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Abstract. This datapaper presents the methodology and the associated dataset of Sargassum detection from Sentinel-3 OLCI 

images  developed at  Météo-France.  The  dataset  includes  daily  detections  over  the  whole  tropical  Atlantic  Ocean,  the  

Caribbean Sea and the Gulf of Mexico, from May 2018 up to date. It is updated daily with the latest detections. Sargassum is 

detected through a physically-based approach relying on two indices (the AFAI and the MCI) and using adaptive thresholds. 

A comparison  of  this  dataset  with  two  existing  ones  reveals  a  reduction  in  masked  areas  and  improved  detection  of 

Sargassum, particularly in areas of sunglint and at the edges of clouds. The entire dataset is freely available on the Odatis  

platform and  can  be  downloaded  in  NetCDF format  (DOI:  10.12770/1eb82d09-77ed-4f63-9f03-2c3516a9713d;  Météo-

France,  2026).  Two variables are available:  the status of  detection and the deviation of  the AFAI for  pixels  including  

Sargassum.

1 Introduction

Since 2011, recurrent massive strandings of Sargassum have affected the coasts of the Caribbean and West Africa (Wang et  

al., 2019), with major consequences for human health (Resiere et al., 2026), coastal ecosystems (Rodríguez-Martínez et al.,  

2025), and local economies (Rodríguez-Martínez et al., 2025). Mitigating these impacts requires rapid collection of stranded 

rafts before decomposition, which, in turn, depends on the ability to anticipate the timing and location of these strandings.

Forecasting systems are therefore essential and typically rely on numerical models simulating  Sargassum drift driven by 

winds and ocean currents (Podlejski et al., 2023), sometimes also including Sargassum growth and mortality (Jouanno et al., 

2021). These models, sensitive to initial conditions, require accurate and timely information on the location of Sargassum 

aggregations as input. Satellite remote sensing provides such information, offering near real-time, large-scale observations 

over far-off ocean regions (Debue et al., 2025b; Hu et al., 2025). Beyond forecasting, these observations are also valuable for  

operational purposes (e.g. guiding field sampling (Ody et al., 2019) or avoiding navigation hazards such as entanglement in 

the propellers) and research applications (e.g. estimation of Sargassum drift (Minghelli et al., 2021), evaluation of physical 

and biogeochemical models (Podlejski et al., 2023), understanding of the origin and variability of the phenomenon (Jouanno  

et al., 2025)).

Several  monitoring  and  forecasting  systems  have  been  developed  to  provide  information  on  Sargassum location  and 

associated stranding risks (Putman et al., 2025). These systems differ in terms of data sources (e.g. satellite detection or in  

situ observations, models including only drift or also growth/decay), spatial coverage (e.g. regional to basin scale), update 

frequency, intended use (e.g. visualization, downloadable data) and accessibility (open or paid access). Among them, the 

Sargassum Watch System (Hu et al., 2016) (SaWS), developed by the University of South Florida, provides daily basin-

scale satellite detection, transport modeling outputs and monthly reports based on peer-reviewed methods (Wang and Hu,  

2016).  However,  this  platform does  not  provide  direct  access  to  downloadable  Sargassum aggregations  location  data. 
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Conversely, the SAMtool platform (CLS, 2026), developed by Collecte Localisation Satellites (CLS), allows data download 

but with a two-day delay. Furthermore, the methodology is not fully documented in the peer-reviewed literature, limiting 

reproducibility and comparison.

In  2019,  the  French  government  mandated  Météo-France  to  implement  an  operational  system  for  the  detection  and 

forecasting of Sargassum strandings affecting the French Caribbean islands, establishing a unique public institutional service 

at the European scale. Within this framework, Météo-France produces weekly or bi-weekly bulletins to inform authorities 

and the public about Sargassum strandings risks, including short-term forecasts (up to four days) and two-week trend. These 

bulletins rely on satellite-derived detections from multiple sensors, including Sentinel-3 Ocean and Land Color Instrument  

(S3-OLCI), combined with drift simulations using the MOTHY model (Debue et al., 2025a).

The dataset presented here consists of daily maps of Sargassum aggregation locations derived from S3-OLCI observations, 

covering the tropical Atlantic basin (latitude: [0° N, 30° N], longitude: [10° W, 100° W]) since 2018, at 0.0032° resolution,  

and provided in a standardized, downloadable format for use by both the scientific community and local authorities in charge 

of mitigating the consequences of strandings.

