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The global distribution and trajectory of tidal flats
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Increasing human populations around the global coastline have 
caused extensive loss, degradation and fragmentation of coastal 
ecosystems, threatening the delivery of important ecosystem 
services1. As a result, alarming losses of mangrove, coral reef, 
seagrass, kelp forest and coastal marsh ecosystems have occurred1–6. 
However, owing to the difficulty of mapping intertidal areas globally, 
the distribution and status of tidal flats—one of the most extensive 
coastal ecosystems—remain unknown7. Here we present an analysis 
of over 700,000 satellite images that maps the global extent of and 
change in tidal flats over the course of 33 years (1984–2016). We 
find that tidal flats, defined as sand, rock or mud flats that undergo 
regular tidal inundation7, occupy at least 127,921 km2 (124,286–
131,821 km2, 95% confidence interval). About 70% of the global 
extent of tidal flats is found in three continents (Asia (44% of total), 
North America (15.5% of total) and South America (11% of total)), 
with 49.2% being concentrated in just eight countries (Indonesia, 
China, Australia, the United States, Canada, India, Brazil and 
Myanmar). For regions with sufficient data to develop a consistent 
multi-decadal time series—which included East Asia, the Middle 
East and North America—we estimate that 16.02% (15.62–16.47%, 
95% confidence interval) of tidal flats were lost between 1984 and 
2016. Extensive degradation from coastal development1, reduced 
sediment delivery from major rivers8,9, sinking of riverine deltas8,10, 
increased coastal erosion and sea-level rise11 signal a continuing 
negative trajectory for tidal flat ecosystems around the world. Our 
high-spatial-resolution dataset delivers global maps of tidal flats, 
which substantially advances our understanding of the distribution, 
trajectory and status of these poorly known coastal ecosystems.

Tidal flat ecosystems provide important services—such as storm 
protection, shoreline stabilization and food production—that support 
the livelihoods of millions of people worldwide1,11. Tidal flats are under 
intense pressure from coastal development1,12, sea-level rise13,14, coastal 
erosion11, reduced sediment fluxes from rivers8,9, and subsidence and 
compaction of coastal sediments8,10. Yet, despite them being among 
the most widespread coastal ecosystems7, the global distribution and 
status of tidal flats remains unknown, which hinders efforts to manage, 
protect and restore coastal ecosystems around the world. Therefore, 
we have developed what is, to our knowledge, the first analysis of the 
global distribution and change of tidal flats—mapped at high spatial 
resolution—over the past three decades (1984–2016).

Global-scale data on the distribution and extent of tidal flats are 
lacking; no studies have been able to overcome the difficult problem 
of remote-sensing a widely distributed ecosystem that is frequently 
obscured through tidal inundation15. As a result, most remote-sensing  
studies of intertidal ecosystems have been conducted at local-to- 
regional scales, using satellite images acquired at known or modelled 
tidal elevations16. In solving this problem, we use every available  
Landsat 4, 5, 7 and 8 satellite image acquired within 1-km of the 
coastline (n = 707,528 images, Extended Data Figs. 1, 2), deploying a 
machine-learning classifier to map the observed global extent of tidal 
flats from 1984 to 2016. We used 56 spectral and geophysical predictor 
layers to allocate pixels into three classes (tidal flat, permanent water 

and other, see Methods) with reference to a globally distributed set 
of training data (Extended Data Fig. 3, Extended Data Table 1). This 
approach avoids known uncertainties that are associated with the 
subjective satellite-image thresholding methods previously used for 
delineating intertidal environments16. Pixels thus classified as tidal flat 
in our analysis represent several types of tidal flat ecosystems, includ-
ing unconsolidated fine-grain sediments (tidal mudflats), unconsol-
idated coarse-grain sediments (tidal sand flats), and consolidated 
sediments, organic material or rocks (wide tidal rock-platforms)7, 
and explicitly exclude spectral signatures that indicate the presence of 
vegetation-dominated intertidal ecosystems (such as mangroves and 
vegetated marshes). Our dataset therefore predominantly comprises 
large, low-sloping tidal flats7 and tide-dominated subaerial portions of 
river deltas17. We combined digital elevation and bathymetry models to 
exclude non-coastal terrestrial areas (>100-m elevation) and subtidal 
marine areas (>100-m depth) from the analysis, and further restricted 
the analysis to latitudes between 60° N and 60° S (see Methods). Our 
30-m spatial-resolution dataset of global tidal flats is in the public 
domain, and can be accessed interactively via Google Earth Engine or 
via direct download (http://intertidal.app).

We find that at least 127,921 km2 (2014–2016; 124,286–131,821 km2, 
95% confidence interval) of the Earth’s surface consists of tidal flat 
ecosystems (Fig. 1). This represents, to our knowledge, the first global 
estimate of the minimum total area of tidal flats. Our estimate indi-
cates that, globally, tidal flats are similar in extent to mangrove eco-
systems18. Although tidal flats are widely distributed globally and can 
be observed along most coastlines, Fig. 1 shows that large concentra-
tions of tidal flats occur primarily in regions of the world in which 
low-sloping coastlines coincide with large tidal ranges and high sedi-
ment inflows19 (such as East Asia15), in tide-dominated estuaries and 
deltas17 and where coastlines form a barrier to large, low-energy tidal 
embayments, such as in Western Europe19 (Fig. 1). In these systems, 
we detected tidal flats that are up to 18-km wide, and which occur up 
to 24-km offshore. About 50% of the global extent of tidal flats occurs 
in eight countries (Extended Data Table 3) in which many coastal areas 
are dominated by sedimentary environments7 (Fig. 1); these countries 
are located in Asia and the Pacific (Indonesia, China, India, Myanmar 
and Australia), North America (the United States and Canada) and 
South America (Brazil). About 44% of the world’s tidal flats occur in 
Asia (56,051 km2), mostly as extensive open-coast tidal mud and sand 
flats in East Asia, India, Myanmar and Indonesia (Fig. 1). By country, 
Indonesia has the greatest extent of tidal flats (14,416 km2) followed by 
China (12,049 km2) and Australia (8,866 km2; Extended Data Table 3).

