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Highlights

What are the main findings?

• A novel method using multi-source remote sensing, expert knowledge, and machine
learning accurately revealed 151.7 Mha of wetlands in the Amazon region in 2020.

• This study offers a detailed analysis of the protection status of the Amazon wetlands,
quantifies the pressures and threats posed by land use and climate change, and
provides a baseline for monitoring.

What are the implications of the main findings?

• The Amazon region wetland map can effectively guide national inventories and
support science-based decision-making by governments and local communities.

• Expanding protection by creating new Ramsar Sites and conservation areas within the
72 Mha of unprotected wetlands presents a pivotal opportunity.

Abstract

The Amazon wetlands are the largest and most diverse freshwater ecosystem globally,
characterized by various flooded vegetation and the Amazon River’s estuary. This criti-
cal ecosystem is vulnerable to land use changes, dam construction, mining, and climate
change. While several studies have utilized remote sensing to map wetlands in this region,
significant uncertainty remains, which limits the assessment of impacts and the conser-
vation priorities for Amazon wetlands. This study aims to enhance wetland mapping by
integrating existing maps, remote sensing data, expert knowledge, and cloud computing
via Earth Engine. We developed a harmonized regional wetland classification system
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adaptable to individual countries, enabling us to train and build a random forest model
to classify wetlands using a robust remote sensing dataset. In 2020, wetlands spanned
151.7 million hectares (Mha) or 22.0% of the study area, plus an additional 7.4 Mha in
deforested zones. The four dominant wetland classes accounted for 98.5% of the total
area: Forest Floodplain (89.0 Mha; 58.6%), Lowland Herbaceous Floodplain (29.6 Mha;
19.6%), Shrub Floodplain (16.7 Mha; 11.0%), and Open Water (14.1 Mha; 9.3%). The overall
mapping accuracy was 82.2%. Of the total wetlands in 2020, 52.6% (i.e., 79.8 Mha) were
protected in Indigenous Territories, Conservation Units, and Ramsar Sites. Threats to the
mapped wetlands included 7.4 Mha of loss due to fires and deforestation, with an additional
800,000 ha lost from 2021 to 2024 due to agriculture, urban expansion, and gold mining.
Notably, 21 Mha of wetlands were directly affected by both reduced precipitation and sur-
face water in 2020. Our mapping efforts will help identify priorities for wetland protection
and support informed decision-making by local governments and ancestral communities
to implement conservation and management plans. As 47.4% of the mapped wetlands are
unprotected and have some level of threats and pressure, there are also opportunities to
expand protected areas and implement effective management and conservation practices.

Keywords: wetland; Amazon; management; conservation; land use; climate change

1. Introduction
Amazon wetlands support rich fisheries and provide essential ecosystem services, in-

cluding food, water, carbon storage, and biodiversity [1–3], habitat for migratory species [4],
among other resources. The Amazon wetlands are considered the world’s most extensive
and diverse freshwater ecosystem, with a biodiversity-rich flooded flora [2,5], lake and
river floodplains, flooded forests, floating herbaceous ecosystems, and the freshwater
estuary of the Amazon River. They are estimated to hold 16–18% of the world’s freshwa-
ter, contributing 20% of global freshwater discharge [3]. This ecosystem and its natural
resources are highly vulnerable due to, for example, land use, damming, infrastructure,
mining, and climate change [6–8]. Therefore, mapping and monitoring Amazonia wet-
lands’ threats are imperative for conservation and management, climate change mitigation,
and adaptation policies. Additionally, accurate mapping and monitoring are essential for
effective conservation, planning and ensuring watershed-scale resilience against floods
and droughts [9].

Several research initiatives have mapped the Amazon wetlands using various remotely
sensed data and mapping methods (e.g., [10–12]). These mapping efforts have covered
different portions of the Amazon Basin over different years. When comparing the existing
maps, some wetland classes have differences in coverage. For instance, the estimation of
lowland wetland extent varies from 14% [7] to 30% when including flooded forests, rivers,
lakes, and other wetlands [13]. Yet only a few Amazonian countries have comprehensive
wetland inventories, maps, and classification systems, which inhibit conservation and
wetland management policies [13].

Global wetland datasets exist to prioritize wetlands for conservation [14], assess their
area extension and loss and status [15,16], and monitor wetland trends [17]. However, due
to their coarse spatial resolution (around 1 km pixel size), the existing global datasets are
limited to supporting the implementation of conservation and management policies for wet-
lands at the regional and country levels. Identifying and defining wetland classes are also
essential, given the diversity of socio-cultural and economic perspectives, and for improv-
ing mapping efforts. In this respect, flooding is a primary indicator used by hydrologists,
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whereas botanists emphasize flora, and soil scientists focus on soil characteristics [18–20],
making the classification of wetlands challenging. The lack of a robust classification scheme
and imprecise mapping creates a knowledge gap that partially contributes to the inaction
regarding global wetland loss [21].

There is still no general agreement on the definition of wetlands across all the Ama-
zonian countries (e.g., [19,22]), except for Brazil and Colombia. Nevertheless, there is a
consensus that land covered by water and saturated soil (or water table near the surface) are
key factors that define wetlands [23], and that remote sensing has the potential to improve
the mapping of wetlands. For instance, it enhances wetland monitoring and management
across landscapes by generating baseline datasets applicable to national and regional wet-
land policies [24]. Unsurprisingly, there are vast methodologies to detect, map, and monitor
wetlands. As a result, more mapping consistency must be achieved [25]. On the other
hand, there are also technical challenges dealing with the wetland complexity posed by the
interchange of water, soils, vegetation, and water dynamics daily and throughout the year.
Detecting inundation in densely forested wetlands is also a difficult task, particularly under
tree canopies. Conventional optical remote sensing methods, like Landsat, struggle with
under-canopy water detection and high cloud cover persistence [26]. Wetlands also share
similar spectral characteristics, complicating differentiation between types using standard
imaging techniques [27]. For optical data (i.e., Landsat and Sentinel-2), spectral mixture
analysis has been proposed to overcome challenges in complex environments with soil,
vegetation, and water mixing [28,29].

