.1 9661.1
Western Asia 201.5 214.5 218.0 213.2 193.5 174.5 170.9 172.7 173.3 173.7 173.6

Oceania

Australia & New Zealand 10,945.0 10,752.2 10,618.0 10,618.3 10,562.5 10,478.4 10,425.5 10,451.7 10,497.3 10,517.9 10,466.9
Melanesia 5932.8 5941.3 5937.8 5936.8 5927.2 5910.6 5898.4 5896.5 5900.2 5900.7 5889.4
Micronesia 149.8 147.4 147.4 147.2 149.5 150.0 150.0 150.3 150.4 147.5 147.1
Polynesia 14.9 14.8 14.8 15.0 15.0 15.1 15.1 15.0 14.9 14.9 14.7

Global 152,604 149,973 148,645 148,453 148,020 147,345 147,070 147,260 147,554 147,605 147,359
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3.3. Validation

The accuracy assessment for the GMW 2010 v3.0 product is summarised in Table 7
and the accuracy of the GMW v3.0 change layers is within Table 8. Table 7 indicates that the
accuracy estimates are 2% lower for the v3.0 2010 map compared to the v2.5 map. However,
they are not significantly different, with overlapping 95th confidence intervals. The small
reduction across all the accuracy statistics is thought to be due to the misregistration of
the L-band SAR mosaics as the v3.0 GMW mangrove extent is the product of the change
analysis from all years to 2010. While the overall accuracy statistics are lower for the 2010
v3.0 map, it is aligned with the rest of the GMW v3.0 layers and therefore more appropriate
when considering the trend of mangrove change.

Table 7. Results of the GMW v3.0 2010 accuracy assessment compared to those of v2.5, where the
95th confidence intervals are given in brackets.

Metric v3.0 v2.5

Overall (%) 93.1 (91.4–94.6) 95.1 (93.8–96.5)
Kappa 0.861 (0.827–0.892) 0.902 (0.876–0.930)
Macro F1-Score 0.930 (0.914–0.946) 0.951 (0.938–0.965)
Mangrove F1-Score 0.929 (0.911–0.945) 0.951 (0.937–0.964)
Mangrove Recall 0.920 (0.895–0.949) 0.956 (0.937–0.973)
Mangrove Precision 0.938 (0.916–0.958) 0.947 (0.926–0.964)
Other F1-Score 0.923 (0.915–0.948) 0.952 (0.938–0.965)
Other Recall 0.941 (0.915–0.960) 0.947 (0.923–0.966)
Other Precision 0.923 (0.899–0.946) 0.956 (0.938–0.973)

Table 8. Results of the accuracy assessment of the GMW v3.0 change detection.

Metric Overall 95th Conf. Int.

Overall (%) 90.1 89.4–90.8
Kappa 0.796 0.782–0.809
Macro F1-Score 0.752 0.733–0.772
Mangrove F1-Score 0.874 0.862– 0.886
Mangrove Recall 0.856 0.840–0.872
Mangrove Precision 0.893 0.878–0.907
Non-Mangroves F1-Score 0.946 0.942–0.951
Non-Mangroves Recall 0.935 0.927–0.941
Non-Mangroves Precision 0.958 0.953– 0.964
Mangroves > Non-Mangroves F1-Score 0.606 0.561–0.648
Mangroves > Non-Mangroves Recall 0.738 0.686–0.786
Mangroves > Non-Mangroves Precision 0.514 0.462–0.560
Non-Mangroves > Mangrove F1-Score 0.581 0.524–0.639
Non-Mangroves > Mangrove Recall 0.700 0.632–0.766
Non-Mangroves > Mangrove Precision 0.500 0.437 – 0.563

The second part of the accuracy assessment focused on the accuracy of the mangrove
change classes, where the combined accuracy of all years was assessed (Table 8). For any
change detection ensuring enough accuracy assessment points have been sampled is a
challenge. For this study, it was deemed that enough points had been sampled when the
F1-scores of the gain and losses did not change as more points were added (Figure 11).
The mangrove extent class had an F1-score of 0.874 (0.862–0.886), which is lower than
the accuracy assessment undertaken for the 2010 layer 0.929 (0.911–0.945). The primary
reason for the difference is that the change analysis is the product of two dates rather than a
single point in time and therefore errors from the two dates are being combined increasing
the error. This is compounded by the misregistration within the SAR mosaics, which
resulted in a large 95th confidence interval (Table 9) for the extent of the change classes.
The misregistration results in random errors that are not biased and therefore similar in
magnitude between the gain and loss classes as demonstrated by the similar commission
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and omission errors (Table 10). Consideration should be given to the uncertainty associated
with the independent mangrove gains and losses if using these classes and areas should be
adjusted using the commission and omission errors (Table 10). However, we considered
the estimated net change more reliable than the individual gain and loss estimates and
would recommend that the net change be used for any derived analysis.
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Figure 11. Accuracy of the individual classes using the F1-score with an increasing number of
accuracy samples.

