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Abstract 25 
Mangroves have disappeared rapidly due to deforestation and sea-level rise but can also recover through 26 
natural regrowth and restoration. However, their long-term trajectory in area and canopy cover remains highly 27 
uncertain. By developing a global mangrove canopy density dataset, we show that mangrove loss (conversion 28 
to other land uses) and degradation (reduction in canopy density) have been reduced and have been largely 29 
offset by regeneration and natural seaward expansion over four decades. As a result, global mangrove extent 30 
has reversed from net loss to net gain and shown a decline of only around -1% from the 1980s to 2023, 31 
although most newly established mangroves still provide limited ecosystem services because they are not yet 32 
mature enough to compensate for the loss of older forests. Meanwhile, persistent mangrove forests keep 33 
accumulating canopy density, suggesting natural growth and potential underestimation of blue carbon gains 34 
in current area-based assessments. Our results reveal the underestimated resilience of a highly threatened 35 
ecosystem and suggest halting deforestation as a priority to meet global restoration targets through natural 36 
regrowth.  37 
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Conserving and restoring coastal wetlands represents a promising nature-based pathway to protect 36 
biodiversity (1), enhance coastal resilience (2), and mitigate climate change (3). Recognized for their 37 
ecological importance, coastal wetlands have become central to major international restoration initiatives, 38 
such as the Bonn Challenge and the UN Decade on Ecosystem Restoration. Mangrove forests, in particular, 39 
have emerged as a focal point in coastal restoration efforts (4), given they support a wide range of ecosystem 40 
services including coastal protection, fishery support, climate regulation, and cultural values (5). Historically, 41 
mangroves have been subjected to extensive deforestation because of development such as aquaculture, oil 42 
palm plantations, and rice paddy agriculture (6–8). Additionally, natural disturbances, including tropical 43 
cyclones and shoreline erosion, pose serious threats to mangrove ecosystems (9, 10). As a result, global 44 
assessments have consistently concluded that mangroves remain in a state of long-term decline (11, 12). 45 

To halt and reverse this trend, numerous countries have launched ambitious mangrove restoration 46 
initiatives, such as Indonesia’s National Mangrove Conservation Programme (13) and the United Arab 47 
Emirates’ pledge to plant 100 million mangroves by 2030 (14). Some countries have already shown signs of 48 
success, such as the rebound of mangrove areas in China following the implementation of strong protection 49 
policies (15). While such interventions may slow deforestation rates (6), they have not yet fully reversed the 50 
trajectory of global mangrove loss. Besides assisted restoration, mangroves possess a strong capacity for 51 
natural expansion. Riverine sediment deposition creates newly accreted mudflats that offer suitable habitats 52 
for mangrove colonization (11, 16), facilitating seaward expansion into previously unvegetated areas (17). 53 
Mangroves also have the potential to regenerate within abandoned aquaculture ponds, provided that 54 
environmental conditions remain favorable (8). However, the extent to which these processes of expansion 55 
and regeneration have offset historical mangrove losses remains poorly understood. 56 

Even in the absence of complete deforestation, mangrove canopy cover can undergo damage due to 57 
both natural disturbances [e.g., cyclones (18) and climatic oscillations (19)] and anthropogenic impacts (e.g., 58 
selective logging), a process referred to as degradation (20, 21). Such degradation has a range of ecological 59 
consequences, including carbon release, reduced coastal protection, and loss of biodiversity (22). Nevertheless, 60 
mangroves are known for their resilience to disturbance. For instance, they can recover to pre-cyclone level 61 
of leaf area within just one year (23). Yet, little is known about the global rates and spatial extent of mangrove 62 
degradation and growth. 63 

Here we quantified global mangrove canopy dynamics by developing a high--resolution (30 m) annual 64 
product of mangrove extent and Fractional Canopy Cover (FCC) from 1984 to 2023. Annual mangrove extents 65 
were categorized into four canopy conditions, including closed mangrove forests (FCC > 80%), open 66 
mangrove forests (50%-80%), mangrove woodland (20%-50%), and sparse mangroves (< 20%) (24) (fig. S1). 67 
Four types of mangrove dynamics were then distinguished: loss, defined as complete conversion of mangroves 68 
to other land covers for at least 3 years, whether driven by natural or anthropogenic factors (deforestation); 69 
gain, new mangroves gained from lost mangrove forests (regeneration) or from areas that were not previously 70 
mangrove within our time series (expansion); degradation, defined as a downward transition between 71 
mangrove canopy types accompanied by a minimum FCC decline of 20% within persistent mangroves (25), 72 
or as a short-term loss of mangroves (< 3 years) (26); and growth, defined as a substantial increase in FCC of 73 
persistent mangrove areas (27, 28), namely the opposite of degradation. Through this approach, we first 74 
analyzed long-term trajectories of global and regional mangrove extent since the 1980s, followed by trends in 75 
loss and degradation rates, and finally assessed mangrove growth, with particular attention to those persistent 76 
mangrove forests without land-cover changes. 77 
  78 
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Results 79 

A shift from net loss to net gain 80 
Four decades of satellite monitoring reveal a reversal in the global trajectory of mangrove extent. 81 

Between the 1980s and 2010, global mangrove extent declined from 154,810 km2 [95% confidence interval 82 
(CI): 140,661 to 158,069 km2] to 151,928 km2 (139,539 to 154,633 km2, 95% CI), representing a net loss of 83 
2,882 km2 (1.86%, 95% CI: -4,939 to 1,025 km2). However, this trend reversed in the subsequent decade. By 84 
2023, global mangrove area had rebounded to 153,961 km2 (145,085 to 158,206 km2, 95% CI), reflecting a 85 
net gain of 2,033 km2 (1.34%, 95% CI: 1,131 to 3,158 km2) since 2010 and resulting in a marginal net loss of 86 
just 848.8 km2 (95% CI: -2,927 to 1,360 km2) over the entire 1980s-2023 period (table S1). This small net 87 
loss underscores the substantial compensatory effect of mangrove gains. Between the 1980s and 2010, 88 
12,657 km2 or 8.2% (10,283 to 14,317 km2, 95% CI) of mangroves were lost, yet 9,775 km2 (7,467 to 11,566 89 
km2, 95% CI) of new mangrove forests were established, mitigating 77% of gross losses. From 2010 to 2023, 90 
mangrove gain accelerated from an average of 0.28% per year to 0.42% per year, contributing 8,307 km2 91 
(6,660 to 9,492 km2, 95% CI) of new growth that outpaced 6,275 km2 (4,539 to 7,696 km2, 95% CI) of loss 92 
(table S1). 93 

 94 
Fig. 1. Global pattern of mangrove loss and gain during 1980s-2023. The color scale, shown on the bottom left, indicates the 95 
rate of change in terms of both loss (red) and gain (blue), with 0% change represented by grey. The rate is calculated as 96 
(Δarea/original area) × 100%. Inset regional maps provide detailed examples of change patterns for Ecuador, the Niger Delta of 97 
Nigeria, and the Mahakam Delta of Indonesia, where blue patches indicate mangrove gain, red patches signify loss, and grey patches 98 
indicate persistent mangrove areas. An online interactive map for mangrove extents and their change area is available through the 99 
following link: https://zhenzhang.users.earthengine.app/view/globalmangrovedynamic. 100 
 101 

Separating global signals by biogeographic region (fig. S2) reveals that net mangrove loss from the 102 
1980s to 2010 was overwhelmingly concentrated in Southeast Asia (table S1), which accounted for 59.3% of 103 
global mangrove losses, followed by Americas (22.5%). Key hotspots included Kalimantan, Sulawesi, 104 
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Sumatra, Myanmar, the Caribbean, and parts of Brazil (Fig. 1). Notably, the rate of net loss in Southeast Asia 105 
peaked between 1990 and 2005 but has since slowed, with the region transitioning to net gain after 2010 (Fig. 106 
2A). This shift was dominated by Indonesia (fig. S3 and fig. S4), where rapid mangrove loss between 1995 107 
and 2005 was followed by a notable stabilization, and gain in Myanmar in which mangrove cover transitioned 108 
from consistent decline to net gain after 2010 (fig. S3 and fig. S4), particularly in the Irrawaddy Delta, Gulf 109 
of Martaban, and Rakhine State, including the Naf River region along the Myanmar-Bangladesh border (fig. 110 
S5). Despite a 10% increase in mangrove area since 2010, Myanmar experienced a net loss of 28.6% between 111 
the 1980s and 2010, making it still the most severely deforested country among major mangrove-holding 112 
nations (Fig. 2E). In contrast, West and Central Africa have shown the opposite trend. After decades of 113 
expansion, particularly in Senegal, Gambia, and Guinea-Bissau, the region shifted to net loss around 2014, 114 
driven by accelerating losses in Nigeria since 2002 (fig. S3). 115 

 116 
Fig. 2. Regional mangrove area dynamics and country-level change rates. A-D, Time series of mangrove areas (km2) from the 117 
late 1980s to 2023 for (A) Asia, (B) Americas, (C) Africa, and (D) Oceania. Within each continental plot, individual lines represent 118 
distinct biogeographical regions, with corresponding geographical extents shown in the inset maps in matching colors. For enhanced 119 
visualization, the Middle East is grouped with Africa. E, Mangrove change rates for the top 10 mangrove-rich nations in the 1980s, 120 
ordered by their mangrove extent. Teal bars indicate gain rates, pink bars show loss rates, and grey bars represent the net change 121 
rate. 122 
 123 

