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Abstract— Frequent Sargassum beaching in the Caribbean Sea and other regions has caused severe problems for local environments
and economies. Although coarse-resolution satellite instruments can provide large-scale Sargassum distributions, their use is limited in
nearshore waters that are directly relevant to local communities. Finer-resolution instruments, such as the Multispectral instruments
(MSI) on the Sentinel-2 satellites, show potential to fill this gap, yet automatic Sargassum extraction is problematic due to compounding
factors. In this paper, a new approach is developed to extract Sargassum features automatically from MSI Floating Algae Index (FAI)
images. Because of the high spatial resolution, limited Signal to Noise Ratio (SNR), and staggered instrument internal configuration,
there are many non-algae bright targets (including cloud artifacts and wave-induced glints) causing enhanced near-infrared reflectance
and elevated FAI values. Based on the spatial patterns of these image “noises”, a Trainable Nonlinear Reaction Diffusion (TNRD)
denoising model is trained to estimate and remove such noise. The model shows excellent performance when tested over realistic noise
patterns derived from MSI measurements. After removing such noise and masking clouds (as well as cloud shadows and glint patterns),
biomass density from each valid pixel is quantified using the FAI-biomass model established from earlier field measurements, from
which Sargassum morphology (length/width/biomass) is derived. Overall, the proposed approach achieves over 86% Sargassum
extraction accuracy and shows preliminary success on Landsat-8 images. The approach is expected to be incorporated in the existing

near real-time Sargassum Watch System for both Landsat-8 and Sentinel-2 observations to monitor Sargassum over nearshore waters.

Index Terms— Multispectral instruments (MSI), Operational Land Imager (OLI), Floating Algae Index (FAI), Sargassum, feature

extraction, denoising

. INTRODUCTION

INCE 2011, recurrent Sargassum blooms and severe beaching events have been impacting the Caribbean Sea (CS) and tropical
Atlantic regions [1-9]. Despite their important ecological benefits in the open ocean [10-12], massive influx of pelagic
Sargassum accumulated on beaches can negatively affect the local tourism, economy, environment, and coastal ecosystem [13-
17]. Decayed Sargassum deteriorate water quality via consuming oxygen and releasing hydrogen sulfide and organic
decomposition products [19-20], leading to seagrass and coral reef mortality during major bloom events [20]. Several studies have
suggested that large-scale wind and circulation patterns (e.g., the North Atlantic Oscillation or NAO, Inter-Tropical Convergence

Zone or ITCZ, deep-water mixing) as well as increased anthropogenic nutrient supply may have caused the recent Sargassum



blooms and could support future bloom development if the situation continues [7, 21-24].

Timely reporting of Sargassum locations and amounts can help planning with research and mitigation actions (e.g., physical
removal of Sargassum at sea and on the beach). In previous efforts, most information has been provided through satellite remote
sensing. Of the various satellite sensors used for this purpose, large-swath but coarse-resolution sensors such as the Moderate
Resolution Imaging Spectroradiometer (MODIS), Visible Infrared Imaging Radiometer Suite (VIIRS), MEdium Resolution
Imaging Spectrometer (MERIS), and Ocean Land Colour Instrument (OLCI) can be used to derive Sargassum distribution maps
at synoptic scale [1,3,5,7-8]. In these applications, several indexes such as the Maximum Chlorophyll Index (MCI) [25], Floating
Algae Index (FAI) [26] or Alternative FAI (AFAI) [3] have been used to detect Sargassum presence and quantify Sargassum
abundance. In particular, an operational Sargassum Watch System (SaWs, [15]) has been implemented to use MODIS and VIIRS
data to provide Sargassum distributions in several regions of the Atlantic Ocean (including the Gulf of Mexico (GOM) and CS).

However, several limitations exist with these coarse-resolution imagery (~1-km or lower resolution). First, they cannot be used
to detect small Sargassum features. For example, the lower detection limit of MODIS was estimated to be 0.2% of a 1-km pixel
[3], equivalent to about 2 m x 1 km in Sargassum size. Second, the coarse-resolution pixels are treated as clouds even with partial
cloud cover, resulting in higher cloud coverage and fewer valid observations when compared with higher-resolution imagery [27].
Lastly, because of the interference of shallow-water bottom and/or high concentrations of total suspended particles, as well as the
presence of mixed pixels containing land and water, there are often no valid Sargassum observations in nearshore waters [3]. For
this reason, in SaWS MODIS / VIIRS imagery, in order to avoid delivering false information in nearshore waters, these water
pixels are masked up to 30 km offshore.

The higher-resolution multispectral imagery, on the other hand, are capable of avoiding these problems. In fact, the 30-m
resolution Landsat FAI images have already been used to study Sargassum distributions in the northern GOM [15, 28], and to
guide short-term predictions in the Sargassum Early Advisory System (SEAS) where human inspection is involved to interpret the
Sargassum features in the Landsat images [29]. Similar to the Landsat multispectral sensors, the Multi-spectral instruments (MSI)
carried on the two European Space Agency's (ESA) Sentinel-2 (S2) satellites (Sentinel-2A (S2A, 23-Jun 2015) and 2B (S2B, 7-
Mar 2017)) are also equipped with the spectral bands to detect floating vegetation signals. These S2 MSI images provide valuable
measurements over the entire CS and GOM where the Sargassum blooms frequently occur [30]. With two satellites combined, the
MSI images (with 10/20-m resolution) can achieve 5-day revisits, therefore having great potentials for Sargassum monitoring over

coastal and nearshore waters. Fig.1 shows an example of the MSI FAI image where various Sargassum features can be visualized.



o ----Weak Sargassum
=020 ¢ el 4 Thin cloud
3 ‘A ‘\\ --- Strong Sargassum
g A S, -*-Wave
2010 | -7} “so—+—Water
i ) p. H NS
- g A
Sentinel-2 MSI s Y S ettt 2
04 Sep. 2018 5,0.’00 ' : ' :
5 400 800 1200 1600 2000

16:48 Greenwich Mean Time (GMT)
X ‘ A (nm)

Fig. 1. (a) Sentinel-2 MSI FAI image (T20PNC) acquired on September 4%, 2018, where its location is shown in the MODIS monthly mean Sargassum areal
coverage map for September 2018 (b). (c) The reflectance spectra of the selected strong Sargassum (d), weak Sargassum (e), wave (f), thin cloud (g), and water
pixels (colored triangles). Note that the observed “strong Sargassum” spectrum is different than those from other floating materials/algae reported by Biermann et
al. (2020) and Qi et al. (2020) [31, 32]. (d-g) Examples of these features in the MSI FAI images, and (h-k) the corresponding false color Red-Green-Blue (RGB)
images where band 4 (665 nm), the NIR band (865 nm), and band 2 (497 nm) are used as the red, green, and blue channels in the RGB images. The red box in (e)
is enlarged to show that the weak Sargassum features can be very hard to delineate from the background water. The stripe noises can be visualized in (a), (f) and
(9) (marked by red arrows). Note that the reflectance spectra of wave, thin cloud, and weak Sargassum features are all similar to each other.