Another critical challenge is the significant variability in inundation patterns driven
by seasonal rainfall and ecological factors. In the Amazon region, the distinct wet and
dry seasons cause substantial fluctuations in water levels, which complicate mapping
efforts [30]. Consequently, wetland boundaries shift regularly, necessitating frequent
remote sensing data to ensure accurate mapping. Moreover, the persistent lack of timely
and large-scale training samples directly undermines the progress of wetland mapping
research [30]. Finally, data accessibility and integration present challenges. Many mapping
efforts described above rely on a disparate collection of datasets that can be inconsistent or
incompatible across different spatial resolutions and temporal scales. Access to computing
resources, such as Google Earth Engine, capable of processing high volumes of data,
can help overcome this challenge, particularly in the Amazon region with limited cloud
computing infrastructure [31].

This study aims to enhance wetland mapping by utilizing existing wetland maps
and integrating diverse remote sensing datasets, expert knowledge, and cloud computing
through Earth Engine. Our objectives are threefold. First, we seek to develop a method to
improve the mapping of wetlands in the Amazon region by merging existing maps with
optical and synthetic aperture radar (SAR) remote sensing data, surface water dynamics
datasets, and a digital elevation model (DEM). Second, we will evaluate the gaps in wetland
protection across the Pan-Amazonia region and identify priority areas for conservation.
Finally, we intend to quantify the impacts of climate change, land use change, mining,
and infrastructure on wetlands through geospatial analysis. Ultimately, our goal is to
provide standardized maps of Amazon wetlands and a classification system that will
inform national inventories and facilitate effective management and conservation policies.

2. Materials and Methods
2.1. Study Area

This study focuses on the Amazon and Orinoco Basins, encompassing the intercon-
nectedness of the Amazon and Orinoco rivers and their hydrological and biogeographical
characteristics [32], as well as administrative areas to delineate the boundaries of these
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intricate ecosystems in a policy implementation context (Figure 1). It encloses parts of nine
countries: Bolivia, Brazil, Colombia, Ecuador, French Guiana, Guyana, Peru, Suriname, and
Venezuela. This region boundary covers 8.5 million km2, including the tropical rainforests
and the shrub and herbaceous ecosystems, many of which are exclusive (i.e., endemic) and
relevant to identifying and mapping wetlands in this region [33]. It also safeguards the
region’s biodiversity and ecosystem services, preserving its crucial role in maintaining the
continent’s climatic stability. The integrity of the wetlands within this boundary is also vital
to the Amazonian indigenous and traditional people for their food safety, ritual ceremonies,
and welfare [34]. The only exception to the study area delineation is in Brazil, which
includes a political boundary of the country’s legal Amazon decree [35], encompassing
portions of the Pantanal biome in the southwest and the Northeast Atlantic Basin (Figure 1).
Hereafter, our study area will be referred to as the Amazon region.

 

Figure 1. The Amazon region for mapping wetlands, which encompasses the hydrological and
biogeographic attributes of the Amazon and Orinoco Basins and administrative boundaries.

2.2. Wetland Maps and Classes

We initially selected 20 global and regional (i.e., covering at least 60% of the study
area) wetland and land cover maps with wetland classes. Then, we applied three criteria
to define the final maps (n = 11) for selecting training, calibration, and test samples to
run the wetland random forest (RF) classification algorithm (Table 1). First, the mapping
methodology must be peer-reviewed and published in the scientific literature. Second, the
digital map must be accessible and available for analysis. Last, the map’s spatial resolution
must be less than or equal to 100 m to guarantee sufficient detail to build the samples for
the classification stage, with specific wetland and water classes.
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Table 1. Wetland dataset used to build training, validation, and test samples. OA, UP, and PA denote
overall accuracy, users’ accuracy, and producers’ accuracy, respectively, reported in references of
these datasets.

Category Wetland Class Dataset Spatial
Resolution

Temporal
Coverage Accuracy Coverage Reference

Coastal

Mangrove

Global Mangrove Watch 30 m 2020
OA = 87.4%

Global [36]UA = 86.2%
PA = 88.6%

ESA 10 m 2020–2021 OA = 77.9% Global [37]

SBTN WRI 30 m 2020 OA = 91.2% Global [38]

GLW-FCS30 30 m 2020 UA = 95.7% Global [39]

Salt Marsh GLW-FCS30 30 m 2020 UA = 88.24% Global [39]

Tidal Flat

Global Maps of
Tidal Flats 30 m 1984–2020 OA = 82.2% Global [40]

GLW-FCS30 30 m 2020 UA = 94.81% Global [39]

Global Tidal
Marsh Distribution 10 m 2020 OA = 85.0% Global [41]

Inland

Open Water
MapBiomas Water 30 m 1985–2024 OA = 92.0% Regional [42]

Global Surface
Water (GSW) 30 m 2020 PA = 95.0% Global [43]UA = 99.0%

Highland
Herbaceous
Floodplain
(>2600 masl)