Given  the  wide  range  of  scientific  and  operational  applications  of  such  observations,  and  the  current  lack  of  freely 

accessible, near real-time, and consistently processed and documented datasets of  Sargassum aggregation locations, this 

dataset fills a critical gap. The Météo-France dataset is made publicly available here and enables applications including 

model initialization and validation, analysis of spatial and temporal variability, and the development of automated detection  

or forecasting approaches. This dataset will be appended in the future by other sensors used in operation.

2 Methods

2.1 Overview

The processing workflow is summarized in Fig. 1. It builds upon the approach of Wang and Hu (2016) and includes several  

adaptations, notably the combined use of two spectral indices and the implementation of adaptive thresholds to account for 

spatial  variability in  observation conditions.  All  the processing chain was implemented in Python.  Performance-critical 

components, including the background estimation (see Sect. 2.5), were optimized using the numba compiler (Lam et al., 

2015). All the figures in the Sect. 2 are based on the S3B-OLCI image from March 1st, 2026.
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Figure  1: Work flow to produce daily composite product of  Sargassum detections from S3-OLCI 
images. See text for more details.
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2.2 Data source and pre-processing

This dataset relies on S3-OLCI images. The S3 satellites are part of the Copernicus program and were launched in February  

2016 (S3A) and April 2018 (S3B). They follow a polar orbit, enabling a revisit period of 1 to 2 days. On board, the OLCI  

multispectral sensor acquires images in 21 bands ranging from 400 to 1020 nm with a spatial resolution of 300 m at nadir.

S3A- and S3B-OLCI Level-1B images, providing Top Of Atmosphere (TOA) radiance, were obtained from the European 

Organization for the Exploitation of Meteorological Satellites (EUMETSAT) data store (Eumetsat, 2026) (collection ID 

EO:EUM:DAT:0409 and EO:EUM:DAT:0885). All granules acquired in the area of interest since the 8 th of May 2018 were 

processed (approximately 30 * 365 granules per complete year).

Atmospheric correction was performed using the Sentinel Application Platform (SNAP) software (ESA, 2026) to derive 

bottom-of-Rayleigh reflectance, reducing the contribution of molecular scattering while preserving the signal from floating 

material. Even if the French Caribbean islands experience recurrent events of Saharan dust transport, no aerosols correction 

was performed as the correction often relies on the “black pixel” assumption which is not satisfied in the presence of  

Sargassum.

2.3 Masks computation

The detection of  Sargassum relies on its high reflectance in the near-infrared (NIR) compared to that of water. However, 

land and clouds also exhibit this type of signal, which can lead to false detections (Podlejski et al., 2022). It is therefore  

necessary to filter them out. Several masks were thus computed for each granule.

Four masks (“land”, “coastline”, “tidal_region”, and “invalid”) were derived from S3-OLCI quality flags.

The land mask was further modified (Fig. 2) to reduce contamination from adjacent pixels and shallow bathymetry (Gower  

et al., 2013; Hu et al., 2023). A first dilation of 4 pixels (~1200 m) was applied to ensure that all land and water bodies less  

than 5 meters deep are properly masked. Shallow coastal waters between the two major islands of Guadeloupe were not 

covered by the 4-pixel dilation and were specifically masked by applying a 20-pixel dilation. The final land mask is the  

combination of these two masks.

Clouds were detected using reflectance at 865 nm (Fig. 3). To account for longitudinal gradients in illumination, an adaptive 

threshold was applied, defined as a linear function of longitude, ranging from 0.05 at the western boundary of the granule to  

0.2 at the eastern boundary of the granule.

To reduce false detections near cloud edges, a cloud-edge mask was computed. This mask includes pixels located within 10  

pixels of the cloud mask and exhibiting a reflectance difference between the 753.75 nm band and the 865 nm band greater  

than a threshold of 0.004. This threshold was determined empirically by adjusting its  value to identify the setting that  

effectively masks cloud edges, thereby minimizing false detections, while keeping the masked areas to a minimum.
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A total mask was defined as the combination of all the masks described above and applied to subsequent processing steps.

An extended cloud mask was also created by dilating the cloud mask by 10 pixels. This mask is not included in the total  

mask because detection is performed within it, but is used to implement a different threshold for cloud-edge detection (see  

Sect. 2.6).