Outside of Southeast Asia and Africa, all remaining regions exhibited long-term net gains in mangrove 124 
areas (Fig. 2A-D), particularly pronounced in northern Australia, western Mexico, the Gulf of Mexico, the 125 
Middle East, and South Asia (Fig. 1). Specifically, in Australia and New Zealand, mangrove gains were most 126 
rapid between 1987 and 2010 (Fig. 2D); South Asia, East Asia, and the Middle East each demonstrated near-127 
linear increases in mangrove extent since the 1990s (Fig. 2A and C).  128 

Our analysis also differentiated between mangrove expansion (i.e., the establishment of mangroves in 129 
areas lacking mangrove cover in 1980s) and regeneration (i.e., regrowth within mangrove areas that were 130 
formerly deforested). Of the 7,476 km2 of global gains from 2010 to 2023, expansion accounted for 5,364 km2 131 
(64.6%), with regeneration comprising the remaining 35.4%, suggesting an expansion-dominated mangrove 132 
gain (Fig. 3). Expansion usually occurred in deltaic and riverine areas (Fig. 3C-F), consistent with natural 133 
colonization processes. A striking hotspot of mangrove expansion is the northeastern coastline of South 134 
America, where mudbanks formed by Amazon River sediment provide new habitats for rapid mangrove 135 
colonization (29). This reflects the ecological adaptability of mangroves to colonize bare mudflats when 136 
environmental conditions are within their physiological tolerance (30). Observed mangrove gains also align 137 
with reported net mangrove gains in global deltas due to increased sediment input from upstream deforestation 138 
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and mining (16, 31), reflecting that the rate of mangrove gain in minerogenic settings highly depends on 139 
terrigenous sediment supply.  140 

 141 
Fig. 3. Global pattern of mangrove expansion and regeneration (2010-2023). A, Global distribution of mangrove expansion. 142 
The color scale indicates the expansion area in km² per grid cell. B, Global distribution of mangrove regeneration, with the same 143 
color scale as in A. The blue lines in panels A and B represent major rivers. The red dots in panels A and B indicate the locations 144 
of the regional examples shown in panels C-F. The background imagery for panels C-F is a Landsat 8 near-infrared composite from 145 
2023. 146 
 147 

Mangrove degradation and loss are slowing down 148 
On average, annual degradation rates exceeded loss rates across 64.9% of global mangrove area, being 149 

particularly evident in Africa, the Caribbean, and the Pacific Islands (Fig. 4A). Southeast Asia exhibited high 150 
rates of both degradation and loss, especially in mainland regions. In certain years, degradation was several-151 
folder higher than loss, such as in South Asia (2008), Eastern and Southern Africa (2000), North and Central 152 
America (2017), and Australia and New Zealand (2011) (Fig. 4B). These abrupt degradation events coincided 153 
closely with the passage of tropical cyclones (fig. S6), including Cyclone Yasi in Australia (2011), Hurricane 154 
Irma in Cuba and Florida (2017), Cyclone Rashmi in the Sundarbans (2008), and Cyclone Leon-Eline in 155 
Mozambique (2000), confirming tropical cyclone as a dominant driver of mangrove degradation globally. 156 
Human activities have also played an important role in mangrove degradation. For example, crude oil pollution 157 
has caused extensive and long-term damage to mangrove ecosystems in the Niger Delta (32). 158 
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 159 
Fig. 4. Global and regional rates of mangrove disturbance consisting of loss and degradation. A, Global pattern of long-term 160 
average annual disturbance rates. The color key indicates the mean annual rate, with increasing degradation towards blue and 161 
increasing loss towards yellow, with red representing high rates of both and grey representing low rates for both. B, Temporal 162 
profiles of annual rates for ten biogeographical regions. Individual points and thin lines show the annual rates of loss (yellow) and 163 
degradation (blue). Temporal peaks in disturbance rates align closely with tropical cyclone events, such as Cyclone Rashmi in 2008 164 
in South Asia (fig. S6). The bars represent the 10-year average rate of loss (pink) and degradation (green), with error bars indicating 165 
the corresponding 10-year standard deviation. Numbers within each regional panel correspond to the 10-year average rate for loss 166 
(red) and degradation (blue). 167 
 168 

Mangrove disturbance (i.e., degradation and loss) rates have declined over the past four decades, 169 
mostly from degradation, which fell from approximately 0.64% yr-1 in the 1980s to 0.24% yr-1 by the recent 170 
decade (fig. S7). The average loss rate of mangroves during the recent decade was also around 0.24% yr-1, 171 
comparable to 1985-1995 but lower than 1995-2005 (0.33% yr-1), suggesting a decline in mangrove loss rate 172 
since 2000. Southeast Asia exhibited substantial decrease in annual rates of both mangrove degradation and 173 
loss (Fig. 4B). We observed an initial rise in loss rate between 1988 and 1998, followed by a decline to 2011, 174 
after which rates stabilized at around 0.29% yr-1. These patterns are consistent with previous findings (6, 33, 175 
34) and reflect the cumulative impact of conservation efforts (4), reduced tropical cyclone frequency in some 176 
regions (35), and increased agroforestry practices (36). However, these declines in disturbance were partly 177 
offset by rising rates in West and Central Africa, which has emerged as the current hotspot of mangrove 178 
degradation, reaching ~0.53% yr-1 during 2015-2023, primarily concentrated in the Niger Delta (fig. S8). 179 

Despite an overall reduction, mangrove disturbance still persists in recent years (2018-2023) (fig. S9). 180 
Some of these events were associated with climatic drivers, such as mangrove dieback in Texas following a 181 
severe freeze in 2020, damage from Hurricane Ian in Cuba and Florida (2022), and canopy loss in Mexico’s 182 
Marismas Nacionales-San Blas mangroves following Hurricane Roslyn (2022) (fig. S10). Shoreline erosion 183 
still contributes to mangrove loss, such as along the Amazon-Guianas Atlantic coastline (fig. S10C). 184 
Anthropogenic deforestation, however, remains widespread, even within formally protected areas. A striking 185 
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example is the Rufiji Delta in Tanzania, which is a Ramsar wetland conservation site but is experiencing 186 
excessive mangrove deforestation due to cropland expansion and timber production (37) (fig. S10E).  187 

 188 

Increased canopy density of mangrove forests 189 
Although abrupt mangrove degradation events have occurred in specific years, a broader decadal 190 

perspective reveals a net gain in canopy cover, as evidenced by an increase in the extent of closed-canopy 191 
mangrove forests (FCC > 80%). Globally, closed mangrove forests increased from 77,643km2 (50.2% of total 192 
mangrove area) in the 1980s to 88,772km2 (57.7% of total) by 2023, even though total mangrove area has 193 
slightly decreased. Increases in closed mangrove forests from 1980s to 2023 were considerably high in South 194 
America [31.2% (3,548 km2) of total increases], mostly taking place along the Amazon Macrotidal Mangrove 195 
Coast (Fig. 5A, B). Closed mangrove forests in the Middle East, western South Asia, and East Asia 196 
experienced large increases in terms of proportion (fig. S11), probably due to range expansion (38) and 197 
restoration efforts (39). Eastern and Central Africa is the only biogeographic region with decreased closed 198 
mangrove forests, concentrated mostly in Madagascar (Fig. 5A). 199 

Although closed mangrove forests show a net global gain, they are also more vulnerable to loss 200 
compared to sparser mangroves. Between the 1980s and 2023, closed mangroves alone accounted for nearly 201 
half (48.6% or 6,866 km2) of gross mangrove loss, two-thirds of which (66.7% or 4,581 km2) occurred in 202 
Southeast Asia. Since mangrove losses in Southeast Asia are largely driven by anthropogenic factors (6), this 203 
suggests that commodity-driven deforestation disproportionately targets mature, high-density mangroves. 204 
However, this loss has been partly offset by concurrent growth in new mangroves, 42.8% (5,679 km2) of which 205 
has grown into closed-canopy condition by 2023 globally. The formation of closed mangrove forests can occur 206 
rapidly. For example, 33.5% (2,783 km2) of young mangroves established since 2010 had transitioned to 207 
closed-canopy condition by 2023, with expansion slightly more likely to achieve closure (34.8 %) than 208 
regeneration (31.2 %). 209 

The largest contributor to the net increase in closed mangrove forests is from persistent mangroves, 210 
those without replacement from the 1980s to 2023. In the 1980s, 50.3% of persistent mangroves had closed 211 
canopies; by 2023, this proportion had risen to 59.2%, largely due to transitions from open-canopy mangroves 212 
(Fig. 5D). Even in Southeast Asia, where closed mangrove forests have been substantially lost, increased 213 
canopy cover in those persistent mangroves compensated for the loss and made the area of closed mangrove 214 
forests in Southeast Asia stable. These results demonstrate that, in the absence of loss, mangrove forests have 215 
a strong capacity to increase canopy density, which is consistent with observed increased mangrove greenness 216 
(40) and can contribute to increased mangrove productivity (41). As of 2023, 42.3% of global mangrove 217 
forests remain in an open or woodland state, with some representing a substantial potential reservoir for future 218 
natural closed-canopy development under effective protection. 219 
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 220 
Fig. 5. Dynamics of mangrove canopy cover. A, Global pattern of area change (km2) of closed mangrove forests from the 1980s 221 
to 2023. The color map indicates the magnitude of change, with blue representing increases and red representing decreases in area. 222 
The two red circles highlight the locations of the regional examples detailed in panels B and C (Amazon Macrotidal Mangrove 223 
Coast and southwestern Papua, respectively). B and C, Regional examples illustrating mangrove change. For each region, the left 224 
and middle sub-panels display FCC images from the 1980s and 2023, respectively, where darker green indicates higher canopy 225 
cover. The right sub-panels show the change in FCC (ΔFCC = 2023 FCC - 1980s FCC), with greener areas indicating increased 226 
FCC (i.e., mangrove growth). D, Sankey diagram illustrating the flow and area (km2) of different mangrove canopy types across 227 
four time points: 1980s, 2000, 2010, and 2023, which highlights the overall increase in closed mangrove forest area, primarily 228 
transferred from open mangrove forests. 229 
 230 