Table 9. The upper and lower 95th confidence intervals (i.e., omission and commission) for each of
the classes, which can be used with Equations (1) and (2) to calculate the extent confidence intervals
for any region of the GMW v3.0.

Class Lower 95th Conf.
Int. (commission)

Upper 95th Conf.
Int. (omission) Conf. Int. Range

Mangroves 12.19% 15.93% 28.12%
Mangroves > Non-Mangroves 53.75% 31.44% 85.19%
Non-Mangroves > Mangrove 56.34% 36.78% 93.12%

Table 10. The estimated omission and commission for each of the classes, which can be used with
Equations (3) and (4) to adjust the mapped extents for the GMW v3.0.

Class Commission Omission

Mangroves 10.71% 14.37%
Mangroves > Non-Mangroves 48.58% 26.22%
Non-Mangroves > Mangrove 50.0% 30.03%
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4. Discussion
4.1. Comparison to Other Studies

Comparing the GMW v3.0 product (this study) to other studies (Table 11), we found a
considerable increase in the net change in mangroves compared to the GMW v2.0 prod-
uct [25] and the mangrove layers of Murray et al. [13]. The time periods over which these
studies were undertaken do not align and therefore some differences are expected. For
example, the 1990s were a period of considerable mangrove loss (e.g., Figure 12a–e) and
therefore some of the increase in net loss between the GMW v3.0 and Murray et al. [13] can
be attributed to this temporal element. However, the difference between the GMW v2.0 [25]
and GMW v3.0 can largely be attributed to improvement achieved in the v3.0 data analysis.

Comparing the individual gains and losses, rather than net changes, is more difficult
as the registration errors within the GMW v3.0 input data layers have caused considerable
over-estimation of loss and gain in some areas. There is an overall strong correspon-
dence between the GMW v3.0 and Murray et al. [13] dataset (e.g., Figure 12g,h). The
Goldberg et al. [12] layer, on the other hand, has under-estimated the full extent of the
losses compared to other layers in many areas (e.g., Figure 12j), corresponding to an alto-
gether lower estimate of mangrove loss. As with the Hamilton and Casey [22] product,
the Goldberg et al. [12] product used the Giri et al. [23] 2000 extent map as the basis for
the study and the areas missed from that baseline could consequently not be identified
as changes.

Given the misregistration within the GMW v3.0 dataset, the confidence intervals are
very large for the changes (Figure 12). Our estimated net change is within the confidence
interval of Murray et al. [13] and we believe the misregistration errors in the gains and
losses largely cancel each other out given the similar omission and commission errors for
the two classes. We would, therefore, consider the net change estimates to be more accurate
and useful to the research and conservation communities. However, given the comparison
with other studies and our own visual assessment of the dataset, we would view that is it
more likely that we have over-estimated rather than under-estimated the net loss.

The total mangrove area mapped for 1996 in the GMW v3.0 was 152,604 km2

(CI: 133,996–176,910) and this correlates with the extents that the FAO estimated with
187,939 km2 for 1980 and 169,248 km2 for 1990 [48] with significant mangrove loss
occurring in the 1980s and 1990s. These losses can be attributed in many parts of the
world to conversions caused by aquaculture (e.g., Figure 12a) and rice developments [49].
However, the full extent of mangroves prior to 1996 is largely unknown with a lack of
consistent mapping going back further in time. It is, however, not possible to assume that
all aquaculture and rice developments in and around mangroves are former mangrove
areas, as such conversion to mangroves from neighbouring mudflats and salt marshes can
also be expected [13].
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Table 11. Comparison of the results of this study to other global estimates of mangrove change. Note: reported GMW v3.0 mangrove change estimates account for
known map commission and omission errors.

Study Period Loss
(km2)

Annual
Loss (km2)

Loss 95th Conf.
Int. (km2)

Gain
(km2)

Annual
Gain (km2)

Gain 95th Conf.
Int. (km2)

Net Change
(km2)

Net 95th Conf.
Int. (km2)