Amazon Wetland LBA 100 m 2015 OA = 86.2% Regional [44]

SBTN WRI 30 m 2020 OA = 91.2% Global [38]

ESA 10 m 2020 OA = 77.9% Global [37]

GLAD LULC 30 m 2020 OA = 85.0% Global [45]

Lowland
Herbaceous
Floodplain
(<2600 masl)

ESA 10 m 2020 OA = 77.9% Global [37]

SBTN WRI 30 m 2020 OA = 91.2% Global [38]

GLAD LULC 30 m 2020 OA = 85.0% Global [45]

Shrub Floodplain Amazon Wetland LBA 100 m 2015 OA = 86.2% Regional [44]

GLAD LULC 30 m 2020 OA = 85.0%
OA = 85.0% Global [45]

Amazon Wetland LBA 100 m 2015 OA = 86.2% Regional [44]

SBTN WRI 30 m 2020 OA = 91.2% Global [38]

Glacier MapBiomas 30 m 2020 OA = 96.32% Regional [46]

We defined two broad categories of wetlands: Coastal and Inland. The coastal wetland
classes were Tidal Flat (1), Salt Marsh (2), and Mangrove (3). The inland classes included
Glacier (4), Open Water (5), Lowland Herbaceous Floodplain [<2600 masl (6)], Highland
Herbaceous Floodplain [>2600 masl (7)], Shrub floodplain (8), and Forest Floodplain (9)
(Table 2). The first step in harmonizing the wetland dataset presented in Table 1 was
to assess the definition of the wetland classes applied to each map. Next, we compared
the class definitions among the maps and matched them to harmonize the classification
schemes (Table 2). We also performed spatial analysis to compare the wetland classes of
each map. For example, two distinct wetland classes could have agreed spatially but had
similar names and definitions (e.g., in the harmonization of the Shrub Floodplain class, we
combined the Flooded Shrub class from the Amazon Wetland LBA map with Stable Tree
Cover areas up to 5 m in height from the GLAD map). In this case, we lumped them into
one class and assigned a class definition. We have also added classes that occurred only in a
few maps (e.g., Salt Marsh and Glacier). Finally, we eliminated polygons that showed class
spatial and definition disagreement that could not be harmonized. This harmonization of
the wetland classes of the map dataset (Table 1) also allowed us to create a digital map of
the wetland classes (Table 2; Figure S1 in File S1) for selecting random samples to build
the training, calibration, and test datasets for generating the new wetland map, using 2020
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as baseline (i.e., the year that most existing global and regional maps converge). With this
process, we randomly selected over one-million-pixel samples within class regions and
split them into classification (60%) and test (40%) samples. The sampling methodology
described above was fully automated and based on a global sampling strategy for mapping
wetlands [39] (Figure S1 in File S2).

2.3. Wetland Classification

The classification method followed three main steps (Figure 2). Firstly, we used multi-
sourced remote sensing data acquired in 2020, the baseline year for mapping, when most
of the wetland map datasets converged (Table 1). We have acquired all Landsat scenes
(n = 20,584) covering the study area with ≤50% of cloud cover. Next, we divided the study
area into map sheets of ~3◦ longitude by ~2◦ latitude to generate the input dataset for the
RF classification. For that, we statistically reduced the Landsat and Sentinel-1 scenes into
median, 15th, and 85th percentiles to capture the wetland intra-annual water dynamics.

Figure 2. Image classification workflow for mapping wetlands in study area.

We used these statistically reduced images to estimate the abundance of Green Veg-
etation (GV), Soil, Non-Photosynthetic Vegetation (NPV), Shade, and Cloud, applying
spectral mixture analysis (SMA) with Landsat bands 1–5 and 7. SMA has been considered
a valuable technique for mapping wetlands, particularly when using Landsat data, due to
the compositional mixing of soil, vegetation, and water in wetland environments [28,47].
Details about the SMA algorithm can be found in [28].

We also added other data types to the map sheets (Figure 2; Table 1 and File S2). For
the ALOS-PALSAR, we used only the yearly mosaic (version 2) available in Google Earth
Engine for 2020 [48]. Combining SAR (i.e., Sentinel-1 and ALOS-PALSAR) with optical (i.e.,
Landsat) imagery has the potential to strengthen wetland mapping by acquiring ground
observations through clouds. It also complements the compositional information obtained
with SMA by providing structural vegetation insights [49]. Finally, we used the Forest And
Buildings removed Copernicus 30m DEM [50] (FABDEM) to calculate the Topographic
Wetland Index (TWI) [51], and the Global Canopy Height (GCH) dataset [52]. The FABDEM
digital elevation model and TWI provide topography and hydrology conditions suitable for
mapping wetlands, and the GCH adds information about wetland vegetation structure [53].
Finally, we resampled the datasets with spatial resolutions of 30 m to match the Landsat
pixel size using Earth Engine’s reproject method, which applies the nearest neighborhood
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resampling algorithm by default. Detailed information about these input datasets is
available in File S3.

Table 2. Wetland classification and definition of the selected maps for harmonization.

Class Name
(ID) Class Description Class Examples

Non-Wetland
(0)

Areas that lack wetland characteristics,
typically consisting of dry land or upland
environments without significant
hydrological influence.

Agriculture, upland pastures,
non-inundated forests, herbaceous areas,
urban zones, etc.

Tidal Flat
(1)

Low-lying coastal areas periodically
flooded by tides, typically composed of
mud, sand, or silt, and commonly found
in estuaries and deltas.

Mudflats and sandbanks.

