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1 Overview
The Brazilian coastal zone presents diverse environments that evolved during the

Quaternary in response to climate and sea-level changes. These environments show an

interaction between different sediment supplies and a geologic heritage that dates back to
the breakup of South America and Africa (Dominguez, 2009; Souza-Filho et al., 2023).
Among this diversity of coastal features, five classes are mapped in the MapBiomas

Collection 11: Mangroves; Beaches, Dunes and Sand Spots; Aquaculture; Hypersaline Tidal

Flats (HTF), and Shallow Coral Reefs.

Table 1 shows the evolution of coastal features mapped in each collection and the

changes in its methodological aspects.

Table 1 - Overview of the Coastal MapBiomas Collections since their first version. In the method column, ‘EDT’ means
‘Empirical Decision Tree,” RF refers to ‘Random Forest,” and U-Net refers to a CNN-based Deep-Learning method.

Collection | Range Method Classes Improvements
1.0 2008-2015 | EDT No Coastal-Specific Mappings | - First collection
2.0 2000-2016 | EDT Mangroves, Beaches & - First two coastal classes
Dunes
2.3 1985-2016 | EDT Same as Collection 2.0 --
3.0 1985-2017 |RF Mangroves, Beaches & - Random Forest
Dunes - Temporal stability is used to
generate a large training dataset
- Expanded to the entire Landsat
Temporal Series
- Better Quality Median
Composites
3.1 1985-2017 | RF Same as Collection 3.0 --
4.0 1985-2018 | RF and U-net | Mangroves, Beaches, and - Aquaculture/Salt-culture is added
Dunes, Aquaculture as a coastal feature
- Improvements in temporal
consistency through additional
post-processing/ filters
4.1 1985-2018 | RF and U-net | Same as Collection 4.0 --
5.0 1985-2019 | RF and U-net | Mangroves, Beaches & - Hypersaline Tidal Flats are added
Dunes, Aquaculture, as a coastal feature (also known as
Hypersaline Tidal Flats “Apicum”)
6.0 1985-2020 | RF and U-net | Mangroves, Beaches, Dunes | - Sand Spots is now a feature that
and Sand-Spots, Aquaculture, | integrates Beach and Dune, coastal
Hypersaline Tidal Flats class
7.0 1985-2021 | RF and U-net | Same as Collection 6 - A new version of the U-net
classifier.
7.1 1985-2021 | RF and U-net | Same as Collection 7 --
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8.0

1985-2022

RF and U-net

Same as Collection 7.1

- Enhancements of the
Deep-Learning Algorithms

- Enhancements in temporal
consistency through additional
post-processing/ filters

9.0

1985-2023

RF and U-net

Mangroves, Beaches, Dunes
and Sand-Spots, Aquaculture,
Hypersaline Tidal Flats and
Shallow Coral Reefs

- Shallow Coral Reefs are added as
a coastal feature

10.0

1985-2024

RF and U-net

Same as Collection 9

- Aquaculture is now being
mapped throughout Brazil, not
only in Coastal Zone

- Resampling of Beach, Dune and
Sand Spots

11.0

1985-2025

RF and U-Net

Same as Collection 10

- Resampling of Mangrove

- HTF: deep learning correction for
raw data projections and
incomplete mosaic data filtering

- Aquaculture: false positives
mitigation

In Collection (10), Aquaculture has been mapped throughout the whole country, not

only on the Coastal Zone, and Beaches, Dunes and Sand Spots has been resampled, aiming

to fix some issues the class had with the limits used in the integration process in the

previous collections, which cropped parts of it.

For Collection 11, Mangrove was resampled. For the HTF class, projection corrections

were applied to raw deep learning outputs, and targeted filtering was implemented to

address severe missing mosaic data in the early decades. Regarding Aquaculture, false

positives resulting from construction material mining were corrected.

Figure 1. The code repository can be accessed:
e Aquaculture: https://github.com/mapbiomas/brazil-aguaculture

The classification/segmentation, validation, and publication workflow is described in

o Coastal Zone: https://github.com/mapbiomas/brazil-coastal-zone
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Figure 1 - Workflow of Coastal Zone mapping, validation, and publication. All data processing occurs within the Google Earth
Engine - GEE platform, except for the aquaculture/saline pattern and hypersaline tidal flats segmentation, dependent on the
TensorFlow library (Abadi et al., 2015). In green are steps related to sampling design. In yellow are steps related to
classification. The mapping accuracy evaluation stage is in red. (1) Range from 1985 to 2025.

