Marine Pollution Bulletin 188 (2023) 114715

ELSEVIER

Contents lists available at ScienceDirect
Marine Pollution Bulletin

journal homepage: www.elsevier.com/locate/marpolbul

¥ MARINE
POLLUTION
ULLETIN

»

Check for

Spatial-temporal dynamics of decaying stages of pelagic Sargassum spp. | e
along shorelines in Puerto Rico using Google Earth Engine

Mariana C. Leén-Pérez , Anthony S. Reisinger, James C. Gibeaut

Harte Research Institute for Gulf of Mexico Studies, Texas A&M University-Corpus Christi, 6300 Ocean Drive, Unit 5869, Corpus Christi, TX 78412, United States of

America

ARTICLE INFO ABSTRACT

Keywords:

Pelagic sargassum influxes
sargassum monitoring
Sargassum-brown-tide
Google Earth Engine
Sentinel-2

Coastal social-ecological systems in the Caribbean are affected by pelagic Sargassum spp. influxes and decom-
position, but most satellite monitoring efforts focus on offshore waters. We developed a method to detect and
spatial-temporally assess sargassum accumulations and their decaying stages along the shoreline and nearshore
waters. A multi-predictor Random Forest model combining Sentinel-2 MultiSpectral Instrument reflectance
bands and several vegetation, seaweed, water, and water quality indices was developed within the online Google

Earth Engine platform. The model achieved 97 % overall accuracy and identified both fresh and decomposing
sargassum, as well as the Sargassum-brown-tide generated from decomposing sargassum. We identified three
hotspots of sargassum accumulation in La Parguera, Puerto Rico and found that sargassum was present every
month in at least one of its forms during the entire time series (September 2015-January 2022). This research
provides information to understand sargassum impacts and areas where mitigation efforts need to focus.

1. Introduction

Wider Caribbean and West African coastlines have been dealing with
the arrival, accumulation, and decomposition of pelagic Sargassum spp.
(Sargassum natans and Sargassum fluitans referred to as sargassum from
hereon), as a result of a new sargassum source region in the Equatorial
Atlantic (Gower et al., 2013). For more than a decade, these annual
events have been detrimental to coastal and marine ecosystems (Azanza
Ricardo and Pérez Martin, 2016; Cabanillas-Teran et al., 2019;
Hernandez et al., 2022; Rodriguez-Martinez et al., 2019; van Tussen-
broek et al., 2017). Floating living sargassum accumulated along the
shoreline is a threat to benthic organisms that depend on sunlight for
photosynthesis (CRFM, 2016), and is a nuisance for sea turtles that nest
on the beach (Azanza Ricardo and Pérez Martin, 2016; Gavio and
Santos-Martinez, 2018). However, most of the impacts of sargassum on
the natural and social systems are related to the decaying process
sargassum undergoes when it is trapped along the shoreline. After 48 h,
noxious hydrogen sulfide emissions of decomposing sargassum can
trigger neurological, digestive, and respiratory disorders in nearby
human populations (Resiere et al., 2020, 2019). Further decomposition
of sargassum organic material results in the formation of Sargassum-
brown-tide (Sbt), murky brown water with reduced light, oxygen, and
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pH, and increased nutrient loads (van Tussenbroek et al., 2017). Nega-
tive effects of Sbt expand further than the sargassum accumulation and
include seagrass die offs, partial or total mortality of nearshore corals,
and fauna mortality (Rodriguez-Martinez et al., 2019; van Tussenbroek
et al., 2017).

Efforts to detect sargassum accumulations on and near the coastline
using remote sensing are limited (Zhang et al., 2022) mainly due to
challenges associated with spectral, spatial, and temporal resolutions
(Arellano-Verdejo et al., 2019; Wang and Hu, 2021; Zhang et al., 2022).
Several studies, for instance, Arellano-Verdejo et al. (2019), Cuevas
et al. (2018), Dierssen et al. (2015), and Wang and Hu (2021, 2016),
have demonstrated the usefulness of threshold-based methods, deep
neural networks, and Random Forest models to detect floating
sargassum in nearshore and offshore open waters. Very recently, Zhang
et al. (2022) used a deep learning model to extract sargassum features
from Planet Dove satellite imagery along Miami and Cancun shorelines.
However, resource managers are still in need of national and site-level
monitoring of stranded sargassum (Oxenford et al., 2021), which in-
volves not only the detection of living fresh sargassum, but decaying
sargassum and Sbt. So far, the available literature only provides a
method to differentiate sargassum on the water from sargassum on the
beach (Zhang et al.,, 2022), but not specifically for the sargassum
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decaying process. Here we show a preliminary assessment of Sentinel-2
Multispectral Instrument (MSI) data highlighting the differences in
spectral signature of sargassum at different decomposition stages on the
southern coast of Puerto Rico (Fig. 1). Given the differences in spectral
signatures of decomposing sargassum and Sbt from fresh sargassum, a
different methodological approach from traditional threshold-based
methods for sargassum detection (Dierssen et al., 2015; Wang and Hu,
2016) is needed.