Although Sargassum features in MSI FAI images can be identified by trained human analysts, because these features appear as
bright, often elongated targets over background water, it is nearly impossible to apply the manual delineation method in an
operational fashion in SaWS. This is because manual delineation is not only time consuming but also non-objective, especially
considering that most of these Sargassum features are only a few pixels in size (Fig. 1). Therefore, automatic Sargassum extraction
from the high-resolution MSI images is desired for practical applications in Sargassum monitoring and tracking. Thus, the objective

of this paper is to develop a reliable and fully automatic method to extract Sargassum features from MSI images.



Il. DATA AND METHODS

A. Background of Sargassum feature extraction

On coarse-resolution satellite images such as those from MODIS or VIIRS, automatic extraction of Sargassum features or other
macroalgae features is typically realized through threshold-based segmentation, where the key steps are to reduce false-positive
detection (such as from clouds and noises) and to reconstruct the background variations [3, 33-35]. In this study, following previous
works (refs), we use MSI FAI images to extract Sargassum features. The selection of FAI over MClI-like index (note that MSI is
equipped with a 704-nm band, thus possible to calculate MCI value for each pixel (Gower et al.)) is to 1) assure consistency with
earlier studies using either FAI or alternative FAI (refs) and 2) avoid interference of water-column algal blooms as these blooms
also show high MCI values (Gower et al....). On finer-resolution MSI FAI images, automatic extraction of Sargassum pixels
suffers from confusing bright targets caused by clouds, sun glint and sky glint reflection of the surface waves (Fig. 1), etc. These
waves induce spatially coherent patterns on the FAI images (Figs. 1d-g), where the wave-induced features can even be stronger
than the weak Sargassum signals. Similarly, cloud pixels also show enhanced reflectance in the NIR (and therefore high FAI
values) comparing to the nearby water pixels (Fig. 1g). In addition, because different MSI bands are not sampled simultaneously
due to its special instrument design [36], for faster moving clouds, some pixels may have their red-band signals from water but
NIR-band signals from clouds. Consequently, even thin clouds can show strong positive FAI values (Fig. 1g). For the same reason,
the FAI signals of surface wave patterns may also be intensified during wave propagation. All these confusing factors need to be
accounted for when automatic extraction of Sargassum features is undertaken.

In the past, traditional methods such as Gaussian smoothing have been used to denoise VIIRS images [5]. However, the noise
patterns on the MSI images are highly variable, and traditional methods will inevitably cause feature attenuation even after local
adjustments for optimal performance. In addition to noise reduction, another major challenge in the automatic extraction of
Sargassum features from MSI images, is the relatively large-scale variations in the image background, which can be due to both
image stripe patterns [36] and changes in water’s optical properties.

To account for these confounding factors, automatic extraction needs to remove clouds and other confusing features objectively.
Below we describe the method in detail. Specifically, the Trainable Nonlinear Reaction Diffusion (TNRD) denoising model [37]
is adopted here to minimize noise in the MSI FAI images, following which Sargassum features are extracted with feature biomass
and morphology quantified. Finally, the applicability of this method to other similar high-resolution sensors is evaluated over

Landsat-8 Operational Land Imager (OLI) data.



B. Data and preprocessing

In this study, 68 S2 L1C images collected near the Lesser Antilles Islands (tile: T20PNC and T20PQB) in 2018, containing less

than 70% cloud coverage, were downloaded from the USGS earth explorer https://earthexplorer.usgs.gov/, and processed with

ACOLITE software ([38], version 20190326) to generate Rayleigh-corrected reflectance (Rrc, unitless) at 10-m resolution. We
recognize that different approaches have been used for aerosol correction [39], but because Rrc is not corrected for aerosol effects,
these difference approaches would produce the same results in Rrc. The Rrc data in the RED, Near-Infrared (NIR), and ShortWave-
Infrared (SWIR) bands were used to calculate FAI for each pixel [26]:

FAI = Rrcnir— Rrc'nir

Rrc'nir = Rrcrep + (Rrcswir - RrCren) X (Anir -Arep) / (Aswir -AReD) 1)
where Arep = 665 nm (band 4), Anigr= 865 nm (band 8A), Aswir = 1610 nm (band 11). The pixels with large Rrcis10 (> 0.10) were
pre-masked to exclude land and bright cloud pixels. Similar to MSI, 5 Landsat-8 OLI images collected in the GOM and CS were
also processed using the same ACOLITE software to generate Rrc data at 30-m resolution, from which FAI for each pixel was
calculated using equation (1) with three Rrc bands centered at 655 nm, 865 nm, and 1609 nm, respectively.

To compare the observation capacities between different sensors, MODIS Aqua and Terra Level-0 data collected in the Central

West Atlantic in 2018 were downloaded from the U.S. National Aeronautics and Space Administration (NASA) Goddard Space

Flight Center (http://oceancolor.gsfc.nasa.gov), and processed to general Rrc data using the SeaDAS software (version 7.5). The

corresponding MODIS AFAI images were generated using Rrc data in the spectral bands centered at 667nm, 748nm, and 869nm
(Eqg. 1). The Sargassum-containing pixels were extracted using the method described in Wang and Hu (2016), whose biomass
densities were estimated using the AFAI-biomass model described in Wang et al. (2018). These data are used to compare with the

simultaneous and co-located MSI observations.

C. Technical Approach

As shown in Fig. 2, the workflow for Sargassum extraction and quantification consists of four major components: 1) Masking
clouds and other non-Sargassum bright targets, based on the local high reflectance in the SWIR bands; 2) TNRD-based denoising
to reduce false positive features on the FAI images; 3) Background estimation and Sargassum extraction from the pre-processed
FAI images to delineate the Sargassum-containing pixels; 4) Quantification of the Sargassum biomass density for the Sargassum-

containing pixels.
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The bottom row shows an example of a FAI image subset processed with the procedure, with each intermediate
result placed under the corresponding steps. The red pixels mark the extracted Sargassum pixels.