Owing to the continually varying influences of oceanographic, 
sediment transport and depositional processes7, tidal flat ecosystems 
are exceptionally dynamic. Our map time-series illustrates these pro-
cesses at a global scale, and reveals notable patterns of intertidal change 
driven by both natural and anthropogenic processes (Fig. 2a–f). For 
example, over a 33-year period, tidal flats around Vancouver (Canada) 
(Fig. 2a) have remained highly stable, and maintained an intertidal 
area that occurs within 89.9% of its extent in 1984. By contrast, the 
highly dynamic tidal flats of the Meghna River estuary (Bangladesh) 
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have exhibited considerable geomorphological change (Fig. 2b). These 
tidal flats have migrated extensively, and now occur within only 17.1% 
of their initial extent—despite expanding in area by 20.6%, owing to 
the rate of sediment delivery exceeding the rates of subsidence and 

sea-level rise20. Similarly, slow seaward migration of tidal flats, influ-
enced by altered sediment deposition patterns that are the result of 
coastal development15 (Fig. 2d) and by mangrove expansion21 (Fig. 2c), 
is apparent in our dataset. Observing the full range of intertidal and 

Fig. 1 | Global distribution of tidal flat ecosystems. The global extent of tidal flats mapped as km2 per 1° grid cell, 2014–2016. Summaries of latitudinal 
and longitudinal extents of tidal flats are shown above and to the right.
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Fig. 2 | Regional subsets of extent of tidal flats, showing case studies of 
intertidal loss, instability and gain from 1984 to 2016. a, Stable tidal flats 
around Vancouver (Canada). b, Extreme dynamism of tidal flats in the 
Meghna estuary (Bangladesh). c, Migration of the tidal flats in response to 
mangrove expansion (Mumbai, India). d, Migration of the intertidal zone, 
owing to sediment deposition in response to nearby coastal development 
(the Netherlands). e, Loss of tidal flats owing to urban and industrial land 

reclamation and weir construction (Incheon, South Korea). f, Migration 
of tidal flats in response to a slowly developing port (Brisbane, Australia). 
Tidal flats are mapped in colours grading from purple to yellow over a 
33-year period (1984–2016), in which purple is the extent of tidal flats in 
1984–1986 and yellow is the extent of tidal flats in 2014–2016. Base near-
infrared image composites were developed with Landsat 8 data, courtesy 
of NASA Goddard Space Flight Center and the US Geological Survey.
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deltaic dynamics over large areas has previously been challenging, but 
our globally consistent remote-sensing approach enables remote obser-
vation of the patterns of coastal erosion and sediment deposition at 
spatial scales that have not hitherto been achieved.

For the regions in which sufficient satellite data over the full 33-year 
time frame of our analysis enabled robust analyses of change in extent 
(Fig. 3a, see Methods; 17.1% of the mapped area), we found that tidal 
flats have declined by 16.02% since 1984 (Fig. 3b; 15.62–16.47%, 95% 
confidence interval). At an instantaneous rate of change of around 
−0.55% per year, this suggests a potential loss of more than 20,000 km2 
of tidal flats globally since 1984 (see Methods). Although there is a 
significant negative trajectory in tidal flat extent over the three-decade 
time frame of our dataset (Fig. 3b; linear regression, P = 0.00437), there 
are several limitations of estimating change in such dynamic systems 
through remote sensing16 (see Methods). However, our estimates of 
the global trajectory of tidal flats broadly correspond with studies that 
report changes in the extent of other coastal ecosystems, including sea-
grass4 (−1.26% per year, 1990–2000), mangroves22 (−1% per year) and 
kelp forests6 (−1.8% per year). Furthermore, additional analyses of 
satellite data collected since the beginning of the twenty-first century 
(1999–2016)—from which we were able to develop a consistent time 
series for 61.3% of the mapped area (Fig. 3a)—suggest a 3.12% (3.02–
3.22%, 95% confidence interval) net decline in tidal flats (Fig. 3c), 
albeit with a much slower trajectory of −0.15% per year. Independent 
analyses that enabled detection and exclusion of mapping commission 
errors indicated that the majority of 1° grid cells met linear change 
criteria to classify them as decreasing in both the 1984–2016 (66.8% 
of grid cells, n = 485) and 1999–2016 (51.2% of grid cells, n = 1,883, 
see Methods) periods. Additional measurements and analyses of the 
trajectory of tidal flats, guided by our time-series maps, should reduce 
uncertainty in these global estimates.