Discussion 231 

Our results reveal widespread mangrove expansion and regeneration, which runs counter to earlier 232 
global assessments, including the Global Tidal Wetland Change (11) and Global Mangrove Watch (GMW) 233 
(12), which reported persistent declines across all biogeographic regions (fig. S12). However, at a regional 234 
and national level, our findings are consistent with emerging studies documenting mangrove gains in Australia 235 
(24), East Asia (15, 39), Senegal (42), Brazil (43), and the Middle East (44, 45), and show a substantial 236 
underestimation of mangrove gains in previous assessments (fig. S13).  237 

We found a recovery in mangrove areas of Southeast Asia, the hotspot of mangrove deforestation. This 238 
finding aligns with local evidence, including seaward expansion in several major deltas of Southeast Asia (17), 239 
reduced mangrove disturbances in Myanmar after 2010 (46), and notable post-2010 mangrove expansion in 240 
parts of Indonesia (47) and Myanmar (7, 48, 49). Our detected reversal in Myanmar is also robust across two 241 
independent mapping approaches (fig. S5B). In Indonesia, mangrove dynamics can be explained by 242 
heightened awareness and restoration following the 2004 tsunami (13), and improved legal protection for 243 
mangroves since the early 2000s (50), particularly cross-sectoral coordination mechanisms for mangrove 244 
management and legal mechanisms for community management (51). Private sector and community initiatives 245 
have also led to increased mangrove planting efforts across Indonesia. Mangrove dynamics in Myanmar can 246 
be explained partly by increased awareness following the devastating impact of Cyclone Nargis in 2008 (52), 247 
natural expansion of mangroves on newly formed mudbanks (particularly in Tanintharyi), a national mangrove 248 
logging ban passed in 2014 (53) and legal frameworks for community management (51), passive natural 249 
regeneration in abandoned areas, and active plantation and restoration efforts (54).  250 
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Beyond mapping areal change, this work provides spatially explicit annual data on global mangrove 251 
canopy density extending back to the 1980s, enabling continuous monitoring of global mangrove degradation 252 
and growth. Distinguishing between mangrove degradation and loss is critical, as they could be driven by 253 
different processes, have distinct ecological consequences, and require tailored conservation strategies (20). 254 
Our long-term record of canopy density reveals that mangrove degradation, particularly following tropical 255 
cyclones, affects a much larger area than loss in certain years. It also captures the non-linear dynamics (e.g., 256 
rise and subsequent decline) of loss rates in Southeast Asia (Fig. 4B), highlighting fine-scale temporal 257 
variation in mangrove disturbance. Importantly, we found that persistent mangrove stands can increase in 258 
canopy density by closing internal gaps, a dynamic largely overlooked in extent-based observations. The 259 
expansion of closed-canopy forests enhances sediment trapping and could serve as the seed sources for 260 
facilitating propagule dispersal, promoting resilience to sea-level rise and supporting lateral expansion (55), 261 
thus suggesting a positive-feedback mechanism in mangrove development. Moreover, increases in canopy 262 
density without associated land-cover change imply net biomass accumulation and carbon storage. These 263 
findings indicate that assessments of blue carbon dynamics based solely on areal extent (56) may 264 
underestimate carbon gains, particularly where structural canopy changes are not accounted for. However, it 265 
is important to note that newly formed closed-canopy mangrove stands are not necessarily equivalent to 266 
mature forests. Younger stands may provide reduced ecological services relative to the older, deforested 267 
mangroves (57). As such, offsetting functional losses from deforestation through mangrove gain requires not 268 
only spatial compensation but also sufficient time for ecosystem maturation and full functional recovery. 269 
 Our findings provide useful insights for future policy and research. Conservation efforts should 270 
prioritize halting deforestation, as mangroves exhibit a natural capacity for gaining and growing once 271 
pressures are controlled. Crucially, conservation frameworks must look beyond area-based targets alone. 272 
Gains in canopy density, such as transitions from open to closed mangrove forest, enhance ecological 273 
functioning including increased carbon storage, which in some instances may outweigh carbon emissions from 274 
losses of sparse mangrove forests. Newly established mangrove stands warrant particular attention. 275 
Understanding the mechanisms underpinning their expansion is essential for guiding restoration strategies and 276 
optimizing their carbon sequestration potential. These young forests represent a substantial and growing 277 
carbon sink (58) but may be more sensitive to cyclones due to underdeveloped trunks and anchoring root 278 
systems. Conservation policy, therefore, should give more emphasis on protecting those naturally generated 279 
mangrove forests rather than solely focus on mangrove planting. 280 

In summary, our study provides the first spatially explicit global-scale measurement of mangrove loss, 281 
gain (including expansion and regeneration), degradation, and growth at an annual frequency. We reveal that 282 
global mangrove losses since the 1980s have been largely offset by widespread but previously undetected 283 
expansion and regeneration, resulting in only a marginal net decline in extent by 2023. With both loss and 284 
degradation rates declining in recent years, mangroves have shifted to a trajectory of net gain since 2010. This 285 
reversal, however, should not be seen as grounds for complacency. Rather, it highlights the substantial 286 
conservation potential of halting deforestation and supporting regrowth, given the demonstrated capacity of 287 
mangroves to expand and thrive. Our findings thus offer a new basis for understanding and predicting 288 
mangrove dynamics, advancing global ecosystem restoration goals, and refining strategies to mitigate climate 289 
change through blue carbon ecosystems.  290 
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Materials and Methods 1 

Generation of Landsat baseline imagery. 2 

The entire archive of the Landsat Collection 2 Tier 1 surface reflectance images (1) acquired between 3 

1984 and 2023 was used to generate the mangrove extent and Fractional Canopy Cover data. Cloud and cloud 4 

shadows in the Landsat images were masked out using the Quality Assessment (QA) information on the 5 

Google Earth Engine (GEE) platform (2). To define the study area (fig. S2), we generated a 1° global grid and 6 

retained only those cells intersecting with any of five existing global mangrove datasets, including Global 7 

Mangrove Watch (GMW v3, 1996-2020) (3), the High-resolution Global Mangrove Forests in 2020 8 

(HGMF_2020) (4), the Global Mangrove Forest Distribution in 2000 (GMFD_2000) (5), the ESA global 9 

mangrove extent in 2020 (ESA_2020) (6), and the Global Wetland Layer FCS30D (GWL_FCS30D, 2000–10 

2020) (7). 11 

Due to the uneven Landsat coverage, especially prior to the launch of Landsat 7 in 1999, generating 12 

global annual mangrove extent maps and associated dynamics posed a challenge. We thus adopted a grid-13 

specific mosaicking strategy to generate cloud- and gap-free baseline composites for three anchor years: 1984 14 

(“1980s baseline”), 2010, and 2023, which served as temporal benchmarks for subsequent mangrove mapping 15 

and change detection. Each baseline image was initialized with imagery from its target year and iteratively 16 

gap-filled using median annual composites from adjacent years until complete coverage was achieved. The 17 

initial year of valid Landsat observations for the 1980s baseline varied regionally due to differences in sensor 18 

acquisition coverage (fig. S14 and fig. S15), but 97% of pixels were acquired between 1984 and 1989 (fig. 19 

S16), supporting its representation of the “1980s” composite. Valid initial observations began in 1984 for most 20 

of the Americas, Africa, and the Middle East; in 1986 for Australia and East Asia; in 1987 for Southeast Asia; 21 

in 1988 for South Asia; and in 1989 for the Pacific Islands. The 2023 composite benefited from Landsat 9 and 22 

required only minimal backward extension (January 2023-July 2024) to ensure gap-free coverage. 23 

 24 

Producing global annual mangrove fractional canopy cover data.  25 

Fractional canopy cover (FCC), the proportion of vegetation canopy over the ground surface (8), is a 26 

commonly used remote sensing index to measure forest degradation (9–11). We estimated FCC using spectral 27 

mixture analysis (SMA), which models pixel reflectance as a linear combination of spectral characteristics of 28 

pure land-cover types (so-called endmembers, usually including green vegetation and bare soil) (12). To 29 

overcome the inefficiency of manually defining endmembers at global scale, we developed an automated 30 

method to extract them from each annual Landsat composite. The main strategy was to identify high-purity 31 

pixels for each land-cover type and use their mean spectral signatures as endmembers (13). We included water 32 

as the third endmember class considering high water content in the coastal area (13). Additionally, the green 33 

vegetation class was restricted to pure mangrove vegetation to ensure a more representative spectral signature 34 

of mangrove canopies.  35 

To identify the bare soil subset, we excluded water bodies using the Global Surface Water (GSW) 36 

maximum extent mask (14), Normalized Difference Water Index (NDWI) (15) < 0, and elevation > 1 m (to 37 

eliminate intertidal mudflats which usually hold high soil moisture content), and vegetation using Normalized 38 