Salt Marsh
(2)

Coastal wetlands dominated by
salt-tolerant vegetation, typically located
in estuaries, behind barrier islands, or
along sheltered coastlines, and influenced
by tidal movements.

Salt flats, halophytic vegetation, and
hypersaline tidal flat areas.

Mangrove
(3)

Coastal wetlands featuring salt-tolerant
trees and shrubs that thrive in intertidal
zones, providing essential coastal
protection and supporting biodiversity.

Mangrove vegetation.

Glacier
(4)

Large masses of slow-moving ice form
from snow accumulated over long
periods of time typically found in
high-altitude regions.

Ice fields and permanent snow.

Open Water
(5)

Large bodies of water, such as lakes,
rivers, and reservoirs, characterized by a
lack of emergent vegetation.

Rivers, lakes, and reservoirs.

Lowland Herbaceous Floodplain
(6)

Wetlands dominated by herbaceous
vegetation typically found in low-lying
areas below 2600 m and are subject to
periodic or seasonal flooding.

Floodplain grasslands and
wetland grasses.

Highland Herbaceous Floodplain
(7)

Wetlands dominated by herbaceous
vegetation, primarily found in plains
above 2600 m, subject to permanent or
seasonal flooding.

Flooded rocky grasslands, high-altitude
wetland vegetation, and bofedales.

Shrub Floodplain
(8)

Wetlands within floodplains dominated
by shrub vegetation and periodically
inundated by water.

Floodplain shrubs and secondary
floodplain vegetation.

Forest Floodplain
(10)

Wetland areas within floodplains,
dominated by trees and seasonal or
permanent flooding.

Seasonally or permanently flooded
forests along the floodplain of the
major rivers.

Wetland classification was performed for each map sheet grid (Figure 2). Training
and calibration samples of the selected and neighbor tiles, as well as the annual mosaic
datasets, were used as inputs in the RF classifier. The RF ran with 100 trees and the number
of variables considered at each decision node set to the square root of the total number
of input variables. We set the random forest parameters based empirically to optimize
the classification results and time to process the classification task in Earth Engine. The
minimum number of samples required to split a node was set to one; and the fraction of
the training data used to build each tree was set to 0.632. The maximum number of nodes
per tree was left unrestricted.

The RF output was the first version of the wetland classification, which underwent
filtering and masking procedures. The spatial filter removes salt-and-pepper misclassifica-
tion noise by applying a majority-neighborhood logic to replace groups of classified pixels
with the predominant wetland class [54]. Spatial filtering was applied to groups of 1 to
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11 pixels (i.e., ~0.99 ha), which is the minimum mapping unit of the wetland map. Next, we
applied the Height Above the Nearest Drainage (HAND) model [55] to the FABDEM data
to extract the maximum inundation height (MIH) from the spatially filtered wetland map
and masked out the wetland classes outside this range. Finally, we conducted accuracy
assessment analysis using the test sample dataset following the good-practice statistical
model [56] [details in File S4].

2.4. Wetland Protection and Impacts

We performed a series of spatial analyses to estimate the levels of protection and
threats and pressures to the wetlands in the study area. For that, we overlapped the new
wetland map with maps of protected areas and Ramsar Sites to estimate the extent of
protected and unprotected wetlands. Then, we assessed anthropogenic and climate change
threats and pressure (i.e., extreme droughts and flooding). The anthropogenic threats (i.e.,
the direct impacts) included fires, deforestation, mining, artificial water bodies, urban areas,
and roads. For the climate-related threats, we used the surface water dynamic time-series
of the MapBiomas Water initiative, which estimates the monthly surface water extent [28]
to estimate the monthly surface water extent, and the Climate Hazards Center InfraRed
Precipitation with Station (CHIRPS) data available in Google Earth Engine [57]. We applied
the Mann–Kendall’s test to conduct a trend analysis of surface water dynamics and rainfall.
The temporal analyses allowed us to identify areas undergoing loss and gain in surface
water and precipitation relative to the wetland areas mapped, allowing us to point out the
areas experiencing extreme drought and flooding.

3. Results
3.1. Wetland Mapping

The wetland extent mapped in 2020 reached 151.7 Mha, encompassing 22.0% of the
study area (Figure 3), with an additional 7.4 Mha already in deforested areas turning into
land use classes (e.g., pasture, agriculture, urban mining, and infrastructure). Four wetland
classes predominate, covering 98.5% of the wetlands, which included Forest Floodplain
(89.0 Mha; 58.6%), the most predominant, almost two-fold the following class, Lowland
Herbaceous Floodplain (29.6 Mha; 19.5%); and with less extent Shrub Floodplain (16.7 Mha;
11.0%), Open Water (14.1 Mha; 9.3%). These dominant classes represent inland wetlands.
Along the coastal zone, the Mangrove class was the one with the most extent, reaching
1.4 Mha (0.9% of the total and 82% of the coastal wetlands), followed by Tidal Flat (0.2 Mha)
and Salt Marsh (0.1 Mha). The Glacier class cover (0.2 Mha) and Highland Herbaceous
Floodplain (0.1 Mha) are interconnected classes with their occurrence concentrating along
the Andes. Non-wetland areas covered 692 Mha, of which 27.7% (i.e., 192 Mha) are
potentially inundated areas (Figure 3).

We calculated the mapping accuracy using the area-adjusted method based on the
error matrix statistics of all classes [56] (File S4). The overall mapping accuracy, including
both wetland and non-wetland classes, was 82.2% for the study area. When inspecting
the mapping sheet tiles, the mean accuracy reached 83%, with a median of 82% and a
first quartile (Q1) of 79%, implying that more than 75% of the mapping sheet tiles had an
accuracy above this value (File S4).