Hamilton and Casey [22] 2000–2012 −1646 −137 NA NA NA NA NA NA
Goldberg et al. [12] 2000–2016 −3363 −210 NA NA NA NA NA NA
Bunting et al. [25] (GMW v2.0) 1996–2016 −4460 −223 NA 2273 114 NA -2187 NA
Murray et al. [13] 1999–2019 −5561 −278 −6827–−3326 1828 91 932–2960 -3733 −5895–−366
This Study (GMW v3.0) 1996–2020 −9348 −390 −15,825–−5568 4103 171 2238–7012 −5245 −13,587–1444
This Study (GMW v3.0) 1996–2007 −4732 −430 −8012–−2819 2101 191 1146–3591 −2631 −6866–772
This Study (GMW v3.0) 2007–2020 −4616 −355 −7814–−2749 2002 154 1092–3421 −2614 −6722–672
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Figure 12. Visual comparison of this study compared to the L-band SAR data and the GMW v2.0 [25], Murray et al. [13] and Goldberg et al. [12] datasets. Mangroves
for an area of loss due to aquaculture in East Kalimantan, Indonesia (a–e) and a dynamic river estuary in Papua New Guinea (f–j) are shown. The Red and Yellow
regions in the SAR images (a,f) correspond with loss, Blue with gain and White and Black as no change. Within the mangrove maps (b–e,g–j) Blue represents
detected mangrove gains and Red represents detected losses.
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4.2. Dynamics Associated with Natural Processes and Events

Mangroves are naturally dynamic ecosystems with natural processes causing both
losses (e.g., coastal erosion) and gains (e.g., sedimentation) in extent across their full global
distribution [13]. Such processes are now likely being exaggerated by human activities in
adjacent watersheds including deforestation, mining and intensification of agriculture [50].
Increased sedimentation can occur as a result of increased material transport following large
rain events [51]. Conversely, the construction of dams and other hydrological disturbances
can lead to a loss of sediment supply at the coast, which in turn can influence coastal
erosion and sedimentation processes [52]. One of the largest areas of mangroves gain
within the GMW v3.0 product was found at the mouth of the Amazon River (Figure 9b)
with significant areas of new tidal wetland being formed and colonised by mangroves.
Many other river deltas and estuaries are also exhibiting an expansion in mangrove area
(e.g., Indragiri River, Sumatra; Amacuro Delta, Venezuela), and the total extent of this
source of gains far outweighs mangrove gains that we can detect from restoration activities.
Particularly dynamic coastlines are evident in regions such as French Guiana, Guyana
and Suriname (Figures 2b and 2c,d). Here, there is continual supply and redistribution of
mangroves as a result of accretion and erosion and so losses in some areas are balanced by
gains in others.

Of the natural causes of mangrove loss, coastal erosion is the most common on our
change maps (e.g., Sundarbans; Figure 2). Human factors may exacerbate erosional pro-
cesses in many areas, such as the reduction or interruption of coastal or riverine sediment
supplies. Climate change may also be exacerbating these natural losses. Sea level rise may
already be exacerbating erosion on seawards margins but could also contribute to land-
wards expansion [53]. Warming conditions are also likely leading to increases in mangrove
extent in higher latitudes [53,54]. Major storm events often impact mangroves [17,55] and
may be increasing in intensity with climate change. In most cases, these are not particularly
evident in our products as they typically degrade mangroves, but leave the forest structure
largely in place. Nonetheless, our maps do identify the impacts of the largest of these
storms (e.g., Ida, Sandy) where considerable areas of mangrove loss can be seen. Climate
change will also begin to influence freshwater flows and coastal salinity in many areas.
A recent and extensive loss of mangroves in northern Australia, for example, has been
tentatively linked to drought conditions related to climate change [14].

4.3. Dynamics Associated with Direct Human Activities

In regions such as Southeast Asia, and particularly in Indonesia, the major losses are
associated with human activities and , specifically, conversion activities, including those
that lead to the establishment of agriculture and aquaculture [12] but also conversion to ur-
ban space or infrastructure such as roads, ports, airports or even oil industry infrastructure
as seen in the Niger Delta [56].

Regeneration of mangroves is often observed in areas that have been abandoned
following agricultural or aquacultural land use. An example is Guinea Bissau, where
areas of rice cultivation, most of which were previously mangroves, have reverted back to
mangroves and where bund walls have either been eroded or actively removed. Shifting
cultivation within mangroves was also evident in many regions, with losses and gains
particularly evident (Figure 9f). Active areas of restoration were also observed (e.g., in Sene-
gal, the Gambia and Vietnam), with many being relatively recently planted. In some areas
(e.g., the Matang Mangrove Forest Reserve in Perak, Malaysia), mangroves are harvested
in rotation and again, there are temporary losses and gains of mangroves which might be
missed due to the temporal gaps in the overall time-series [57,58].

4.4. Future Mangrove Mapping Efforts

Global mangrove habitat maps provide a critical foundation for studies linked to
mangrove biodiversity, threat, condition, conservation progress, restoration, and of course,
ecosystem services. The GMW v2.0 dataset has already been used in this regard [59],
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and the new information presented here will enable the publication and distribution of
updated and novel datasets, united to a consistent and reliable baseline.

The GMW furthermore constitutes the mangrove maps used on several interactive
mapping platforms, including, e.g., the GMW Portal [26] (the official GMW website),
the UNEP SDG661 App [30], the UN Biodiversity Lab [60], the UN-WCMC Ocean Data
Viewer [61] and Ocean+ Habitats Platform [62], the WRI Global Forest Watch [63] and Re-
sources Watch [64], and the JAXA EORC Data Platform [65]. The sharing of the v3.0 GMW
data on these and other platforms will also greatly enhance the use and access to man-
grove information worldwide, generating greater opportunities for improved mangrove
management, conservation and restoration.

