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Highlights

What are the main findings?

e  NASA SWOT radar observations can detect changes in ocean surface roughness related
to algal blooms

e  Anestimator of algae concentration derived from SWOT observations broadly matches
measurements by NOAA VIIRS

What are the implications of the main findings?

e SWOT algae estimates can complement measurements by optical sensors in cloudy
conditions

e  The approach opens opportunities to broader marine pollution monitoring due to
SWOT’s sensitivity to ocean surface roughness

Abstract

Marine litter accumulation in aquatic ecosystems presents a dire problem for marine life
and the human ecosystem. The presence of algae on the ocean surface can alter its response
to wind-driven roughening. This alteration is the basis for a new method to detect and
image algae and other roughness suppression inducing pollutants from space. The NASA
Surface Water and Ocean Topography (SWOT) radar can measure coastal ocean roughness.
An empirical model is developed which relates the Mean Square Slope (MSS), a measure
of ocean surface roughness, to wind speed given clear water conditions. Deviations
of the roughness observed by SWOT from the clear water model results in roughness
anomalies that are found to be empirically associated with the concentration of chlorophyll-
a observed by the NASA VIIRS instrument. The relationship between roughness anomaly
and chlorophyll concentration is incorporated into a new retrieval algorithm for algae by
SWOT. This retrieval algorithm has a valid range of 0-6 mg/m?.

\ '.) Check for updates

Academic Editor: Sergei Badulin

i Keywords: algal blooms; ocean waves; SWOT; marine litter
Received: 17 May 2026

Revised: 20 July 2026
Accepted: 22 July 2026
Published: 27 July 2026
Copyright: © 2026 by the authors. L IntrOduCtion

Licensee MDPI, Basel, Switzerland. 1.1. Introduction to Algal Blooms

This article is an open access article

dictributed under the ferme and Algae are accumulations of phytoplankton that proliferate when sufficient sunlight

conditions of the Creative Commons  coincides with elevated nutrient availability. These nutrients are most often supplied by

Attribution (CC BY) license. runoff delivered through watersheds. When this accumulation occurs in an uncontrolled

Remote Sens. 2026, 18, 2464 https://doi.org/10.3390/rs18152464



Remote Sens. 2026, 18, 2464 2 of 31

Latitude

manner and reaches a high biomass over a broad area, it is commonly characterized as an
algal bloom [1]. Such blooms occur across a wide range of marine environments including
rivers, lakes and the open ocean. Algal blooms frequently concentrate along coastlines
adjacent to major river outflows, where nutrient inputs and physical transport processes
can promote sustained growth and aggregation [2].

Algal blooms can degrade marine ecosystem health [3]. Dense blooms may contribute
to oxygen depletion in the water column, killing fish and other organisms through hypoxic
conditions [4]. In addition, bloom events can impair drinking water supplies and may
produce toxins that pose risks to human health through exposure or consumption of
contaminated water or seafood [4]. Therefore, reliable detection and monitoring of algal
blooms are essential.

Traditional remote-sensing approaches often rely on optical or hyperspectral imaging,
using the distinct spectral signatures associated with chlorophyll and related pigments.
Many detection algorithms emphasize the green portion of the spectrum (around 532 nm),
where reflectance and absorption features can help parse algal blooms from surrounding
waters [5]. NOAA'’s Visible Infrared Imaging Radiometer Suite (VIIRS) chlorophyll-a
product is an example of a hyperspectral imager data product [6]. Figure 1 is a set of
example images from VIIRS over the Amazon River in 2024.

Figure 1 demonstrates both the strengths and weaknesses of the VIIRS product. As
shown in Figure 1a, the 2 km resolution of the product can describe algal bloom structure in
detail. However, Figure 1b shows that cloud cover frequently obscures visible wavelengths
from observing the ocean surface, preventing the acquisition of spatially and temporally
continuous (gap-free) observations. To mitigate this limitation, we consider algal bloom
detection in the microwave regime, where longer wavelengths can penetrate clouds and
enable more consistent observing conditions, providing a pathway to more reliable bloom
monitoring when optical data are unavailable.

Chlorophyll Concentration, (mg/m?)

-5l —50 —49 —48 —47 —46 —45
Longitude
@

Figure 1. Cont.

https://doi.org/10.3390/rs18152464



Remote Sens. 2026, 18, 2464

3 0f 31

Latitude

Chlorophyll Concentration, (mg/m?)

-51 -50 -49 —48 -47
Longitude
(b)

Figure 1. A set of images of the chlorophyll-a data product from the VIIRS instrument on NOAA-20,
at a 4 km resolution. The images are from (a) 24 November 2024 and (b) 11 June 2024. Negative
degrees implies degrees south in latitude, and degrees west in longitude.

1.2. Microwave Imagers

Microwave imagers are instruments that take measurements at frequencies between
0.3 GHz and 300 GHz. Below 0.3 GHz lie HF and VHF radio waves and above 300 GHz is
the sub-mm and far infrared portion of the electromagnetic spectrum.

An example of a microwave imager useful for coastal ocean pollutants is Synthetic
Aperture Radar (SAR). SAR can be effective for accurate coastal pollutant detection [7,8].
SAR has been used to monitor and identify oil spills on the ocean surface [9]. Its detection
mechanism leverages the suppression of capillary and short-gravity capillary waves caused
by oil spills, which reduces the surface roughness.