Not surprisingly, the Non-Wetland class had the highest producers’ accuracy (84.1%),
meaning an omission error of 15.9%. The users’ accuracy for the Non-Wetland class reached
81.4%, indicating that 18.6% Non-Wetland on the map may be a wetland class. This can be
explained by the large extent of the potentially inundated area that lies within this class.
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Figure 3. Amazonian Wetland classification resulting from the random forest classifier for the
harmonization of 11 global and regional datasets.

We also estimated the producers’ and users’ accuracies for all classes. Here, we report
the users’ accuracy, as it is more relevant for map users (see the details in Table S4 in File S4).
Glacier and Open Water had the highest users’ accuracy (i.e., 99.3% and 98.5%, respectively;
similar to the GSW estimate for Open Water; Table 1), followed by the Highland Herbaceous
(95.1%) and Lowland Herbaceous (82.9%). Forest Floodplain, the predominant class, had a
users’ accuracy of 73.8%, followed by Lowland Herbaceous and Shrub Floodplain at 82.9%
and 71.2%, respectively. The coastal zone wetland classes’ users’ accuracy varied from
83.1% to 89.5% for Tidal Flat and Mangrove 89.5%. The Salt Marsh users’ accuracy was
87.8% (Table S4 in File S4).

The producers’ and users’ accuracy metrics can be used to assess the area estimation
error of the classification results [56]. We assessed how pixel counting and area-adjusted
area estimations varied in the classification results (Figure 4). The results showed that
the majority of the wetland classes are under-mapped, implying that our classification
results are conservative. For instance, the area-adjusted estimate for the Forest Floodplain
class might be 44% larger compared to the pixel count area estimate, and for the Lowland
Floodplain, the difference was 38% (Figure 4). The Shrub Floodplain class was potentially
under-mapped by a factor of 3.5. Open Water showed the least difference in the area
estimation approaches (i.e., 4%). We will discuss later what could explain why the wetland
mapping results are conservative and the implications for using this information in policy
decision-making.

3.2. Protected Wetlands

We estimated that 52.6% (i.e., 79.8 Mha) of the mapped wetlands are in one or more
categories of protected areas: Indigenous Territory, State and Federal Conservation Units,
and Ramsar Site (Figure 5). There are also overlapping protected areas among these cate-
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gories. The overlap of protected wetlands occurred in areas where two or more categories
of protected areas were superimposed, encompassing 21.4 Mha (14%). Of the protected
areas categories without overlapping, Indigenous Territory possessed 29.3 Mha (19.3%)
of wetlands, followed by State and Federal Conservation Units with 12.9 Mha (8.5%) and
10 Mha (6.6%), respectively, and Ramsar Site with 6.1 Mha (4.1%) (Table S1 in File S5).

Figure 4. Area estimation of wetland classes based on pixel counting and area-adjusted using accuracy
assessment metrics. The error bars depict the uncertainty of the area-adjusted estimate at a 95%
confidence interval.

The Ramsar Site category, a designation of international importance under the Ramsar
Convention, aims to promote the wise use and conservation of wetlands but does not
constitute a legal protected area per se [58]. They encompass a total area of 38.8 Mha in
the study area. Of the total wetlands mapped in 2020, 22.8 Mha are in this category, which
comprised 15% of the total wetland mapped area. We also found that 84% (i.e., 32.7 Mha) of
the Ramsar Site category overlapped with protected areas categories, indicating that these
sites added 6.1 Mha (4.1%) of additional protected wetlands relative to the areas already
protected. It is worth noting that, as an international instrument, Ramsar Sites require
national regulations and support to ensure their effective enforcement. Therefore, there is
potential to create new Ramsar Sites in the remaining unprotected wetlands (i.e., 72 Mha)
(Figure 5).

When investigating the classes of wetlands already protected, we found that Forest
Floodplain is the class with the most significant extent, covering 51 Mha, which represents
57% of the total mapped area. Lowland Herbaceous Floodplain had 14.3 Mha protected,
48.2% of its extent in 2020, and the Shrub Floodplain 7.4 Mha (44.5%). Open Water occurred
in 5.3 Mha within protected areas, which represented 37.4% of its extent. The other
categories of wetlands, to a lesser extent, had 5.2% (i.e., 1.78 Mha) of their territory within
protected areas (Figure 5b).
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(a) 

 
(b) 

Figure 5. Spatial distribution of protected wetlands (cyan) in Indigenous Territory (yellow), State
(light green) and Federal (dark green) Conservation Units, Ramsar Site (blue), and overlapping
protected areas (brown) (a); and distribution of the main wetland classes by protected areas (b).

3.3. Wetland Threats and Pressures

There are three categories of threats and pressures on wetlands in the study area:
(i) land use; (ii) infrastructure; and (iii) climate change. Each of these categories have specific
drivers (presented below). Threats to wetlands are external factors that can potentially
significantly jeopardize their health and survival. These factors include systemic changes
like climate change, urbanization, and invasive species.

In contrast, human activities exert direct pressures that negatively impact wetlands,
including agricultural runoff, pollution, and unsustainable resource extraction. These
pressures can worsen the risks posed by threats. We combined our Amazonia wetland
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map with several factors that impose threats and pressures on the Amazon wetlands and
estimate their direct and proximity impacts (see File S6 for the proximity analyses).