Mounting losses of coastal ecosystems are often attributed to multiple 
stressors that operate at both local and global scales4,6,21; this is likely 
to be the case with tidal flats. Our dataset offers clear evidence that 

extensive losses of tidal flats are occurring at local-to-regional scales, 
and in some places can be directly attributed to coastal hardening,  
development and reclamation (Fig. 2d–f). Recently reported losses of 
Asian tidal flat ecosystems15,23 were confirmed with our dataset—about 
73% of the total global human population that occupies the low-elevation  
coastal zone lives in these regions24. In these regions, rapid coastal 
development has had a considerable and lasting effect on these globally  
unique coastal ecosystems (Fig. 2e). To accommodate rapid human 
migration to coastal areas and to facilitate seaborne trade, vast areas 
of industrial, agricultural and urban land have been created in this 
region over the past three decades15. Asia delivers 89% of global aqua-
culture production25, much of which is produced in areas of former 
tidal flat15,23. In China, where massive losses of coastal ecosystems have 
been a focus of international concern15,23, the recent initiation of a suite 
of protective actions—such as the tentative listing of several key sites 
as UNESCO World Heritage sites, and freezes on new coastal reclama-
tion developments—seems promising. However, their effectiveness in 
slowing rapid losses of tidal flat ecosystems cannot be confirmed until 
the next release of our map dataset (which is due in 2020).

In addition to direct losses from coastal development, increased 
subsidence and compaction of intertidal sediments21,26, reductions 
in sediment supply10, altered sediment deposition and erosion rates7, 
expansion of mangroves21, vegetation loss2, coastal eutrophication2 and 
sea-level rise27 are also likely to be contributing to the declines that 
we detected. Simulation models of coastal systems28, meta-analyses  
of coastal marsh fate29 and empirical studies of coastal ecosystem 
change15,21 suggest that regions in which humans have modified these 
processes are highly vulnerable to coastal ecosystem loss. The effects of 
these stressors are evident in our data (Fig. 2c–f) and, as expected, tidal 
flats have responded by local migration. However, the global net loss 
of tidal flat ecosystems in regions with robust time-series data suggests 
that maintenance of tidal flat extent has not occurred at a rate or scale 
required to offset ongoing losses of tidal flat ecosystems. Widespread 
and substantial conservation actions, rehabilitation, replenishment and 

Fig. 3 | Global trajectory in the extent of tidal flats. a, The global 
coverage of the trajectory analyses, showing areas in which the 
development of consistent time-series data over 1984–2016 (orange) 
and 1999–2016 (orange and blue) was possible (see Methods). b, Change 

in extent of tidal flats in 17.1% of the mapped area, 1984–2016 (linear 
regression, P = 0.00437). c, Change in extent of tidal flats in 61.3% of the 
mapped area, 1999–2016 (linear regression, P = 0.1794). Shading in b and 
c indicates the standard error of the linear model.
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remediation are therefore likely to be required around the world to 
counter the multiple drivers that underlie this ecosystem loss.

Our findings suggest that tidal flats are globally important coastal 
ecosystems that are declining in area, and which are highly threatened 
by human activities. The fact that this extensive and threatened eco-
system type was previously unmeasured at a global scale highlights 
the need to advance global-scale monitoring systems that can track 
environmental change, provide alerts of rapid ecosystem degradation 
and be used to assess the risk of ecosystem collapse under the proto-
cols of the International Union for Conservation of Nature Red List of 
Ecosystems30. Our dataset and remote-sensing analysis pipeline now 
provide a means to measure and monitor processes that are affecting 
the state of the global coastal environment. These include (i) the effects 
of human population growth in the coastal zone; (ii) the magnitude 
and effects of sea-level rise on coastal ecosystems; (iii) the extent of 
expanding coastal developments; (iv) carbon stocks associated with 
‘blue carbon’ ecosystems; (v) the effectiveness of existing conservation  
measures, including protected areas and climate change policies;  
(vi) the economic and social drivers of coastal change; (vii) the  
diminishing health of coastal ecosystems that undergo regular tidal 
inundation; (viii) the potential of tidal flat ecosystems for risk reduction 
in areas at risk of natural disasters; and (ix) the influence of varying 
governance regimes, policy frameworks and management actions for 
conserving coastal dynamics. We hope that our results will catalyse 
improved management and protection of tidal flat ecosystems around 
the world, and in so doing help to support the millions of people that 
depend on these ecosystems.

Online content
Any methods, additional references, Nature Research reporting summaries, source 
data, statements of data availability and associated accession codes are available at 
https://doi.org/10.1038/s41586-018-0805-8.
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MEthodS
Mapped area. We implemented our remote-sensing classification along the entire 
global coastline between 60° N and 60° S from 1984 to 2016. To minimize unnec-
essary processing, we limited our analysis to Landsat thematic mapper, enhanced 
thematic mapper and operational land imager (OLI) scenes that intersected a 
1-km buffer of the coastline (approximate scene size ~170 × 183 km). We further 
restricted the analysis to pixels less than 100-m in elevation and within 5 km of 
the coast in the terrestrial realm and to pixels above the 100-m depth contour and 
within 50 km of the coast in marine environments, using data from the Shuttle 
Radar Topography Mission31 and ETOPO1 Global Relief Model32. The file ‘data-
mask’ (see ‘Data availability’) provides all areas to which the classification was 
implemented (the mapped area).
Remote-sensing method. We analysed 707,528 Landsat archive images to develop 
global maps of tidal flat ecosystems. The analyses were conducted in Google  
Earth Engine, a cloud-based analysis platform that comprises a large archive of 
publicly available geospatial data, including analysis-ready Landsat data, and 
high-performance parallel computation services33. Owing to the ability of the 
Google Earth Engine to analyse trillions of pixels in parallel, we developed, tested 
and implemented our remote-sensing method end-to-end within Earth Engine33.