While fresh sargassum detection is well documented in the literature,
no research has addressed the detection of sargassum decomposing
stages. To fill this data gap, we developed a method to detect sargassum
and its decaying stages on the shoreline and nearshore waters using
satellite data and to characterize these occurrences temporally and
spatially. We accessed and processed Sentinel-2 MSI data in Google
Earth Engine (GEE) and developed a multi-predictor Random Forest
model to detect fresh and decomposing sargassum, as well as Sbt. Spatial
and temporal dynamics of sargassum accumulation hotspots in La Par-
guera, Puerto Rico were identified and assessed.

2. Materials and methods
2.1. Study area

La Parguera Nature Reserve (La Parguera hereinafter) is located
along the southwest coast of the main island of Puerto Rico in the
Caribbean Sea at 17.9592°N, 67.0442°W (Fig. 2). Puerto Rico's climate
is characterized by a wet season from May to November and a dry season
from December to April (Glynn, 1973). The main island topography and
the dominant easterly trade winds create high spatial variability in
annual precipitation (PRCCC Working Group 1, 2013), creating a rain
shadow from east to west and from north to south (Miller and Lugo,
2009). Because of the absence of perennial rivers and low rainfall
(Pittman et al., 2010), coastal waters in La Parguera tend to be clear. The
main ocean water circulation is westward (Hernandez-Guerra, 2000)
and tides are a mix of diurnal and semidiurnal (Kjerfve, 1981), with a
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Fig. 2. Study area in Puerto Rico. a) Caribbean Sea, b) the archipelago of
Puerto Rico, ¢) Sentinel-2 MSI image from La Parguera Nature Reserve showing
main geographic locations and offshore cays.
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Fig. 1. Spectral signatures derived from Sentinel-2 MSI pixels. (a) Drone photographs showing sargassum decaying stages at La Parguera, Puerto Rico. (b) Fresh
sargassum and decomposing sargassum spectral signatures from a May 27, 2021, image. (c) Spectral signatures of Sbt and water from pixels from a February 12,

2019, image.
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diurnal tide range of <0.6 m (NOAA, 2019). The dominant wind di-
rection in La Parguera is south-southeast (WindFinder.com GmbH and
Co. KG, 2022).

La Parguera encompasses a variety of coastal and marine ecosystems,
such as mangroves, seagrass beds, coral reefs, emergent cays, and
bioluminescent bays (Valdés-Pizzini and Scharer-Umpierre, 2014). Its
broad shelf and coastal embayment provide a sheltered shallow-water
environment for these diverse and productive communities (Pittman
et al., 2010). La Parguera is an important tourist destination in Puerto
Rico, where most of the uses are related to nautical activities such as
boating, snorkeling, SCUBA diving, fishing, kayaking, and wind and kite
surfing (Valdés-Pizzini and Scharer-Umpierre, 2014).

2.2. Data sources

2.2.1. Sentinel-2 MSI data

The Sentinel-2 mission consists of two polar-orbiting satellites that
provide a revisit time of 5 days at the equator and 2-3 days at mid-
latitudes under cloud-free conditions (ESA, 2019). Both satellites are
equipped with the MSI sensor that offers 13 spectral bands ranging from
the visible spectrum to the shortwave infrared (Table 1). We used the
level-1C product, a top-of-the-atmosphere (TOA) reflectance product,
that has been radiometrically and geometrically corrected imagery.

2.2.2. Training and validation data

Field data was collected from 2019 to 2022. While navigating a boat,
photographs of the shoreline and some cays were taken. We also had
access to photographs taken from drones for some of the field visits
when collaborators from the University of Puerto Rico at Mayaguez
participated. Although the goal was to collect field data the same dates
as the Sentinel-2 satellite passed, on some occasions it was not possible.
We only considered field data collected no more than two days before or
after a Sentinel-2 pass.

Each field datum was assigned to a class based on a scheme, which
consisted of three sargassum classes (fresh, decomposing, and Sbt) and
three non-sargassum classes (water, mangroves, and clouds) (Table 2).
Sargassum accumulated above the water line in cays was not considered.