3.3.1. Land Use

Fires are a common practice in land use management in the study area, as they are
used in slash-and-burn deforestation to remove the above-ground biomass of vegetation
from grasslands, shrublands, and forests, as well as to clear areas already in use. We
estimated that 20% of all FIRMS (Fire Information for Resource Management System)
pressured (i.e., lay down directly) the wetlands mapped in 2020, with the majority of fires in
the Lowland Floodplain (44% of the fires in wetlands), followed by Forest Floodplain (35%)
and Shrub Floodplain (17%), and the remaining fires in other wetland classes (Figure 6a).
A small fraction of fires (i.e., <0.3%) occurred in the coastal and highland wetlands. As
a result, fires can also threaten wetlands by boosting their nutrient levels. Despite the
majority (i.e., 80%) of fires not occurring in wetlands, 80% of fires in 2020 were within
25 km of wetlands (Figure 6a). Fires within and near wetlands may deplete essential
wetland nutrients, such as nitrates, altering their nutrient dynamics and hydrology and im-
pacting the plant composition and ecosystem health of wetlands [59]. Fires can also increase
greenhouse gas emissions in wetlands, particularly in areas associated with peatlands.

Deforestation is another significant source of threat and pressure to wetlands
(Figure 6b). We estimated that 7.4 Mha of wetlands mapped in this study had been
cleared until 2020. This area was excluded from our wetland map (Figure 3) because it has
been considered a habitat of wetland loss [60]. Most of the wetland loss due to deforestation
occurred in the Shrub Floodplain (47%), Lowland Herbaceous Floodplain (32%), and Forest
Floodplain (20%). The proximity analysis revealed that the cumulative deforested areas
were near wetlands (i.e., 80% within 28 km) and that deforestation between 2021 and 2024
was even closer (Figure S1b in File S6). The pressure of deforestation in wetlands typically
results in threats to drainage and alteration of wetland hydrology, which impacts their
ecological function [60].

We also identified significant pressures and threats from large industrial and gold
mining operations in wetlands (Figure 6c). The wetland areas under industrial mining
exploitation and prospecting reached 19.1 Mha, which is equivalent to 12.6% of the total
area. The wetland classes under threat and pressure from industrial mining include Forest
Floodplain (13.3 Mha), Lowland Herbaceous Floodplain (2.9 Mha), Shrub Floodplain
(2 Mha), and Open Water (0.88 Mha), accounting for 99.8% of the wetland area with
industrial mining influence.

The proximity analysis revealed that 30% of the wetlands are located within 30 km of
industrial mining, which increases the risk to this aquatic ecosystem (Figure 6c; Figure S1c
in File S6). Gold mining is directly linked to wetlands, as this activity often concentrates
along rivers. Despite the relatively small footprint of gold mining in these areas, which
accumulated ~33,000 ha until 2020, its negative local impacts are significant, including
deforestation, soil and water contamination, sedimentation, biodiversity loss, and changes
in hydrology [61]. Considering the scale of industrial mining, the negative impacts can
be even greater. The potential threats of mining include water pollution, hydrological
alteration, and the disruption of natural hydrological regimes, resulting in changes to water
availability and quality in wetlands [8].
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3.3.2. Infrastructure

Hydroelectric and reservoir dams create extensive artificial wetlands, which means
they become artificially part of these aquatic ecosystems, pressuring them. For instance,
small dams, primarily associated with agricultural and aquaculture activities, are typically
located along or near small rivers and streams [28], and large reservoirs inundate extensive
areas (Figure 6d). As threats, the combined large and small dams alter the natural hydro-
logical patterns of surrounding wetlands, disrupting flow and seasonal water availability,
creating barriers that hinder the movement of aquatic and terrestrial species and can exac-
erbate flooding in adjacent wetlands [62]. Additionally, reservoirs contribute to greenhouse
gas emissions, particularly methane, from decomposing organic matter, further threatening
the ecological integrity of these wetlands [63].

Urban areas and roads are other types of infrastructure that threaten and pressure
wetlands. The former exerts a multifaceted impact on Amazon wetlands through habitat
fragmentation, hydrological alterations, pollution, invasive species proliferation, and direct
resource exploitation. Road networks open areas to agricultural expansion through de-
forestation and further encroachments [64], potentially destabilizing wetland ecosystems.
This expansion often brings about alterations in flow patterns and water levels through
the fragmentation of wetlands [65]. Roads and urban areas also promote increased human
activity in previously untouched wetlands. Our proximity analysis revealed that 80% of
wetlands are ~50 km of urban areas (Figure 6e; Figure S1d in File S6) and roads (Figure 6f;
Figure S1e in File S6).

3.3.3. Climate Change

Climate change is also threatening and pressuring the Amazon wetlands. Using
monthly Landsat time-series surface water data from 1985 to 2020, we identified wetlands
with surface water loss and gain [28]. We estimated 18.6 Mha of wetlands with a surface
water loss trend and 6.2 Mha of gain (p = 0.05; Mann–Kendall trend test). For wetland
water loss, 36.3% occurred in the Lowland Herbaceous Floodplain, 13.7% in the Shrub
Floodplain, and 9.6% in Open Water. It is essential to highlight that the Landsat surface
water product does not detect water in closed canopy vegetation, implying that the extent
of water losses might be higher. Most of the water gain occurred in the Open Water wetland
class (32%), followed by Lowland Herbaceous Floodplain (18.6%), Shrub Floodplain (9.2%),
and Mangrove (6.2%) (Figure 7a).