Fig. 2. The workflow to extract Sargassum-containing pixels from S2 MSI images while masking other unwanted features. The cloud masking and the TNRD
model training processes are described in (a) and (b), respectively. These two processes are included in the first step of image processing in (c), which shows the
entire Sargassum extraction workflow. Results from a representative FAI image are inserted in (c) to demonstrate the individual steps in the classification process.
The extracted Sargassum pixels are marked in red, from which a FAI-biomass density model is applied to estimate biomass density for each Sargassum-containing
pixel.

1) Cloud masking
Similar to Sargassum, clouds often show higher FAI values than adjacent water pixels. To reduce these false-positive detections,

cloud masking was conducted before extracting Sargassum features. On high-resolution images such as those from Landsat-8 OLI



and S2 MSI, the Function of mask (Fmask [40], https://github.com/GERSL/Fmask) algorithms have proven to have superior

performance over many other approaches [41]. Because each MSI spectral band measures the ocean surface at slightly different
time and under slightly different viewing geometry, for non-stationary objects with unknown altitude such as clouds, there is an
observable parallax effect between spectral bands that is hard to correct [36]. Recently, Fmask (version 4.0) has integrated a cloud
displacement index (CDI, [42]) to enhance the cloud detection performance. However, as shown in Fig. 3c, the improved Fmask

still misses some small clouds with high FAI values, and can also over-mask the water pixels in regions under strong sun glint

(Fig. 30).
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FAI masked with FAI masked with
Pre-masked FAI sl suthal H_SWIR method
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Fig. 3. Comparison of the cloud masking performance from the H_SWIR method (this study) and Fmask method (published approach) for two cases (top and
bottom rows) on September 4™, 2018 in T20PNC. (a) and (¢): RGB images; (b) and (f): FAIl images pre-masked with the Rrcs0 threshold (some of the cloud pixels
are masked in black in (f)); (c) and (g): FAI images masked with Fmask (published approach); (d) and (h): FAI images masked with the H_SWIR mask (this study).
The black color represents the masked cloud pixels. The comparisons show that Fmask can over-mask in regions under strong sun glint (g) and under-mask in
region under thin clouds (c).

Because of the relatively lower spatial variability of the water reflectance and less confusing bright surface structures, cloud
detection on ocean images is actually less challenging than on land images. On moderate resolution images, many cloud masking
methods utilize threshold-based segmentation from selected bands [3, 34, 43]. Here, a similar approach was developed to identify
pixels with high reflectance in MSI bands 11 and 12 (1610 nm and 2202 nm). These two bands were selected because: 1) the
temporal offsets between band 12 (2202nm) and band 8A (865 nm) and between band 11 (1610 nm) and band 6 (740 nm) are both

small (0.030/0.057 seconds, https://earth.esa.int/web/sentinel/technical-guides/sentinel-2-msi/msi-instrument); 2) Sargassum

features have lower reflectance than clouds in these SWIR bands.
Because there are many “noise” patterns from the wave-induced glint pixels, a total variance (TV) filtering (weight = 0.05) was

first applied to Rrc images in both MSI bands 11 and 12 [44]. Cloud detection was then conducted on the denoised Rrc images. To


https://github.com/GERSL/Fmask
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capture the large-scale image variations (as shown in Fig. 1a), the background ocean reflectance in bands 11 and 12 were estimated
using an iterative mean background filtering with a 200 x 200 window size (the details of the background estimation method are
described in the corresponding section below). Then, the pixels with local high reflectance can be extracted after subtracting the
background with the corresponding segmentation threshold. Here, the cloud masking method is named as the H_SWIR method:

Rrci6104,s = RTCi610,, > Tr610 &
RY€2202,4s = RTC2202,, > T2202 )

where Rrcye10,,, 1S the denoised Rrcisio, and Rrczzo;,, IS the denoised Rrcazo. Rrcigioy,, is the estimated background Rrcie1o,

and chzzozbkg is the estimated background Rrcazo2.

Normalized and cumulative histograms of the representative Sargassum, water, and cloud pixels were used to determine the
optimal thresholds (T1s10and T2202) to minimize the effect of falsely detecting Sargassum and water pixels as clouds, resulting in
Tis10 = 0.010 and Toz2 = 0.008 (Fig. 4). The threshold difference could be partly due to the sensitivity difference of the
corresponding spectral bands used for cloud masking [45]. Such masked pixels were then dilated outward with a 20 x 20 window

to mask the adjacent pixels. Fig. 3 suggests that the proposed H_SWIR cloud masking method has improved performance over the

published Fmask method on MSI FAI images.
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Fig. 4. Normalized and cumulative frequency distributions of Rrcig10 and Rrcazo, from Sargassum pixels, cloud pixels, and water pixels in several regions of interest.

(a) and (c): distributions of (Rrc;410,,, — Rrc1610,,,) (b) and (d): distributions of (Rrc,50,,,. — RTC3202,,)- The dashed lines mark the selected thresholds for
cloud maSking (T1510 =0.01 and T2202=0.008).



Although most of the cloud pixels can be effectively identified, some cloud pixels are still missed by the H_SWIR method,
especially when clouds are thin or under cloud shadow. These pixels have strong cross-band displacements with high FAI values
(Fig. 3d & Fig. 7c). These pixels typically have relative low SWIR reflectance, thus hard to be extracted with the H_SWIR method.
However, based on their unique morphological patterns, these pixels can be filtered out using the following TNRD-based denoising

model while the real Sargassum features are preserved.

2) TNRD-based image denoising

The TNRD model [37] is essentially a convolutional network with trainable linear filters and influence functions, which is used
in this study to estimate the noise component from the MSI FAI image, and is then subtracted from the original FAI image to
obtain a “clean” FAI image without attenuating the major Sargassum features. In Chen and Pock (2016), the synthesized patterns
generated with the TNRD model can reproduce similar noise structures as observed on the MSI FAI images.

In this study, the diffusion model was set up with 48 filters of size 7 x 7. The filter number and size were selected to achieve a
good compromise between denoising performance and computational cost [37]. We first trained five stages of the TNRD model
and then refined the parameters of all five stages through a joint training. The gradient-based L-BFGS algorithms were used for
training optimizations during the joint training [46]. The diffusion network structure (the number of filters and filter size) and the
number of stages were selected to achieve satisfactory denoising performance with acceptable computational stress [37]. The codes

for model training and denoising were downloaded from https://www.dropbox.com/s/8j6b880m6ddxtee/TNRD-Codes.zip?dI=0

[47].