Figure  2: Land and cloud masks around Guadeloupe from S3-OLCI acquisition on 01/03/2026. (a) RGB (Red, Green,  
Blue) image; (b) Masks over the RGB image.

Figure  3: Cloud mask with different thresholds: (a) Fixed threshold at 0.2; some clouds are not masked in the 
West; (b) Fixed threshold at 0.05; the eastern part of the image is completely masked; (c) Adaptive threshold.  
Background: RGB from 01/03/2026. White arrows indicate masking defects. 
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2.4 Spectral index computation

Floating Sargassum modifies the spectral reflectance of ocean surface pixels, in particular with an increase in reflectance in  

the red and the NIR. The detection of this algae is based on the computation of spectral indices specifically designed to  

highlight floating vegetation by measuring the reflectance jump around the red-edge (Hu, 2009). 

Two spectral indices were computed: the Maximum Chlorophyll Index (MCI) (Gower et al.,  2006) and the Alternative  

Floating Algae Index (AFAI) (Wang and Hu, 2016). Both follow a common formulation (Eq. (1)):

Index=R λ2−R λ ' 2 (1)

with R λ ' 2=R λ1+ (R λ3−R λ1 )∗
λ2− λ1
λ3− λ1

 

with R λ1, R λ2, and R λ3 the reflectance values at wavelength λ1, λ2 and λ3, and [λ1, λ2, λ3] = [681.25, 708.25, 753.75] nm 

for MCI, [λ1, λ2, λ3] = [665, 753.75, 865] nm for AFAI.

The two indices exhibit complementary sensitivities to environmental conditions. AFAI tends to produce high values in  

coastal and turbid waters, while MCI is more sensitive to cloud contamination. As a result, relying on a single index may  

lead to environment-specific false detections. Combining both indices improves the robustness of the detection across a wide 

range of conditions (Fig. 4).

All masked pixels derived from the total mask (see Sect. 2.3) were excluded before the index computation.
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2.5 Sargassum signal increase

Sargassum aggregations typically occupy only a fraction of a pixel and are often submerged. Their spectral signature is thus 

attenuated by the surrounding water (Qi and Hu, 2021).  To increase the signal  and account for varying environmental 

conditions, the detection relies on the identification of local anomalies relative to surrounding water. 

In practice, a deviation (ΔIndex) is computed for each pixel and is defined as the difference between the index value of a 

pixel and the estimated background index value representative of surrounding water (Eq. (2)):

Figure  4:  Sensitivity  of  indices  to  observation  conditions.  (a)  AFAI  near  cloud 
edges; (b) MCI near cloud edges; (c) AFAI near coasts; (d) MCI near costs. The 
white arrows point to areas where there are differences in index sensitivity. The red 
arrows point to Sargassum rafts that have high values for both indices. Masked 
areas in black, shoreline in white.
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ΔIndex=Index i− Indexbg ,i (2)

where Index i is the MCI or AFAI value of the pixel i and is defined as the median index value of neighboring pixels of the  

pixel i assumed to be free of Sargassum.

To account for variability at multiple spatial scales, a two-step approach was implemented. First, a large window (400 × 400 

pixels) was used to estimate large-scale background variability (e.g. due to sun glint or large-scale gradients). Second, a  

smaller window (50 × 50 pixels) was used to capture local variability (e.g. wave-induced patterns). To reduce computational 

cost, subsampling was applied, using one pixel out of 30 for the large window and one out of 2 for the small window.

To avoid artifacts in low-signal areas or highly turbid regions, characterized by low index values, only pixels with index 

values  above a  threshold  Tdev,index were  considered in  the  background estimation.  Due to  discontinuities  between OLCI 

cameras, in particular between the third and the fourth (Lamquin et al., 2020), corresponding to the 3305 th column of the data 

(Fig. 5), this threshold was defined as a function of pixel column number (Ncol). Constant thresholds were applied before 

column 3306, while linearly varying thresholds were used beyond this point to correct for striping effects:

If Ncol < 3306, Tdev,MCI = -0.001 and Tdev,AFAI = -0.0025

If Ncol >= 3306, Tdev,MCI (resp. Tdev,AFAI) follows a linear relation with the column number, from -0.001 (resp. -0.0025) 

at column 3306 to 0.0005 (resp. -0.0015) at column 4865.

For  the  large-scale  deviation,  all  pixels  fulfilling this  condition were included in the  computation.  For  the  small-scale  

deviation, in addition to this condition, only pixels whose MCI or AFAI were below the empirical threshold T s = 8.10-4 were 

included, other pixels being considered as including Sargassum and thus removed from the background computation.