1.1 Document Scope and Purpose

This document serves as an Appendix to the MapBiomas General Algorithm
Theoretical Basis Document (ATBD). Its primary purpose is to detail the specific
methodology, dataset requirements, classification strategies, and post-processing protocols
applied to map the coastal features across Brazil for Collection 11 (1985-2025).

While the MapBiomas General ATBD outlines the overarching technical framework,
platform infrastructure, and general principles shared across all biomes, this Appendix
addresses the specialized workflows unique to the Brazilian Coastal Zone (BCZ) and national
cross-cutting coastal themes. Specifically, this document covers:

e Target Classes: Mangroves; Hypersaline Tidal Flats (Apicuns); Beaches, Dunes, and
Sand Spots; Aquaculture; and Shallow Coral Reefs.

e Tailored Composites: Selection, pre-processing, and sectoral division (7 coastal
sectors plus continental expansion for aquaculture) of annual cloud-free Landsat
mosaics, designed to minimize atmospheric nebulosity in coastal regions.

e Detection Framework: Binary classification methodologies combining Random Forest
algorithms (for Mangroves, Beaches, Dunes & Sand Spots and Shallow Coral Reefs)
and Deep-Learning U-Net architectures (for Aquaculture and Hypersaline Tidal Flats).

® Post-Processing & Integration: Custom gap-filling, temporal, spatial, and frequency
filters tailored to coastal dynamics, alongside the hierarchical integration rules used
to combine coastal mapping outputs with the general biome classifications.



For general information regarding the overarching MapBiomas mapping strategy,
cloud computing architecture (Google Earth Engine), or validation procedures common
across all themes, please refer to the MapBiomas General ATBD.

2 Landsat image mosaics

The cross-cutting theme "Coastal Zone" classification used Landsat mosaics that differed
from those used to classify the natural vegetation of the Brazilian biomes. These coastal
mosaics were defined to preserve the maximum land area while capturing the lowest
possible cloud cover. While coastal-specific classes (Mangroves; Hypersaline Tidal Flats; and
Beaches, Dunes, and Sand Spots) remain restricted to the coastal zone mosaics, the spatial
extent of the mosaics used for Aquaculture was expanded nationwide to support detection
across all inland and continental Brazilian territories. S3o José et al. (2022) was used as the
guide for the mosaic expansion.

2.1 Definition of the temporal period

Coastal areas are severely affected by atmospheric nebulosity, intensified by their
proximity to the oceans and tropical locations. On the other hand, the attempt to identify a
time interval that covers only the driest season of the year as an alternative to reduce cloud
persistence severely reduces the number of images available to cover the entire coastal
region. Thus, the annual cloud-free composites are generated, ranging from the 1st of
January to the 31st of December.

2.2 Mosaic Subsets

Since the Brazilian coastal zone (BCZ) is an extensive region, approximately 8,500
kilometers from Oiapoque to Chui (not taking reentrances into account), and affected by
various atmospheric systems with lesser or greater nebulosity influence, the BCZ is divided
into seven different sectors: Amapa (AP), Marajé Island (MAR), Para/Maranhdo (PAMA),
Piaui/Bahia (PIBA), Espirito Santo/Sdo Paulo (ESSP), Parand/Laguna (PRLA), and Laguna/Rio
Grande do Sul (LARS) (Figure 2, LEFT).

In contrast, to accommodate the nationwide mapping of aquaculture and
salt-culture, an extended continental grid system was incorporated (Figure 2, RIGHT),
covering both the coastal sectors and all inland Brazilian hydrographic basins based on the
search areas defined by S3o José et al. (2022).
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Figure 2 (LEFT) - The seven Brazilian Coastal Zone sectors used for mosaic subsets and image classification. Sector 1 - Amapa
(AP), coastal region of Amapa. Sector 2 - Marajé Island (MAR), coastal region of Marajo Island. Sector 3 - Pard / Maranh3o
(PAMA), a coastal sector of the states of Pard and Maranh3o. Piaui / Bahia (PIBA) is a coastal sector of the states of Piaui to
Bahia. Sector 5 - Espirito Santo / Sdo Paulo (ESSP), a region that includes the states of Espirito Santo and S3o Paulo. Sector 6
— Parana/Laguna (PRLA), a coastal area that goes from the state of Parand to the municipality of Laguna in Santa Catarina,
and finally, Sector 7 (LARS), a region that ranges from Laguna to the state of Rio Grande do Sul. (RIGHT) - Search areas used
for Aquaculture class, based on Sdo José et al. (2022).