To train the convolutional network to model the typical image artifacts and noises on MSI FAI images, one critical step is to
prepare training samples with the corresponding “clean” images and “noisy” images. In the regions with strong noise
contaminations, it is often very challenging to manually delineate the real Sargassum features, making it difficult to prepare training
samples for noisy regions. For denoising tasks, with known noise types, the synthetic noises (such as the Additive White Gaussian
noise) are often added to the clean images to create the training images to train the denoising model. Based on this consideration,
we selected the MSI FAI images with noisy water pixels (i.e., no Sargassum, no clouds) as the known noise sources, and the
training images were simulated using these representative noise patterns (including wave induced glint patterns and cloud residuals)
and true Sargassum features delineated from less noisy Sargassum-containing images.

Specifically, to select the typical noise patterns, several FAl images were cropped to 400 x 400 sub-images, from which 496
water images with various wave and cloud residuals patterns were chosen (see examples in Fig. 5b). These “noisy” images were
used as the pure noisy components that were superimposed on the delineated true Sargassum features to simulate the training

“noisy” images. As shown in Eq (3) and Fig. 5a, the clean images were generated by adding the median filtered noise image to the


https://www.dropbox.com/s/8j6b880m6ddxtee/TNRD-Codes.zip?dl=0

10

background subtracted Sargassum images, while the corresponding noisy images were generated by adding the original noisy
water images. Examples of the simulated training image pairs are illustrated in Fig. 5¢c. Of the 496 400 x 400 image pairs prepared,
471 were selected to train the TNRD model and 25 were used to evaluate the model performance.
FAlgiean = FAIs + FAlyqter clean
FAlngisy = FAIg + FALyarer (3)
Here FAlciean and FAloisy represent the clean and noisy images, respectively. FAls is the Sargassum image after subtracting the
image background. The FAlwater cean and FAlwaer are the median filtered noisy water image and the original noisy water image,

respectively.
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Fig. 5. Training sample preparation and typical noise patterns on the MSI FAI images. (a) shows the process of preparing simulated training data. (b) shows the
representative noise. (c) shows examples of the simulated training data prepared using the methods described in (a) and the typical noise patterns illustrated in (b).
The upper row in (c) shows the noisy images and the lower row shows the corresponding clean images.

The TNRD-denoised results were compared with those from several popular denoising methods, including Gaussian smoothing,
TV filtering, and BM3D [48] approaches. Two image restore quality metrics, the peak-signal-to-noise ratio (PSNR) and the
structural similarity index measures (SSIM), were selected to evaluate the denoising results [49]. Higher PSNR and higher SSIM
between the denoised image and the “clean” image indicate a better denoising capacity. For both Gaussian smoothing and TV

filtering, the parameters with higher PSNR and SSIM were selected in this comparison. For the BM3D implementation, the noise
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level was estimated as the standard deviation of the noise component in the test dataset, which was generated by subtracting the
clean image from the noisy image. Of the 25 FAI images tested, the mean standard deviation of noise is 0.004. Table 1 summarizes
the comparison of the denoising performance of the tested methods.

Of all the tested methods, TNRD shows the highest PSNR and SSIM (Table 1). It also shows better denoising results than other
methods from visual inspection (Fig. 6). Both the Gaussian and BM3D denoising methods show less satisfactory performance,
with strong smoothing over true Sargassum features and with residual wave patterns in the denoised images. Although weak noises
can be reduced effectively in the BM3D denoised images, strong repetitive wave patterns can still be visualized. By selecting the
optimum weight, the TV filtering method appears to have similar performance as the TNRD method in terms of PSNR and SSIM.

However, the watery-effect of feature smoothing as well as residual noise in the TV denoised images still exist (Fig. 6).

TABLE 1. DENOISING PERFORMANCE OF THE TNRD METHOD (THIS STUDY) AND SEVERAL OTHER METHODS.

Original Gaussian BM3D TV TNRD
PSNR (dB) 26.81 31.89 33.30 36.97 38.85
SSIM 0.40 0.91 0.73 0.98 0.98

Noisy image Gaussian Clean image

Fig. 6. Performance comparison of different denoise methods. Each column in the dashed rectangle shows the denoised images from one method, with the method
annotated on the top. The left-most column shows the noisy images, used as the inputs of the denoise method. The right-most column shows the clean images, used
as the “truth” to gauge the performance of the denoise methods.

In addition to better denoising performance, another important advantage of applying the TNRD denoising before Sargassum
extraction is that the TNRD method can be trained to smooth the cloud residuals, water boundaries, and stripe edges (Fig. 7).
During preparation of the training samples, in addition to the noise patterns above, representative residual clouds, boundary

features, and stripes (“noisy” images), and their corresponding smoothed results (“clean” images) were also selected. Therefore,
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the TNRD denoising method was trained to simulate these image patterns as “noises”. Because of this smoothing effect, the
background estimation using median filtering will not create artifacts near those regions with abrupt changes, thus reducing false

positive Sargassum extraction.

(a) Smoothing near the stripe edoes

(b) Smoothm0 near the water boundarles

Fig. 7. Smoothing effects over the stripe edges (a), water boundaries (b), and residual clouds (c) after applying the TNRD denoising method. The effects are
important in estimating the image background before Sargassum feature extraction. The two rows of each sub figure in (a-c) list the original FAI images and the
denoised images. The 3™ row in (c) lists the false color RGB images to help visualize cloud and cloud shadow pixels. The white boxes in (a) highlight the regions
with stripe noise and the white circles in (b) highlight the water boundaries that are smoothed after denoising. Note that there are almost no other confusing bright
features after TNRD denoising.

3) Background estimation and Sargassum extraction
Because Rrc is a result of partial atmospheric correction (i.e., without correcting aerosol effects) and because of the staggered

detector configuration [36], the ocean background reflectance can vary within individual MSI FAI images. To extract the local
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high FAI values (i.e. from the Sargassum-containing pixels) and to quantify the relative Sargassum biomass density, the image
background variations were estimated through iterative median filtering after H_SWIR cloud masking and TNRD image denoising.
The median background estimation was realized using the astropy python package [50-51] (downloaded at

https://photutils.readthedocs.io/en/stable/background.html ).

The size of the median filtering window (to determine the image background) was selected according to visual inspection of
typical size of the Sargassum mats or rafts (see section 4.1). In MSI images, Sargassum mats and rafts are typically small and they
are also aligned coherently in space, thus not requiring a large filtering window to reconstruct the background signal. Additionally,
there can be small-scale background changes, especially near the coastal areas (Fig. 7b). Given these considerations, a 10 x 10
window size was applied. In cloud masking process, the background estimation of the SWIR bands used a 200 x 200 window size.
This is because reflectance in the SWIR bands from water pixels are usually small and relatively stable across the image. To reduce
the impact of abnormal pixels, we also excluded pixels whose absolute differences from the mean were larger than 3 times the
standard deviation. This is named as the sigma-clipping process and was run for a maximum of 15 times until convergence.