Difference Vegetation Index (NDVI) (16) < 0.3 and Normalized Difference Built-up Index (NDBI) (17) > 0. 39 

We then retained remaining pixels with blue band reflectance below the 30th percentile (18) to exclude bright 40 

non-soil surfaces (e.g., sand and impervious surfaces). The remaining areas were treated as the bare soil subset 41 

due to their low water and vegetation probability and low spectral reflectance in visible wavelengths (fig. S17). 42 

The mangrove vegetation subset was derived by selecting pixels within mapped mangrove extents (see 43 

subsequent sections) exceeding the 90th percentile of mangrove NDVI, which represent high-density 44 

mangrove canopy areas. The water endmember was obtained from GSW pixels with > 98% water occurrence, 45 

representing permanent water bodies (14). 46 
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Because FCC is a continuous variable and sensitive to thin clouds, we applied an additional procedure 47 

to remove residual cloud contamination from Landsat images after QA-band masking. We observed that clear-48 

sky mangrove pixels consistently exhibit blue band reflectance < 0.07 and shortwave infrared band (SWIR1) 49 

reflectance > 0.05 (fig. S18), which were used to enhance cloud and shadow removal for FCC estimation (fig. 50 

S18). To generate a seamless FCC product, FCC values for the gap-free 1980s Landsat composite were 51 

assigned to 1984, and missing values in subsequent years were filled using the most recent valid FCC 52 

observation. 53 

To validate FCC estimates from our unmixing approach, we used high-resolution (3 m) PlanetScope 54 

SuperDove imagery over two mangrove sites: the Everglades in the United States and the Herbert Creek 55 

Estuary in Australia. At each site, mangrove canopy cover was mapped at 3 m resolution and then aggregated 56 

to a 30 m grid to generate reference FCC layers for validating. We compared our SMA-derived FCC estimates 57 

against four alternative approaches (19), including a quadratic model based on NDVI:  58 

𝐹𝐶𝐶 = (
ே஽௏ூିே஽௏ூೄ

ே஽௏ூೡିே஽௏ூೞ
)2  (1), 59 

where NDVIs and NDVIv are the NDVI values of the bare soil and mangrove endmembers, respectively, and 60 

relative vegetation abundance (RA) algorithms based on three vegetation indices, namely NDVI, kernel NDVI 61 

(kNDVI) (20), and near-infrared reflectance of vegetation (NIRv) (21), each of which was computed using a 62 

standard linear unmixing formula: 63 

𝐹𝐶𝐶 =
௏ூି௏ூೞ

௏ூೡି௏ூೞ
  (2), 64 

where VI refers to the pixel-level vegetation index (i.e., NDVI, NIRv, or kNDVI), and VIs and VIv denote the 65 

corresponding values for bare soil and mangrove endmembers, respectively. The FCC estimates derived from 66 

our SMA approach exhibited greater stability than alternative methods, with root mean square error (RMSE) 67 

ranging from 14% to 18% across two validation sites (fig. S19). 68 

 69 

Generating global mangrove baselines. 70 

Automatic training sample collection.  71 

We developed an automated methodology to generate both mangrove and non-mangrove training 72 

samples for delineating mangrove extents from the three Landsat baseline composites. We first defined a 73 

consensus mangrove extent by intersecting multiple existing global mangrove datasets for the years 2000 74 

(GMFD_2000, GWL_FCS30D_2000, and GMW_1996), 2010 (GMW_2010 and GWL_FCS30D_2010), and 75 

2020 (HGMF_2020, GWL_FCS30D_2020, GMW_2020, and ESA_2020). Considering that even these 76 

consensus areas may still contain commission errors, we refined them using Landsat-derived spectral indices. 77 

Specifically, for each 1° grid cell, pixels with low values of the logarithm of the Mangrove Vegetation Index 78 

(22) (MVIlog; < mean – 1 s.d.) and high values of the Modular Mangrove Recognition Index (23) (MMRI; > 79 

mean + 1 s.d.) were excluded, as mangroves typically exhibit high MVIlog and low (often negative) MMRI. 80 

MVIlog was preferred over raw MVI due to the latter’s wide range (could be greater than 20), which can raise 81 

large standard deviations and thus an inaccurate threshold. 82 

  Due to the limited availability of multi-source mangrove data, the earliest reliable mangrove 83 

intersection could only be established for the year 2000, with the latest being 2020. To transfer the 2000 and 84 

2020 intersected mangrove extents to the 1980s and 2023, we used a metric of spectral similarity called 85 

Spectral Angle Mapper (SAM) (24). For example, to derive training data for the 1980s baseline, we calculated 86 

SAM between the 1980s and the 2000 Landsat median composites, retaining mangrove pixels with SAM < 87 

0.15 as unchanged mangroves (fig. S20). Mangrove samples were then randomly sampled within the 88 

corresponding intersected mangrove extents for the 1980s, 2010, and 2023. To balance computational 89 

efficiency and spatial representativeness, mangrove training samples were limited to 20,000 per subregion 90 

(approximately three 1° grid cells) per baseline year (fig. S2B). 91 
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Non-mangrove training samples were generated by excluding any potential mangrove pixels. To 92 

achieve this, we generated a union layer of all existing global mangrove datasets, which was then masked out 93 

from its 3-km buffer, leaving the remaining pixels as potential non-mangrove regions. Pixels exhibiting high 94 

MVIlog or low MMRI values within the remaining areas were filtered out to further exclude potential 95 

mangroves. We also excluded potential water or impervious surfaces using NDVI > 0.2 and Modified 96 

Normalized Difference Water Index (MNDWI) (25) > -0.1 as they are easily distinguished from mangroves. 97 

The remaining non-mangrove samples were therefore more non-mangrove vegetation related and thus could 98 

enhance the ability of trained classifiers in distinguishing mangroves with other vegetation types. We also 99 

excluded pixels with substantial spectral changes (SAM > 0.15) across the three baseline years to avoid cases 100 

where land cover may transfer to mangroves. We then randomly generated up to 50,000 non-mangrove 101 

samples for each subregion (fig. S21). 102 

 103 

Region-specific mangrove baseline classification.  104 

To enhance accuracy across geographically diverse mangrove habitats, we implemented a region-105 

specific modelling strategy (26) by training individual Random Forest (RF) (27) classifiers for each subregion 106 

(fig. S2B) and each baseline year using GEE. Isolated islands were grouped into a single classification unit or 107 

merged with nearby subregions to ensure an adequate training sample size. From the auto-generated samples, 108 

70% were randomly selected for training to avoid overfitting caused by using all available mangrove pixels. 109 

On average, each subregion contained approximately 11,757 ± 4,444 (standard deviation), 12,346 ± 3,913, and 110 

12,421 ± 3,876 mangrove samples for the 1980s, 2010, and 2023 baselines, respectively, along with 111 

29,319 ± 11,566 non-mangrove samples. Globally, this yielded approximately 4 million mangrove training 112 

points per baseline year and 10 million non-mangrove training points. Predictor variables in the RF classifier 113 

include raw Landsat spectral bands, a suite of derived indices, including NDVI, NIRv, MVI, MVIlog, MMRI, 114 

MNDWI, NDBI, and the Tasseled Cap Transformation components, and elevation from the Advanced Land 115 

Observing Satellite World 3D data. Considering that the spectral characteristics of mangroves change with 116 

tide level (28), we generated two quantile composite images (90th and 10th percentiles) for each baseline year 117 

for classification (29), which can improve the discrimination between mangrove and terrestrial vegetation (28). 118 

Each RF classifier used 200 decision trees, a hyperparameter adopted from previous studies (28, 30) as 119 

sufficient to balance computational efficiency and model performance. Outputs from the RF classifier were in 120 

a probabilistic mode varying between 0 and 100%, representing the likelihood of each pixel being mangrove. 121 

We adopted a strict classification threshold of 95% to minimize commission errors, as justified by the observed 122 

probability distribution of mangrove samples (fig. S22). Pixels with NDVI < 0.2 or FCC < 10% (31) were 123 

excluded from the final classification. 124 

 A post-processing procedure was applied to further reduce commission errors. First, isolated tiny 125 

patches were excluded, unless its area > 3 Landsat pixels and intersected with a 100-m buffer of ocean area 126 

or its area > 2 Landsat pixels and intersected with the intersection of existing global mangrove layer. Ocean 127 

areas in each subregion were mapped using the GSW permanent water layer for the corresponding year, 128 

supplemented by a Landsat-derived water mask (MNDWI > 0, NDWI > 0, or Automated Water Extraction 129 