2.3 Image selection

Since the MapBiomas Collection 2.3, substituting the "Simple Cloud Score" method
used in previous collections, the cloud/shadow removal script started to combine the
Landsat QA band values and the GEE median reducer. In Landsat Collection 2 Tier 1 data,
each pixel in the QA band contains unsigned integer values representing specific surface,
atmospheric, and sensor conditions that may affect the overall usefulness of a given pixel.
When effectively used, QA values can improve the data integrity by indicating which pixels
might be affected by instrument artifacts or subject to cloud contamination (USGS, 2017). In
conjunction, GEE can be instructed to pick the median pixel values in a stack of images. By
doing so, GEE rejects values that are too high (e.g., clouds) or too low (e.g., shadows) and
picks the median pixel value in each band over time. This operation has improved over
several collections, and it is possible to see the difference between two "cloud-free
composites" from different collections below (Figure 3).



Figure 3 - Left, MapBiomas Collection 2 “cloud-free composite.” Right, MapBiomas Collection 11 “cloud-free composite.”
2.4 Final quality

The mosaic quality is related to Landsat’s cloud-free availability during the image
selection period. However, from 1985 to March 1998, only the Landsat 5 satellite remained

operational. As a result, the BCZ's average number of images per year was ~500 during this
period. In the last decade, between 2015 and 2024, this figure quadrupled to ~2200 images
1000 -

per year, as shown in Figure 4.
0-

r
Figure 4 — Landsat image availability from 1985 to 2024. The bars show the distribution of Landsat images along the time
series.
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3 Detection

The automatic classification of the Landsat mosaics was mainly performed on the
Google Earth Engine platform, based on the Random Forest classifier (Breiman, 2001). The
Hypersaline Tidal Flat and the Aquaculture classes were deep-learning derived and thus
segmented on local environment.



3.1 Detection scheme

Each class was mapped separately as a binary variable. Therefore, five independent
detection processes were performed: 1) Mangrove, 2) Beaches and Dunes and Sand Spots,
3) Hypersaline Tidal Flats and 4) Aquaculture, and 5) Shallow Coral Reefs. The mapping
process was carried out considering only two possible classes for each pixel: the interest
class (Mangrove, Beaches, Dunes and Sand Spots, Hypersaline Tidal Flat (HTF), Aquaculture,
and Shallow Coral Reef) or the non-interest class (all the non-classes of each target of
interest).

We have selected training points based on the availability of reference maps and the
previous MapBiomas Collection. The following sections present the details of the
parameters used in the image classifiers, the reference maps used for each interest class,
and the feature space produced for each classification.

3.2 Reference Data

A dataset of reference data was used to guide the generation of training samples for
each class. Table 2 shows the references used for each of the coastal zone classes.

Table 2 - Reference datasets to guide training samples of coastal zone classes in Collection 11.

Class References

MapBiomas Collection 10, Giri et al.,, 2011, ICMBio
Mangrove Attlas (ICMBio, 2018), Global Mangrove
Watch (Bunting et al., 2018; Thomas et al., 2018), Diniz
et al., 2019, Panorama da Conservagao dos Ecossistemas
Costeiros e Marinhos no Brasil (MMA, 2010), plus visual
inspection.

Mangrove

MapBiomas Collection 10, Atlas Dos Remanescentes
Florestais da Mata Atlantica (SOS Mata Atlantica, 2020),
Barbier and Cox, 2003; Guimardes et al.,, 2010; Prates,
Gongalves and Rosa, 2010, Queiroz et al., 2013; Tendrio
et al., 2015; Thomas et al., 2017, Diniz et al., 2021, S3o
José, F. F. de et al., 2022, plus visual inspection

Aquaculture/Salt-Culture

MapBiomas Collection 10, Atlas Dos Remanescentes
Florestais da Mata Atlantica (SOS Mata Atlantica, 2020),

Apicum/Hypersaline Tidal Flat Prates, Gongcalves and Rosa, 2010, Panorama da
Conservacdo dos Ecossistemas Costeiros e Marinhos no
Brasil (MMA, 2010), plus visual inspection.