The estimated ocean background FAI values were then subtracted from the denoised FAI image to derive the locally adjusted
FAI values. Because most small noises were smoothed after the TNRD denoising, the standard deviation of each 10 x 10 window

was used as the Sargassum extraction threshold for that window.

4) Sargassum biomass density quantification

To convert the adjusted FAI values to Sargassum biomass densities, FAI-biomass models for S2A and S2B were established
based on previous field experiments [6]. Because S2A and S2B have different spectral responses for each band and their
radiometric calibrations are also possibly different, the hyperspectral reflectance measurements were first averaged with the
S2A/S2B Spectral Response Functions (SRF) for the corresponding wavelengths to derive the FAI values in each group of
measurements at a given Sargassum density for S2A and S2B separately.

As revealed in the MODIS AFAI-biomass model [6], a linear relationship exists between the S2A/S2B FAI and biomass density
when biomass density is low (R? = 0.96 and 0.98, N = 7). At higher biomass densities, the biomass density shows a polynomial
increase as the FAI value increases (R? = 0.96 and 0.96, N = 21). The inflection point occurs at FAIl ~0.06, corresponding to
Sargassum density of 1 kg/m?. The FAI-biomass model for MSI of S2A and S2B was then established as equations (4) and (5),
respectively.

y = 20.65x (0 < x < 0.06)
y = 2457 (x — 0.06)% + 41.14(x — 0.06) + 1.24 (x > 0.06) @)

y = 16.06x (0 < x < 0.06)


https://photutils.readthedocs.io/en/stable/background.html

y = 100.59 (x — 0.06)? + 24.53(x — 0.06) + 0.96

(x > 0.06)
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where x and y represent the FAI values and the modeled Sargassum biomass density (kg/m?). Here Eq. 4 is for S2A while Eq. 5 is

for S2B. Fig. 8 shows the relationships between S2A/S2B FAI and Sargassum biomass density.

(a)

6.00
5.00
4.00
3.00
2.00

1.00

Biomass per area (kg/m?)

0.00

® Training data
i Fit ‘.
E // @
o
i °/
L ./’
- i/.,'
r
@
L : :
0.00 0.10 0.20
S2A FAI

(b)

Biomass per area (kg/mz)

6.00

5.00

4.00

3.00

2.00

1.00

0.00

[ ® Training data b

| —Fit /

i / @

g °

I ./

i y

,".“

s )

[ Y '

[ @

L& . .
0.00 0.10 0.20

S2B FA

Fig. 8. Sargassum biomass density (kg/m?) versus in situ S2A FAI (a) and S2B FAI (b). The blue dots are the field-measured data used in Wang et al. (2018). The
solid line is the model fit using the training data.

Equations 4 and 5 were derived from field measured reflectance, which should be adjusted to account for atmospheric effects

when applied to satellite-derived Rrc. Similar to the approach outlined in Hu (2009) and Wang & Hu (2016), simulated Rrc values

were derived from the in-situ reflectance spectra and variable aerosols and geometries through radiative transfer simulations. The

conversion factors modeled between the S2A/S2B FAI and the in-situ FAI are listed in Fig. 9 (R? = 1.00).
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Fig. 9. Simulated S2A FAI (a) and S2B FAI (b) with the aerosol optical thickness at 869 nm, 1,(869) = 0.10, averaged under different aerosol types and viewing
geometry. The solid line is the 1:1 line and the dashed line is the fitted line. The standard deviations of the simulated FAI are indicated by the vertical error bars.

For both S2A and S2B, the simulated FAI is lower than the in-situ FAL.

After applying the conversion factors, equations 4 and 5 become:
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y =24.29% (0 < x <0.05)
y = 24.57 (1.18x — 0.06)% + 41.14(1.18x — 0.06) + 1.24 (x > 0.05) (6)
y =19.12x (0 < x <0.05)
y = 100.59 (1.19x — 0.06)? + 24.53(1.19x — 0.06) + 0.96 (x > 0.05) @)

Note that these equations are applied directly to MSI FAI values of the delineated Sargassum features after cloud masking,
TRND denoising, and background subtraction. In the 10-m resolution MSI images, many Sargassum-containing pixels show FAI
values above the linear response range (results section C). Therefore, it is important to combine the linear and non-linear equations

(equations 6 and 7) to convert FAI to biomass density.

Ill. RESULTS

A. Sargassum extraction accuracy on MSI images

The proposed approach was tested over 10 representative MSI FAI images (tile: T20PNC) collected in 2018. The estimated
biomass densities after automatic extraction were compared with the delineated “ground truth” [52] to estimate the overall accuracy
(F-score, [53]). The “ground truth” data were prepared using a semi-automatic IDL GUI designed to extract the brighter features
with selected thresholds and morphological constraints [52].The extraction results using the same workflow with no denoising or
with TV filtering (weight = 0.02, the optimum weight selected in section 2.3.2) were also generated for comparison.

As shown in Table 2, without denoising, the false positive rate is extremely high, possibly due to the strong noises and various
confusing features. Applying TV filtering in the procedure preserved most of the Sargassum-containing pixels (with 6% false
negative rate) with false positive rate reduced significantly, yet there are still large detection errors (~76% false positives). With
the TNRD denoising, the false positive rate is reduced significantly to ~7%, and the Sargassum extraction precision is >90% in
most cases. However, the TNRD denoising process also inevitably smoothed some weak features, as indicated by a higher false
negative rate and lower recall. The 20% false negative rate suggests that 20% of the Sargassum-containing pixels may not be
extracted after TNRD denoising. This is because many weak Sargassum features can be easily confused with water signals (Fig.
1) and even manual delineation is difficult. Overall, the proposed Sargassum extraction approach showed an extraction accuracy
of ~86%. Considering that most of the undetected Sargassum features (i.e., false negative detection) are of low density (i.e., very
weak FAI signals) and the extraction precision is >90%, this approach is regarded to be promising for automatic Sargassum feature

extraction and biomass estimation.