Our classification approach explicitly sought to overcome previous lim-
itations of mapping intertidal environments15,16,34,35. Specifically, previous 
coastal remote-sensing methods relied on knowledge of tidal elevations at the 
time of image acquisition36–40, impeding the upscaling of analyses to the global 
domain. We developed an approach to this problem that centred on applying a 
machine-learning classification model to every 30-m pixel across the global coastal 
zone, quantitatively assigning each pixel to one of three classes defined for the 
analysis. The mapped classes were ‘tidal flat’, ‘permanent water’ and ‘other’, in which 
‘other’ represents terrestrial environments and vegetated intertidal systems (includ-
ing vegetated marshes and mangroves). We used the random-forest classification 
algorithm41 to assign each pixel to one of the three map classes. This supervised 
machine-learning model was trained using input data from dense stacks of Landsat 
archive images, along with covariates from several other data layers that represent 
physical environments on the Earth’s surface. This approach to coastal ecosys-
tem classification effectively uses a wide range of spectral and physical covariates 
that are informative of pixel-scale tidal inundation dynamics in the coastal zone 
(Extended Data Figs. 1, 2, Extended Data Table 1).

To implement the classification, we first developed a globally distributed train-
ing dataset that identified confirmed locations of the three land-cover classes to be 
mapped (tidal flat, permanent water and other). An experienced analyst (N.J.M.) 
used high-spatial-resolution satellite imagery (from Google Earth), global-scale 
bathymetry data, multiple Landsat-derived spectral reflectance variables, and 
image time-series data from Google Earth and Landsat to identify point locations 
along the global coastline that were confirmed as tidal flat ecosystems. The devel-
opment of the training set was guided by extensive field experience in tidal flat 
ecosystems around the world and by referring to digitized published map figures. 
Our globally distributed training set consisted of 10,701 geo-referenced points, 
annotated with the three classes that were used in the classification.

For each point in the training set, we computed values of 56 predictor variables 
to be used in the random-forest classification (Extended Data Table 1). Spectral 
predictor variables were derived from Landsat image stacks that consisted of all 
images acquired within each three-year time-period (for example, 2014–2016). 
This approach of using all available images enabled us to (i) obtain cloud-free pix-
els for the entire global coastline33; (ii) maximize the coverage of Landsat archive 
images in each time period; (iii) maximize the number of Landsat scenes used 
to calculate the derived metrics; and (iv) maximize the likelihood that Landsat 
archive images were acquired across the entire observable tidal range16. All Landsat 
data were pre-processed to surface reflectance42,43,57,58, and pixels that were iden-
tified as cloud, cloud shadow or snow by the FMask algorithm44 were excluded 
from the image stacks. From the image stacks, we computed predictor variables 
that included summary statistics from images first processed to Landsat image 
indices (including the normalized differenced water index (NDWI)45, automated 
water extraction index (AWEI)46, modified normalized differenced water index 
(MNDWI)47 and normalized differenced vegetation index (NDVI)48). Additional 
predictor variables included the global surface water occurrence data59 and a top-
ographic and bathymetric predictor layer that represented metres above or below 
sea level from the ETOPO1 Global Relief Model32 (Extended Data Table 1). Before 
computing the topographic and bathymetric predictor layer, we resampled the data 
using a bicubic algorithm to achieve a smoothed layer at 30-m resolution, suitable 
for the subsequent classification.

Before implementing the classification, we assessed the performance of ‘classi-
fication and regression trees’ and random-forest classifiers in five regions in which 
we had direct field experience (China, South Korea, Australia, the United Kingdom 
and New Zealand). After testing, we ran the final global classifications with the 
random-forest classifier, primarily for its ability to deliver better predictive perfor-

mance and achieve greater accuracy49 in classification problems. For each pixel that 
we classified, we evaluated 10 decision trees in which a random sample equal to the 
square root of the number of predictors was considered at each split49. To enable the 
development of a global time series, we implemented our analysis on image stacks 
developed from all Landsat archive imagery within three-year periods between 
1984 and 2016 (Extended Data Figs. 1, 2). Generating each map in the time series 
required approximately eighty-thousand CPU-core hours of computation, totalling 
approximately 101 CPU-core years of computation for the entire result. The Earth 
Engine platform used FlumeJava to distribute this workload across sets of 2,000 
to 4,000 worker machines within the Google data centres, with each worker pool 
being used to compute a single output image33. After running the classification, we 
post-processed each dataset using a majority filter at the scale of individual pixels, 
and removed obvious misclassifications.

Thus, we produced a global time series of the extent of tidal flats using obser-
vations obtained from all coastal Landsat archive images acquired between 1984 
and 2016. The final dataset, which is publicly available, consists of 11 global maps 
of tidal flats at 30-m pixel resolution for set time-periods (Extended Data Table 2): 
1984–1986, 1987–1989, 1990–1992, 1993–1995, 1996–1998, 1999–2001, 2002–
2004, 2005–2007, 2008–2010, 2011–2013 and 2014–2016. A set of quality assurance 
layers that indicate the depth of the image stacks used to classify each pixel of the 
tidal flat layer is also provided (see ‘Data availability’).
Validation. Validation of the global dataset was conducted using an independent 
accuracy assessment approach. Using an established power analysis method for 
estimating validation sample size49, we calculated that 1,358 samples would be 
sufficient for the validation (Extended Data Fig. 4). We therefore generated a vali-
dation set that consisted of 1,358 random samples (points at 30-m scale) stratified 
by continent across the mapped area (Extended Data Fig. 3). To assign classes to 
each validation sample, we developed an online validation application in Google 
Earth Engine to enable three experienced, independent analysts to concurrently 
annotate each sample to the classes of ‘tidal flat’ or ‘other’ (the latter represented 
the pooled land and water classes). The application enabled each analyst to assign 
the class to each sample with direct reference to (i) high-resolution Google Earth 
imagery, (ii) the Landsat OLI near-infrared band, (iii) a Landsat OLI true-colour 
composite (bands 4, 3 and 2), (iv) a Landsat OLI false-colour image composite 
(bands 5, 4 and 3), (v) an image composite representing the standard deviation of 
the NDWI, and (vi) an image composite representing the standard deviation of 
the AWEI. Analysts could also refer to the three-year time series (2014–2016) and 
use time series of Google Earth imagery to explore tidal inundation dynamics at a 
sample location, if required. The use of three analysts to generate the independent 
validation dataset was motivated by the lack of a consistent set of globally distrib-
uted observations of highly dynamic tidal flats to use for accuracy assessment. This 
approach further operated to reduce the effect of observer error in the validation 
procedure.