Index (AWEI) (32) > -0.18) and further constrained to low elevations (< 5 m) (fig. S23). To reduce omission 130 

errors, we restored pixels from the intersection of existing global mangrove layers showing strong mangrove 131 

signals (MVI > 4 and NDVI > 0.3). 132 

 133 

Detecting mangrove dynamics and annual extents.  134 

Mangrove change detection between baseline years.  135 

As the three mangrove baselines (1980s, 2010, and 2023) were generated independently, direct post-136 

classification comparison would lead to error propagation as differences between maps may reflect varying 137 

accuracies rather than true changes (33). To address this, we developed a spectral differencing framework that 138 
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integrates changes in the Spectral Angle Mapper (SAM) and Mangrove Vegetation Index (MVI) to identify 139 

true mangrove changes and refine baseline extents. The key to our approach is built upon the concept that true 140 

mangrove change, whether loss or gain, is accompanied by substantial spectral variation and the disappearance 141 

or emergence of mangrove signals (34). SAM was used to quantify spectral variation, while MVI captured 142 

changes in mangrove features. 143 

For the 1980s-2010 comparison, pixels labeled as mangrove in the 1980s but non-mangrove in 2010 144 

were considered loss candidates. A SAM between the two Landsat baseline composites exceeding 0.3 was 145 

sufficient to confirm spectral variation (fig. S20). For intermediate SAM values (0.15-0.3), we confirmed them 146 

as true mangrove loss only if they have a large MVI drop (> 2) and small mangrove signal in 2010 (MVIlog 147 

below mean - 1 s.d. of persistent mangrove pixels). Gain detection followed an inverted logic, requiring 148 

increased MVI (i.e., increased mangrove signal), high SAM (substantial spectral variation), and low 1980s 149 

MVIlog (non-mangrove in the start year so the increased mangrove signal represents a mangrove gain). Stable 150 

mangrove areas were defined as the persistent mangrove pixels between baseline years, as well as those false 151 

change pixels with majority agreement among the three classifications. The 1980s baseline was updated by 152 

combining confirmed loss and stable areas; similarly, the updated 2010 baseline confirmed gain and stable 153 

mangroves. 154 

The same procedure was applied to the 2010-2023 period. Since the 2010 baseline was refined from 155 

both comparisons, two updated versions were generated. In overlapping zones, the shared classification was 156 

retained; in inconsistent areas, only pixels with MVI > 4 were preserved as mangrove to ensure reliability. As 157 

the baseline 2010 was updated, the change layers were also slightly altered. To reduce false positives, tiny 158 

change patches (< 3 Landsat pixels) were excluded as false changes and were reclassified based on the 159 

classification majority across the three baselines. Through this change detection and correction process, we 160 

refined the three global mangrove baselines and generated corresponding loss and gain layers. 161 

 162 

Depicting the annual mangrove extent and dynamics.  163 

For each mangrove change pixel, the year of change was determined using a minimum variance 164 

segmentation approach (35): 165 

𝐷 = 𝑚𝑖𝑛(෍(𝑥௜ − 𝑚𝑒𝑎𝑛([𝑥ଵ, … , 𝑥௛ିଵ]))ଶ + ෍൫𝑥௜ − 𝑚𝑒𝑎𝑛([𝑥௛, … , 𝑥௡])൯
ଶ

) (3),

௡

௜ୀ௛

௛ିଵ

௜ୀଵ

 166 

where D represents the minimum variance among all variances, x represents the MVIlog time series, n is the 167 

number of annual observations, and h is the candidate change year. The year h that minimized the sum of 168 

within-segment variances was identified as the change year. For loss pixels, years before h were labeled as 169 

mangrove and after as non-mangrove; the reverse applied to gain pixels. These temporal classifications, 170 

combined with stable mangrove areas, formed annual mangrove extents. Considering that change can happen 171 

multiple times and even stable mangroves can also change in the intervening years, we excluded pixels with 172 

low vegetation probability (NDVI < 0.2 or FCC < 10%) from annual mangrove extents. Missing data caused 173 

by cloud contamination or lacking images were gap-filled using the previous year’s classification. Further, 174 

short-term changes (< 3 years) are mostly noise-induced spikes so were corrected as stable to improve 175 

temporal consistency (36, 37), forming a continuous annual mangrove extent dataset with change information. 176 

 Mangrove dynamics were then extracted, distinguishing structural changes (degradation/growth) from 177 

categorical changes (loss/gain). Each annual extent map was stratified into four canopy cover classes: closed 178 

mangrove forest (FCC > 80%), open mangrove forest (50%-80%), mangrove woodland (20%-50%), and 179 

sparse mangrove (< 20%) (38). Degradation was identified as a downward transition (e.g., closed to open), 180 

with a > 20% decline in FCC and > 0.15 NDVI drop; growth as the inverse. We detected both abrupt and 181 

gradual degradation (e.g., decade-long shifts from closed to open canopy) by comparing the canopy condition 182 

of each pixel in the first year against subsequent years until a degradation was observed. Due to the temporal 183 

consistency correction, short-term mangrove loss (< 3 years) would be detected as degradation if it is 184 
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associated with a substantial FCC drop, distinguishing them from real loss. Notice that for years after 2021, 185 

such short-term losses may be classified as real losses due to insufficient post-event observations. 186 

 187 

Estimating annual rate of mangrove loss and degradation.  188 

Data gaps in annual Landsat composites can lead to underestimation of observed annual mangrove 189 

loss and degradation. To address this, we developed a machine learning-based approach to estimate the actual 190 

annual area of mangrove loss and degradation at the regional scale.  191 

 We first calculated the valid mangrove area ratio for each year, the proportion of mangrove area 192 

derived from valid (i.e., non-gap-filled) Landsat pixels relative to the total mangrove extent (after gap filling), 193 

as well as annual observed loss and degradation rates. For years with valid mangrove area ratios > 60%, we 194 

assumed the observed change rates were representative of the full mangrove extent, then the actual loss and 195 

degradation areas were estimated by multiplying the observed rates by the total mangrove area that year. 196 

 For years with a valid mangrove area ratio below 60%, this assumption may no longer hold due to 197 

insufficient observational coverage. To estimate actual changes for these years, we trained a time-series 198 

XGBoost model (39), a gradient-boosted decision tree method known for its performance in temporal 199 

prediction. The model was fitted using the estimated loss and degradation areas (i.e., from years with valid 200 

ratios > 60%) as the response variable, along with predictors including year, valid mangrove area ratio, total 201 

gap-filled mangrove area, observed mangrove area, observed loss or degradation area, and the lag-1 value of 202 

the response variable. Hyperparameters were optimized via a grid search, resulting in a final model with 90 203 

trees, learning rate of 0.2, maximum depth of 3, and subsample rate of 0.7. Model performance was evaluated 204 

using leave-one-out cross validation (table S2), demonstrating robust inference of mangrove loss and 205 

degradation rates for data-lacking years. 206 

 207 

Validation 208 

Sampling design.  209 

We employed a stratified random sampling design, following established ‘good practice’ (40), to 210 

estimate both accuracy and sample-based area of our mangrove change maps across the three epochs (1980s–211 

2010, 2010–2023, and an intervening epoch 1996–2020). Sample size was determined as 998 per epoch using 212 

Eq. (13) in ref.(40) with the expected standard error of overall accuracy setting as 0.01, and then tripled to 213 

2,994 per epoch (8,982 in total) to enhance reliability. We also conducted a sensitivity analysis on the changes 214 

of accuracy with validation sample size, which shows that 2,994 samples are sufficient for obtaining robust 215 

validation results (fig. S24). Sample units were distributed proportionally across strata defined by change-map 216 

classes (loss, gain, stable mangroves, and stable non-mangroves) and the ten biogeographic regions (fig. S2A). 217 

Because loss and gain were our target classes but represented smaller fractions compared to the stable classes, 218 

we upweighted the change classes, allocating 40% of validation sample to loss and gain and 60% to the stable 219 

classes⁸⁹. This ensured that overall accuracy was not disproportionately influenced by the typically higher 220 

accuracies of stable categories. To measure omission errors, we generated stable non-mangrove samples from 221 

the 1-km buffer surrounding the union of loss, gain, and stable mangrove classes for each epoch, after 222 

removing the union itself. Within this spatial buffer, consistent water bodies were excluded because they have 223 

a very low probability of containing omitted mangroves but would dominate the random sampling due to their 224 

large area. The validation sample was then randomly generated within each change class in each biogeographic 225 

region. 226 

 227 

Response design.  228 

We labelled each sample unit at the Landsat pixel level. Reference classes for each random pixel were 229 

assigned using high-resolution Google Earth imagery whenever available, 30-m Landsat false-color 230 

composites, and 10-m Sentinel-2 false-color imagery for the corresponding epoch. Sample pixels were 231 
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interpreted independently in a blind manner, with an interpreter unaware of their mapped class labels or strata. 232 

In addition, a Landsat MVI time series (1984-2023) was used to verify whether changes had occurred, which 233 

was particularly valuable for cases difficult to interpret from imagery alone (e.g., pre-2000) by inferring from 234 

image-abundant years and temporal trajectories. For sample pixels with low confidence in labelling, we cross-235 

checked against existing global mangrove maps and assigned the final class by majority vote. 236 

 237 

Accuracy assessment.  238 

By comparing the agreement between the reference label and mapped class, we established an error 239 

matrix for each epoch. Since the reference of change classes includes the information of mangrove extent (for 240 

example, a mangrove loss pixel during 1980s-2010 means this pixel was mangrove in 1980s but non-241 

mangrove in 2020), we also established an error matrix for each of five years in epochs (i.e., 1980s, 1996, 242 

2010, 2020, 2023) to assess accuracy of our mangrove extent maps. We then reported area-weighted accuracy 243 

metrics including user’s accuracy (UA), producer’s accuracy (PA), and overall accuracy (OA), as well as their 244 

associated 95% confidence intervals determined by Eq. (5-7) in ref.(40).  245 

 Our change maps and extent maps both show high OA at 96% ±0.7% (95% confidence interval) (table 246 