TABLE 2. COMPARISON OF THE SARGASSUM EXTRACTION ACCURACY USING DIFFERENT DENOISING METHODS ON TEN SELECTED MSI FAI IMAGES. FOR THE
RESULTS WITH NO DENOISING, THE EXTRACTION THRESHOLDS WERE SELECTED AS TWICE THE STANDARD DEVIATION OF THE 10 x 10 WINDOW.
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Denoising methods False positive False negative Precision Recall F score
No denoising 1481% 0% 6% 100% 12%
TV filtering 76% 6% 56% 94% 70%
TNRD denoising 6% 20% 93% 80% 86%

B. Comparison of Sargassum biomass densities derived from MSI and MODIS

With higher spatial resolution, it is expected that MSI should be capable of detecting more small-scale Sargassum features than
MODIS, thus resulting in higher biomass estimates for common cloud-free and noise-free regions. To verify this speculation and
understand their difference, 13 quasi-simultaneous images collected by MSI and MODIS within 30-minutes were selected (Table

3). Fig. 10 shows four examples of the match-up observations from these two sensors.

TABLE 3. COMPARISON OF SARGASSUM BIOMASS DERIVED FROM QUASI-SIMULTANEOUS MODIS AND MSI OBSERVATIONS IN COMMON AREAS AND IN ENTIRE
SCENES FROM TILE T20PQB. HERE THE COMMON AREA REFERS TO THE AREA WHERE BOTH MODIS AND MSI HAVE VALID OBSERVATIONS (1.E., CLOUD-FREE AND
NOISE-FREE).

Date MODIS sampling M1 sampling time SargassumaEéc;Tsislso'i[g:ge common Sargassum bio(rﬂﬁzstci)?lst)he entire scene
time (GMT) (GMT)

MODIS MSI MODIS MSI
2018/05/09 14:55 14:37 0.55 0.14 0.73 291
2018/05/24 14:10 14:37 1.36 0.16 1.47 7.74
2018/05/29 14:30 14:37 14.96 2.99 15.29 13.74
2018/06/18 14:05 14:37 2.34 2.61 2.83 10.97
2018/06/23 14:25 14:37 0.00 0.01 0.00 6.07
2018/07/18 14:20 14:37 0.61 0.12 0.61 5.46
2018/07/23 14:35 14:37 1.57 111 1.66 3.66
2018/08/12 14:10 14:37 0.56 0.56 0.57 1.01
2018/08/17 14:30 14:37 0.89 0.21 0.90 1.53
2018/09/11 14:25 14:37 1.97 3.05 2.18 8.87
2018/10/16 14:55 14:37 0.00 0.01 0.00 0.03
2018/10/26 13:55 14:37 0.00 0.00 0.00 4.24
2018/12/05 14:40 14:37 0.10 0.00 0.10 0.05

Surprisingly, the MSI-derived biomass can be both higher and lower than MODIS-derived biomass. The former is easy to
understand because MSI can observe small-scale Sargassum features that are difficult to observe from MODIS images (Fig. 10,
region 3-4). In contrast, the latter is rather difficult to understand. A close inspection of the detection results for regions 1-2 of Fig.
10 indicate that the lower estimation from MSI is due to the false negative detection of many small Sargassum patches, which
spread evenly over a large noisy region. Such small patches, when integrated together, resulted in a detectable signal in the
corresponding MODIS images (Fig. 10, region 1-2). Indeed, after aggregating the 10-m MSI pixels into 1-km resolution pixels,
the 1-km MSI pixels are able to detect some of the “missing” small features (Fig. 10, region 1-2). However, the same aggregation
also led to underestimation over the dense Sargassum features (Fig. 10, regions 3-4), therefore cannot be applied universally to

reduce false-negative detection rate.
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Fig. 10. Examples of the quasi-simultaneous MODIS AFAI (1-km resolution) and MSI FAI (10-m resolution) observations. The MODIS scenes are cut to match
the MSI coverage (14.4° N to 15.4° N and 61.1° W to 60.1° W, right column). The white color and black color represent the coastline and no valid observations,
respectively. Four small regions (marked by the numbered red boxes on the right panels) are enlarged to show the corresponding features The extracted Sargassum-
containing pixels are marked in red on the 10-m MSI subimages. The 1-km MSI subimages show the aggregated MSI pixels (100 x 100 10-m MSI pixel =1 1-km
MSI pixel). The extracted total Sargassum biomass in the common area for each box is listed below the corresponding images. Note that although the cloud patterns
are similar, the MSI cloud mask is much smaller than MODIS cloudmask because of the finer spatial resolution of MSI.

Despite some false negative detections as shown in Fig. 10 (regions 1-2), MSI generally provides more valid observations than
the corresponding MODIS because of the smaller cloud cover (Fig. 10 & 11), leading to higher chance of “seeing” Sargassum
features. This effect has been demonstrated by comparing MODIS 250-m and MODIS 1-km observations over the GOM [27].
Indeed, in almost all 13 cases of Table 3, MSI observed higher amount of Sargassum than MODIS over the entire MSI sub-image
coverage (last two columns of Table 3, as opposed to the columns corresponding to the common area).

The improved valid observations in individual MSI images over near-simultaneous MODIS images can be clearly seen in the
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example of Fig. 11. For the coverage of the entire image, the total “observable” area from the MSI image is 6630.5 km?2 while from
the MODIS image is 1045.8 km2. Furthermore, MSI can provide valid observations in nearshore waters where MODIS capacity is
compromised. Fig. 11 shows that the MSI detected Sargassum mats and rafts are very close to shore (20 m from the shoreline).

This is of critical value for local management in terms of mitigation of adverse impacts of Sargassum beaching.
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Fig. 11. Comparison of quasi-simultaneous MODIS and MSI observations near the coast of Martinique in the CS (14.4° N to 15.4° N and 61.1° W to 60.1° W).
Four subimages were selected (highlighted in the yellow boxes in the left panel and enlarged in the right panel). The extracted Sargassum pixels in the MSI images
are marked in red and the total extracted Sargassum biomasses are listed below each MSI sub-image. The red arrows mark the Sargassum pixels extracted near the
shoreline. The total observable areas are 6630.5 km? from MSI and 1045.8 km? from MODIS.