A standard remote-sensing error matrix approach50 indicated that the overall 
map accuracy was 82.3% (Extended Data Table 4). However, despite using the 
best available datasets, validating the extent of such a dynamic ecosystem using 
images acquired at varying tide heights is challenging—as indicated by the 76.9% 
agreement among the three analysts51. We therefore implemented two additional 
methods of accuracy assessment. Bootstrapping52 has been shown to be particu-
larly effective for estimating map accuracy and confidence intervals of maps pro-
duced with machine-learning algorithms such as random-forest classification53. To 
implement the bootstrapping approach, we used the mode of each class assignment 
from the three observers as the final class to be used in the accuracy assessment. 
We bootstrapped overall accuracy (overall percentage of correctly classified pixels) 
and user accuracy (percentage of correctly classified for tidal flat and other classes) 
from the 1,358 independent validation samples. Bootstrapping was performed 
with 1,000 iterations, with the mean of the distribution used for the estimates and 
the 95% quantile for confidence intervals. This procedure indicated an overall 
accuracy of 82.2% (80.0–84.3%, 95% confidence interval), and user accuracies 
for the non-tidal and tidal flat classes of 83.3% (80.6–86.2%, 95% confidence 
interval) and 81.1% (78.1–83.9%, 95% confidence interval), respectively. We per-
formed a post hoc sensitivity analysis using another bootstrapping procedure52, 
which entailed sequentially reducing the size of the validation dataset to assess 
the influence of the size of validation set on the accuracy assessment result. This 
analysis showed that accuracy results would not change (within a 95% confidence 
interval) with more than about 600 validation samples, which indicates that 1,358 
samples were more than sufficient (Extended Data Fig. 4). Reference to imagery 
available in the online validation application indicated that pixels incorrectly 
classified as tidal flat typically occurred in areas of highly turbid water, polluted 
areas, aquaculture ponds and areas subject to strong wave action. Additionally, 
the sun-synchronous orbit of Landsat satellites and sparse acquisition schedule 
(every 16 days)42,43 can lead to under-sampling of the full extent of tidal flats in 
the Landsat archive and, therefore, the tidal flat map class should be considered 
as ‘observed tidal flat extent’35.

© 2019 Springer Nature Limited. All rights reserved.
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In addition to the error matrix50,54 and bootstrapped52,53 accuracy assessment 
approaches, we made a third evaluation of the 2016 tidal flat product against an 
independent map of intertidal extent recently produced for Australia35 (Extended 
Data Fig. 5). The Australian product was created by thresholding composites of 
NDWI Landsat images, developed with images annotated with an estimate of 
tide height obtained from a regional tide model16,34,35. Four thousand validation 
samples were randomly sampled using stratification over the two classes mapped 
in the product (‘intertidal’ and ‘other’)50. The results indicated an 84.6% agreement 
between the two map products. The principal sources of disagreement are due to 
real changes in tidal flats that probably occurred between the two map products, 
which were developed over two different time frames (Australia, 1987–201635; 
global, 2014–2016), and potentially different target map classes18,34,35. No inde-
pendent high-spatial-resolution imagery was available for the remainder of the 
map time steps, so the accuracy of the historical data in our time series cannot 
be rigorously validated.
Trajectory of tidal flat ecosystems. Our remote-sensing classification used all 
Landsat archive imagery available in Google Earth Engine to develop a 33-year 
time series of tidal flats. Landsat data have not been consistently acquired or con-
solidated globally over the full time frame of the analysis (Extended Data Table 2), 
which leads to tidal flat maps that vary in mapped extent. Therefore, to estimate 
the global trajectory of tidal flats, we developed two internally consistent map time 
series that allow robust analyses of area change. We used the pixel count layers to 
select pixels that were classified with ≥10 cloud-free observations in each period 
across the full time series (Extended Data Fig. 2), yielding a consistent map time 
series of tidal flats for 17.11% and 61.27% of the mapped area for 1984–2016 and 
1999–2016, respectively (Fig. 3a). Because several of the predictor layers used in the 
classification procedure were produced with per-pixel metrics of spectral variation 
(Extended Data Table 1), this approach also ensured that there were sufficient 
data to estimate pixel variance. We assessed sensitivity to the pixel threshold by 
developing an additional map time series produced with ≥20 pixels across the 
full-time series, which reduced the extent of the mapped area considerably (to 
6.97% and 40.63% of global coastline for 1984–2016 and 1999–2016, respectively).