Table 1
Sentinel-2 MSI reflectance bands (ESA, 2019).

Spectral bands Central wavelength Spatial resolution
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Areas represented by each class were delineated using the geometry tool
in GEE and converted to feature collections for training and validation
(Ledn-Pérez et al., in press).

To provide an independent set of data for training and validation of
the model, the 16 Sentinel-2 scenes that corresponded with field data
were grouped by month and randomly assigned to either training or
validation. The scenes provide a balanced representation of the three
sargassum classes and drone data for both training and validation.
Approximately two-thirds of the imagery corresponding to field data
were assigned to training (11 scenes) and one-third for validating the
model (5 scenes).

Using a priori knowledge of the scenes (Chen and Stow, 2002), an
additional set of visually interpreted data was also included to increase
the representation of classes that had few pixels represented in the field
data and therefore strengthen the model. We selected different scenarios
of atmospheric conditions (e.g., presence of clouds and Saharan dust)
and sea conditions (e.g., calm seas and turbulent seas). The visual
interpretation was conducted using both red-green-blue and infrared
(bands: 8, 3 and 2) band combinations. Visually interpreted imagery was
also randomly assigned to training (6 scenes) and validation (8 scenes).

2.3. Imagery pre-processing and analysis

All image preprocessing, processing and analysis was conducted in
GEE platform, specifically in the Earth Engine Code Editor, a web-based
IDE for the Earth Engine JavaScript API, which is designed to develop
complex geospatial workflows (Gorelick et al., 2017).

2.3.1. Imagery pre-processing

An initial image collection was built for La Parguera (tile: TI9QGV)
with acquisition dates from September 16, 2015 to March 31, 2022.
However, scenes from January 25, 2022 onwards were later removed
from the analysis (see Section 4.1). For each of the initial 443 Sentinel-2
TOA scenes, a cloud mask was applied using a predefined Sentinel-2
cloud probability mask function available in GEE (https://developers.
google.com/earth-engine/datase
ts/catalog/COPERNICUS_S2_CLOUD_PROBABILITY#description).

The NIR band was not used for masking land areas (Su and Huang,
2019) because we observed that reflectance of accumulated sargassum
on the shoreline was similar to that of mangroves. We also decided not to
manually delineate a land mask from an image without accumulated
sargassum because the mangrove/water boundary changed during the
time series due to hurricanes and sargassum impacts. Thus, land areas
were removed using a manually delineated land mask that excluded
fringing mangroves, which allowed the classification method to deter-
mine which pixels represented mangroves and which sargassum or other
classes. Although, there are no light-colored sandy beaches along the
shoreline that could be misclassified as decomposing sargassum, there
are some light-colored above-water coral rubbles along offshore cays
that were masked out to prevent confusion. Lastly, the region of interest
was defined with a polygon extending to —67.1107 west, —67.0049 east,
17.9800 north and 17.9150 south.

2.3.2. Supervised classification
A Random Forest (RF) supervised learning algorithm (built in GEE)

Pelagic sargassum mats drifting on open water or accumulated along the shoreline but not yet decomposed.
Sargassum that is in a decaying process in water and turned whitish in color.

Sbt Colored dissolved organic matter created by sargassum decay (van Tussenbroek et al., 2017).

(nm) (m)
Bl Coastal aerosol 443 60
B2 Blue 490 10
B3 Green 560 10
B4 Red 665 10
B5 Vegetation Red Edge 705 20
B6 Vegetation Red Edge 740 20
B7 Vegetation Red Edge 783 20
B8 Near Infrared (NIR) 842 10
B8A  NIR narrow 865 20
B9 Water vapour 940 60
B10  Short Wave Infrared (SWIR)- 1375 60
Cirrus
B11 SWIR 1610 20
B12 SWIR 2190 20
Table 2
Classification scheme used in this study.

Class name Description
Sargassum Fresh sargassum

Decomposing sargassum
Non-sargassum Water

Mangroves

Clouds

Any water areas not representing Sbt.
Fringing mangrove (mostly Rhizophora mangle) not included in the land mask (see Section 2.3.1).
Clouds not removed by the cloud masking process (see Section 2.3.1).
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was used to classify the image collection. This algorithm creates multiple
decision trees on data samples and merges them to finally select the best
solution (Donges, 2022). We used a similar method to the multi-index
approach developed by Cuevas et al. (2018), but we incorporated
additional predictors to the model to be able to identify not only fresh
sargassum but decomposing sargassum and Sbt (Table 2). Since our
method is not a threshold-based approach attempting to derive a uni-
versal threshold for sargassum detection (Wang and Hu, 2016), we
computed the band ratios and indices using TOA reflectance, which
provided the longest temporal dataset. The “.importance()” function in
GEE was used to measure the relative importance of a predictor to the
model performance and to decide which inputs are important and which
could be removed, reducing the chances of overfitting (Donges, 2022).
We express the predictors importance as a percent, calculated as the
importance score for each predictor divided by the total sum of the
predictors' importance scores multiplied by 100.