MapBiomas Collection 10, Atlas Dos Remanescentes
Beaches, Dunes and Sand Spots  Florestais da Mata Atlantica (SOS Mata Atlantica, 2020),
Prates, Gongalves and Rosa, 2010, Panorama da



Shallow Coral Reef

Conservagdo dos Ecossistemas Costeiros e Marinhos no
Brasil (MMA, 2010), plus visual inspection.

Areas Prioritarias para Conservacio da Biodiversidade
(MMA), Panorama da Conservacdo dos Ecossistemas
Costeiros e Marinhos no Brasil (MMA, 2010), Atlas dos

Recifes
Brasileiras

de Corais
(MMA),

nas
Allen

Unidades
Coral

de Conservacao
Reef Atlas, and

UNEP-WCMC Global Distribution of Coral Reefs.

3.3 Coastal Zone Feature Space

Tables 3 and 4 show all spectral indices and bands used for the BCZ detection.

Table 3 — Spectral Indices used for coastal zone classification.

Index Expression Reducer Reference
Medi
EVI2 2.5* ((NIR-RED) / (NIR + 2.4*RED + 1)) Medianandstandard -, oo ete, 1995
Deviation
NDVI (NIR - RED) / (NIR + RED) Median and Standard o\ o 1979
Deviation
MNDWI  (GREEN - SWIR1) / (GREEN + SWIR1) Median and Standard 56
Deviation
Median and Standard Rogers and Kearney,
NDSI (SWIR1 - NIR) / (SWIR1 + NIR) Deviation 2004
MMRI Modular Mangrove Recognition Index Median ar'md 'Standard Diniz et al., 2019
Deviation
GBNDVI  The Green Blue NDVI Median and Standard /o ot al., 2007
Deviation
GRNDVI  The Green Red NDVI Median and Standard o ot al., 2007
Deviation
GARI Green Atmospherlcally Resistant Median ar.1d .Standard Gitelson et al., 2003
Vegetation Index Deviation
Cl Coloration Index Median ar.1d 'Standard Escadafal et al., 1994
Deviation
Table 4 - Table of bands used to classify coastal zone classes.
Variable Description Reducer
GREEN Landsat Green band median value Mec.lla.n and Standard
Deviation
RED Landsat Red band median value Mec'i|a'n and Standard
Deviation
NIR Landsat NIR band median value Mec.lla.n and Standard
Deviation
SWIR1 Landsat SWIR1 band median value Median and Standard

Deviation



Median and Standard

SWIR2 Landsat SWIR2 band median value L
Deviation

3.4 Detection strategy, training samples, and parameters

When reference maps that match the classes and/or year to be mapped, reference
maps of the closest possible timeframe to the median composites were used. When no
reference map was available, then the detection results of the previous year were used for
subsequent training. Tables 5 and 6 show the Random Forest and U-net parameters used to

detect each one of the years.

Table 5 - Random Forest parameters used to classify each one of the years. Mangroves and beaches, dunes and sand spots,

and shallow coral reef.

Parameter Value

Number of trees 100

Samples 50000 (non-target), 5000 (target)
Classes 2 (binary classification)

Table 6—U-Net parameters used to segment each year. The U-Net-derived classes are the aquaculture and HTF classes.

Parameter Value

Model U-Net

Patch Size 256 x 256 px

Optimizer Nadam

Learning Rate 5x10°

Samples Aqua: 34600 (train), 14200 (validation) | HTF: 47700 (train), 13355 (validation)
Attributes Green, Red, Nir, Swir 1, NDVI, MNDWI

Output binary segmentation

3.4.1 Mangroves

As with any supervised method, the Random Forest classifier must rely on a training
dataset. For mangrove cover recognition, the training data was obtained from MapBiomas
Collection 10, Giri et al., 2011, Atlas dos Manguezais do Brasil (ICMBio, 2018), Global
Mangrove Watch (Bunting et al., 2018; Thomas et al., 2018) and visual inspection (Figure 5).
The consolidated results of the mangrove distributions are available in Diniz et al., 2019.