S3). For mangrove losses, our UAs are 86.3% ±2.8%, 83.6% ±3.0%, and 75.8% ±3.5%, and our PAs are 83.7% 247 

±10.1%, 78.4% ±9.5%, and 85.2% ±11.1% for the 1980s-2010, 1996-2020, and 2010-2023, respectively; for 248 

mangrove gains, our UAs are 80.6% ±3.2%, 78.2% ±3.4%, and 85.0% ±2.9%, and our PAs are 77.6% ±9.0%, 249 

70.8% ±12.2%, and 91.2% ±7.7% for the 1980s-2010, 1996-2020, and 2010-2023, respectively.  250 

 251 

Area estimation.  252 

We report areas using two complementary approaches: map-based (3, 34) and sample-based (40). In 253 

the map-based approach, we bootstrap the validation sample set to obtain 95th-percentile commission and 254 

omission errors, which were then used to derive conservative bounds for both extent and change (3, 34). Further 255 

methodological details are available in the Supplementary Information of ref.(34). In the sample-based 256 

approach, area estimates were calculated by multiplying the total study area by the weighted sample 257 

proportions, with 95% confidence intervals computed as the estimated area ± 1.96×standard error (40). Net 258 

change bounds were derived by bootstrapping the difference between gains and losses, with the 95% 259 

confidence interval defined as the 2.5th to 97.5th percentiles of the bootstrapped distribution. Across our 260 

datasets, map-based intervals were generally wider and encompassed the sample-based intervals. Accordingly, 261 

we mainly report map-based estimates and intervals in the main text but also include the corresponding 262 

sample-based point estimates and confidence intervals in table S1.  263 
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 264 
Fig. S1. Derivation of mangrove canopy types from Landsat imagery. A, Landsat 2023 composite image of the example area in 265 
Vietnam. The inset globe indicates the geographic location of this example site. B, Fractional Canopy Cover (FCC) map for 2023, 266 
derived from the Landsat imagery shown in panel A. The color bar indicates FCC percentages, ranging from 0% (lightest green) to 267 
100% (darkest green). C, Reclassified mangrove canopy types based on the FCC data. Categories include Sparse mangroves (FCC 268 
< 20%), Mangrove woodland (20%-50%), Open mangrove forests (50%-80%), and Closed mangrove forests (> 80%). 269 
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 270 
Fig. S2. Spatial units used for mangrove change analysis and reporting. A, Global mangrove extent grouped into ten major 271 
biogeographic regions. The color-coding corresponds to the legend, which lists the regions used for regional analysis and reporting. 272 
B, Subdivision of the global mangrove extent into finer classification units. These units served as the base spatial units for mangrove 273 
mapping and change detection.  274 
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 275 
Fig. S3. Temporal dynamics of mangrove area in the ten major mangrove-holding countries. Time series plots illustrate the 276 
changes in mangrove area (km2) from the late 1980s to 2023 for the ten countries with the largest mangrove extent during the 1980s. 277 
Countries are ordered from left to right, top to bottom, according to their respective mangrove area in the 1980s. The mangrove area 278 
decline in Mexico and Cuba after 2021 are primarily attributed to hurricane-induced degradation events; while such short-term 279 
events should be classified as degradation upon confirmed recovery, they are currently mapped as deforestation due to the absence 280 
of sufficient post-2023 observations to ascertain their recovery. 281 
  282 
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 283 
Fig. S4. Mangrove area time series in Southeast Asian countries. Time series plots illustrate the changes in mangrove area (km2) 284 
from 1987 to 2023 for Southeast Asian countries. Data for Indonesia, Myanmar, and Malaysia, which are among the top mangrove 285 
countries, are presented in Fig. S3. The bottom row’s rightmost three panels display the total mangrove area for Southeast Asia 286 
when excluding Indonesia, excluding Myanmar, and excluding both Indonesia and Myanmar, respectively, which highlight that the 287 
dynamics of mangrove area in Indonesia and Myanmar dominate the overall regional reversal observed around 2010. 288 
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 289 
Fig. S5. Mangrove dynamics and gain examples in Myanmar (1987-2023). A, Location map of Myanmar, with blue boxes 290 
indicating the regions highlighted in panels C, D, and E. B, Time series of mangrove area (km2) in Myanmar from 1987 to 2023. 291 
This time series was generated using a thresholding method where the maximum mangrove area was defined by the union of baseline 292 
extents from the 1980s, 2010, and 2023. Annual area updates were determined by applying thresholds of Normalized Difference 293 
Vegetation Index (NDVI) > 0.4 and Mangrove Vegetation Index (MVI) > 3.5. This method identifies a similar reversal in the 294 
mangrove area around 2010, providing evidence for the robustness of our change detection approach. C, D, and E, Regional 295 
examples of mangrove expansion in Myanmar. Each row displays a Landsat 2010 composite (left), a Landsat 2023 composite 296 
(middle), and the corresponding mangrove gain map for 2010-2023 (right). Expansion is shown in blue, and regeneration in red. 297 
Panel C focuses on the Nef River, showing substantial natural riverine expansion. Panel D and E illustrates the Irrawaddy Delta and 298 
the Pyin Bu Gyi Island, where both expansion and regeneration occurred.  299 
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 300 
Fig. S6. Case studies of tropical cyclone-induced mangrove degradation. Four examples (A-D) illustrating mangrove 301 
degradation events caused by tropical cyclones. For each event, the leftmost column displays the cyclone’s path (the black arrows) 302 
and the location of mangrove degradation (red shaded area), visibly demonstrating that mangrove degradation areas closely follow 303 
the cyclone path. The cyclone paths are derived from the International Best Track Archive for Climate Stewardship (IBTrACS) 304 
archive. The blue circles in the left panels indicate the extent of the Landsat imagery shown in the other columns. The second column 305 
presents the Landsat composite image acquired before the cyclone event, and the third column shows the Landsat composite image 306 
acquired after the cyclone event. The rightmost column provides a view of the mangrove degradation area (white hatched area) on 307 
the Landsat image taken after the cyclone.  308 
 309 