The RF classifier was trained using an independent set of data that
consisted of a feature collection for each of the 17 MSI scenes assigned
for training. These feature collections consisted of manually digitized
polygons representing the 6 classes of the classification scheme (Table 2)
and were digitized based on field data. Finally, we selected 150 as the
optimal number of decision trees for the RF classifier after trying
different values and observing the effects on the accuracy assessment.

2.3.3. Accuracy assessment

Independent sets of validation data, from 5 images with field data
collected and 8 images with interpreted data, were used to assess the
accuracy of the classification model. Two error matrixes were created to
determine the classification accuracy of each class, the overall accuracy,
and to calculate the producer's and user's accuracies (Schowengerdt,
1983). The producer's accuracy, or omission error, indicates the prob-
ability of a reference pixel being correctly classified in the map, while
the user's accuracy, or commission error, indicates the probability that a
pixel classified on the map indeed represents that category on the
ground (Congalton, 1991).

2.3.4. Spatial-temporal analysis of sargassum accumulation hotspots in La
Parguera

The persistence of occurrence for each class (mode) was calculated
for each pixel to determine areas where sargassum classes have been
present the most. Given that areas where sargassum accumulates the
most are often sources of Sbt, we defined a Sargassum Accumulation
Hotspot (SAH) as an area where fresh sargassum and Sbt persisted
throughout the time series. SAHs were manually delineated in GEE and
spatial statistics were used to assess their temporal and spatial dynamics.
We included in the analysis only images that had equal to or <10 % of
cloud cover for a given SAH.

3. Results
3.1. Classification model and accuracy assessment

The multi-index approach developed in this study incorporated a
combination of 12 of the 13 MSI spectral bands, and the 16 vegetation
and seaweed, water, and water quality indices described in Table 3.
Other band, band ratios, and indices were originally included as inputs
of the classification model, however they were eliminated due to low
relative variable importance, these were: B10, difference vegetation
index (Xue and Su, 2017), NIR-red band ratio (Gholizadeh et al., 2016),
floating algae index (FAI) (Hu, 2009), alternative floating algae index
(AFAI) (Wang and Hu, 2016), and normalized difference red-red edge,
and red-red edge band ratio (Avdan et al., 2019). FAI is defined as the
difference between reflectance at the vegetation red-edge and a linear
baseline between the red band and short-wave infrared band (Hu, 2009),
while the AFAI uses the same FAI design but with different spectral
bands examining the red-edge reflectance of floating vegetation (Wang
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Table 3

Names, description and calculi of the predictors used in the RF classification
model (Avdan et al., 2019; Gholizadeh et al., 2016; Siddiqui et al., 2019; Xue and
Su, 2017).

Predictors Description/equations adjusted for Sentinel-2

MSI bands

Spectral B1, B2, B3, B4,
bands B5, B6, B7, B8,
B8A, B9, B11,
B12
Vegetation Normalized
and difference
vegetation
index (NDVI)
Seaweed
enhancing
index (SEI)
Ratio B4
vegetation B8
index (RVI)
Modified
secondary soil-
adjusted
vegetation
index
(MSAVI2)
Visible-band
difference
vegetation
index (VDVI)
Wide dynamic 0.2B8 — B4
range 0.2B8 + B4
vegetation
index
(WDRVI)
Modified
chlorophyll
absorption
ratio index
(MCARI)
NDVI anomaly

TOA reflectance of the Level-1C MSI product

B8 — B4
B8 + B4

seaweed
indices

B8 — B11

B8 +B11

0.5% [(238 +1) —/(2B8 +1)* — 8(B8 — B4) ]

(2B3 — B4 — B2)
2B3 + B4 + B2

1.5*[2.5(B8 — B4) — 1.3(B8 — B3)]
/(288 +1)* — (6B8 - 5B4) - 0.5

The NDVI anomaly consist of the difference
between NDVI pixels values in each image within
the image collection and the average of NDVI
pixel values of the sargassum free baseline. In the
absence of MSI imagery from before 2011, the
NDVI baseline of sargassum free images was
created from four images that visually had no or
negligible sargassum in any of its forms.