To calculate the percentage change and linear trajectory of tidal flats, we fit 
Gaussian linear models across the global area estimates obtained from the two map 
time series (1984–2016 and 1999–2016). To mitigate the effect of extreme start- or 
end-point values and to use all available data in trend analyses, we calculated the 
percentage changes of tidal flats as the difference between the model estimate at 
tstart (1984 and 1999) and tend (2016 and 2016), and the instantaneous rate of change 
as the coefficient for time. To assess regional trends in the extent of tidal flats, and 
to allow for variability in net change of tidal flats6 and the detection and removal 
of outliers, we extracted area time series from all 1° grid cells that intersected 
the tidal flat data. We identified and excluded grid cells with outlier estimates of 
tidal flat area in the time series—which indicate potential mapping commission 
errors50—by applying the interquartile range test55. Each grid cell was classified 
as increasing in tidal flat extent when the coefficient for time was at least 0.015 
per year, or as decreasing when the coefficient was −0.015 per year or below. All 
statistical analyses of map data were conducted using R v.3.4.256.
Reporting summary. Further information on research design is available in 
the Nature Research Reporting Summary linked to this paper.
Code availability. The Google Earth Engine JavaScript code developed for classi-
fying tidal flats is available from https://doi.org/10.5281/zenodo.1494785.

Data availability
The Landsat archive imagery used for this analysis is available from the United 
States Geological Survey Earth Explorer (http://earthexplorer.usgs.gov), and via 
the Google Earth Engine data archive (http://earthengine.google.com). The tidal 
flat maps, data mask and pixel count layers generated in this study are available via 
the Google Earth Engine (http://earthengine.google.com) and at Intertidal Change 
Explorer (http://intertidal.app).
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Extended Data Fig. 1 | The number of Landsat archive images used to map tidal flats globally for each time period in our analysis. The total number 
of Landsat images used in the random-forest classification was 707,528.
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Extended Data Fig. 2 | Count of Landsat images used in the global tidal 
flat analysis. a–k, Each panel shows the number of Landsat images used 
to map tidal flats for each time period: 2014–2016 (a), 2011–2013 (b), 
2008–2010 (c), 2005–2007 (d), 2002–2004 (e), 1999–2001 (f), 1996–1998 

(g), 1993–1995 (h), 1990–1992 (i), 1987–1989 (j) and 1984–1986 (k). 
The pixel-count layers provide details of how many Landsat pixels were 
available to compute the spectral image composite covariates.
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Extended Data Fig. 3 | Distribution of randomly sampled points used 
for the independent accuracy assessment. The randomly sampled points 
(n = 1,358) were stratified between two classes (tidal flat and other) and 

by continent. Each point was assigned to a class by three independent 
observers with reference to a range of imagery, using an online validation 
application.
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Extended Data Fig. 4 | Relationship between power and number of 
points used for validation. The plot shows the theoretical number of 
validation samples (n) required to achieve a desired confidence level. The 
minimum sample size n was calculated as n = z2P(1 − P)/h2, in which P is 
the estimated proportion of training points that are likely to be allocated 

to the tidal flat class (estimated at P = 0.33), z is the desired significance 
level (z = 1.96) and h is the half-width of the desired confidence interval 
(corresponding to h = 0.025)54. The vertical dashed line indicates the size 
of the validation set (n = 1,358) used to assess accuracy of the tidal flat 
dataset.
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Extended Data Fig. 5 | Distribution of randomly sampled points  
used for assessing agreement between the global tidal flat data and an 
independently produced map of intertidal extent in Australia.  

The points (n = 4,000) were sampled using stratification between two 
classes (yellow, intertidal; purple, other) within the mapped area of our 
analysis.
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Extended data table 1 | Predictor data layers used by the random-forest classifier to classify pixels as land, water or intertidal

Each spectral predictor data layer was produced by reducing Landsat image stacks for each three-year period in the time series, so that each pixel represents a variable calculated across all pixels 
within the three-year image stack. Abbreviations used are as follows: intMn, interval mean; max, maximum; min, minimum; px, xth percentile; stdDev, standard deviation. Earth Engine image collection 
identifiers for the base Landsat data are LT4_SR, LT5_SR, LE7_SR and LC8_SR57,58, for bathymetry ETOPO132 and for surface water JRC/GSW1_0/GlobalSurfaceWater59.

© 2019 Springer Nature Limited. All rights reserved.



LetterreSeArCH

Extended data table 2 | date parameters used to filter the Landsat archive before developing image stacks for the classification of tidal flats
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Extended data table 3 | Extent of tidal flats, per exclusive economic zone, in the top 50 countries, 2014–2016

Top 50 countries as ranked by extent of tidal flats. Note that land surface-area statistics were obtained from the World Bank, and represent the total area of a country—which includes areas under 
inland bodies of water as well as some coastal waterways.
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Extended data table 4 | Error matrices from the three independent accuracy assessments and mode of all three assessments

a–c, Error matrices. d, Mode of all three accuracy assessments. The matrices show the mapped (in the 2014–2016 map) and actual classes in column and rows, respectively, with the overall  
classification accuracy calculated at the proportion of correctly allocated points (n = 1,358). The last matrix is the error matrix calculated from the mode of the validation set (see Methods).
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Sampling strategy The globally distributed training dataset was collected by N.J.M where a confirmed occurrence of each land cover class could be 
assigned. A an established power analysis method for estimating validation sample size was used to calculate a-priori the sample size 
required for the validation (Foody, 2009). The analysis suggested that 1358 validation samples would be required for the validation. 
We used stratified random sampling across the three classes and by continent to collect the validation set. To ensure sufficient size 
of the validation set, we performed a post hoc sensitivity analysis to assess the influence of the size of validation set on the accuracy 
assessment result. This analysis showed that accuracy results would not change (within a 95% confidence interval) with more than 
about 600 validation samples, indicating 1358 samples to be more than sufficient.