13 

 310 
Fig. S7. Decadal dynamics of global mangrove disturbance rates (1984–2023). The evolution of global mangrove loss and 311 
degradation rates across four consecutive decadal periods were illustrated: 1984-1994, 1994-2004, 2004-2014, and 2014-2023. Blue 312 
hues represent areas where degradation rates are greater than loss rates, while yellow hues represent areas where loss rates are 313 
greater than degradation rates; grey indicates low rates for both. A clear global pattern emerges, showing a transition from 314 
predominantly blue-dominated areas in earlier decades to increasingly yellow-dominated areas in more recent decades, indicating a 315 
global shift towards loss rates surpassing degradation rates. 316 
 317 
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 318 
Fig. S8. Global trends in mangrove degradation and loss rates (1980s–2023). For both maps, the trend value for each grid cell 319 
was determined using the Theil-Sen slope. The color scales indicate the trend of annual rate (in % per year), where green hues 320 
represent a decreasing mangrove disturbance and pink hues represent an increasing mangrove disturbance. 321 
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 322 
Fig. S9. Global average annual rates of mangrove degradation and loss (2018–2023). Both maps use a common color scale, 323 
where darker red hues indicate higher average annual rates (in % per year), and lighter shades/white indicate lower rates, highlighting 324 
the spatial distribution of recent mangrove disturbance.  325 
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 326 
Fig. S10. Local examples of recent mangrove loss events. The top panel provides a contextual map indicating the location and 327 
extent of deforestation (red shaded areas). The blue dashed line frame on this map denotes the extent of the Landsat composite 328 
imagery shown in the middle (pre-event) and bottom (post-event) panels. White dashed line frames within the Landsat composite 329 
images highlight the specific areas of loss. A and B illustrate mangrove loss caused by tropical cyclones in North America, 330 
specifically Hurricane Ian (2022) and Hurricane Roslyn (2022), respectively. C shows mangrove loss attributed to shoreline erosion 331 
along the Atlantic coast of South America (French Guiana). D depicts mangrove loss resulting from an extreme freeze event in 332 
Texas, with changes observed between 2020 and 2021. E and F illustrate ongoing human-driven mangrove deforestation in the 333 
Rufiji Delta, Tanzania, and Sulawesi, Indonesia, respectively.  334 
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 335 
Fig. S11. Global relative change in closed mangrove areas (1980s–2023). This global map illustrates the relative change in closed 336 
mangrove areas. The percentage change (Δ % closed mangroves) was calculated as the change in closed mangrove area (Δ closed 337 
areas) divided by the total mangrove area in the 1980s. The color scale indicates the percentage change, with blue hues representing 338 
increases and brown hues representing decreases. Notably, regions in the Middle East, South Asia, and East Asia exhibit a high 339 
relative increase in closed mangrove areas, likely attributed to factors such as range expansion and restoration efforts. 340 
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 341 
Fig. S12. Mangrove area time series across ten biogeographical regions based on Global Mangrove Watch v3.0. Time series 342 
plots illustrate the changes in mangrove area (km2) in each of the ten biogeographical regions from 1996 to 2020. Mangrove area 343 
estimates were calculated using the Global Mangrove Watch v3.0 dataset and projected in an equal-area Behrmann coordinate 344 
system, consistent with the spatial framework used in our study.  345 
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 346 
Fig. S13. Comparison of our mangrove change products with Global Mangrove Watch (GMW) v3.0. A detailed comparison 347 
was conducted across six representative local sites (A-E). For each site, the first row displays a Landsat composite from 1996, and 348 
the second row shows a Landsat composite from 2020. The third row presents our detected mangrove change, overlaid on a 2020 349 
Landsat near-infrared background image, where blue indicates expansion and red indicates deforestation. The fourth row shows the 350 
corresponding mangrove change detected by GMW, using the same color scheme. Panel F provides a global map indicating the 351 
geographic locations of the six comparison sites (A-E). This comparison indicates that GMW underestimates mangrove change 352 
globally, particularly mangrove gain (as observed across sites B-E). 353 
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 354 
Fig. S14. Temporal composition of the Landsat mosaic used to establish the 1980s mangrove baseline. A, Start year of the 355 
annual median Landsat composites used to generate the gap-free mosaic for each grid cell. The legend indicates the different start 356 
years and the percentage of the total area represented by each year. B, End year of the annual median Landsat composites used in 357 
the mosaic for each grid cell, with corresponding percentages. C, Temporal span (in years) between the start and end year used for 358 
compositing each grid cell. For example, a grid cell with a start year of 1984 and an end year of 1986 indicates that annual median 359 
composites from 1984, 1985, and 1986 were mosaicked to create a gap-free representation of the 1980s.  360 
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 361 
fig. S15. Temporal composition of the Landsat mosaic used to establish the 2010 mangrove baseline. A, Start year of the annual 362 
median Landsat composites used to generate the gap-free mosaic for each grid cell. The legend indicates the different start years 363 
and the percentage of the total area represented by each year. B, End year of the annual median Landsat composites used in the 364 
mosaic for each grid cell, with corresponding percentages. C, Temporal span (in years) between the start and end year used for 365 
compositing each grid cell. This indicates the number of annual median composites mosaicked together to create a gap-free 366 
representation of the 2010 baseline for each location.  367 
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 368 
fig. S16. Temporal distribution of Landsat pixels comprising the 1980s mangrove baseline map. Bar plot showing the number 369 
of valid 30-meter pixels in the 1980s baseline mangrove map that originated from Landsat imagery acquired in different years. Only 370 
years prior to 2000 are shown due to the negligible contribution of later years. The red dashed line indicates that 97% of the baseline 371 
map pixels are derived from imagery acquired before 1990.  372 
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 373 
Fig. S17. Process of endmember extraction and Fractional Canopy Cover (FCC) derivation from Landsat imagery. The 374 
leftmost panel displays the Landsat 2023 composite with labeled areas representing manually identified pure spectral endmembers 375 
(pure soil, pure water, and pure mangroves). The remaining panels show intermediate results of the automatic endmember extraction 376 
process. The red dashed boxes highlight iconic endmember areas. The final panel shows the resulting FCC, where greener areas 377 
indicate higher FCC (i.e., denser mangrove canopy). High-resolution Google Earth images were shown for reference of the pure 378 
pixel types.  379 
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 380 
Fig. S18. Enhanced cloud masking of Landsat imagery for mangrove fractional canopy cover estimation. A, Global 381 
distribution of the four sample classes used for analysis: thick cloud (orange), thin cloud (blue), cloud shadow (red), and clear 382 
mangroves (green). B, Spectral reflectance profiles of the four classes based on Landsat imagery across different wavelengths, with 383 
shaded areas indicating 1-fold standard deviation. Box plots showing the reflectance values in the (C) blue band and (D) SWIR1 384 
band for each of the four classes (N = 60 for each group). The dashed line indicates a threshold used for enhanced cloud masking. 385 
E, Landsat image of a mangrove area with clouds and shadows, masked using the standard Landsat QA band. F, The same area as 386 
in E, showing the improved cloud and shadow masking achieved by incorporating blue and SWIR1 band reflectance characteristics 387 
in addition to the QA band. 388 
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 389 
Fig. S19. Validation of five FCC estimation methods at two mangrove sites. Comparison of five different methods for estimating 390 
fractional canopy cover (FCC) in A, Herbert Creek estuary, and B, the Everglades. For each method, the left panel shows the spatial 391 
distribution of estimated FCC, and the right panel presents a density scatter plot comparing estimated FCC with true FCC derived 392 
from high-resolution PlanetScope SuperDove imagery. The color gradient in the scatter plots indicates the probability density of the 393 
data points, with red representing higher densities. The dashed lines represent the 1:1 relationship, and the solid black lines indicate 394 
the linear regression fit. 395 
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 396 
Fig. S20. Spectral Angle Mapper (SAM) for detecting mangrove changes. A, Landsat 1980s mosaic image of the Can Gio 397 
Mangrove Biosphere Reserve in Vietnam, composited from 1987 and 1988 data. B, Landsat 2023 mosaic image of the same region. 398 
A pronounced gain and growth of mangrove cover (red areas) is evident when compared to the 1980s. C, SAM image calculated 399 
from the Landsat 1980s (A) and 2023 (B) mosaics. Larger SAM values represent greater spectral variation between the two time 400 
points. D, Distribution of SAM values for five sample types (N = 20 for each type, total N = 100), including water-mangrove 401 
transition, bare soil-mangrove transition, impervious surfaces-mangrove transition, other vegetation-mangrove transition, and a 402 
stable mangrove category. The central line of boxes represents the median, the box boundaries indicate the 25th and 75th percentiles, 403 
and the whiskers extend to 1.5 times the interquartile range; raw data points are overlaid as scatter points. Stable mangroves 404 
consistently exhibit very low SAM values, supporting the determination of a 0.15 SAM threshold (dashed line) for identifying 405 
mangrove change areas. 406 
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 407 
Fig. S21. Evaluation of automatically generated training samples for mangrove mapping. A, Landsat 1980s mosaic image, 408 
displayed with near-infrared (NIR), red, and shortwave infrared 1 (SWIR1) bands mapped to red, green, and blue (RGB) channels, 409 
respectively, serving as the base imagery. B, Overview of the automatically generated training samples for 1980s. Non-mangrove 410 
samples (green dots) and mangrove samples (white dots) overlaid on the mosaic. C, Detailed view of the generated mangrove 411 
sample points (white dots) within a mangrove environment (corresponding to the lower white box in B). D, Detailed view of the 412 
generated non-mangrove sample points (green dots) within a non-mangrove environment (corresponding to the upper white box in 413 
b), showcasing the sampling pattern in non-mangrove areas.  414 
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 415 
Fig. S22 Classification probability and accuracy assessment of mangrove cover mapping. A, Landsat 1980s mosaic image, 416 
serving as the base for classification, displayed with NIR, red, and SWIR1 bands mapped to RGB channels, respectively. B, Spatial 417 
distribution of classification probability for mangrove presence. Higher probabilities (indicated by greener hues) represent a greater 418 
likelihood of mangrove cover. C, Probability density distribution of classification scores for mangrove and non-mangrove samples. 419 
Mangrove samples (green, N = 14,271) predominantly exhibit very high classification probabilities, with over 95% of samples 420 
scoring above 0.95 (blue dashed line). Conversely, non-mangrove samples (orange, N = 38,137) consistently show very low 421 
classification probabilities, with almost all samples scoring below 0.05, indicating high separability between classes. 422 
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 423 
Fig. S23. Example of ocean extent delineation using water indices and digital elevation model. A, Landsat 1987 composite 424 
image of the study area. B, Modified Normalized Difference Water Index (MNDWI); C, Normalized Difference Water Index 425 
(NDWI); and D, Automated Water Extraction Index (AWEI). The common color bar indicates water index values, where greener 426 
hues represent higher water probability and warmer hues represent lower water probability. E, Digital Elevation Model (DEM) 427 
showing elevation in meters, ranging from 0 m (dark blue) to 50 m (pink). F, Final delineated ocean extent derived from the 428 
combined information of the water indices and DEM.  429 
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 430 
Fig. S24. Sensitivity analysis of accuracy metrics to the number of validation samples. The metrics were derived from a 2000-431 
time bootstrapping process. The upper row shows the mean accuracy (User’s Accuracy, UA; and Producer’s Accuracy, PA) for both 432 
mangrove loss and gain as a function of increasing sample size. UA generally increases with sample size before stabilizing, while 433 
PA tends to decrease with sample size before stabilizing. This decrease in PA, which indicates omission error, suggests that larger 434 
sample sizes increase the probability of detecting omitted changes. The lower row displays the standard deviation of these accuracy 435 
metrics. All standard deviation values consistently decrease as the validation sample size increases, demonstrating that a sample 436 
size of approximately 3000 is sufficient to obtain robust and stable accuracy assessments for validating mangrove change detection. 437 
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Table S1.  438 
Area estimates of mangrove extent and change by biogeographic region from the 1980s to 2023. Areas are in square kilometers. 439 
Confidence intervals (CIs) in brackets are from bootstrapping (N = 2000); those reported as ± are 95% CIs calculated as area ± 440 
1.96×SE. Sample-based estimation of static mangrove area is not available in our case, because the validation sample set was 441 
designed for validating mangrove change types. Net-change CIs for 1980s-2010 and 2010-2023 are computed from paired bootstrap 442 
differences, but net-change CIs for 1980s-2023 is computed by differencing net change CIs in 1980s-2010 and 2010-2023 due to 443 
lacking an independent validation sample set of 1980s-2023. 444 
 445 