Beyond these immediate mapping efforts, there remain opportunities for improving
and expanding the GMW mapping. The most significant limitation of this work has been
the misregistration identified within the L-band SAR mosaics. JAXA have subsequently
identified the causes of these spatial location errors and have corrected the mosaic process-
ing chain accordingly [66], such that the data are globally registered with other datasets
such as Landsat and Sentinel-2. Reprocessing of all L-band SAR global mosaics is ongoing.
The public release of updated products with significantly improved absolute and relative
geometric accuracy is foreseen to be completed by the end of 2022. Future versions of
the GMW datasets will seek to improve the absolute and relative spatial accuracy of the
mangrove mapping once the updated JAXA mosaic datasets are available. It has been
demonstrated by this study and others [35–37] that the L-band SAR data are able to identify
mangrove extent change due to a large difference in backscatter for the majority of changes.
Therefore, with the reprocessing of the JAXA historical data from JERS-1, ALOS and ALOS-
2 and the upcoming ALOS-4 and NASA NISAR mission, the availability of L-band SAR
is expected to increase over the coming years, which will support significant advances in
global mangrove mapping efforts.

For future GMW products, we anticipate the following improvements:

1. Generation of a new baseline dataset for 2020 from 10 m Sentinel-2 optical data.
Sentinel-2 optical data are expected to improve the spatial detail of the baseline
and allow better detection of mangroves that occur as narrow strips. For exam-
ple, along coastlines or river channels or as fragmented patches remaining in areas
of degradation.

2. Use of the reprocessed (Version 2) JAXA L-band SAR mosaics. Increased accuracy
of image registration is expected to significantly narrow the confidence intervals of
future change products.

3. Continued revisions of the mangrove habitat mask to better establish areas where
mangroves might establish in the future.

4. A revision to the contextual change layer with information from optical data used to
eliminate pixels which are not vegetated (e.g., new ports or coastal developments).

As documented by the FAO [67], there was considerable mangrove loss in the 1980s
and 1990s . However, in this study, we only have a single map during this time (i.e., 1996).
Therefore, future work should seek to increase the number of estimates of mangrove area
and loss prior to the year 2000, which may be achieved by extending the classification
method to an analysis of the Landsat archive (e.g., [47]). This historical context of man-
grove loss is important when defining targets for current and future conservation and
restoration efforts.

Further consideration should also be given to areas of large losses, particularly if
these are linked to anthropogenic activities. A focus on future rapid monitoring activities
(i.e., change alerts) would allow NGOs and governments to respond more quickly to
current losses in mangrove extent through anthropogenic activities. A major benefit of the
analysis has been the identification of the world’s most dynamic mangrove areas, which
can allow focus for change alerts. This does not mean that mangroves outside these areas
should not be monitored, but the analysis does give focus on the likely hotspots of change
and where future efforts should be placed on protection but also restoration activities. This
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is particularly important as the sooner areas are restored following a change event, then
the greater likelihood that these will be successful.

Going beyond extent, consideration could also be given to mapping mangrove condi-
tion and degradation, while mangrove zonations and even species maps would be useful,
particular if invasive species could be mapped (e.g., Nipa Palm [68] within the Niger
Delta). Additionally, consideration could also be given to the sensitivity of mapping to
sea level rise, coastal erosion and landwards expansion, colonisation in higher latitudes,
while contextualizing mangroves with adjacent ecosystems, such as demonstrated by
Murray et al. [13], should also be explored. For ongoing conservation activities, under-
standing the drivers of changes (e.g., Goldberg et al. [12]) within mangrove ecosystems
should also be routinely produced.

5. Conclusions

Increasingly baseline maps such as GMW and value-added maps such as carbon-
related data are expected to play a key role in supporting formal policy and management
actions at national and international scales. In this regard, the current work provides
two substantive advances. Firstly, it improves the spatial and temporal resolution of the
mangrove base maps . Secondly, it also provides an objective reporting on accuracy. With
these improvements, the GMW v3.0 is in an excellent position to enable detailed target-
setting and progress-tracking in forums such as the UNFCCC, with national commitments
for both climate mitigation and adaptation; the Convention on Biological Diversity with
targets on conservation progress; the Bonn Challenge with targets for restoration, and the
UN Sustainable Development Goals, Indicator 6.6.1, on change in the extent of water-related
ecosystems over time. Such approaches are also being used in the non-governmental sector,
where partnerships such as the Global Mangrove Alliance [69] are already engaging their
partners in commitments around halting mangrove loss, accelerating restoration and
advancing protection efforts [70].