Another example of microwave imagers is the NASA Cyclone Global Navigation
Satellite System (CYGNSS) mission. CYGNSS uses a constellation of eight small satellites to
study tropical cyclones and improve understanding of hurricane intensification. CYGNSS
uses GNSS Reflectometry (GNSS-R), a passive bistatic radar technique [10]. Instead of
transmitting its own pulses, CYGNSS measure GPS signals after they reflect off the ocean
surface. CYGNSS infers properties of the sea surface, most notably surface roughness,
which is closely related to near-surface wind speed [11]. Roughness suppression in the
case of CYGNSS has been associated with the concentration of microplastics in the open
ocean [12,13].

1.3. The NASA Surface Water & Ocean Topography (SWOT) Mission

Here we consider an application of the ocean roughness suppression approach used
by CYGNSS to the detection of algae in coastal waters. Due to the coarse (~25 km) spatial
resolution of CYGNSS, we consider use of the high-resolution NASA Surface Water & Ocean
Topography (SWOT) Mission’s radar [14]. SWOT carries a Ka-Band (8.6 mm wavelength)
altimetric radar and its primary mission objective is water surface height topography.
However, it also makes ocean surface roughness measurements (specifically, normalized
radar scattering cross section, o) as a secondary correction for sea surface height. SWOT’s
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Low-Rate Sea Surface Height Data Product has a resolution of 2 km in both the cross-track
and along-track directions [14]. This improved spatial resolution enables observations
much closer to the coastline.

SWOT’s temporal revisit time is a notable limitation. The SWOT orbit has a repeat
cycle of 21 days [15], and SWOT’s average image revisit time of 11 days will restrict the
ability to monitor rapid changes in coastal ocean litter distributions.

2. Materials and Methods

The CYGNSS algorithm is based on the principle that ocean pollutants cause sufficient
ocean surface roughness suppression to be measurable by the satellite. Surface roughness
is characterized by its Mean Square Slope (MSS), which is the expected value of the square
of surface slope, averaged over the spectrum of ocean surface height at different horizontal
scales [16]. To parameterize ocean roughness suppression, a Mean Square Slope Anomaly
(MSS Anomaly) parameter was developed. This approach will be adapted for use with
SWOT observations.

2.1. Dataset Description Table

Before developing the approach, a dataset description table is listed. Throughout this
study, various datasets are used, ranging from reanalysis data products to spaceborne radar
products. Table 1 consolidates all products used, and includes spatial resolution, temporal
resolution and coverage period.

Table 1. Data Description Table.

Dataset Spatial Resolution Temporal Resolution/Revisit Time
SWOT L2 oy 2km x 2 km 21 days
ERA5 10 m NWS 0.2° x 0.2° (~24 km x ~24 km) 1 day
ERA5 SST 0.2° x 0.2° (~24 km x ~24 km) 1 day
VIIRS gap-filled chlorophyll-a data 4km x 4 km 1 day
SMAP SSS 0.2° x 0.2° (~24 km x ~24 km) 8 day running average (1 day reporting interval)

2.2. Deriving the Forward Model: A Mathematical Approach to MSS Anomaly

MSS Anomaly is a derived product that describes how different the ocean roughness
is from a modeled “normal” version of ocean roughness forced by near-surface ocean
wind. A negative MSS Anomaly indicates that the observed roughness is lower than the
wind-predicted roughness, implying surface suppression. Global maps of MSS Anomaly
illustrate areas where ocean roughness suppression occurs, which is hypothesized to be
directly caused by surfactant concentrations and indirectly correlated with microplastic
and algal bloom concentrations.

MSS,ps — MSS,04

MSS snom = MSS,.; ,
Mo

1)

where MSS,¢ is the observed MSS from satellite data and MSS,,,4 is a theoretical MSS
value calculated using an empirical MSS model forced by ECMWEF Reanalysis (ERA5) wind
speed data [17]. The model was constructed from MSS observations and wind data taken
from a clean ocean region free from contaminants and anomalous conditions.

The MSS observations themselves are calculated using

R(e, 0 2
MSS, . — % @
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where R(g, 0) is the Fresnel Reflection Coefficient and oy is the normalized radar cross
section [18]. oy is measured by the SWOT radar and is notably sensitive to near-surface
wind speed. SWOT pixels flagged for degraded oy quality and precipitation were excluded
before MSS Anomaly calculations.

The Fresnel Reflection Coefficient is a function of the relative dielectric permittivity of
seawater (¢) and the incidence angle of the satellite observation (), as given by [19]

[e(f, T,S)cos(8) — \/€ — sin(8) B cos(8) — \/€ —sin?(0)

ecos(f) + /€ — sin?(6) cos(8) + /€ — sin?()

I ®)

R(e, 0) =

N =

The permittivity is also a function of sensor transmitter frequency, sea surface tem-
perature (SST) and sea surface salinity (SSS) conditions of the ocean. For our calculations,
we use the Double Debye model as described in [20]. The Fresnel Reflection Coefficient
calculated in Equation (3) is used to calculate the MSS in Equation (2). The incidence angle
range used evaluates the full range of SWOT data, from 0.8° to 4°, and is discussed further
in Appendix A.

In summary, MSS Anomaly is derived from measurements of oy and estimates of
the Fresnel Reflection Coefficient. Determination of the Fresnel Reflection Coefficient
requires knowledge of ¢, which in turn requires knowledge of SST and SSS. Therefore, to
develop a SWOT MSS and MSS Anomaly estimator, the process requires matching oy data
to collocated SST and SSS data.