10
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Figure 5 - Global Mangrove Cover data was used as a mangrove mapping reference from 1999 to 2002.

3.4.2 Hypersaline Tidal Flat

Generally, a mangrove swamp's less frequently flooded area, in the transition to
topographically elevated lands, is usually devoid of arboreal vegetation. This area is called
“Apicum” in Brazil. In the international scientific literature, this transition zone is usually
called hypersaline tidal flat. As shown in Table 2, three different reference maps were here
used: the “Atlas dos Remanescentes Florestais da Mata Atlantica” (SOS Mata Atlantica, 2020)
from 2019/2020, covering the Mata Atlantica coastal region and the “Carta de Sensibilidade
Ambiental ao Oleo - Pard-Maranh3o-Barreirinhas” referent to 2017 and covering most of the
Brazilian north coastal area and the data from the MapBiomas Collection 10 (Figure 6).

For the new MapBiomas Collection 11, several methodological enhancements were
introduced for the HTF class, including projection corrections applied to raw deep learning
outputs and specialized temporal filters designed to address the severe gaps in mosaic data
during the initial decades.
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Figure 6 — Apicum reference maps, the “Atlas Dos Remanescentes Florestais da Mata Atlantica” from 2019/2020, covering
the Forest Atlantic coastal region and the “Carta de Sensibilidade Ambiental ao Oleo -Para-Maranh3o-Barreirinhas 20177,
covering most of the Brazilian north coast region.

3.4.3 Beaches, Dunes and Sand Spots

Mapped in a single class, here “Beaches, Dunes and Sand Spots” refers to sandy
strands, bright white, with no vegetation predominance. As shown in Table 1, the training
data for this land cover was obtained from MapBiomas Collection 10 and other available
reference data (Table 2; Figure 7).

I
ihha

Upaan-Agu

Dados cartograficos ©2018 Google 20 km L 1

Figure 7 - The training data for this land cover was obtained from MapBiomas Collection 10 and available reference.

3.4.4 Aquaculture/Salt Culture

Compared to previous Mapbiomas Collections, Collection 11 aquaculture mapping
consolidated the use of the Deep-Learning model in replacement of the traditional Random
Forest Algorithm (Diniz et al., 2021), and has detected aquaculture beyond BCZ. In this
scenario, conventional machine learning algorithms use spectral-temporal data to classify
targets according to similarities of their spectral-temporal patterns (Breiman, 2001).
However, temporal and spectral properties might not be enough to discriminate
“super-similar” targets (targets that behave similarly in both spectral and temporal
domains). That is the case for most surface water targets, such as aquaculture ponds, rivers,
lakes, and open waters (Figure 8).

Unless water presents a high concentration of external compounds (minerals,
suspended sediments, algae, and others), not much can be done to spectrally differentiate
between numerous surface water targets. On the other hand, the temporal domain may not
present much valid discriminatory data either. In Brazil, aquaculture is a traditional and
coastal-related economic activity. Thus, in 35 years of data, a diverse set of aquaculture
frequencies may exist (Barbier and Cox, 2003; Guimaraes et al., 2010; Queiroz et al., 2013;
Tendrio et al., 2015; Thomas et al.,, 2017). As a result, the temporal domain fails to
distinguish between well-consolidated aquaculture, main river channels, and open waters
once all these features present high temporal persistence throughout the entire time series.

12
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Figure 8 — Spectral and temporal patterns of the aquaculture, rivers, and open waters classes. In the top-left corner is the
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bottom-left JRC occurrence data. The occurrence frequency of each one of the samples is at the bottom right.

In cases like this, the “context domain” may be essential to distinguishing between

rivers, aquaculture, and open waters pixels. In the context analysis scenario, the U-Net:
Convolutional Networks (Ronneberger, Fischer & Brox, 2015) have the advantage of
predicting the class label of each pixel by providing as input a local region (patches or chips)
around that pixel. Such a characteristic of working with “patches” or “chips” gives the U-Net
the ability to access the "context domain" of the image instead of using isolated pixels. The
U-Net initial training was guided by Collection 10, visual inspection and other available

reference data (Table 2).