These  thresholds  were  defined  through  iterative  evaluation  across  twenty  images  encompassing  a  wide  range  of  

environmental conditions to optimize the compromise between detection sensitivity and false positives.
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2.6 Sargassum detection

Following the deviations computations, each pixel is assigned two values: ΔMCI and ΔAFAI. A pixel was classified as 

containing  Sargassum only if both values exceeded a detection threshold T0 (Fig. 6). This threshold was set at 3.10-4 to 

reduce false detections associated with index-specific artifacts. The value was determined empirically to strike a balance 

between signal and noise, and corresponds to the 88 th percentile of the ΔAFAI distribution. For pixels located within the 

extended cloud mask, a higher threshold (T0 = 6.10-4) was applied to limit false detection near clouds. A spatial filtering was 

applied to remove isolated detections smaller than 10 connected pixels.

Figure 5: Stripe effect on the AFAI (left) and MCI (right). The upper images correspond to the index without masks 
to better see the stripes. The lower graphs are the median values of each column of the index after applying the total  
mask to highlight the increasing value without any land or cloud influence, in particular beyond the column 3305 (red 
vertical dotted line).
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2.7 Daily composite products

Daily composite maps were generated by aggregating detections from all available granules over the study area, covering the  

tropical Atlantic Ocean, Caribbean Sea and Gulf of Mexico. Data were reprojected onto a regular latitude-longitude grid 

with  a  spatial  resolution  of  0.0032°.  In  cases  of  overlapping  observation  (e.g.  overlap  between two sensor  images  or  

reprojection effects), pixel values were averaged.

The final product includes both binary detection maps (i.e. Sargassum detection mask) and associated ΔAFAI values. This 

choice is motivated by the possibility of retrieving biomass estimates such as the fractional coverage from this spectral index  

(Wang et al., 2018).

Figure 6: Sargassum detection from 01/03/2026. (a) Masked ΔAFAI; (b) Sargassum detection based on 
the comparison of ΔAFAI and ΔMCI to a threshold. Background: ΔAFAI; Sargassum detections in red, 
masked areas in black, shoreline in white.
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3 Results

3.1 Dataset overview

The dataset contains the detection of Sargassum from S3-OLCI images, over the tropical Atlantic Ocean, the Caribbean Sea 

and the Gulf of Mexico. Its characteristics are summarized in Table 1.

Table 1: Characteristics of the dataset

Satellite Sentinel-3A and 3B

Sensor OLCI

Temporal resolution Daily

Spatial resolution 0.0032°

Area of interest Latitude: [0° N, 30° N]

Longitude: [10° W, 100° W]

Pacific water excluded

Time coverage 08/05/2018 - Today

Coordinate Reference System WGS84 (EPSG 4326)

Convention Climate and Forecast (CF) (version 1.8)

Attribute Convention for Data Discovery (ACDD) (version 1.3)

Format Network Common Data Form (NetCDF)

Ultimately, the dataset will cover the period from May 8, 2018 to the present day, with a daily update. The detections of day 

D are available for download on day D+1 around 10 a.m. UTC. At the time of publication of this article, the archive for  

previous years is currently being compiled and only detections from 2022 to the present day are available. Once processing  

for each additional year is complete, the detections for that year will be added online. The complete archive should be 

reprocessed by the end of 2026.

One year's worth of data for the entire study area is approximately 5 GB and consists of 365 (or 366) records (one per day),  

each averaging 11 MB.

The dataset is freely accessible on the Odatis platform: https://www.odatis-ocean.fr/en/data-and-services/data-access/direct-

access-to-the-data-catalogue#/metadata/1eb82d09-77ed-4f63-9f03-2c3516a9713d.  It  is  indexed  with  the  following  DOI: 

10.12770/1eb82d09-77ed-4f63-9f03-2c3516a9713d. No account creation is required to download the dataset. The download 
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is possible via a ftp or a https server. The products are in NetCDF format. The metadata of the files comply with the Climate  

and Forecast (CF) convention (version 1.8) and with the Attribute Convention for Data Discovery (ACDD) (version 1.3).