This study has provided global maps of mangrove extent for 11 annual epochs between
1996 and 2020, forming the latest version (v3.0) of the layers published by the Global
Mangrove Watch. The changes from the GMW v2.5 2010 mangrove baseline [29] were
mapped using the JAXA JERS-1 SAR, ALOS PALSAR and ALOS-2 PALSAR-2 L-band SAR
data, identifying a net global mangrove loss of 3.4% which equates to −5245 km2 with
a 95th confidence interval of −13,587–1444 km2 from 1996 to 2020. The large confidence
intervals are mainly due to misregistration detected within the v1 release of the L-band
SAR mosaics available at the time of this study. We would, therefore, not consider the
independent gains and losses to be reliable, and we thus recommend only the net change
estimates to be used. Mangroves are naturally dynamic as highlighted here by particular
change hotspots, such as the Amazon River mouth, which has witnessed considerable
gain in mangrove extent. Losses have occurred globally at a rate of about twice the gain,
with more losses occurring at the start of the time series. This suggests that the rate of
net global mangrove loss has slowed in recent years, but more work is required to better
understand and confirm this trend with lower confidence intervals and considering the
drivers of the changes. However, we would also advocate for an integrated near real-time
monitoring system for the hotspots of loss that could support further conservation of these
important coastal ecosystems.
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Appendix A

Table A1. Mangrove extent estimates 1996–2020 for the UN Statistics geographic regions in km2. Where Sub-region codes are: EAf: East Africa; MAf: Middle Africa;
SAf: Southern Africa; WAf: Western Africa; Car: Caribbean; CAm: Central America; SAm: South America; NAm: Northern America; EAs: Eastern Asia; SEAs:
Southeastern Asia; SAs: Southern Asia; WAs: Western Asia; ANZ: Australia & New Zealand; Mel: Melanesia; Mic: Micronesia; Pol: Polynesia. Note: reported
mangrove extent estimates account for known map commission and omission errors.

Sub-Region Country/Territory 1996 2007 2008 2009 2010 2015 2016 2017 2018 2019 2020

EAf Comoros 0.97 0.98 0.98 0.98 0.97 0.96 0.95 0.96 0.98 0.98 0.97
EAf Djibouti 8.89 7.41 6.92 6.82 6.84 7.18 7.35 7.32 7.38 7.42 7.50
EAf Egypt 2.94 2.18 2.03 2.02 2.02 1.99 2.00 2.02 2.05 2.07 2.24
EAf Eritrea 93.37 82.25 77.59 78.16 78.05 78.49 78.25 79.19 79.45 78.52 77.91
EAf French Southern Territories 6.72 6.72 6.72 6.72 6.72 6.72 6.72 6.72 6.72 6.72 6.72
EAf Kenya 549.90 543.80 541.00 543.45 544.13 541.35 538.52 539.55 543.28 545.24 544.30
EAf Madagascar 2826.44 2789.87 2773.93 2774.00 2769.98 2767.73 2761.18 2762.92 2772.21 2779.89 2775.67
EAf Mauritius 5.53 4.57 4.40 4.33 4.27 4.24 4.22 4.15 4.18 4.27 4.32
EAf Mayotte 6.77 6.86 6.92 6.92 6.90 6.80 6.75 6.76 6.81 6.83 6.76
EAf Mozambique 3186.45 3165.43 3123.73 3107.92 3101.43 3099.83 3097.03 3102.08 3095.60 3071.52 3027.35
EAf Seychelles 3.83 3.84 3.84 3.84 3.84 3.83 3.82 3.82 3.82 3.83 3.83
EAf Somalia 36.79 36.04 35.74 35.76 35.68 35.56 35.56 35.54 35.54 35.35 35.15
EAf Sudan 17.70 13.41 11.87 11.51 10.91 10.10 9.70 9.97 9.94 9.51 9.39
EAf Tanzania 1136.96 1125.61 1117.87 1119.69 1116.84 1114.16 1109.45 1109.11 1115.42 1117.75 1107.87

MAf Angola 293.25 289.81 288.36 288.69 288.45 287.93 285.55 285.67 283.58 284.39 283.57
MAf Cameroon 1963.56 1970.85 1970.23 1970.34 1972.01 1975.68 1971.60 1968.93 1968.77 1972.52 1970.01
MAf Democratic Republic of the Congo 238.00 238.07 237.37 237.28 236.46 236.36 236.16 236.33 236.59 237.19 236.84
MAf Equatorial Guinea 256.34 256.66 256.54 257.22 257.30 257.01 255.89 255.50 255.28 255.75 255.95
MAf Gabon 1759.46 1757.13 1754.71 1756.60 1755.68 1752.91 1748.00 1748.85 1749.83 1750.36 1747.01
MAf Republic of Congo 20.18 20.19 20.15 20.17 20.12 20.01 19.95 19.95 20.01 20.11 20.11
MAf São Tomé and Príncipe 0.48 0.48 0.48 0.48 0.48 0.48 0.48 0.48 0.48 0.48 0.48