  Mangrove area Loss Gain Net change 

  1980s 2010 2023 1980s-
2010 

2010-
2023 

1980s-
2010 

2010-
2023 

1980s-
2010 

2010-
2023 

1980s-
2023 

Australia 
and New 
Zealand 

10009.7 10632.8 10672.8 -278.2 -260.2 901.4 300.1 623.2 39.9 663.1 

East Asia 145.4 198.5 301.1 -48.7 -19.4 101.8 122.0 53.1 102.6 155.7 

Eastern 
and 

Southern 
Africa 

7486.3 7385.4 7385.2 -489.9 -285.7 388.9 285.5 -100.9 -0.2 -101.2 

North and 
Central 

America 

20341.0 20346.6 20562.9 -1410.7 -1157.9 1416.3 1374.2 5.6 216.3 221.9 

Pacific 
Islands 

7542.2 7586.3 7578.7 -227.7 -168.3 271.8 160.6 44.1 -7.6 36.5 

South 
Asia 

8667.8 9040.6 9575.4 -659.6 -301.7 1032.4 836.5 372.8 534.9 907.7 

South 
America 

21373.3 21610.3 21711.3 -1433.3 -909.1 1670.3 1010.1 237.0 101.0 338.0 

Southeast 
Asia 

56724.6 52222.5 53253.9 -7498.8 -2507.1 2996.7 3538.5 -4502.1 1031.4 -3470.7 

The 
Middle 

East 

194.5 212.5 341.1 -35.5 -5.5 53.5 134.0 18.0 128.5 146.5 

West and 
Central 
Africa 

22324.9 22692.6 22578.6 -574.4 -659.7 942.1 545.8 367.7 -114.0 253.7 

Total 154,809.7 151,928.0 153,960.9 -12,656.9 -6,274.6 9,775.3 8,307.4 -2,881.7 2,032.8 -848.8 

Map-
based 

95% CI 

[140,661.3, 
158,068.8] 

[139,538.5, 
154,633.1] 

[145,084.8, 
158,205.9] 

[-14,317.4, 
-10,282.7] 

[-7,695.5, 
-4,538.7] 

[7,466.8, 
11,565.6] 

[6,660.4, 
9,492.1] 

[-4,938.5, 
-1,025.4] 

[1,131.3, 
3,158.4] 

[-2,927.4, 
1,360.3] 

Sample 
based 

area (95% 
CI) 

NA NA NA -13,058.9 
±1,577.8 

-5,583.1 ± 
741.7 

10,161.8 ± 
1,195.4 

7,737.2 ± 
678.9 

-2,896.0 
[-4,938.5, 
-1,025.4] 

2127.5 
[1,131.3, 
3,158.4] 

-768.5 
[-2,927.4, 
1,360.3] 

  446 
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Table S2. 447 
Accuracy of XGBoost model for annual mangrove degradation area estimation. Mean Absolute Error (MAE) and Mean Absolute 448 
Percentage Error (MAPE) were calculated using leave-one-out cross-validation for various regions. MAE is expressed in km2, and 449 
MAPE is the ratio of MAE to the mean annual mangrove degradation area, presented as a percentage. “Valid observation” indicates 450 
the number of years with clear Landsat observations exceeding 60%. 451 
 452 

Regions Mean Absolute Error 
(km2) 

Mean Absolute Percentage Error 
(%) 

Valid mangrove observation 
(ratio ≥ 60%) 

Australia and New Zealand 2.11 16.85 35 

East Asia 0.19 20.06 36 

Eastern and Southern Africa 4.95 26.26 32 

North and Central America 11.21 12.74 38 

Pacific Islands 1.68 9.64 33 

South America 11.66 16.90 36 

South Asia 12.27 55.35 34 

Southeast Asia 45.55 15.36 34 

The Middle East 0.03 14.45 37 

West and Central Africa 19.86 16.19 28 

  453 
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Table S3. 454 
Accuracy statistics for mangrove extents in baseline years and for 1980s-2010, 1996-2020, and 2010-2023 intervals. Confidence 455 
intervals at the 95% level, calculated as 1.96 times standard errors, are shown in parentheses. The error matrices for retrieving these 456 
accuracies could be found in table S4-S6. 457 
 458 

Map type Time/Interval Overall accuracy (%) User’s accuracy (%) Producer’s accuracy 
(%) 

Mangrove extent 1980s 95.1 (0.7) 89.6 (1.6) 93.6 (1.9) 

  1996 94.2 (0.8) 90.1 (1.5) 90.0 (2.2) 

  2010 95.7 (0.7) 90.6 (1.5) 94.5 (1.8) 

  2020 95.8 (0.7) 90.1 (1.5) 95.4 (1.7) 

  2023 95.6 (0.8) 93.2 (1.3) 92.0 (2.0) 

Mangrove loss 1980s-2010 95.8 (0.7) 86.3 (2.8) 83.7 (9.9) 

  1996-2020 96.2 (0.7) 83.6 (3.0) 78.4 (9.3) 

  2010-2023 95.5 (0.6) 75.8 (3.4) 85.2 (10.9) 

Mangrove gain 1980s-2010 95.8 (0.7) 80.6 (3.2) 77.6 (8.8) 

  1996-2020 96.2 (0.7) 78.2 (3.3) 70.8 (12.0) 

  2010-2023 95.5 (0.6) 85.0 (2.9) 91.2 (7.5) 

Stable mangroves 1980s-2010 95.8 (0.7) 89.0 (2.1) 98.1 (1.2) 

  1996-2020 96.2 (0.7) 90.9 (1.9) 97.7 (1.3) 

  2010-2023 95.5 (0.6) 95.3 (1.4) 97.5 (1.4) 

  459 
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Table S4. 460 
Error matrices of mangrove change detection between the 1980s and 2010. The matrices summarize sample counts (top) and area-461 
adjusted proportions (bottom) for detected change categories [loss, gain, stable mangroves, and stable non-mangroves (others)] 462 
against reference data. Accuracy metrics, including user’s accuracy (UA), producer’s accuracy (PA), and overall accuracy (OA), 463 
are calculated based on area-adjusted proportions. 464 
 465 

    Reference 

    Loss Gain Stable Others Total 

Detected 
Change 

Loss 517 3 19 60 599 

Gain 0 483 32 84 599 

Stable 6 14 799 79 898 

Others 3 0 4 891 898 

Total 526 500 854 1114 2994 

  466 
    Reference     
    Loss Gain Stable Others Total UA 

Detected 
Change 

Loss 0.0210 0.0001 0.0008 0.0024 0.0244 86.3% 

Gain 0 0.0152 0.0010 0.0026 0.0188 80.6% 

Stable 0.0018 0.0043 0.2436 0.0241 0.2738 89.0% 

Others 0.0023 0 0.0030 0.6777 0.6830 99.2% 

Total 0.0252 0.0196 0.2484 0.7069 1   

  PA 83.7% 77.6% 98.1% 95.9%   OA: 95.8% 

  467 
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Table S5. 468 
Error matrices of mangrove change detection between 2010 and 2023. The matrices summarize sample counts (top) and area-469 
adjusted proportions (bottom) for detected change categories [loss, gain, stable mangroves, and stable non-mangroves (others)] 470 
against reference data. Accuracy metrics, including user’s accuracy (UA), producer’s accuracy (PA), and overall accuracy (OA), 471 
are calculated based on area-adjusted proportions. 472 
 473 

    Reference 

    Loss Gain Stable Others Total 

Detected 
Change 

Loss 455 3 40 102 600 

Gain 1 508 26 63 598 

Stable 5 4 856 33 898 

Others 0 0 7 891 898 

Total 461 515 929 1089 2994 

  474 
    Reference     

    Loss Gain Stable Others Total UA 
Detected 
Change 

Loss 0.0092 0.0001 0.0008 0.0021 0.0121 75.8% 

Gain 0 0.0136 0.0007 0.0017 0.0160 85.0% 

Stable 0.0016 0.0012 0.2671 0.0103 0.2802 95.3% 

Others 0 0 0.0054 0.6864 0.6917 99.2% 

Total 0.0107 0.0149 0.2740 0.7004 1   

  PA 85.2% 91.2% 97.5% 98.0%   OA: 97.6% 

  475 
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Table S6. 476 
Error matrices of mangrove change detection between 1996 and 2020. The matrices summarize sample counts (top) and area-477 
adjusted proportions (bottom) for detected change categories [loss, gain, stable mangroves, and stable non-mangroves (others)] 478 
against reference data. Accuracy metrics, including user’s accuracy (UA), producer’s accuracy (PA), and overall accuracy (OA), 479 
are calculated based on area-adjusted proportions. 480 
 481 

    Reference 

    Loss Gain Stable Others Total 

Detected 
Change 

Loss 501 0 19 79 599 

Gain 3 469 54 74 600 

Stable 12 11 816 59 898 

Others 0 3 5 890 898 

Total 516 483 894 1102 2995 

  482 
    Reference     
    Loss Gain Stable Others Total UA 

Detected 
Change 

Loss 0.0137 0 0.0005 0.0022 0.0163 83.6% 

Gain 0.0001 0.0138 0.0016 0.0022 0.0176 78.2% 

Stable 0.0037 0.0034 0.2499 0.0181 0.2750 90.9% 

Others 0 0.0023 0.0038 0.6849 0.6910 99.1% 

Total 0.0174 0.0195 0.2559 0.7073 1   

  PA 78.4% 70.8% 97.7% 96.8%   OA: 96.2% 

  483 
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