The name of a file complies with the following naming convention:

YYYYMMDD120000-MF-L3S-Sargassum-AFAI-OLCI-fv01.0.nc

with :

 YYYYMMDD: Year, Month and Day

 20000: Hour, Minute, Second; fixed to 120000 as the product is a composite containing all the granules for a day

 MF: Météo-France

 L3S: Indicator of Level-3 composite product

 Sargassum-AFAI-OLCI: Object studied, Index and Sensor

 fv01.0: version number

 nc: netCDF format

One product is composed of two variables:

 Status_of_detections: this variable can take four possible values:

 0: Detection performed, Sargassum detected

 1: No satellite data

 2: No detection performed (masked area)

 3: Detection performed, no Sargassum detected

 AFAI_deviation_sargassum: Deviation of the AFAI (ΔAFAI) only for pixels including Sargassum (see Sect. 2.5 for 

the definition of the deviation)

An example of a file from the dataset is displayed in Fig. 7.
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Figure 7: Example of the product from 01/03/2026. (a) Variable “AFAI_deviation_sargassum” corresponding to 
ΔAFAI for Sargassum pixels over the tropical Atlantic Ocean, the Caribbean Sea and the Gulf of Mexico, with  
three zoomed-in areas; (b) Variable “Status_of_detections” for the same date and studied area.
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3.2 Visual assessment

The performance of the algorithm was assessed through systematic visual inspection across the entire study area for more 

than fifty dates, including both individual granules (approximately thirty per date) and daily composite products. 

In the open ocean, without particular observing conditions (e.g. clouds),  Sargassum aggregations are consistently detected 

across a range of ΔAFAI values, suggesting sensitivity to aggregations of varying sizes (Fig. 8c). 

The main contribution of the proposed algorithm here lies in its ability to detect  Sargassum in areas typically considered 

challenging and often excluded by conventional masking and detection approaches. Three types of areas were considered  

here: sunglint-affected areas, coastal zones, and cloud-edge areas (Fig. 8).

As visible in Fig. 8d, detection can be performed in the eastern part of the image. The use of adaptive thresholds enables the 

detection of valid observations in the sunglint areas while maintaining a low level of visually identifiable false detections 

compared to the rest of the granule. 

In coastal areas, detections remain consistent and spatially coherent (Fig. 8a). While some local false detections, due to 

adjacency effects, may occur, they remain limited compared to the overall gain in observable areas. This improvement is  

primarily allowed by the complementary advantages of the two spectral indices in coastal areas (see Sect. 2.6).

At  cloud  edges,  some isolated  false  detections  persist  (Fig.  8b).  However,  these  are  spatially  limited  and  represent  a  

compromise for the increased spatial coverage achieved through reduced masking. As the main goal of these detections are  

for operational purpose and drift modeling, the compromise should favor the increase in Sargassum aggregations detections. 

This compromise is made possible by the combination of adaptive thresholds and the dual index approach.

No systematic dependency of detection performance on acquisition geometry or geographic location (i.e. between granules) 

was observed.
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Figure 8: Visual assessment of the accuracy of the detections. Detections from 01/03/2026. Background: ΔAFAI; 
Sargassum detections in red; masked areas in black; shoreline in white.
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3.3 Comparison with existing Sargassum detection products

In the absence of extensive in situ validation, the performance and accuracy was further assessed through direct comparison  

with  two existing  Sargassum detection  products:  the  one  produced by  the  University  of  South  Florida,  which  can  be 

considered as a reference on the subject, and whose masked AFAI .png images are available on the SaWS platform (Hu et 

al., 2016), and the SAMTool product developed by CLS (CLS, 2026), downloadable in NetCDF format. These products are  

widely used and provide a relevant benchmark for comparison.

As visible  on Fig.  9,  the  dataset  presented in  this  study systematically exhibits  a  larger  observable area.  In  particular,  

sunglint-affected regions in the eastern part of granules remain largely unmasked, and masking in coastal areas and cloud 

edges  is  reduced.  These  differences  are  particularly  noticeable  under  high-reflectance  conditions,  where  conventional 

approaches may mask large portions of the scene (Fig. 9b).

Despite the increased spatial coverage, no substantial increase in visually identifiable false detections is observed, suggesting 

that the proposed approach improves the balance between detection sensitivity and spatial completeness.