SAf South Africa 25.66 26.22 26.03 26.01 26.12 26.44 26.27 26.38 26.48 26.62 26.43

WAf Benin 29.12 23.91 22.85 24.36 27.02 28.64 29.61 29.50 29.41 29.18 28.77
WAf Côte d’Ivoire 57.85 57.90 57.96 58.03 57.71 55.65 54.48 54.02 54.11 54.35 54.48
WAf Gambia 607.72 614.42 613.67 614.58 613.73 609.56 606.37 607.98 611.22 612.16 609.72
WAf Ghana 180.67 153.35 156.84 164.10 176.04 182.98 183.84 182.01 179.50 179.74 179.52
WAf Guinea 2278.75 2277.00 2253.91 2262.67 2254.84 2246.81 2228.92 2230.29 2227.74 2217.75 2211.45
WAf Guinea-Bissau 2742.92 2749.87 2722.52 2710.42 2709.98 2713.74 2699.40 2689.85 2697.78 2707.08 2688.32
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Table A1. Cont.

Sub-Region Country/Territory 1996 2007 2008 2009 2010 2015 2016 2017 2018 2019 2020

WAf Liberia 186.82 188.27 188.35 188.58 188.73 188.28 187.37 187.52 186.91 185.83 183.37
WAf Mauritania 3.25 3.18 3.12 3.06 2.97 3.15 2.99 2.92 2.87 3.18 3.44
WAf Nigeria 8604.33 8552.00 8522.98 8518.07 8505.73 8484.30 8454.31 8458.67 8453.59 8459.59 8442.43
WAf Senegal 1266.03 1287.76 1285.27 1284.48 1279.30 1274.77 1268.43 1268.42 1270.31 1273.16 1269.74
WAf Sierra Leone 1600.47 1596.69 1581.35 1586.92 1583.62 1586.84 1581.86 1584.44 1576.29 1549.77 1529.03
WAf Togo 0.53 0.44 0.39 0.40 0.41 0.41 0.40 0.40 0.41 0.45 0.50

Car Anguilla 0.04 0.03 0.03 0.03 0.04 0.05 0.05 0.04 0.04 0.04 0.04
Car Antigua and Barbuda 8.60 8.06 8.05 8.12 8.46 8.50 8.65 8.73 8.80 8.77 8.69
Car Aruba 0.55 0.48 0.45 0.45 0.45 0.46 0.46 0.46 0.44 0.44 0.46
Car Bahamas 1690.10 1608.84 1549.84 1547.97 1511.06 1489.67 1490.58 1498.13 1502.18 1517.49 1541.21
Car Barbados 0.10 0.10 0.10 0.10 0.11 0.10 0.10 0.09 0.09 0.10 0.11
Car Bonaire, Sint Eustatius and Saba 2.48 2.21 2.14 2.10 2.05 2.00 1.97 1.99 1.98 1.96 1.98
Car British Virgin Islands 0.92 0.86 0.85 0.88 0.91 0.93 0.95 0.96 0.97 0.94 0.97
Car Cayman Islands 46.84 45.65 45.29 45.22 45.10 44.86 44.78 44.79 44.85 44.94 44.89
Car Cuba 3888.82 3737.22 3688.01 3689.08 3661.31 3587.56 3561.46 3570.98 3593.68 3599.72 3596.94
Car Curaçao 0.45 0.45 0.45 0.44 0.44 0.44 0.44 0.44 0.44 0.44 0.44
Car Dominica 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01
Car Dominican Republic 196.42 196.18 195.06 194.75 192.76 191.12 190.07 190.15 190.77 191.47 191.84
Car Grenada 1.94 1.94 1.94 1.94 1.94 1.93 1.92 1.90 1.92 1.93 1.93

Car Guadeloupe 34.17 34.24 34.29 34.41 34.32 34.29 34.31 34.32 34.32 34.26 34.20
Car Haiti 166.81 158.72 156.95 157.02 155.13 152.37 150.91 151.38 153.16 154.17 154.01
Car Jamaica 105.51 108.79 108.98 108.45 106.14 101.25 99.46 98.98 99.24 99.42 99.45
Car Martinique 19.21 19.20 19.21 19.30 19.27 19.27 19.10 19.10 19.16 19.39 19.41
Car Puerto Rico 85.50 88.11 88.43 86.95 86.20 85.59 85.70 85.97 85.72 84.27 82.84
Car Saint Kitts and Nevis 0.34 0.35 0.36 0.35 0.35 0.33 0.33 0.32 0.33 0.34 0.35
Car Saint Lucia 1.63 1.63 1.63 1.63 1.62 1.62 1.62 1.61 1.62 1.63 1.62
Car Saint Vincent and the Grenadines 0.32 0.31 0.32 0.32 0.32 0.32 0.31 0.31 0.31 0.32 0.33
Car Saint-Martin 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01
Car Sint Maarten 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.05
Car Trinidad and Tobago 83.07 82.59 82.39 82.42 82.57 82.48 82.28 82.24 83.09 83.45 82.23
Car Turks and Caicos Islands 208.59 161.51 148.73 148.40 144.25 152.17 157.86 162.10 158.20 159.21 164.66
Car Virgin Islands, U.S. 2.65 2.55 2.55 2.56 2.58 2.66 2.63 2.66 2.65 2.65 2.62
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Table A1. Cont.