L

For continuous monitoring and assessment, the improved coverage in individual MSI images (as compared with near-
simultaneous and co-located MODIS images) is compensated by the MSI 5-day revisit frequency (as compared with daily MODIS
revisits). For all MSI and MODIS images collected in 2018 covering the same region shown in Fig. 10, the average daily percent
valid observations (DPVOs, see definitions in Feng and Hu, 2016 [54]) are ~ 9% and 20% for MSI and MODIS, respectively. This
indicates that, on average and for a random water location, every 11 days there is a valid MSI observation and every 5 days there
is a valid MODIS observation (after combining both Aqua and Terra). Despite this difference (as well as the differences in
Sargassum estimates from individual images), the total integrated Sargassum biomass on an average day in 2018 is very similar
between MSI and MODIS observations (Fig. 12), suggesting consistency between the two independent observations when

relatively long-term, large-scale statistics are to be assessed.
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Fig. 12. The annual mean Sargassum biomass density derived from MSI (left) and MODIS (right) over T20PQB near Martinique in 2018. Twenty-eight (28) S2A
images and thirty (30) S2B images with <80% cloud cover were used to generate the statistics. The corresponding total Sargassum biomass and the mean DPVOs
(averaged across of the valid grids) are listed below each image. The images cover the area from 14.4° N to 15.4° N and 61.1° W to 60.1° W. The total Sargassum
biomass is for an average day during 2018. Note that the nearshore pixels on MODIS were treated as no observations due to the limitations of these coarse-
resolution data.

C. Size, biomass, and morphology of individual Sargassum mats/rafts observed from MSI images

Because of the mixed pixels, the 10-m spatial resolution of MSI enables estimates of Sargassum size of individual mats/rafts
even much smaller than a pixel size (i.e., 100 m?). Here, the statistics were generated from the Sargassum-containing pixels
detected from the 58 MSI images used in section B (collected from tile T20PQB during 2018). Of all Sargassum-containing pixels,
over 95% contain < 1.71 kg/m? of Sargassum within each pixel (or < 171 kg/pixel) (Fig. 13a). The highest density is ~18.7 kg/m?
(or 1,866 kg in one pixel), well above the mean density used to convert areal coverage to biomass density from MODIS coarse-
resolution pixels (3.34 kg/m?, Wang et al, 2018). From the corresponding MODIS AFAI images, signals from these dense
Sargassum mats are linearly mixed with the water signal over the large MODIS pixels, resulting in underestimation of the actual
Sargassum biomass. However, 99% of the Sargassum-containing pixels have < 329 kg/pixel, indicating that such mixing-induced
underestimation in MODIS images is rare. In reality, Sargassum mats/rafts can be much smaller than reported here, and some of
them are part of the ~20% false negative detection. Because they are lower than the detection limit, their impact on the total biomass
may be minimal.

In 1-km MODIS AFAI images, Sargassum rafts often appear as elongated, spatially continuous features with variable sizes,
stretching up to hundreds of kilometers in length. In the 10-m MSI FAI images, it is very rare to observe such large continuous
Sargassum features. Rather, smaller rafts are often aligned due to winds and Langmuir circulations. To estimate the typical size
and shape of these MSI-observed Sargassum features, we analyzed the pixel coverage (not weighted by Sargassum densities within
individual pixels) of the extracted Sargassum features from the 58 MSI images used in section B.

As Sargassum typically form elongated weed-lines with a long “tail”, the extracted Sargassum patches were first eroded using

a 3x3 window to break the “tails” to better estimate the typical sizes of the aggregated patches. The patches were then dilated
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outward using the same window size to reconstruct the features. From this analysis, the largest pixel coverage measured in T20PQB
in 2018 is ~0.8 km?, while the mean size is ~2300 m? (Fig. 13c). This suggest that under the average conditions the effective width
of the Sargassum rafts should be < 40-50 meters (this is the extreme case when the length/width ratio equals to 1), corresponding
to 4-5 10-m MSI pixels.

To quantify the length of the Sargassum rafts, a morphological close operation was applied to the extracted Sargassum-
containing pixels to connect the nearby Sargassum features. The major axis length of the connected features was then determined
as the effective length of each individual Sargassum mat [55]. From the 58 MSI images measured, the mean Sargassum feature
length is ~76 m, while the maximum length is ~6.5 km (Fig. 13d). The mean length/width ratio is ~3, but the maximum ratio can

reach ~100 (Fig. 13f), consistent with the field observations that Sargassum often forms elongated features in the open ocean [9].
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Fig.13. Distributions of normalized frequency of Sargassum biomass density (a), total biomass per feature (b), Sargassum feature area (c), length (d), width (e),
and length/width ratio (f) derived from the Sargassum-containing pixels extracted from 58 MSI images (T20PQB) in 2018. The incremental step in these frequency
distribution graphs from (a) to (f) are 0.04 kg/m?, 100 kg, 100 m2, 10 m, 5 m, and 0.5, respectively. In (a), 95% of the pixels have density lower than 171 kg/pixel,
and 99% of the pixels have density lower than 329 kg/pixel.

IV. DISCUSSIONS

A. Strengths and weakness of the proposed approach

Unlike machine learning approaches such as neural networks, the proposed approach is based on physical principles behind the
spectral difference of various image features (Sargassum, water, clouds, image noise), with explicit rules to mask clouds and other
noises and to delineate Sargassum-containing pixels. Therefore, not only are the rules easy to understand, but reasons leading to

failures are easy to track down. Furthermore, the approach also uses spatial information (in addition to spectral information) to
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distinguish Sargassum signals from other confusing features. This is particularly important for MSI because of its high spatial
resolution and inconsistent sampling time between different spectral bands. Such “noise” contamination can be induced by ocean
waves and residual clouds that do not show conspicuous spectral difference (Fig. 1c). Although their spectra may be similar to
Sargassum-containing pixels, the spatial patterns of ocean wave-induced glints and cloud residual signals are consistent and
different from the Sargassum features, thus a well-trained TNRD denoising model can successfully remove most of these “noises”
based on their spatial characteristics. This is similar to the use of spatial information to detect macroalgae using Geostationary
Ocean Color Imager (GOCl)imagery [56]. Therefore, future algorithm development efforts for other high-resolution sensors may
use both spectral and spatial information to improve accuracy.

One limitation of the approach, on the other hand, is 20% false-negative detection due to weak Sargassum signals. Although
this limitation will not make a big impact on the biomass estimates because the “missed” pixels contain only small amount of
Sargassum, it will lead to errors when Sargassum presence/absence is to be predicted. Such a limitation is partially due to the
inherent limitation of the sensor itself (i.e., pixel size, SNR, [45]) because small Sargassum clumps commonly observed in the
field [9, 57], typically in the size of tens of centimeters, can simply not be detected by a 10-m resolution sensor regardless of the
detection approaches. On the other hand, the limitation may also be due to the approach itself, where future efforts may be devoted
to “recover” the “missed” pixels with weak Sargassum features. Nevertheless, because the undetected Sargassum features are
associated with low biomass densities, failing to report these features should have relatively small impact on mitigation efforts in
response to beaching events.