2.3. Using the SWOT Product to Calculate MSS
An example of one SWOT orbital pass of oy data collocated with SST and SSS provided
by ERA5 [21] and SMAP [22] is shown in Figure 2.
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Figure 2. Matchups between (a) SWOT oy, (b) ERA5 SST and (c) SMAP SSS data, specifically for one
SWOT path on 30 July 2023.

Combining the SST and SSS inputs (see Figure 2b,c) allows us to obtain the Fresnel
Reflection Coefficient described in Equation (3). Combining the Fresnel Reflection Coef-
ficient with the oy paths in Figure 2a results in the MSS described in Equation (3). See
Appendix A for a description of how the ERA5 and SMAP data are used to create the
Fresnel Reflection Coefficient. Collocation was performed by matching each 2 km SWOT
pixel to the nearest ERAS grid cell and nearest hourly time step. The maximum temporal
mismatch was therefore 30 min. The same procedure was applied from SWOT to the SMAP
SSS. Because SMAP SSS is provided as an 8-day running product, it may smooth rapidly
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evolving salinity gradients near river mouths. However, Appendix A shows that SSS
variations have a negligible effect on the Fresnel Reflection Coefficient relative to the other
sources. Therefore, use of the 8-day product is not expected to affect MSS Anomaly esti-
mates. A full description of the implications of mixed-spatial grid matching is in Section 5.3.
SST and SSS were collocated to each SWOT oy pixel using the nearest spatial grid cell and
nearest available time step. Because ERA5 and SMAP are substantially coarser than SWOT,
higher-order interpolation would not recover sub-grid variability and could introduce a
misleading level of spatial detail. Appendix A shows that the direct effects of SST and
SSS on the Fresnel Reflection Coefficient are small compared with the oy and wind-speed
dependence of MSS. Therefore, nearest-neighbor collocation was used as a practical and
transparent approach. No resampling of the ERA5 or SMAP data was done, leaving it on
its native 0.2° resolution, which is indicated through the homogeneity in Figure 2b,c.

2.4. Developing SWOT MSS Anomaly

Using the Lookup Table Fresnel Reflection Coefficients described in Appendix A, the
SWOT MSS estimator was implemented for the testing period of 1 January 2024 to 31
December 2024. Figure 3 below is a density scatter plot of ERA5 Wind Speed matched up
with SWOT MSS from 1 January 2024 to 31 January 2024.

0.2
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=)
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0.08 §
0.06 10'
0.04

0.02 10°

0 5 10 15 20
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Figure 3. Density scatter plot of ERA5 Wind Speed and SWOT-derived MSS. This plot uses global
data from the period 1 January 2024 to 31 January 2024.

Figure 3’s results are a positive indication that the matchups are working, as with an
increase in wind speed there is an increase in MSS.

2.5. Developing the MSS Model (MSS,,,4) for MISS Anomaly (MSS anom)

A control region is selected using microplastic models to find an area of open ocean
that is clean of marine litter (microplastics, algae, sargassum). In this case the 3D model
from Tseng et al. [23] was used to help find a viable control region. Figure 4 is a global
map of high-density PVC concentration. The control region [28°-38°S, 200°-260°E] used is
boxed in red.
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Figure 4. A global map of high-density PVC concentration [24], with the projected MSS,,,,4 control
region [28°-38°S, 200°-260°E] highlighted in red. The colorbar ranges from low density in blue, to
high density in yellow.

Although the region is not perfectly free from plastic pollution, it is one of the cleaner
areas when looking across the globe. This region is devoid of algae and seaweed though,
as it is too far out in the middle of the Pacific Ocean to sustain growth for either. From here,
our MSS,,,,q can be built.

2.6. Cross-Track off Specular Point Geometry

One of the main reasons why Equation (3) is simplified is because it assumes that
the geometry of the transmitter and receiver are looking at the specular point [18]. For
SWOT, nadir is where the specular point is located. The drop-off from the specular point
in terms of power is quite drastic, even over a couple of kilometers [18]. Therefore, the
signal strength of oy decreases with cross-track distance from nadir. Figure 5 is a density
scatter plot from the previously defined control region [200°-260°E, 28°-38°S] of cross-track
distance from nadir and oy.

Because of the correlation between cross-track distance and oy the method of creating
MSS,,,q must be customized as a function of cross-track location. The cross-swath structure
in 0 is not interpreted as a geophysical gradient in roughness alone. It is strongly affected
by SWOT viewing geometry and incidence-angle dependence, with systematic variation
away from nadir. This motivates the construction of the MSS model as a function of both
wind speed and cross-track location before calculating MSS Anomaly. All data are binned
every 2 km of cross-track distance, and an individual model is created for each bin. Two
examples of MSS vs. Wind Speed are given below; Figure 6a is data from the bin closest to
nadir, and Figure 6b uses data from the bin furthest from nadir.