IIn addition to the Brazilian coastal zone, Collection 10 included new areas for detection.

The source for such investigation relies on the document provided by Embrapa Territorial,
entitled Mapeamento de viveiros escavados para aquicultura no Brasil por sensoriamento
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remoto (Sao José et al., 2022). For MapBiomas Collection 11, further refinements were
implemented, including the correction of false positives caused by construction material
mining.

3.4.5 Shallow Coastal Reef

Collection 9 was the first MapBiomas Collection to map shallow tropical reef extent and
coastal reef structures visible in satellite imagery, as shown in Figure 9, and the results are
presented in a separate module within the platform
(https://plataforma.brasil.mapbiomas.org/coral reef/coral reef coastal reefs). This

initiative is significant, as coral reefs are the most biodiversity-dense ecosystems globally and
the most diverse in the sea (Adey, 2000). Yet, it is estimated that at least 25% of all marine
species depend on a healthy coral reef ecosystem for shelter, food, or reproduction during at

least one phase of their life (Nancy, 2010).

Figure 9 — Example of shallow coastal reefs - visible in satellite imagery.

While Collection 9 established the initial shallow coastal reef extent and Collection 10
revised deeper structures through visual inspection, Collection 11 incorporates new
analytical overlays, most notably the newly created Parque Nacional do Albarddo (Rio
Grande do Sul). Such official boundary integration opens valuable research opportunities for
regional cross-analyses and spatial area evaluations, allowing coastal and benthic
classifications to be cross-referenced against newly protected marine boundaries.

The goal of this ongoing effort is to continuously expand mapping capabilities to
monitor essential aspects of ecosystem health. Initiatives such as the Allen Coral Atlas (2024)
have successfully mapped coral areas vulnerable to bleaching, inspiring further remote
sensing approaches. While current mapping focuses on structural extent, future collections
aim to integrate environmental triggers to alert when reefs cross critical thresholds for
bleaching and degradation.

The main technical challenges in automatically delineating shallow coastal reefs remain
atmospheric and water column interference, high turbidity from suspended sediments, and
variable bathymetric depth. In all cases, solar radiation is attenuated or scattered before
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reaching the orbital optical sensor, requiring specialized cloud-free, low-turbidity image
selection protocols.

4 Post-classification

Due to the classification method's pixel-based nature and the very long temporal series,
a set of post-classification filters was applied. The post-classification process includes
applying a gap-fill, a temporal, a spatial, and a frequency filter.

4.1 Gap-Fill filter

The chain starts by filling in possible no-data values. In a long-time series of severely
cloud-affected regions, such as tropical coastal zones, it is expected that no-data values may
populate some of the resultant median composite pixels. In this filter, no-data values
(“gaps”) are theoretically not allowed and are replaced by the temporally nearest valid
classification. In this procedure, if no “future” valid position is available, the no-data value is
replaced by its previous valid class. Up to three prior years can be used to fill in persistent
no-data positions. Therefore, gaps should only exist if a given pixel has been permanently
classified as no-data throughout the entire temporal domain. A mask of years was built to
keep track of pixel temporal origins, as shown in Figure 10.

1985

1987
1988

ee

2000

1985 Gap-fill
Composite

AR 4

Figure 10 — Gap-filling mechanism. The following valid classification replaces existing no-data values. If no “future” valid
position is available, then the no-data value is replaced by its previous valid classification based on up to a maximum of
three (3) prior years. A mask of years was built to keep track of pixel temporal origins.

4.2 Temporal filter

After gap-filling, a temporal filter was executed. The temporal filter uses sequential
classifications in a 3-year unidirectional moving window to identify temporally

15



non-permitted transitions. Based on a single generic rule (GR), the temporal filter inspects
the central position of three consecutive years (“ternary”). If the extremities of the ternary
are identical, but the center position is not, then the central pixel is reclassified to match its
temporal neighbor class, as shown in Table 6.

Table 6 - The temporal filter inspects the central position for three consecutive years, and in cases of identical extremities,
the center position is reclassified to match its neighbor. T1, T2, and T3 stand for positions one (1), two (2), and three (3),
respectively. GR means “generic rule”, while Mg and N-Mg represent mangrove and non-mangrove pixels.