Water index Normalized B3 - B8
difference B3 +B8
water index
(NDWI)

Water Blue-green B2
quality ratio B3
indices Green-red B3

ratio B4

Blue-red ratio B2
B4

Normalized B3 —-B5

difference B3 + B5

chlorophyll

index (NDCI)

Normalized B4 — B3

difference B4 + B3

turbidity index

(NDTD)

Red-green B4

ratio B3

Three-band B4*B3

index B2

and Hu, 2016).

The overall variable importance score (Fig. 3), shown in the form of
percent of the total importance, indicated that B9 was the most impor-
tant variable for predicting the classes used in this study, followed by
SEIL, blue-red ratio, and B2 (Table 3). When looking individually at the
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Fig. 3. Analysis summarizing the performance of the RF classification model. (a) Importance of the predictors used in the model. Indices acronyms are described in
Table 3. Confusion matrix for the (b) field data and (c) interpreted validation datasets. The diagonal values in the central part of the tables refers to the observations

correctly classified by the model.
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Fig. 4. Importance of the predictors used in the RF model for fresh sargassum, decomposing sargassum, and Sbt. Indices acronyms are described in Table 3.

variable importance for the fresh sargassum class (Fig. 4), NDVI
anomaly, NDCI, and MCARI were the three most relevant inputs. The
most important predictor for decomposing sargassum was predomi-
nantly WDRVI, although B1 and other vegetation and seaweed indices
played an important role. For the Sbt class, the percent of total impor-
tance of the predictors was distributed more evenly than in fresh and

decomposing sargassum, meaning that no input was predominantly
more important than the others. A combination of spectral bands, and
vegetation, seaweed, and water quality indices (e.g., B9, MCARI, Bl1,
blue-red ratio, B11, and SEI) composed the top predictors of this class.

The confusion matrixes for the field and interpreted validation
datasets show high agreement between the pixels classified by the model
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and the validation data. The overall mapping accuracy for the field and
interpreted datasets was 97 % and 99 %, respectively. Focusing on the
sargassum classes and from the standpoint of the creator of the model,
the producer's accuracies indicate that fresh sargassum, decomposing
sargassum and Sbt had high probabilities (>>88 %) of being classified as
such in the model. On the other hand, user's accuracy is a measure of the
reliability of the map (Congalton, 1991) and also had high probabilities
(>87 %) for the three sargassum classes, meaning that the model can
accurately predict the cover type on the ground.

3.2. Spatial-temporal dynamics of sargassum classes

Fresh sargassum was found either in the form of long mats in open
water or accumulated at some of the cays and fringing mangrove forest.
It tended to accumulate within the sections of the shoreline that face the
east and southeast. Decomposing sargassum was primarily detected
within enclosed small coves along the shoreline also oriented towards

67°6'30"W
(b)
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B decomposing sargassum

67°6'0"W

17°58'0"N

Sbt
mangroves
Bl water
B clouds
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the east and southeast. Similarly, Sbt was associated with areas where
decomposing sargassum was found, as well as waters surrounding some
of the cays where sargassum accumulates (Fig. 2).

Hotspots of sargassum accumulation in La Parguera were identified
by looking at the persistence of occurrence of fresh sargassum and Sbt
for the entire time series (Fig. 5). There were three areas along the
shoreline where the presence of these two classes coincided and there-
fore were identified as SAHs, these were Isla Cueva, Isla Guayacan, and
La Pitahaya (Leon-Pérez et al., in press). The presence of decomposing
sargassum during summer months in both field observations and clas-
sified imagery confirmed this determination.

Temporal dynamics of the three sargassum classes within each SAH are
shown in Fig. 6. Fresh and decomposing sargassum followed a seasonal
pattern, covering a greater area from May to August, although this pattern
becomes less evident as the SAH is located further west (from top to
bottom in Fig. 6). The portion of the classified area with fresh and
decomposing sargassum also becomes less from east to west. Decomposing
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Fig. 5. (a) Persistence of occurrence (mode) of each class in La Parguera, Puerto Rico during the study period. (b) Zoomed area of (a) (red rectangle) showing the
three sargassum accumulation hotspots identified (grey rectangles): Isla Cueva, Isla Guayacan, and La Pitahaya. (For interpretation of the references to color in this

figure legend, the reader is referred to the web version of this article.)
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sargassum is mainly present from April to September. Sbt also follows a
seasonal pattern, however the curve starts to rise earlier in the years,
mostly in February and March, and lasting, on many occasions, to August
and September. In contrast to fresh and decomposing sargassum, Sbt
represent a bigger percent of the classified area in the two westward SAHs.