The best-fit curves shown in Figure 6 represent the MSS model used to map wind
speed to MSS. The equations for the model take the form of

MSS,,04(CT) = a(CT)U? + b(CT)U + ¢(CT), (4)

where MSS,,4 is the modeled MSS for a given wind speed, U is wind speed, CT is cross-
track distance from nadir and a(CT), b(CT) and ¢(CT) are constants that depend on the
cross-track bin. a(CT) has units of s*/m?, b(CT) has units of s/m, and ¢(CT) is unitless.
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From this, Equation (1) is modified so each observation of MSS is converted into
MSSaNnowm using the appropriate MSS,,,4, described as

MSS,ps (CT) — MSS,04 (CT)
MSS,0a(CT) '

MSS anom = ©)

Modifying Equations (1)—(5) allows MSSanowm to be cross-track independent, which
is seen in Figure 7. Figure 7 is a density scatter plot of MSSanoMm in the control region
compared to cross-track distance from nadir.
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Figure 5. A density scatter plot of the cross-track distance from nadir vs. oy.
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Figure 6. Cont.
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Figure 6. (a) Density scatter plot of MSS and wind speed data from the outskirts of the SWOT swath.
The data is overlaid with a best-fit curve to the data. (b) Density scatter plot of MSS and wind speed
data in the cross-track bin closest to nadir. The data is overlaid with a best-fit curve to the data.
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Figure 7. Cross-track distance from nadir plotted against MSS Anomaly. Negative indicates left of
the along-track.

As can be seen in Figure 7, the distribution of MSSanom is no longer cross-track-
dependent. Therefore, MSSanoM measurements can now be used in conjunction with
VIIRS gap-filled chlorophyll-a data to train a SWOT MSSanom-Algae Model.
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3. Amazon River Model Training Case
3.1. Choosing a Region and Initial Filtering of the Data

Using 2024 NOAA VIIRS 2 km gap-filled chlorophyll-a data [24], regions of high
chlorophyll-a concentration can be identified throughout the year. Coastal areas generally
have consistent background levels of chlorophyll-a, making them less likely to display
dramatic short-term changes compared to offshore algal bloom events. However, there
are some areas with larger dynamic ranges of chlorophyll-a near coastlines that are good
candidates for SWOT MSS-Algae Model training. The first region of interest is at the mouth
of the Amazon River. A snapshot of the Amazon River mouth with the region used for
training highlighted by the box is shown in Figure 8.

10°

Latitude

Chlorophyll Concentration, (mg/m?)

10°

—54 -52 -50 —48 —46 —44
Longitude

Figure 8. A VIIRS chlorophyll-a concentration at the mouth of the Amazon River on 6 January 2024.
The box outlines the area that will be used to train the SWOT estimator of concentration.

The boxed region [0.6354°-2.22°N, 48.01°-49.76°W] in Figure 8 represents the area in
which chlorophyll-a and SWOT will be examined to see if there is a relationship between
MSSanom and chlorophyll-a data.

A total of 100 SWOT overpasses occurred in the testing region during calendar year
2024. An example of one of the SWOT overpasses matched up with VIIRS chlorophyll-a
data is illustrated in Figure 9. Figure 9 is a scatter plot between chlorophyll-a concentration
on the x-axis and MSSanom on the y-axis. Each data point represents one 2 km SWOT pixel
matched with its nearest 2 km grid cell in the VIIRS data.

Figure 9 is a good representation of some of the qualities needed to establish a model
between MSSanom and chlorophyll-a data.

The minimum requirements for inclusion in the training dataset are as follows

(1) The overpass should capture a sufficiently wide range of chlorophyll-a values, which
is quantified by a standard deviation equal to or greater than 2.5 mg/m?.
(2) The overpass must consist of at least 500 points of data.

These filtering criteria reduced the dataset from 100 overpasses to 35. In total, 54 of the
overpasses fail to meet the dynamic range threshold, and 56 of the overpasses fail the sample
number threshold. Further evaluation of the remaining overpasses revealed that, while
linear fits provided reasonable model performance, a quadratic regression gave superior
results for most cases. The assumption of a quadratic relationship between concentration

https://doi.org/10.3390/rs18152464
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and MSS Anomaly is consistent with previous wave tank experiments we conducted in
which controlled algae concentration were introduced and the resulting suppression of water
surface roughening from wind was observed [25]. The wave tank experiment simulated
ocean waves in a 35 m wind-wave tank, using a fan to generate wind speeds of 5.26, 7.83,
and 10.34 m/s while ultrasonic surface sensors measured water height to derive Mean
Square Slope (MSS) via the second moment of the wavenumber spectrum. Six chlorophyll-a
concentrations (0-8 mg/m?), created using the microalga Nannochloropsis oculata as a proxy
for algal biomass, were tested at each wind speed to see how algae presence affects surface
roughness. Clean-water baseline runs validated the measurement approach against prior
tank studies, and the team characterized key uncertainties from instrument precision, fan
repeatability, and chlorophyll preparation/measurement. The controlled tank experiment
demonstrates that algal material can suppress short-wave surface roughness under simplified
conditions. However, this result does not by itself establish that all MSS suppression observed
in natural river-plume environments is caused by algae. In coastal waters, chlorophyll-a
can co-vary with sediments, dissolved organic matter, surfactants, oils, floating debris,
salinity gradients, and convergence zones, any of which may also modify surface roughness.
Therefore, the SWOT MSS anomaly should be interpreted as an indicator of surface roughness
suppression that may be associated with algal biomass under favorable conditions, rather
than as an exclusive or causal measure of chlorophyll-a.

04 r
03

02 r

e
—_
T

MSS Anomaly

0 2 4 6 8 10 12 14 16 18 20
Chlorophyll-a Concentration [mg/m?3]

Figure 9. A scatter plot of SWOT MSSsnom and VIIRS chlorophyll-a concentrations. The SWOT data
was taken from an overpass on 15 October 2024.