Sub-Region Country/Territory 1996 2007 2008 2009 2010 2015 2016 2017 2018 2019 2020

CAm Belize 549.02 536.96 530.32 527.31 524.25 521.59 520.11 522.13 527.87 530.43 528.69
CAm Costa Rica 379.39 382.76 382.58 382.93 382.48 381.32 381.09 381.14 379.28 374.71 371.11
CAm El Salvador 376.38 378.17 379.70 379.82 378.67 375.85 374.99 376.59 376.55 374.41 373.06
CAm Guatemala 250.00 245.54 245.37 247.02 247.15 246.90 247.54 248.91 249.69 249.61 249.65
CAm Honduras 624.17 632.84 636.52 640.08 637.95 621.38 615.91 619.36 620.71 612.62 605.64
CAm Mexico 10,503.06 10,278.04 10,149.62 10,070.73 10,040.21 9,993.39 9,997.25 10,040.11 10,129.16 10,144.10 10,055.18
CAm Nicaragua 763.04 769.99 772.39 776.98 774.47 761.35 756.53 758.74 761.12 754.95 747.31
CAm Panama 1,558.22 1,564.84 1,563.76 1,564.53 1,562.48 1,559.38 1,556.71 1,556.07 1,553.16 1,545.61 1,535.69

SAm Brazil 11,474.56 11,389.08 11,358.13 11,357.70 11,321.58 11,279.86 11,322.69 11,398.17 11,422.25 11,420.58 11,414.71
SAm Colombia 2880.24 2796.87 2784.78 2792.53 2799.87 2790.15 2782.75 2782.61 2798.16 2810.40 2807.54
SAm Ecuador 1594.01 1546.82 1523.33 1516.81 1514.03 1521.42 1523.09 1523.26 1525.11 1534.88 1535.43
SAm French Guiana 594.44 586.61 591.42 597.60 600.45 617.12 625.38 630.02 629.10 625.61 629.70
SAm Guyana 308.08 304.00 302.13 300.81 300.18 295.64 296.21 295.19 292.63 290.42 288.59
SAm Peru 56.76 53.12 51.85 52.14 52.43 52.43 52.70 53.50 54.71 55.22 54.94
SAm Suriname 759.85 757.34 767.90 772.04 788.78 812.40 818.62 811.40 809.39 808.30 800.44
SAm Venezuela 2848.56 2839.63 2830.15 2829.22 2827.80 2830.84 2829.87 2837.32 2845.16 2849.59 2846.75

NAm Bermuda 0.21 0.21 0.21 0.21 0.21 0.21 0.21 0.21 0.21 0.21 0.21
NAm United States 2399.90 2388.63 2371.11 2371.28 2341.96 2306.91 2297.30 2296.19 2302.93 2318.76 2329.12

EAs China 244.99 225.04 219.00 213.71 211.34 215.81 220.09 220.95 218.22 217.90 215.81
EAs Japan 10.36 10.30 10.25 10.23 10.19 10.16 10.11 10.08 10.17 10.30 10.31
EAs Taiwan 1.85 2.00 2.03 2.02 2.07 2.05 1.88 1.80 1.69 1.61 1.63

SEAs Brunei 114.62 114.78 114.63 114.94 114.82 114.46 114.14 114.17 114.59 115.24 114.97
SEAs Cambodia 646.56 629.89 623.69 621.58 620.53 617.03 616.62 617.31 618.79 621.81 626.92
SEAs Indonesia 31,273.02 30,315.24 29,927.48 29,830.04 29,748.65 29,565.37 29,455.64 29,408.24 29,411.07 29,434.16 29,533.98
SEAs Malaysia 5314.82 5297.17 5279.84 5284.00 5280.82 5258.86 5243.31 5244.72 5251.79 5255.76 5245.75
SEAs Myanmar 5821.20 5568.14 5500.46 5523.01 5484.06 5374.41 5361.32 5381.89 5374.30 5374.99 5435.39
SEAs Philippines 2927.32 2864.47 2825.79 2818.73 2812.75 2813.61 2812.66 2814.49 2833.73 2849.18 2847.98
SEAs Singapore 8.40 7.88 7.62 7.70 7.75 7.54 7.38 7.30 7.33 7.30 7.30
SEAs Thailand 2598.19 2530.01 2485.75 2477.22 2479.75 2481.36 2483.65 2494.88 2492.73 2506.41 2527.99
SEAs Timor-Leste 10.47 10.54 10.44 10.44 10.40 10.49 10.47 10.50 10.47 10.52 10.50
SEAs Viet Nam 1964.19 1916.04 1888.04 1884.63 1881.34 1872.36 1859.94 1859.22 1868.42 1870.99 1871.47
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Table A1. Cont.