Rule Input (Year) Output

T1 T2 T3 T1 T2 T3
GR Mg N-Mg Mg Mg Mg Mg
GR N-Mg Mg N-Mg N-Mg N-Mg N-Mg

4.3 Spatial filter

Posteriorly, a spatial filter was applied. To avoid unwanted modifications to the edges
of the pixel groups (blobs), a spatial filter was built based on the "connectedPixelCount"
function. Native to the GEE platform, this function locates connected components
(neighbors) that share the same pixel value. Thus, only pixels that do not share connections
to a predefined number of identical neighbors are considered isolated, as shown in Figure
11. This filter needs at least ten connected pixels to reach the minimum connection value.
Consequently, the minimum mapping unit is directly affected by the spatial filter applied,
and it was defined as 10 pixels (~1 ha).

Connected pixels  Non-connected pixels

Before filter application After filter application

Figure 11 — The spatial filter removes pixels that do not share neighbors of identical value. The minimum connection value
was 10 pixels.

4.4 Frequency filter

The last step of the filter chain is the frequency filter, as shown in Figure 11. This filter
considers the occurrence frequency of a given class throughout the entire time series. Thus,
all class occurrences with less than 10% temporal persistence (currently, 4 years out of 41
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possible years) are filtered out and incorporated into the non-class binary. This mechanism
reduces the temporal oscillation of the classification signal, decreases the number of false
positives, and preserves consolidated class pixels, as shown in Figure 12.

Before filter application

|-High [y >=23] Average [11 <y <= 22] I Low [y <= 11] |

Figure 12 — Example of the frequency filter, considering a time series of 33 years. Red, yellow, and green represent
mangrove pixels with high (23 or more years, y >=23), average (between 11 and 22 years, 11 <=y <= 22), and low (ten years
or less, y < 11) occurrence frequencies, respectively. The top image shows mangrove pixels before applying the frequency
filter. The bottom image shows mangrove pixels after applying the frequency filter. The black boxes are centered on areas
significantly affected by the filter. All mangrove occurrences with less than 10% temporal persistence (3 years in 33 possible
years) were filtered out.

4.5 Integration with biomes and cross-cutting themes

After applying the filter chain, the cross-cutting themes and the biome data are
integrated. This integration is guided by specific hierarchical prevalence rules (Table 7). As
the output of this step, a final land cover/land use map of Brazil for each year.

Coastal-related features such as Mangroves, Beaches, Dunes, Aquaculture, and
anthropic transitions widely distributed throughout Brazil’s territory tend to occupy the top
positions of the prevalence rank. Table 7 details the complete hierarchical integration
scheme for Collection 11, including the official MapBiomas Level 1 and Level 2 thematic
hierarchies, assigned raster pixel values, prevalence rankings, standardized legend color
codes, and formal ecological/geomorphological class definitions.
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Table 7- Prevalence rules for combining the output of digital classification with the cross-cutting themes in Collection 11.

Classes Classes Pixel Prevalen Legend Description
Level 1 Level 2 Value ce Color P
Non Beach, Dune . . . .
Vegetated and Sand 23 5 #ffa07a Sandy aref:\s, with bright whlte color, w!th no
predominance of vegetation of any kind.
Area Spot
Dense, evergreen forest and/or shrub
Forest Mangrove 5 3 #04381d formatlo'ns, freq'uently flooded by tides and
associated with the coastal mangrove
ecosystem.
A I Artificial lak h I I
Water quaculture 31 4 4091077 rtificial la e§ w er? éguacu ture ?nd/or salt
/Salt-Culture production activities predominate.
"Apicuns" or hypersaline tidal flats are
formations almost always devoid of tree and
Herbaceous . . .
. shrub vegetation, associated with a
and Hypersaline . . .
. 32 5 #fc8114  topographically higher, hypersaline sector of the
Shrubby Tidal Flat .
. coastal plain, flooded less frequently than
Vegetation L .
mangroves, generally occurring in the transition
between mangroves and uplands or dune fields.
Rigid structures along the Brazilian coastline that
include both biogenic reefs — features built by
Shallow . .
— 69 — #4cd0e2 marine organisms, such as corals and calcareous
Coral Reefs

algae — and sandstone reefs, formed by
sandstones cemented with carbonate.