These results are confirmed by statistical analysis performed with the SAMTool dataset as the detections from the SaWS 

platform are not in open access (Fig. 10). For 100 dates selected at random in 2025, for the entire study area, the detections  

and masked area from the dataset presented here were reprojected onto the same grid as the SAMTool dataset. The number  

of pixels detected as  Sargassum and the number of masked pixels were compared between the two datasets. Of the 100 

dates, 17 show a higher number of detections by SAMTool. Upon observation, all these dates have evident false detections 

around Florida, at the edges of clouds, or off the African coast, which in the latter case can be explained by Saharan dust  

(Fig. 11). For the remaining 83 dates, the number of detected Sargassum is higher in the dataset developed here, up to more 

than 6 times for the most extreme case. In 50% of cases, the number of Sargassum pixels detected in this dataset is at least 

three times higher than that in the SAMTool dataset. Regarding masked pixels, in 100% of cases, their number is higher in 

the SAMTool dataset. The highest values correspond to complete masking of certain granules, likely due to a processing  

error.
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Figure  9:  Comparison  of  the  dataset  to  other  Sargassum  detection  products.  (a)  Detection  on 
01/03/2026;  (b)  Detection  on  25/05/2025.  Left:  This  dataset;  Middle:  SaWS;  Right:  SAMTool. 
Detections are in red, masked areas in black, shoreline in white. AFAI in background. The SaWS 
product displays more masked areas. The SAMtool product also has more masked areas; some false 
detections are visible near clouds (a.3): some Sargassum are missed (b.2, b.3).
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Figure 10: Statistical comparison of the dataset developed here and the SAMTool dataset. (a) Distribution 
of the ratio number of  Sargassum detected pixels in this dataset divided by the number of  Sargassum 
detected pixels in the SAMTool dataset; (b) Same with the number of masked pixels. A value higher than 
1  indicates  a  higher  number  of  detected/masked  pixels  in  this  dataset.  Statistics  are  based  on  100 
randomly chosen dates in 2025, over the whole study area. The box extends from the first quartile to the  
third quartile of the data, with a line at the median. The whiskers extend from the box to the farthest data  
point lying within 1.5 times the inter-quartile range from the box. Beyond that, data are represented by 
circles.
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Figure  11: Example of a case where the number of detections by SAMTool is higher than that in this dataset.  (a) SAMTool  
detections on 04/01/2025; (b) Detections from this dataset on 04/01/2025; Background: ΔAFAI. Detections are in red, masked areas 
in black, shoreline in white.
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4. Discussion

Satellite-based detection of  Sargassum is  subject to several well-known limitations common to floating algae detection 

algorithms (Debue et al., 2025b). These limitations arise from both sensor characteristics (e.g. spatial (Ody et al., 2019),  

spectral (Hu et al., 2015) and temporal resolutions (Ody et al., 2019; Hu, 2009)) and environmental or observing conditions  

(e.g. clouds (Ody et al., 2019; Minghelli et al., 2021; Wang and Hu, 2016), sunglint (Wang and Hu, 2016), size of the 

aggregations (Gower and King, 2011)). 

Due to the spatial resolution of S3-OLCI at 300 m, aggregations below a theoretical threshold estimated at 250 m2 in clear 

conditions cannot be detected (Qi and Hu, 2021). In addition, the multispectral sensor S3-OLCI offers a limited number of  

spectral bands limiting the discrimination of  Sargassum from other floating materials, including other algae with similar 

spectral response. However, thanks to the S3 satellites’ paired configuration, S3-OLCI data offer good temporal resolution,  

enabling near-daily monitoring of the tropical Atlantic.

To overcome the limitations inherent in a single sensor, composite products combining observations from multiple sensors 

are created to leverage the strengths of each sensor (Dierssen et al., 2023; Sun et al., 2024). Such products notably increase 

spatial coverage and thus improve the accuracy of the observations. However, the quality of a composite product depends on  

the quality of the observations from each sensor, so it remains essential to continue improving the detection algorithms for  

each sensor individually. Furthermore, composite products, which involve spatially and temporally resampling the data  as 

well as intra-sensor calibration, are not always compatible with certain studies (such as those examining the relationship 

between Sargassum and temperature), which continue to require single-sensor products.

As mentioned earlier, Sargassum detection has significant limitations under certain observation conditions. Cloud cover is a 

major limitation, as detection in the visible and the NIR is not possible beneath clouds. This limitation can only be partially  

mitigated through temporal composite or the use of geostationary satellites (Minghelli et al., 2021; Schaeffer et al., 2023).  