The results showed that MSS consistently decreased as chlorophyll concentration
increased at each wind speed, indicating that algae dampens surface roughness. Linear
regressions of MSS vs. chlorophyll concentration were fit separately for each wind speed,
and the resulting slopes and intercepts were combined into a three-parameter MSS-Wind
Speed—Chlorophyll Concentration (MWCC) model: MSS = a(WS)-CC + b(WS), where
a(WS) and b(WS) are linear functions of wind speed. The model revealed that MSS depends
strongly on wind speed and more weakly, but measurably, on chlorophyll concentration,
a relationship likely muted by tank-specific limitations. Despite this attenuation, the
consistent chlorophyll signal supported the premise that biological presence measurably

https://doi.org/10.3390/rs18152464



Remote Sens. 2026, 18, 2464

12 of 31

affects MSS and established a functional structure (an algae-indicator term plus a scaling
term) later applied to the satellite-based CYGNSS/VIIRS analysis.
Specifically, the application of a quadratic fit improved the R? value for all but one
overpass, suggesting a more appropriate modeling approach for the relationship between
MSSanom and chlorophyll-a. Examples of the SWOT overpasses with quadratic fits over-
laid on them are shown in Figure 10.

MSS Anomaly

MSS Anomaly

0.3

0.2

o
=

(=)

|
e
=

———Fitted curve

0 2 4 6 8 10 12 14 16 18 20

Chlorophyll-a Concentration [mg/m?]

——— Fitted curve

0 2 4 6 8 10 12 14 16 18 20
Chlorophyll-a Concentration [mg/m?3]

Figure 10. Examples of SWOT MSSsnom matched with VIIRS chlorophyll-a data that has been fit with
a quadratic fit. (top) Matchups from 18 June 2024 with its individual overpass fit. (bottom) Matchups
from 25 September 2024 with its individual overpass fit.

The quadratic fits in Figure 10 assumes a relationship of the form

MSS anom = aCC? + bCC + ¢,

(6)
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Remote Sens. 2026, 18, 2464

13 of 31

where CC is chlorophyll-a concentration and a, b and c are constants that are unique to
each overpass. The units of a are m®/mg?, b are m®/mg and c are unitless.

3.2. Filtering the Overpasses Further to Make the SWOT MSS anom-Algae Model

From the 35 overpasses that passed the initial filtering quality, RMSD values were
calculated between the single overpass quadratic fits and the data. Using a filtering
threshold of 0.1 removed some of the poorer performing outliers, and the remaining data
was used to build an aggregate model. A quadratic best-fit line was fit to the aggregate
model. The single overpass fits were then compared to the aggregate fit using a second
RMSD filter, comparing the single overpass quadratic models to the aggregate quadratic
model. This reduced the number of single overpass fits to 15. Finally, the 15 overpasses
had their data aggregated, and a best-fit quadratic model was fit to the data. This data and
model are plotted in Figure 11. An in-depth description of how the filtering was done can be
found in Appendix B. The RMSD filtering step is a quality-control procedure for empirical
model construction and should not be interpreted as independent validation. This step
preferentially retains overpasses in which the hypothesized MSS anomaly—chlorophyll-a
relationship is clearly expressed, and therefore the resulting model may not generalize to
all coastal scenes or all bloom conditions. Independent overpasses not used in fitting are
therefore evaluated separately, and the model is described as a proof-of-concept empirical
retrieval rather than a globally validated chlorophyll-a product.

——Fitted curve 2
03 | | | 10
[}
o
B
> ®
g 10" £
o 2
c
< (@)
) ]
(2) o)
= a
10° c
>
=
10"

Chlorophyll-a Concentration [mg/m?]

Figure 11. Chlorophyll-a concentration and SWOT MSSanom from 15 overpasses, overlaid with a
best-fit quadratic curve, representing the model between the two variables.

The Equation for the SWOT MSSanom-Algae Model is
MSS snom = (4.5 x 10—4) CC2 — 0.0181CC + 0.0093, @)

The RMSD of the aggregate fit drops from 0.0941 to 0.0660. Finally, it is important to
compare the model to some of the data that was not used to train the model. Figure 12
is a comparison of the MSSanom-Algae Model to the 20 overpasses that met the original
criteria but were not used in the training set. The 20 overpasses are in a similar seasonality
to the training overpasses. The operational use of the model is to retrieve chlorophyll-a
concentration from an observed MSSanowm, but the model in Equation (7) is fit in the other
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direction. This is to match the training data structure shown in Figures 10 and 11. In
practice, Equation (7) must be inverted to retrieve chlorophyll-a.

T T T T T T T T T 102

Fitted curve

e e @
— o (OS]
1

10’

10°

MSS Anomaly

Number of Observations

- 1 1 1 1 1 1 1 | 1 107!
0-5 0 2 4 6 8 10 12 14 16 18 20

Chlorophyll-a Concentration [mg/m?]

Figure 12. The MSSanoMm-Algae Model against the Amazon River overpasses not used for training.

The RMSD for the test data against the fit is 0.13. As Figure 12 shows, much of the
data is more spread out around the model. The model captures an area of high density in
the low chlorophyll regime, but as the chlorophyll goes above 6 mg/m3, the model has a
harder time capturing the dynamics of the chlorophyll. Part of the increase in magnitude
in MSSanom with the increase in chlorophyll may be due to other contaminants that may
be suppressing the ocean surface that are not related to chlorophyll.