The maximum area covered by fresh and decomposing sargassum
during the time series occurred in Summer 2018 for all SAHs (Ledn-
Pérez et al., in press), except for Isla Cueva SAH that also had a high
value during Summer 2021. In general, after the 2018 sargassum influx
event, the maximum area covered by Sbt in all SAHs increased and
remained higher than years before.

4. Discussion
4.1. Performance of the classification model

RF classification models have been widely used for solving a variety
of classification scenarios (Sannigrahi et al., 2022; Zhang and Yang,
2020) including sargassum detection (Cuevas et al., 2018). Since the
decision of assigning a class to a certain pixel is purely made by the RF
model based on training data, it reduces the biases associated with the
use of threshold-based methods such as the NDVI, SEI, FAI and AFAI
(Hu, 2009; Siddiqui et al., 2019; Wang and Hu, 2016). Being interested
in the performance of the model, an all-at-once approach was used,
meaning that we included the maximum number of predictors that the
GEE processing capacity allowed and that contributed to model per-
formance. While Cuevas et al. (2018) found that seven predictors (e.g.,
four vegetation and one seaweed indices, and two MSI spectral reflec-
tance bands) provided a robust way to detect fresh sargassum in Landsat
8 images off the coast of Mexico, our results show that twenty-eight
predictors enabled us to account for the differences in spectral signa-
tures of the different sargassum classes with very high classification
accuracies (Fig. 3).

One of the most relevant predictors of the model, mainly for
detecting fresh sargassum, was the NDVI anomaly. The concept behind
incorporating this predictor was to capture sargassum as an anomaly
between images with sargassum and images without sargassum.
Although initially we intended to calculate this anomaly from FAI or
AFAI values, both predictors ranked low in the variable importance
analysis and removing them improved the overall accuracy. FAI prob-
ably ranked low because it incorporates B10, a MSI spectral band that
seems to bring a lot of noise into the model. On the other hand, even
though AFAI does not incorporate B10, we were surprised that it did not
provide as much importance as expected to the model. The combination
of the other predictors contained within the model probably provided
the needed information for a good performance. Consequently, the
sargassum anomaly was computed from NDVI values, which is the most
important predictor for the fresh sargassum class. This result opens the
possibility for an alternate approach to traditional threshold-base
methods for detecting sargassum in coastal and open waters.

Meanwhile, it is important to consider potential sources of error and
limitations of the method described here. The use of drone photographs
and videos helped overcome limitations in the amount of field data
collected for training and validation of the model, in particular for areas
not easily accessible by boat or walking. More field data coinciding with
Sentinel-2 passes would provide more data for verification of the accu-
racy of the model.

Regarding spatial resolution, the high-resolution Sentinel-2 MSI data
used in this study provided the resolution necessary to detect sargassum
accumulations on the shoreline in contrast with coarse resolution sen-
sors such as the Medium Resolution Imaging Spectrometer (MERIS), the
Moderate Resolution Imaging Spectroradiometer (MODIS), the Visible
Infrared Imaging Radiometer Suite (VIIRS), among others, used to
monitor large-scale sargassum distribution across the ocean (Hu et al.,
2016; Wang et al., 2019; Wang and Hu, 2016). Nevertheless, pixels
located in the land-water edge where sargassum tends to accumulate
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could have a combination of classes (e.g., pixel contamination) poten-
tially confusing the model. Mangrove and seaweed have a similar
spectral signature (Siddiqui et al., 2019), but the likelihood of misclas-
sification was reduced by incorporating various vegetation and seaweed
indices in the RF model. Errors in classification could also occur for fresh
sargassum floating in open water. Given that sargassum moves in the
form of thin mats, often narrower than Sentinel-2 MSI spatial resolution,
the detection rate will be lower (Shin et al., 2021), and sargassum
coverage will be underestimated (Wang and Hu, 2021). Higher spatial
resolution sensors such as Planet Scope/Dove and WorldView-II sensors
may be better at detecting smaller sargassum (Wang and Hu, 2021) and
shoreline features, but they provide limited long-term data availability.
For example, stages of sargassum decomposition above and within the
water line at the beach should be better captured with a higher spatial
resolution sensor. Still, we believe the use of Sentinel-2 MSI imagery
provides the compromise between adequate spatial resolution and im-
agery availability for assessing long-term temporal dynamics of
sargassum accumulations on the shoreline.