Data collection N.J.M collected the globally distributed training set with reference to high resolution images in Google Earth Engine, field experience 
in tidal flat ecosystems around the world and by referring to relevant published map figures. Classes were assigned to each sample in 
the the validation set by three experienced analysts using a Google Earth Engine application that allowed direct reference to (i) high 
resolution Google Earth imagery, (ii) the Landsat Operational Land Imager (OLI) Near Infrared (NIR) band, (iii) a Landsat OLI true 
colour composite (bands 4, 3 and 2), (iv) a Landsat OLI false colour image composite (bands 5, 4 and 3), (v) an image composite 
representing the standard deviation of the NDWI, and (vi) an image composite representing the standard deviation of the AWEI. 
Analysts could also refer to the three year time-series (2014−2016) and use time-series of Google Earth imagery to explore tidal 
inundation dynamics at a sample location if required.

Timing and spatial scale The map dataset was produced using imagery from 1984-2016. The classification and validation was conducted at 30-m spatial scale.

Data exclusions No data were excluded from the analysis.

Reproducibility Our study did not include experimentation. We implemented the random forest classification and evaluated the reliability of our 
results using three different accuracy assessment methods. We provide the javascript code to enable reproducibility of our analysis. 

Randomization We followed standard validation procedures by developing validation samples using stratified random sampling within the mapped 
area and by continent. 

Blinding The concept of "blinding" was incorporated directly into the validation procedure. Each analyst did not know the map class for which 
they were assigning the reference class, and each of the three replicate validation samples were collected in isolation (ie. the 
interpreters could not discuss the label of each validation sample with each other).

Did the study involve field work? Yes No

Field work, collection and transport
Field conditions Describe the study conditions for field work, providing relevant parameters (e.g. temperature, rainfall).

Location State the location of the sampling or experiment, providing relevant parameters (e.g. latitude and longitude, elevation, water 
depth).

Access and import/export Describe the efforts you have made to access habitats and to collect and import/export your samples in a responsible manner and 
in compliance with local, national and international laws, noting any permits that were obtained (give the name of the issuing 
authority, the date of issue, and any identifying information).

Disturbance Describe any disturbance caused by the study and how it was minimized.

Reporting for specific materials, systems and methods
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Materials & experimental systems
n/a Involved in the study

Unique biological materials

Antibodies

Eukaryotic cell lines

Palaeontology

Animals and other organisms

Human research participants

Methods
n/a Involved in the study

ChIP-seq

Flow cytometry

MRI-based neuroimaging

Unique biological materials
Policy information about availability of materials

Obtaining unique materials Describe any restrictions on the availability of unique materials OR confirm that all unique materials used are readily available 
from the authors or from standard commercial sources (and specify these sources).

Antibodies
Antibodies used Describe all antibodies used in the study; as applicable, provide supplier name, catalog number, clone name, and lot number.

Validation Describe the validation of each primary antibody for the species and application, noting any validation statements on the 
manufacturer’s website, relevant citations, antibody profiles in online databases, or data provided in the manuscript.

Eukaryotic cell lines
Policy information about cell lines

Cell line source(s) State the source of each cell line used.

Authentication Describe the authentication procedures for each cell line used OR declare that none of the cell lines used were authenticated.

Mycoplasma contamination Confirm that all cell lines tested negative for mycoplasma contamination OR describe the results of the testing for 
mycoplasma contamination OR declare that the cell lines were not tested for mycoplasma contamination.

Commonly misidentified lines
(See ICLAC register)

Name any commonly misidentified cell lines used in the study and provide a rationale for their use.

Palaeontology
Specimen provenance Provide provenance information for specimens and describe permits that were obtained for the work (including the name of the 

issuing authority, the date of issue, and any identifying information).

Specimen deposition Indicate where the specimens have been deposited to permit free access by other researchers.

Dating methods If new dates are provided, describe how they were obtained (e.g. collection, storage, sample pretreatment and measurement), 
where they were obtained (i.e. lab name), the calibration program and the protocol for quality assurance OR state that no new 
dates are provided.

Tick this box to confirm that the raw and calibrated dates are available in the paper or in Supplementary Information.

Animals and other organisms
Policy information about studies involving animals; ARRIVE guidelines recommended for reporting animal research

Laboratory animals For laboratory animals, report species, strain, sex and age OR state that the study did not involve laboratory animals.

Wild animals Provide details on animals observed in or captured in the field; report species, sex and age where possible. Describe how animals 
were caught and transported and what happened to captive animals after the study (if killed, explain why and describe method; if 
released, say where and when) OR state that the study did not involve wild animals.

Field-collected samples For laboratory work with field-collected samples, describe all relevant parameters such as housing, maintenance, temperature, 
photoperiod and end-of-experiment protocol OR state that the study did not involve samples collected from the field.
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Human research participants
Policy information about studies involving human research participants

Population characteristics Describe the covariate-relevant population characteristics of the human research participants (e.g. age, gender, genotypic 
information, past and current diagnosis and treatment categories). If you filled out the behavioural & social sciences study design 
questions and have nothing to add here, write "See above."

Recruitment Describe how participants were recruited. Outline any potential self-selection bias or other biases that may be present and how 
these are likely to impact results.