Areas of sunglint or edges of clouds are challenging areas, where increased reflectance can lead to false detections. Near the  

coast, the signal can also be contaminated due to the proximity of land or shallow waters, which can also generate false  

detections (Gower  and King, 2011). These areas are therefore generally masked, preventing detection in areas that may be  

quite large and likely to contain Sargassum (Hu et al., 2023). The detection algorithm developed here limits masked areas 

using two methods: adaptive thresholds and the combination of two spectral indices. Masking clouds using a threshold based 

on longitude accounts for the reflectance gradient in the images between east and west, thereby avoiding masking the eastern  

portion of the images affected by sunglint, thus increasing the coverage of detections. Defining a threshold based on the  

pixel column number makes it possible to account for the discontinuities between the OLCI cameras and thus limit false 

detections, which are caused by excessively low background values, themselves due to pixels with weak signals in areas of  

higher reflectance. The combination of two spectral indices, meanwhile, enables detections in nearshore areas thanks to the 
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difference in sensitivity of the two indices to observation conditions. Finally, combining the two methods, using a stricter 

threshold and calculating both indices at the edges of clouds, makes detections possible in these high-reflectance areas.

The empirical definition of these thresholds could be seen as a weakness of the method. However, they were defined through  

trial  and error  using a substantial  number of  images,  distributed both spatially (across the entire tropical  Atlantic)  and 

temporally  (over  several  years  and  several  months),  in  order  to  account  for,  and  thus  be  robust  to,  the  diversity  of  

observational  conditions  that  may  be  encountered.  These  thresholds  were  then  validated  through  a  meticulous  visual 

inspection of the detections generated daily across the entire Atlantic, confirming their robustness within the specific context  

of this method.

Finally, a common limitation in Sargassum remote sensing concerns the final step of validating detections. The most robust 

validation would be a comparison with ground-truth data, which is scarce due to the remote locations and the vast areas that 

would need to be covered to acquire such data (Wang and Hu, 2018; Wang and Hu, 2021). Several alternatives are therefore  

used, including visual inspection of the detections (Qi et al., 2020; Wang and Hu, 2016) or comparison with detections made  

using a sensor with higher spatial or spectral resolution (Descloitres et al., 2021;  Wang and Hu, 2021). However, these 

comparisons require open access to other datasets and also have limitations, as the other datasets do not represent an absolute  

truth but also contain detection errors; furthermore, when different sensors are used, there may be a time lag that makes 

comparisons difficult due to the dynamics of the Sargassum (Wang and Hu, 2018; Wang and Hu, 2021).

Despite these various limitations, we believe that this dataset, through its open access and the reduction in masked areas  

improving detection, could be beneficial to the community working on Sargassum. Multiple uses can be envisaged, such as 

studying  the  ecological  niche  of  Sargassum,  training  Artificial  Intelligence  (AI)  detection  models  using  the  physical 

approach on which this dataset is based, or feeding drift or growth models for operational or research purposes. Thanks to its  

accessibility,  it  would  allow  all  stakeholders  who  need  detection  data  for  their  operational  or  research  objectives  to  

independently access such data. Given its spatial and temporal coverage, it would also help deepen our understanding of the  

phenomenon and its evolution.

5. Conclusion

This dataset contains Sargassum detections derived from S3-OLCI imagery across the entire tropical Atlantic since 2018. It 

was generated using a physical approach based on two spectral indices: the AFAI and the MCI. This dual-index approach,  

combined with the use of adaptive thresholds based on observation conditions, helps minimize the area of masked regions, 

thereby allowing detection algorithms to be applied to a larger portion of the study area. This increases the number of  
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Sargassum detections, particularly near coasts, at the edges of clouds and in sunglint areas, without increasing the number of 

false detections.

Since locating Sargassum is a preliminary yet essential step, both for all research on this topic, ranging from the origins of  

the phenomenon to its intra- and inter-annual variability and future evolution, and for operational systems for predicting 

strandings, making this dataset freely available aims to enable the broadest possible community to continue deepening its  

understanding of the phenomenon.

Code and data availability

The dataset is freely accessible on the Odatis platform: https://www.odatis-ocean.fr/en/data-and-services/data-access/direct-

access-to-the-data-catalogue#/metadata/1eb82d09-77ed-4f63-9f03-2c3516a9713d (Météo-France, 2026). It is indexed with 

the following DOI: 10.12770/1eb82d09-77ed-4f63-9f03-2c3516a9713d. The code is available upon request.
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