Sub-Region Country/Territory 1996 2007 2008 2009 2010 2015 2016 2017 2018 2019 2020

SAs Bangladesh 4447.17 4489.53 4484.98 4478.25 4476.61 4462.06 4467.01 4457.93 4480.22 4474.50 4483.86
SAs India 4111.19 4061.50 4032.23 4033.99 4024.96 4061.78 4081.14 4086.76 4094.95 4081.23 4037.85
SAs Iran 142.69 123.12 113.12 113.89 114.69 117.33 113.36 112.48 113.63 116.78 111.77
SAs Maldives 0.97 0.97 0.97 0.97 0.97 0.97 0.97 0.97 0.97 0.97 0.97
SAs Pakistan 1000.02 935.78 915.99 909.54 895.79 887.86 900.60 919.97 927.65 900.06 827.89
SAs Sri Lanka 258.61 235.45 212.64 200.67 197.34 203.56 211.05 213.51 211.72 203.54 198.74

WAs Bahrain 0.64 0.81 0.85 0.86 0.80 0.60 0.59 0.59 0.60 0.60 0.60
WAs Oman 1.68 1.46 1.37 1.41 1.44 1.44 1.41 1.35 1.34 1.38 1.44
WAs Qatar 4.28 4.32 4.35 4.31 4.29 4.25 4.31 4.34 4.50 4.54 4.54
WAs Saudi Arabia 100.10 111.08 110.85 107.88 93.43 79.11 76.53 77.21 76.82 76.69 77.10
WAs United Arab Emirates 75.83 79.54 84.07 82.18 77.06 72.74 71.94 73.26 74.23 74.56 74.45
WAs Yemen 18.99 17.33 16.50 16.55 16.52 16.39 16.09 15.98 15.79 15.91 15.51

ANZ Australia 10,654.72 10,453.67 10,319.56 10,318.49 10,262.56 10,178.25 10,125.86 10,151.86 10,196.80 10,218.54 10,170.81
ANZ New Zealand 290.27 298.50 298.48 299.86 299.98 300.11 299.67 299.83 300.49 299.36 296.08

Mel Fiji 485.72 485.38 486.36 487.54 487.72 489.61 487.83 488.03 487.35 488.71 488.14
Mel New Caledonia 330.08 325.98 325.07 323.55 323.59 323.77 324.95 325.49 328.22 332.54 334.13
Mel Papua New Guinea 4573.48 4584.37 4580.01 4578.50 4570.51 4555.33 4545.76 4544.41 4543.53 4535.62 4524.74
Mel Solomon Islands 527.31 529.25 530.04 530.84 528.98 525.48 523.58 522.21 524.71 527.50 526.51
Mel Vanuatu 16.23 16.29 16.31 16.41 16.37 16.38 16.29 16.37 16.37 16.35 15.84

Mic Guam 0.52 0.52 0.52 0.52 0.52 0.52 0.52 0.51 0.51 0.52 0.52
Mic Kiribati 1.46 1.46 1.46 1.46 1.46 1.46 1.46 1.46 1.46 1.46 1.46
Mic Marshall Islands 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33 0.33
Mic Micronesia 90.84 88.18 88.01 87.91 90.17 90.69 90.69 90.69 90.69 88.18 87.94
Mic Palau 56.62 56.95 57.04 56.98 57.00 57.00 57.03 57.35 57.38 57.03 56.88

Pol American Samoa 0.33 0.32 0.32 0.32 0.32 0.32 0.32 0.32 0.32 0.32 0.32
Pol Cook Islands 0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.03 0.03
Pol French Polynesia 1.22 1.21 1.20 1.20 1.20 1.20 1.21 1.21 1.21 1.24 1.25
Pol Samoa 2.34 2.37 2.39 2.40 2.39 2.37 2.35 2.33 2.30 2.31 2.32
Pol Tonga 10.55 10.46 10.51 10.64 10.68 10.80 10.81 10.76 10.68 10.58 10.43
Pol Tuvalu 0.09 0.09 0.09 0.09 0.09 0.09 0.09 0.09 0.09 0.09 0.09
Pol Wallis and Futuna 0.29 0.29 0.29 0.29 0.29 0.29 0.29 0.29 0.29 0.29 0.29
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