3.3. Uncertainty in the Chlorophyll-A Concentration

To quantify how uncertainty in the ERA5 wind speed forcing propagates through to
the final chlorophyll retrieval, we performed a Monte Carlo uncertainty analysis. Using a
representative ERA5 wind speed RMS error of 1 m/s over the open ocean, we generated
an ensemble of 1000 perturbed wind speed realizations for each matchup point, drawn
from a normal distribution centered on the reported ERA5 wind speed with this RMS
error as the standard deviation. Each perturbed wind speed was propagated through
the empirical MSS,,,4(CT) relationship (Equation (4)) to generate an ensemble of MSS,,q
values, which were then used to compute a corresponding ensemble of MSS Anomaly
values (Equation (5)). This MSS Anomaly ensemble was subsequently propagated through
the inverse of the quadratic MSSanom-Chlorophyll-a relationship (Equation (7)) to yield
an ensemble of retrieved chlorophyll concentrations for each point. The spread of this
ensemble represents the uncertainty in the final CC retrieval attributable solely to ERA5
wind speed error. Averaged across the training dataset, this analysis yields a chlorophyll
concentration uncertainty of approximately 3.7 mg/m?.

3.4. Histograms of the Chlorophyll-A Concentration

To investigate the relationship between the MSS Anomaly and varying chlorophyll
concentrations in the ocean, chlorophyll data were divided into three distinct ranges:
low, medium, and high concentrations. Figure 13a is a histogram used to visualize the
distribution of chlorophyll values across these categories. Figure 13b is a line plot that
shows the mean values of both chlorophyll and MSS Anomaly calculated within each
concentration range.
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Figure 13. (a) Histograms of MSS Anomaly at low (blue), medium (orange) and high (yellow) levels

of chlorophyll-a concentration. (b) Mean values of MSS Anomaly for each range of concentration.

As demonstrated in Figure 13, an increase in chlorophyll-a concentration pairs with a
decrease in the mean MSS Anomaly, which falls from 0.04 to —0.12 across the data range.

Notably, the trend persists when chlorophyll-a is binned into smaller, overlapping
ranges (e.g., 0-2, 1-3 mg/ m3), confirming the robustness of the relationship between
chlorophyll-a concentration and MSS Anomaly across approaches. This case is displayed
in Figure 14.

The drop-off in Figure 14 slows as the concentration increases, further bolstering the
quadratic relationship used in our model. The tail turning up at the end of the curve is due
to both lower amounts of data in the bin, and due to overall variance.
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Figure 14. Mean chlorophyll-a and MSS Anomaly across small overlapping bins of 2 mg/m? each.

4. Results
4.1. Validation of Retrieval Algorithm

The SWOT algal bloom product is first validated by comparison to the VIIRS Gap-
filled Product during the overpasses used for training the retrieval algorithm. The SWOT
retrieval algorithm trained using 15 overpasses from 2024, and Figure 15 is an example of
the SWOT chlorophyll-a product and the VIIRS chlorophyll-a product side-by-side.

Both overpasses show that the SWOT chlorophyll-a product follows the general trend
of the VIIRS product. To get an overarching view of the product, Figure 16 is a density
scatter plot comparing each SWOT and VIIRS pixel 1-to-1.
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Figure 15. SWOT (left) and VIIRS gap-filled (right) chlorophyll-a products for overpasses on 24 July

2024 (top) and 23 December 2024 (bottom).
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Figure 16. Density scatter plot between SWOT and VIIRS for the training data in the Amazon River.
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The highest density portion of the data in Figure 16 generally follows the 1-to-1 line,
but with some scatter at lower densities. Figure 16 shows the results using data in the
training region only. Figure 17 considers data from a full overpass on one of the training
days, including samples in the Atlantic Ocean far from the training region.

As expected, VIIRS drops to near-zero values when away from coastlines. Most of the
SWOT data also drops to near-zero values but does show spikes of high CC in some areas
where VIIRS does not have it.
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Figure 17. SWOT (left) and VIIRS gap-filled (right) in the Atlantic Ocean, using data from 3 July 2024,
which was used to train the model.

4.2. Demonstration of Retrieval Algorithm

To evaluate the performance of the retrieval algorithm outside of the training period,
it is applied to independent data acquired at different times and locations. The retrieval
algorithm is first applied to Amazon River data in the same region as the training data but
on different days, as well as in nearby open ocean regions that were not included in the
training dataset and where the retrieved chlorophyll concentration is expected to be low.
The retrieval algorithm is also applied to data near the Congo River. This region represents
an independent river-plume environment and retrieval results here will test the robustness
of the algorithm, specifically whether there is a similar relationship between chlorophyll
concentration and MSS anomaly as was observed in the Amazon training region.

Amazon River Test Cases

Figure 18 below is a comparison of SWOT and VIIRS CC in the testing region on two
different (non-training) days.

Comparing the SWOT and VIIRS results for these two overpasses, there is general
qualitative agreement. The boundary where the chlorophyll-a concentration drops off
away from the coast generally agree for both overpasses, as does the shift in the boundary
between passes. Like the training dataset, a density scatter plot is made of the SWOT vs.
VIIRS data during the testing data days.
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Figure 18. Two SWOT (left) and VIIRS gap-filled (right) chlorophyll-a products for overpasses on 21
October 2024 (top) and 9 July 2024 (bottom).