Recently, deep-learning approaches of the ERISNet and other deep convolutional neural networks have also been applied to
extract Sargassum and Ulva prolifera features on various remote sensing imagery [58-59]. In follow-on studies, improved deep
learning algorithms could be explored on whether they can further improve the performance of the current approach, especially on

recovering the weak Sargassum features while retaining the same low false-positive detection rate.

B. Near real-time applications

For management purpose, Sargassum imagery data products should be generated and made available to the user community
immediately after the satellite overpass. While the low-level MSI data are usually provided by the USGS within 1-day of the
satellite overpass, data processing time is also a factor to consider.

In this study, training the TNRD denoising model with 471 400x400 sample images for 300 L-BFGS iterations took ~318 hours.
This was conducted using the Matlab implementation on a server with 24 CPUs (Intel(R) Xeon(R) CPU E5-2650 v4 @ 2.20GHz)
and with 12 parallel threads. Table 4 summarizes the average run time of each step on one MSI image (10000 x 10000 pixels) on

a server with 39 CPUs (Intel(R) Xeon(R) CPU E5-2660 v3 @ 2.60GHz). The TNRD denoising process took ~11 minutes, slightly
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shorter than the time needed for generating the H_SWIR cloud mask on the two SWIR bands (~16 minutes). The ocean background
estimation took ~7 minutes. In total, the Sargassum extraction time needed for each MSI FAI image of 10000x10000 pixels is ~33
minutes. The training and processing times are both expected to be improved on the GPU implementation [37]. Considering that
generating Rrc data from L1C MSI image of the same size using ACOLITE typically takes >30 minutes, the total end-to-end

processing time from L1C to biomass estimation is about 1 hour per image, sufficient for near real-time applications.

TABLE 4: APPROXIMATE RUN TIME OF PROCESSES USED IN THE SARGASSUM EXTRACTION APPROACH. THE RUN TIME IN EACH STEP IS THE AVERAGE TIME USED
TO PROCESS ONE MSI IMAGE OF 10000 x 10000 PIXELS (10 IMAGES IN TOTAL), ON A SERVER WITH 39 CPUS (INTEL(R) XEON(R) CPU E5-2660 v3 @ 2.60GHZ).
Steps TNRD denoising Cloud masking Background estimation with a 10x10 window
Run time 651 seconds 475 seconds x 2 406 seconds

The real limitation of MSI in its near real-time applications is its low revisit frequency (once every 5 days). Although the
relatively high resolution leads to less cloud coverage than from coarse-resolution sensors, the 4-day gap leads to simply no data.
Before new MSI-like sensors are put in orbit, a temporary solution is to combine other high-resolution sensors such as OLI from
Landsat-8.

With the 30-m spatial resolution, the Landsat-8 OLI images also suffer from similar challenges of noise contamination from
clouds and ocean waves when automate Sargassum extraction is desired. Therefore, the applicability of the proposed Sargassum
extraction approach is tested over Landsat-8 FAI images.

Similar to the approach for MSI, a TNRD denoising model was trained using the simulated noise patterns to reduce noise from
Landsat-8 FAI images. In this preliminary evaluation, 343 representative sub-images, each containing 400 x 400 pixels, were
selected from 2 Landsat-8 FAI images. Similar cloud masking method based on the enhanced SWIR reflectance was used to mask
cloud pixels. Fig. 14 shows an example of the Sargassum extraction results.

From visual inspection, Sargassum extraction after the cloud masking and TNRD denoising from Landsat-8 images appears
satisfactory. The extraction accuracy was evaluated by comparing the automatic extraction with those from manual delineation
(regarded as the “truth”). After weighting the Sargassum-containing pixels by their biomass densities, which were derived from
the field-based model to convert Landsat-8 FAI to biomass density, the overall Sargassum extraction accuracy reached ~93%, with
6% false positives and 8% false negatives from the tested Landsat-8 FAI image. Due to the larger pixel size and higher SNR of
Landsat-8 OLI data [45], the “noise” magnitudes due to ocean waves are weaker than those in MSI images, resulting in lower false
negatives. Although further testing is required, the preliminary results clearly demonstrate the potentials of the proposed Sargassum
extraction approach to other similar sensors. Once confirmed, we expect to implement the approach to process both MSI and
Landsat-8 images for selected regions and make the end results available to the user community in near real-time through the

existing Sargassum Watch System (SaWs, [15]; https://optics.marine.usf.edu/projects/saws.html). Currently, Sargassum-relevant
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data products from coarse-resolution sensors such as MODIS and VIIRS are already available and updated daily through Saws
for the GOM and CS. Inclusion of the finer-resolution MSI and Landsat-8 imagery will significantly enhance the system’s capacity

in monitoring and tracking Sargassum in coastal and nearshore waters.
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Fig. 14. Sargassum extraction results from Landsat-8 observations (image taken on June 20™, 2018 near Martinique, from 13.5° N to 15.5° N and from 62.5° W to
60.5° W). (a) shows the original FAI image; (b) shows the correpsonding Sargassum extraction results with the extracted Sargassum-containing pixels marked in
red. Four subimages (shown in red boxes in (a) and (b)) are enlarged to examine the extraction results. Here, the large-scale background variations were subtracted
from the Landsat-8 FAI images for better visuallization. The cloud masking thresholds are identical to those applied to MSI images. Note that the Sargassum
features appear to be “dragged” by the cyclonic eddy (enlarged in (c-e) and (g-i)) to accumulate in the eddy center.

V. CONCLUSIONS

A fully automatic workflow has been designed to use the high-resolution MSI data to extract Sargassum features in coastal and
nearshore waters. The success of the approach is mainly due to the TNRD denoising model, which is trained with representative
and realistic noise patterns to reconstruct and remove the various noise patterns before conducting the Sargassum extraction

process. The TNRD model shows improved performance as compared with several other traditional denoising approaches in
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removing the various MSI noise patterns. Application of the automatic approach shows an overall Sargassum extraction accuracy
of ~86%. Although the false negative rate is ~20%, these undetected Sargassum-containing pixels have lower densities than the
detected Sargassum-containing pixels, thus having minimal impacts on the total biomass estimates and on management actions
against major beaching events. On the other hand, the Sargassum extraction precision is >90%, suggesting that most of the
extracted Sargassum features are real. The approach also shows applicability to Landsat-8 OLI FAI images, with an overall
extraction accuracy of 93%. We expect to implement this approach to generate both MSI and OLI Sargassum extraction images

in near real-time for selected coastal regions and share them through the existing Sargassum Watch System.
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