It is interesting to note that our method detected fresh sargassum
during dry season months, when accumulations of fresh sargassum on
the shoreline is not expected in MSI detectable quantities. We went to
the field to corroborate the observations and realized that sunken
sargassum from at least the previous year was misclassified as live
floating fresh sargassum. This mainly occurred within sargassum accu-
mulation hotspots when the water was clear (Figs. 6 and 7b), leading to
overestimations of fresh sargassum during dry season months. Ideally,
we would have trained the model to include an additional class of
submerged sargassum, but data limitations prevented this from
happening.
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Another source of error is due to the unintended incorporation of
training data from a non-harmonized Sentinel-2 image of March 23,
2022 into the RF model. After January 25, 2022, Sentinel-2 MSI scenes
had their digital number range shifted by 1000 and although GEE pro-
vided a new corrected harmonized image collection, it was not used for
image processing. Fortunately, the March 23, 2022 image was only used
to train three classes (e.g., Sbt, water and mangroves) and the three of
them had high user and producer accuracies (>97 %). We speculate that
this might be because only one of the 17 images used for training had
this error and because that image was used to train only three classes.
Future classification efforts should use the harmonized Sentinel-2 MSI
dataset.

4.2. Spatial-temporal dynamics of SAHs in La Parguera

The method presented here has the power to assess the temporal and
spatial dynamics of the different stages of the sargassum decaying pro-
cess in a coastal area. Regarding living, floating sargassum, our results
are in accordance with previous studies that show a seasonal pattern
with maximum coverage during summer months (Rodriguez-Martinez
et al., 2019; Wang et al., 2019; Wang and Hu, 2016). Our results also
found evidence of the massive sargassum influx event of Summer 2018
(Wang et al., 2019), when SAHs in La Parguera experienced the
maximum coverage of fresh sargassum.

The sargassum decaying process starts when organic material from
sargassum is trapped against the shoreline or restricted with diminished
water circulation (van Tussenbroek pers. com.). Our results demonstrate
that this process starts to occur quickly (in less than a month), since
decomposing sargassum follows the same seasonal pattern as fresh
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Fig. 7. Examples of classification products in La Parguera's SAHs. (a) La Parguera and the spatial extents of b and c (left red rectangle), and d (right rectangle). (b)
February 22, 2019: Sunken sargassum classified by the RF model as fresh sargassum at Isla Guayacan and La Pitahaya SAHs, and contribution of Sbt from Isla
Guayacan into La Pitahaya SAH. (c) June 1, 2021: Contribution of Sbt from Isla Guayacan and inner lagoons into La Pitahaya SAH. (d) June 1, 2021: Sbt moving away
from the shore at Isla Cueva SAH and towards the Southwest. Red star: Location of a former mangrove canal that led to Monsio José Lagoon, which is currently
blocked due to recurrent sargassum accumulations and lack of maintenance. (For interpretation of the references to color in this figure legend, the reader is referred

to the web version of this article.)
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sargassum and is only present mostly from April to September when the
amount of fresh sargassum is greatest. It is important to consider that the
coverage of the decomposing sargassum class represents an underesti-
mate of sargassum decomposition. This class was trained with pixels
from sargassum decaying areas that appeared whitish, meaning that
decomposition that looks spectrally different (e.g., below water
decomposition and anaerobic decomposition occurring above and
within the water line in cays) was not detected in this class. Sargassum
decomposition within mangrove roots was also undetected by the
method used because the mangrove canopy obstructs the satellite nadir
observation.

The area covered by Sbt, on the other hand, starts to increase months
after the sargassum influx event usually at the beginning of next year,
but follows a seasonal pattern as well. Therefore, in contrast to
decomposing sargassum, Sbt takes more time to develop and persists for
longer periods, usually >7 months per year (Fig. 6). It was also observed
that, in general, the area covered by Sbt increased after the 2018 event
and remained higher throughout the rest of the time series (Fig. 6 and
Ledn-Pérez et al., in press). This finding is consistent with van Tussen-
broek et al. (2017) observations, where a year after a sargassum influx
event a decrease in water transparency persisted suggesting that the
imported organic material and nutrients were not removed from the
system. During our last field visit in March 2022, we observed impres-
sive accumulations of shredded sargassum on the seabed within SAHs.
This was observed about 5 months after the 2021 sargassum influx
event, the second most massive influx event in our time series. There-
fore, it is likely that the imported organic material from at least the
previous year, 2021, had not been flushed from the system when in April
2022 the next sargassum influx began. As van Tussenbroek et al. (2017)
suggested, detrimental consequences to coastal stability and other
ecosystem services are expected given that the frequency of sargassum
influxes is higher than the time of recovery of the system.