Figure 19 shows that while the comparison between SWOT and VIIRS are not perfect,
there is some correlation between the two, especially at lower values of chlorophyll.
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Figure 19. Density scatter plot between SWOT and VIIRS for the independent testing data in the
Amazon River.

4.3. Gap-Filling of SWOT vs. VIIRS

The SWOT algal bloom product is trained on a model that uses gap-filled chlorophyll-a
data to help train this model. The gap-filled data methodology involves merging different
products into one product. For the VIIRS product used to train the SWOT algal bloom
model, it is a combination of data from the VIIRS instrument located on the Suomi National
Polar-orbiting Partnership (SNPP) satellite, VIIRS on the NOAA-20 satellite and the Ocean
and Land Color Instrument (OLCI) on Sentinel-3A [26]. OLCI has a similar design to VIIRS,
except it has a finer resolution and one less spectral band (21 vs. 22). Because of OLCI’s
band choices, it performs better closer to the coastlines. Once these three are merged, there
is calibration done to ensure OLCI and VIIRS data are gridded to the same resolution.
Blank pixels are then filled in using Data Interpolating Empirical Orthogonal Functions
(DINEOF). DINEOF is an iterative statistical technique, which initializes missing data with
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the mean value, and then uses spatial and temporal patterns to reconstruct missing values
based on spatiotemporal coherence [27].

On its own, however, the daily non-gap-filled VIIRS product loses a lot of information
from cloud cover. To show some of the coverage potential of SWOT, Figure 20 is a day
where the SWOT data is present, and the daily coverage of VIIRS is obscured.
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Figure 20. (top) SWOT chlorophyll-a data from 21 October 2024. Some gaps are present due to rain and oy
issues, but the coverage is largely gap-free. (bottom) VIIRS chlorophyll-a daily data from 21 October 2024.
Cloud cover and other issues have resulted in almost all the data being flagged and removed.

5. Discussion
5.1. Distinguishing Sources of MSS Anomaly

The SWOT-based algal bloom algorithm captures general features of the algal bloom
distribution as shown by hyperspectral imagers. The spatial resolution of SWOT also
enables a clearer depiction of coastal dynamics that are often smoothed out in coarser
satellite products. This improves the ability to resolve finer scale structure in the algal
bloom distribution.
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However, the SWOT retrieval is fundamentally sensitive to roughness suppression
rather than algal biomass directly. As a result, the algorithm flags any process that dampens
short (gravity-capillary) wave surface roughness, producing false positives when inter-
preted as blooms. Common non-algal bloom drivers of roughness suppression include
surfactant compounds unrelated to phytoplankton (natural or anthropogenic), oil or ship
discharges and rain-induced damping. All these events can suppress short waves and
produce negative MSSAnOM.-

Throughout this project, algal blooms are used as an example of a pollutant that
may be detectable using a SWOT MSS and MSS Anomaly methodology, along with a
secondary source of information, in our case, the VIIRS gap-filled chlorophyll-a product.
Algal blooms are expected to be a dominating factor in warm, coastal, temperate conditions,
but this is not expected to be a dominating force in the open ocean or in regions with colder
water temperatures.

5.2. Applicability of the Amazon River Empirical Model to Other Locations

According to the VIIRS gap-filled chlorophyll-a measurements, background levels of
chlorophyll-a in the Amazon River basin are around 5 mg/m3. This is a significantly higher
chlorophyll-a concentration than other river mouths that were observed using VIIRS data.

Some of the above results show regions of strong suppression and high retrieved
concentration which do not co-locate with elevated VIIRS chlorophyll (or other ocean-
color indicators), suggesting that some of the signal likely reflects these other suppression
mechanisms.

This is particularly evident near areas like the Congo River. Figure 21 looks at all the
data from the Congo River, in a similar fashion to Figures 16 and 19.

20 T T T

SWOT Chlorophyll-a Concentration [mg/m?]
# of C;bservations

VIIRS Chlorophyll-a Concentration [mg/m?]

Figure 21. Density scatter plot of VIIRS and SWOT chlorophyll-a concentration in the Congo River
during 2024.

SWOT systematically overestimates chlorophyll-a concentration in the Congo River.
The Congo River on average has a much larger negative MSS Anomaly than the Amazon,
due to other contaminants that are discharged from the Congo River [28]. These other
contaminants may also be causing MSSanom, which would impact the SWOT radar mea-
surements. The presence of other roughness-suppressing contaminants in the Congo River
is likely causing false alarms in the SWOT CC algorithm, which may also be of use if proper
secondary sources are used to help distinguish the source of marine litter desired.
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5.3. Spatial Scale Mixing Between ERA5, SMAP & SWOT

Because ERA5 and SMAP are 10-15x coarser than SWOT, wind and salinity fields
are effectively treated as locally constant over each SWOT swath segment, which will
underrepresent sub-grid-scale wind and salinity variability. However, Appendix A’s
description of the derivation of the Fresnel Reflection Coefficient demonstrates that MSS is
largely insensitive to SSS variability. This mitigates the concerns due to SMAP, but the wind
speed gridding issue is notable. Any real wind variability occurring on a grid-scale below
ERAD5 (0.2°) but above SWOT (2 km) will be resolved in the MSS,, but not accounted for
in MSS;0q. This is a limitation of using ERAS5 as our comparative wind dataset, and for
future work there is merit to using a higher-grade wind product as the baseline.