5 Accuracy Assessment and Validation

Although the mapping workflow includes an explicit accuracy evaluation stage (Figure
1), the statistical validation and accuracy assessment for the presented class targets are
conducted independently through the centralized MapBiomas Quality Control and Accuracy
Assessment framework, managed in partnership with the Remote Sensing and
Geoprocessing Laboratory - Lapig (UFG).

Due to the rare nature and specialized distribution of coastal land cover features (e.g.,
Mangroves, Hypersaline Tidal Flats, and Shallow Coral Reefs), the accuracy assessment is
performed entirely by Lapig and the central MapBiomas team on the integrated national
product.

For further information regarding the accuracy assessment methodology, sampling
design, and detailed validation metrics (such as confusion matrices, user/producer
accuracies, and quantity/allocation disagreements), please consult the MapBiomas General
ATBD, or visit the official MapBiomas platform statistics dashboard (
https://brasil.mapbiomas.org/en/analise-de-acuracia/ ).
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6 Practical Considerations

The processing architecture for Collection 11 relies on a hybrid computational workflow,
balancing cloud-based geospatial engine platforms with specialized off-platform deep
learning environments. While Google Earth Engine (GEE) handles image mosaic generation,
attribute extraction, Random Forest classifications, and post-processing filter chains,
local/cloud High-Performance Computing (HPC) infrastructure is leveraged for deep learning
segmentation (U-Net models for Aquaculture and Hypersaline Tidal Flats).

6.1 Framework Evolution and Data Ingestion Pipeline

e Machine Learning Frameworks: In addition to the established TensorFlow models
used in earlier collections, the team is currently integrating and experimenting with
JAX to accelerate deep learning training cycles, optimize model throughput, and
enhance hardware utilization across modern accelerator architectures (GPUs).

e Data Retrieval via Dask: To streamline the extraction of high-resolution
multi-temporal Landsat composites for deep learning models, Dask is utilized for
parallelized chunking, distributed dataset streaming, and local mosaic downloads.
This decoupled pipeline reduces data ingestion latency when moving image patches
out of cloud stores into the local deep learning environment.

7 Final Remarks and Future Perspectives

Collection 11 advances the mapping of the Brazilian Coastal Zone and nationwide
aquaculture by combining deep learning architectures, nationwide mosaic expansion, and
targeted temporal filtering to mitigate cloud persistence and data gaps.

To further enhance mapping precision and computational efficiency, future efforts will
focus on:

e Framework & Model Optimization: Experimenting modern computer vision

architectures to accelerate deep learning segmentation for complex targets.

e Distributed Pipeline Scaling: Expanding Dask workflows to bypass cloud-engine

compute unit (EECU) limits and speed up national-scale data retrieval.

e Continuous Calibration: Incorporating ongoing user feedback and regional

ground-truth data to continuously refine training datasets.

7.1 Document and Data Limitations

While Collection 11 introduces significant methodological advances, some limitations
should be considered while interpreting the final products:

e Spatial Resolution: Classifications rely on historical Landsat imagery at a 30-meter

spatial resolution. Fine-scale coastal dynamics, narrow fringing vegetation, or

19



small-scale aquaculture ponds smaller than the Minimum Mapping Unit ( ~1 ha) may
not be fully resolved.

Cloud Persistence & Missing Data: Persistent atmospheric nebulosity and tidal
variability along the coastal zone present ongoing challenges. Although composite
generation and gap-filling filters mitigate these effects, early time-series decades
(1985-1998) suffer from lower Landsat image availability, which can impact local
temporal consistency.

Context & Grid Edge Omissions: The deep learning segmentation relies on 256 x 256
pixel patches processed within overlapping spatial grids. Features positioned along
patch edges or bisected across consecutive grid boundaries, as the case of some
aquaculture ponds, may suffer from a localized lack of spatial context, occasionally
resulting in edge omissions or incomplete feature extraction.

Dynamic Geomorphology: Coastal environments undergo rapid physical changes due
to tidal fluctuations, erosion, and sea-level variation. Annual median composites
smooth out intra-annual variations, meaning short-term or seasonal changes may be
omitted.
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