ChIP-seq
Data deposition

Confirm that both raw and final processed data have been deposited in a public database such as GEO.

Confirm that you have deposited or provided access to graph files (e.g. BED files) for the called peaks.

Data access links 
May remain private before publication.

For "Initial submission" or "Revised version" documents, provide reviewer access links.  For your "Final submission" document, 
provide a link to the deposited data.

Files in database submission Provide a list of all files available in the database submission.

Genome browser session 
(e.g. UCSC)

Provide a link to an anonymized genome browser session for "Initial submission" and "Revised version" documents only, to 
enable peer review.  Write "no longer applicable" for "Final submission" documents.

Methodology

Replicates Describe the experimental replicates, specifying number, type and replicate agreement.

Sequencing depth Describe the sequencing depth for each experiment, providing the total number of reads, uniquely mapped reads, length of 
reads and whether they were paired- or single-end.

Antibodies Describe the antibodies used for the ChIP-seq experiments; as applicable, provide supplier name, catalog number, clone 
name, and lot number.

Peak calling parameters Specify the command line program and parameters used for read mapping and peak calling, including the ChIP, control and 
index files used.

Data quality Describe the methods used to ensure data quality in full detail, including how many peaks are at FDR 5% and above 5-fold 
enrichment.

Software Describe the software used to collect and analyze the ChIP-seq data. For custom code that has been deposited into a 
community repository, provide accession details.

Flow Cytometry
Plots

Confirm that:

The axis labels state the marker and fluorochrome used (e.g. CD4-FITC).

The axis scales are clearly visible. Include numbers along axes only for bottom left plot of group (a 'group' is an analysis of identical markers).

All plots are contour plots with outliers or pseudocolor plots.

A numerical value for number of cells or percentage (with statistics) is provided.

Methodology

Sample preparation Describe the sample preparation, detailing the biological source of the cells and any tissue processing steps used.

Instrument Identify the instrument used for data collection, specifying make and model number.

Software Describe the software used to collect and analyze the flow cytometry data. For custom code that has been deposited into a 
community repository, provide accession details.

Cell population abundance Describe the abundance of the relevant cell populations within post-sort fractions, providing details on the purity of the samples 
and how it was determined.
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Gating strategy Describe the gating strategy used for all relevant experiments, specifying the preliminary FSC/SSC gates of the starting cell 
population, indicating where boundaries between "positive" and "negative" staining cell populations are defined.

Tick this box to confirm that a figure exemplifying the gating strategy is provided in the Supplementary Information.

Magnetic resonance imaging
Experimental design

Design type Indicate task or resting state; event-related or block design.

Design specifications Specify the number of blocks, trials or experimental units per session and/or subject, and specify the length of each trial 
or block (if trials are blocked) and interval between trials.

Behavioral performance measures State number and/or type of variables recorded (e.g. correct button press, response time) and what statistics were used 
to establish that the subjects were performing the task as expected (e.g. mean, range, and/or standard deviation across 
subjects).

Acquisition

Imaging type(s) Specify: functional, structural, diffusion, perfusion.

Field strength Specify in Tesla

Sequence & imaging parameters Specify the pulse sequence type (gradient echo, spin echo, etc.), imaging type (EPI, spiral, etc.), field of view, matrix size, 
slice thickness, orientation and TE/TR/flip angle.

Area of acquisition State whether a whole brain scan was used OR define the area of acquisition, describing how the region was determined.

Diffusion MRI Used Not used

Preprocessing

Preprocessing software Provide detail on software version and revision number and on specific parameters (model/functions, brain extraction, 
segmentation, smoothing kernel size, etc.).

Normalization If data were normalized/standardized, describe the approach(es): specify linear or non-linear and define image types 
used for transformation OR indicate that data were not normalized and explain rationale for lack of normalization.

Normalization template Describe the template used for normalization/transformation, specifying subject space or group standardized space (e.g. 
original Talairach, MNI305, ICBM152) OR indicate that the data were not normalized.

Noise and artifact removal Describe your procedure(s) for artifact and structured noise removal, specifying motion parameters, tissue signals and 
physiological signals (heart rate, respiration).

Volume censoring Define your software and/or method and criteria for volume censoring, and state the extent of such censoring.

Statistical modeling & inference

Model type and settings Specify type (mass univariate, multivariate, RSA, predictive, etc.) and describe essential details of the model at the first 
and second levels (e.g. fixed, random or mixed effects; drift or auto-correlation).

Effect(s) tested Define precise effect in terms of the task or stimulus conditions instead of psychological concepts and indicate whether 
ANOVA or factorial designs were used.

Specify type of analysis: Whole brain ROI-based Both

Statistic type for inference
(See Eklund et al. 2016)

Specify voxel-wise or cluster-wise and report all relevant parameters for cluster-wise methods.

Correction Describe the type of correction and how it is obtained for multiple comparisons (e.g. FWE, FDR, permutation or Monte 
Carlo).

Models & analysis

n/a Involved in the study
Functional and/or effective connectivity

Graph analysis

Multivariate modeling or predictive analysis
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Functional and/or effective connectivity Report the measures of dependence used and the model details (e.g. Pearson correlation, partial 
correlation, mutual information).

Graph analysis Report the dependent variable and connectivity measure, specifying weighted graph or binarized graph, 
subject- or group-level, and the global and/or node summaries used (e.g. clustering coefficient, efficiency, 
etc.).

Multivariate modeling and predictive analysis Specify independent variables, features extraction and dimension reduction, model, training and evaluation 
metrics.
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