The proportion of Sbt compared to the other sargassum classes varied
spatially between SAHs. We believe two factors contributed to these
variations, the geomorphology of each SAHs, and the prevailing current
(Hernandez-Guerra, 2000) and wind direction (WindFinder.com GmbH
and Co. KG, 2022). The following information may help explain why Sbt
represents a bigger portion of the classified area for SAHs located
westward. Isla Cueva SAH is a confined area that faces East (Fig. 5),
which allows accumulation of fresh sargassum and formation of
decomposing sargassum. Under the dominant wind direction (south-
southeast), sargassum within this SAH is unlikely to be flushed. On the
contrary, Isla Guayacan and La Pitahaya SAHs are less confined and
more open areas, where fresh sargassum may be able to flush with the
influence of northeast winds that occur less often (WindFinder.com
GmbH and Co. KG, 2022). La Pitahaya is the SAH oriented more
southward of the three SAHs, and therefore the one that experiences the
less coverage of fresh sargassum throughout the study period. Although
the geomorphological characteristics of Isla Cueva SAH prevent the
natural removal of fresh and decomposing sargassum, a current that
appears to come from a former canal within this SAH (Fig. 7d), flushes
Sbt away from the shore and eventually Southwest with the dominant
current direction. In contrast, Sbt observed in La Pitahaya SAH may be a
consequence of the cumulative influence of Sbt generated in situ and Sbt
coming from Isla Guayacan SAH (Fig. 7b and c). La Pitahaya SAH also
receives the Sbt that flushes from the channel between Isla Guayacan
and La Pitahaya, probably coming from smaller sargassum accumulation
areas within the inner lagoons (Fig. 7c).

4.3. Advantages and future applications of the classification model

The method developed provides significant benefits for the detection
of sargassum in nearshore environments. Thanks to the use of GEE, the
complete archive of Sentinel-2 imagery was accessed and processed in
the cloud without the need to download it and process it locally as in
traditional approaches (Cuevas et al., 2018; Shin et al., 2021; Wang and
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Hu, 2021). GEE provided the processing capacity to incorporate twenty-
eight predictors into a RF model of 150 trees. By adjusting few model
parameters, this model could be easily adapted to other locations and
even, to some extent, other satellite data (e.g., Landsat, Planet Dove).
Equally important are the facts that both GEE and Sentinel-2 datasets are
freely accessible, and that the Sentinel-2 dataset is continuously updated
within GEE. The combination of all these facts opens the possibility of
providing decision makers with a timely and practical nearshore
sargassum monitoring tool.

Although Sentinel-2 MSI does not provide the ideal spatial resolution
for sargassum detection in nearshore environments (Wang and Hu,
2021), the current study shows that useful information can be derived
from using this satellite constellation. Different from other very high-
resolution sensors such as Planet Dove, Sentinel-2 MSI also provides a
long-term dataset for the assessment of spatiotemporal dynamics of
SAHs. This information can be beneficial for: (1) determining the loca-
tion of SAHs along a coastline and the contribution of Sbt from each, (2)
prioritizing mitigation interventions to minimize impacts, and (3)
assessing the placement of boom barriers and plan the removal of
sargassum confined within them to prevent further Sbt generation.

5. Conclusion

In this article we addressed the need for a comprehensive detection
and assessment of the spatial-temporal dynamics of sargassum accu-
mulations and its decaying stages on and near the shoreline. We
developed a method able to accurately detect fresh sargassum, decom-
posing sargassum, and sargassum brown tide from high resolution sat-
ellite imagery. Combining Sentinel-2 MSI reflectance bands with
vegetation, seaweed, water, and water quality indices in a Random
Forest model proves to be a powerful approach for discriminating be-
tween water and sargassum classes, providing significant benefits
compared to traditional approaches using single indices and threshold-
based methods. The results also open possibilities for using anomaly
calculations, such as NDVI anomaly, for the detection of sargassum.

The practicality of this method was proven by detecting and
assessing the spatial-temporal dynamics of three sargassum accumula-
tion hotspots in La Parguera, Puerto Rico. We found that since 2015,
sargassum has been present along the coast of La Parguera every month
either as fresh and decomposing, or as Sbt. The geomorphological
characteristics of the shoreline along with prevailing currents and wind
direction are factors that drive where along the shoreline sargassum
accumulation hotspots form and where Sbt reaches.

The identification of sargassum in its different facets provided by this
work is a major step towards understanding the impacts of these events
on natural and social systems and for prioritizing mitigation strategies to
overcome large sargassum influxes. We will build on this effort by
incorporating additional training data from coastal areas with diverse
characteristics, exploring integrating other sources of satellite data, and
providing a user-friendly interface for its use.
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