Precipitation changes also have the potential to change wetlands [62]. We assessed
the monthly gain and loss of precipitation between 1985 and 2020, as detected using the
Mann–Kendall trend test (p = 0.05), relative to our wetland map. We found that 13.3 Mha
of precipitation had a reducing trend over time, and 46.7 Mha showed an increasing trend
(Figure 7b). These changes are likely linked to climate change, which disrupts precipitation
patterns, especially during extreme climate events [66], thereby debilitating the relationship
between flooding and wetland health. For instance, extreme climate events can lead to
prolonged flooding or extended dry spells, significantly impacting wetland ecosystems.
Additionally, changes in flooding patterns can lead to a decline in the ecosystem services
that wetlands provide, including carbon storage, water purification, and recreational
activities [67]. This reduction in ecosystem functionality could harm local communities
that depend on wetlands for their livelihoods and cultural values. Further investigation of
these potential negative impacts might be carried out and incorporated into climate change
adaptation and mitigation policies.
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Figure 6. Anthropogenic threats and pressures associated with fires (a), deforestation (b), mining (c),
artificial water bodies (d), urban areas (e), and roads (f).
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Figure 7. Temporal trend of surface water loss and gain (a) and precipitation (b), with gains and
losses detected with Mann–Kendall trend test; p = 0.05.

4. Discussion
4.1. Challenges of Mapping Wetlands

Our study area encompasses two large basins, the Amazon and Orinoco, as well as
parts of the Pantanal biome and the Northeast Atlantic Basin (Figure 1). It encompasses
nearly 8.5 million km2 and comprises a diversity of ecosystems from the coastal zone to the
Andes highlands. The wetlands of this vast territory connect the non-wetland ecosystems
(e.g., upland terra tirme forests, savannas, natural grasslands) and are an integral part of the
territory’s biodiversity, climate, and socioeconomic dynamics. The extent of the study area
and the ecosystem diversity impose challenges to map wetlands in this region.

We developed our mapping wetland protocol based on the methods proposed by [39],
which included automatic stratified sample extraction from published datasets and class
harmonization techniques for training, calibration, and assessment of the classification
results. Here, we refined this protocol by employing a map sheet-tile approach to classify
wetlands using an extensive training and calibration dataset carefully curated from the
harmonized classification map and expert evaluation. We also utilized a selected set of
multi-sourced intra-annual remote sensing data, ensuring that temporal variations and
seasonal dynamics of wetlands are accurately captured, except for the ALOS PALSAR
dataset, which is an annual mosaic dataset. We also used cloud computing from Google
Earth Engine to process the vast datasets and run the wetland classifier. Finally, our
classification approach differs from global mapping efforts because we propose a general
classification system of wetlands suitable for supporting in-country-based classification
efforts already in place (e.g., [20]), an ongoing effort of our research project.

Based on pixel classification, we estimated that wetlands covered 151.7 million hectares
(Mha) of the study area, with an overall mapping accuracy of 82.2%. Our estimate of
wetland class areas exceeds the extent of the published studies (Table 1)—for example,
the GLAD LULC and the SBTN WRI estimates for Forest Floodplain were 64.6 Mha and
78.4 Mha, respectively, which are lower than our estimate (i.e., 89 Mha). For the Lowland
Herbaceous, the estimates of the abovementioned sources were 31.7 Mha and 21.6 Mha,
respectively, while ours was 29.6 Mha. Therefore, the most significant difference in the
wetland class estimates was in the Forest Floodplain class. We also compared our mapping
results with a harmonized version of the wetland classes in Table 1 (Figure S1 in File S1).
The harmonized map indicated an area of 161 Mha of wetland in the study area, which
is 5.8% higher than our estimate. The accuracy assessment of the harmonized map was
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94.0%, which is an overestimation of the mapping accuracy because the reference dataset
was extracted from it.

Applying the statistical good practices [56] for area estimation, the wetland extent
can range from 244.4 Mha to 251 Mha (Table S4 in File S4). The difference between the
pixel counting (i.e., 151 Mha) and area-adjusted estimate implies that the random forest
classifier may underestimate the mapping of wetlands by ~100 Mha. What could explain
this? This discrepancy is likely due to the underestimation of the Forest Floodplain and
Shrub Floodplain classes, which showed area-adjusted estimates ~40 Mha larger than the
original pixel-based estimates. These wetland classes were possibly under-mapped because
the yearly ALOS PALSAR mosaic input data [48], does not capture the seasonal variability
of water in closed-canopy forested vegetation. The high-density forested vegetation classes
obscure water detection under a canopy with Landsat (optical) and even with Sentinel-1
(i.e., C-SAR band) data. Using intra-annual ALOS PALSAR time-series data would be ideal
because its L-band frequency is particularly effective in penetrating the forest canopy and
high vegetation density to detect sub-surface water and capture maximum and minimum
inundation extents over these wetland classes [11]. The discrepancy may also affect the
evaluation of wetland areas facing pressures and threats, as well as the effectiveness of
conservation and management strategies. Consequently, incorporating a detailed historical
intra-annual time-series analysis using L-band SAR data (e.g., ALOS PALSAR or NISAR)
will be essential to address these mapping challenges and improve decision-making.

How temporally stable is the RF classification model? We tested it in several map-sheet
tiles and the preliminary results are promising. As the next step, we will advance our
research by building a temporal reference dataset to expand the mapping of wetlands over
a larger period (e.g., starting in 2016, when both Sentinel-1A and Sentinel-1B data became
available, to the most recent period possible).

4.2. The Loss of Wetland Habitats

There is a consensus in the scientific literature indicating a trend of wetland habitat
loss associated with land use, climate change, infrastructure, and pollution. Currently, the
wetlands in the study area are under pressure by agricultural expansion, infrastructure
construction such as dams and roads, open-pit mining, and urban expansion converge.
Landscape fragmentation has altered the ecological connectivity of wetlands with large and
small artificial dams, compromising key functions such as water regulation, reproduction
of aquatic species, and aquifer recharge, which directly impacts the water and food security
of Amazonian communities. Our study showed that the wetlands mapped in 2020 were
under high threats and pressures of fires, and 7.4 Mha had been deforested. Between 2021
and 2024, an additional 800,000 had been lost, mostly for agriculture, followed by urban
expansion and gold mining (Figure 6a,b).

Amazon wetlands are highly vulnerable to changes in precipitation and temperature
patterns, which directly affect their carbon storage capacity, water regulation, and biodiver-
sity maintenance. The surface temperature in the Amazon region increased by 1 ◦C over
the past decades [68], and a further increase is being projected [69]. Furthermore, a decrease
in annual precipitation in the eastern Amazon, and an increase in the western, has been
projected [70]. These extreme events can potentially disrupt the hydrological cycles that
maintain the flooding pulse of wetlands, reducing their extent, altering the composition of
aquatic species, and triggering the release of large amounts of carbon previously stored
in flood-prone soils and wetlands. Our trend analyses of precipitation and surface water
corroborate these previous studies. Loss of precipitation and surface water directly affected
21 Mha of mapped wetlands in 2020. However, we still lack a precise estimate of the extent
of wetland habitat loss associated with these extreme climate events. Further analysis is
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essential to clearly understand the relationship between rainfall deficits and the decline of
the water table, and how these combined effects translate into surface water losses.

4.3. Opportunities for Conservation and Management of Wetlands

The effective conservation and management of Amazon wetlands remain hindered
by the lack of integrated, region-wide data and coordinated monitoring mechanisms. A
key challenge lies in the fragmentation and limited interoperability of existing information
across national and institutional boundaries. To overcome this gap, it is critical to consoli-
date geospatial and ecological data into a regional platform that supports open access and
methodological transparency. The wetland classification and mapping approach presented
in this study offer a foundation for such a system, enabling the early detection of threats
such as fire, deforestation, and hydrological disruption.

Another challenge is to scale down the mapping and monitoring to the country level,
considering countries’ jurisdiction and distinct conservation and management policies,
and last but not least, specific national wetland classification systems. To overcome the
jurisdictional and policy national specificities, our research team reviewed the law and
public policies and identified national actors (e.g., government agencies, NGOs, associations
representing indigenous and river side communities) that can benefit from knowledge
and information about wetlands. We have also conducted a series of capacity-building
workshops to transfer the knowledge and information obtained in this project. Additionaly,
we have identified opportunities for policy implementation at the national level and
prepared a series of policy briefs addressing the opportunities and challenges to overcome
the pressure and threats to the wetlands. Finally, to overcome the challenge of integrating
the regional and national wetland classification systems, we designed a general regional
classification system (Table 2) to facilitate its application to the national level. This process
is being conducted in several countries and will be the subject of future papers. Another
scale that our new wetland maps are being applied is at the community level. We have
engaged with indigenous, river-side and traditional communities in workshops to present
our mapping results, pressure and threat analyses, and identify opportunities to implement
conservation and management plans, considering their knowledge and experiences in
their territories.

Beyond its technical value, our new wetland map can inform the prioritization of areas
for protection, support the creation of new Ramsar Sites, and assist in the expansion of
national conservation networks. By aligning with global commitments—such as the Ramsar
Convention and the Kunming-Montreal Global Biodiversity Framework—these tools can
strengthen governance processes and support inclusive, science-based decision-making by
governments, Indigenous Peoples, and local communities.

5. Conclusions
This study proposes a method to enhance the mapping of wetlands in the Amazon

region, utilizing existing published maps and expert knowledge. The aim was to harmonize
the classification legend and build a robust dataset for training, calibration, and validation
and produce a new wetland map for the Amazon region. Using a fully automated classi-
fication approach, we mapped 151.7 Mha of wetlands for the year 2020, with an overall
accuracy of 82.2%. The updated wetland map offers a standardized classification system
that can be integrated at the national level to enhance wetland inventories, management,
and conservation policies, which is the main goal of utilizing the new wetland map. The
analysis revealed that 47.4% of these wetlands remain unprotected and are increasingly
affected by land use change, infrastructure development, and climate variability. The
resulting map baseline enables more targeted conservation strategies and supports the
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implementation of adaptive policies at both national and regional scales. The final wetland
map was then used to assess potential threats and pressures from land use, infrastructure,
and climate change, indicating that extensive areas of wetland are at risk. These areas are
also under significant pressure from climate change. The resulting map revealed that about
half (52.6%, i.e., 79.8 Mha) of the wetlands mapped in 2020 are located within existing
protected areas. This highlights the urgent need to expand area-based conservation efforts
for these essential ecosystems. Further studies will focus on reconstructing the time-series
of wetlands and integrating the regional classification scheme at the national level. The
results indicate the urgent need for the protection of these areas under the imminent risk
of permanent loss of essential ecosystem functions (e.g., climatic resilience, biodiversity
maintenance, food security, etc.) and nature-based solutions critical for climate adaptation.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/rs17213644/s1, File S1: Harmonized wetland map. File S2:
Dataset for wetland classification. File S3: List of all reference maps for wetland classification. File S4:
Accuracy assessment analysis [56]. File S5: Protected and unprotected wetlands. File S6: Proximity
analyses of threats and pressure.
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