5.4. Temporal Scale of SWOT vs. Algal Bloom Cycle

SWOT’s temporal sampling is a significant limitation for algal bloom monitoring.
As previously mentioned, the satellite has a 21-day repeat orbit, and it has an average
revisit time of approximately 11 days. However, coastal blooms seen in the VIIRS data
can intensify and dissipate on the timescale of days. Generally, algal blooms can persist
from several days to several weeks depending on nutrient supply and physical transport.
Therefore, the temporal resolution of SWOT may not be enough to capture the dynamics of
algal bloom growth.

Compared with other microwave systems, SWOT provides finer spatial information
than CYGNSS, but lower temporal sampling. Sentinel-1 SAR provides much finer spatial
resolution, commonly on the order of 1020 m, but its revisit time is generally longer than
the revisit time of SWOT. SWOT provides a balance between CYGNSS and Sentinel-1,
occupying a niche that has not been taken yet.

The present study does not suggest that SWOT should replace daily optical sensors or
higher-revisit radar systems for event-scale bloom tracking. Its value is complementary:
SWOT provides high spatial resolution roughness information that can be available in
cloudy conditions. Future mission phases, extended operations, or constellations of SWOT-
like instruments could improve temporal sampling, but evaluation of these concepts is
beyond the scope of this project.

5.5. Future Work

The present study establishes a proof-of-concept relationship between SWOT-derived
MSS Anomaly and VIIRS chlorophyll-a concentration, but, as noted in the Discussion, the
retrieval is fundamentally sensitive to roughness suppression in general rather than to
algal biomass specifically. Several directions follow directly from this limitation and are
identified as priorities for future work.

While the VIIRS gap-filled chlorophyll-a data product is validated against in situ mea-
surements such as NASA’s SeaBASS database and the Marine Optical Buoy (MOBY) system,
a comparison of the SWOT measurements to direct in situ chlorophyll-a measurements
would be a valuable and rigorous next step.

A systematic, region-by-region estimate of how often non-algal mechanisms are likely
to dominate the observed roughness suppression would substantially strengthen confidence
in the SWOT CC product. This could be approached using existing ancillary databases such
as AlS-derived ship traffic density as a proxy for surfactant and oil discharge likelihood to
characterize the relative risk of false positives across different coastal environments before
the product is applied there.

It remains an open question whether the sign, magnitude, or spatial pattern of MSS
Anomaly differs systematically between algal bloom suppression and suppression from
oil, surfactants, or rain. Controlled wave tank experiments, such as those described in
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Section 2 earlier, offer a promising path to isolate the roughness response specific to
algal concentration under known conditions and could be extended to directly compare
against the roughness suppression signatures associated with oil films, as documented
extensively in the SAR literature. Establishing whether these mechanisms are quantitatively
separable would be a meaningful step toward a parsed apart retrieval, rather than a general
roughness-suppression indicator. Taken together, these directions aim to move the SWOT
CC product from its current state as a general-purpose indicator of surface roughness
suppression that requires cautious, context-aware interpretation toward an operationally
reliable complement to VIIRS chlorophyll-a retrievals, with quantified confidence in regions
of mixed pollution sources.

6. Conclusions

This study presents a proof-of-concept empirical relationship between SWOT-derived
MSS anomaly and VIIRS chlorophyll-a in the Amazon River plume. The retrieval demon-
strates that SWOT can observe coastal surface roughness suppression patterns that are
broadly associated with elevated chlorophyll-a under favorable conditions. A measure
of ocean roughness (MSS) was derived from SWOT radar scattering cross section data.
Deviations of the MSS from its usual value at a given wind speed (referred to as the MSS
Anomaly) are derived from the SWOT data combined with ancillary ERA5 estimates of
wind speed. MSS Anomaly is a measure of the suppression of wind-driven ocean surface
roughening. It is attributed to the presence of marine litter on the surface. We consider
algae as an example of marine litter, as detected by the VIIRS imager, and show that MSS
Anomaly can be used to construct an algal bloom detection and tracking product in the
Amazon River. The product is developed empirically from matchups between SWOT-
derived MSS Anomaly and VIIRS-derived chlorophyll-a concentration (CC) across the
outflow region of the Amazon River into the Atlantic Ocean. SWOT and VIIRS images of
CC are found to generally agree in the Amazon outflow region. This model has a tested
validity range of 0-6 mg/m3. The retrieval was also examined near the Congo River
outflow as an illustrative case rather than as a formal validation. While relative trends in
the two CC products agree near the Congo, there is a clear high bias in the SWOT version
which is believed to be caused by the presence of other (non-algae) forms of roughness-
suppressing materials in the region. The Congo River example therefore demonstrates both
the potential and the limitation of the approach: SWOT can identify areas of anomalous
roughness suppression, but ancillary information is required to distinguish algal blooms
from other surface-active materials or pollutants. The uncertainty estimate associated
with ERA5 wind speed quantifies only one component of the retrieval uncertainty and
does not include structural or attribution uncertainty. Future work should include in situ
chlorophyll-a validation, explicit false-positive analysis, and region-specific tests using
ancillary observations of surfactants, oils, sediments, and floating material.

Author Contributions: Conceptualization, C.R. and G.S.; methodology, C.R. and G.S.; software, G.S.;
validation, G.S. and C.R,; data curation, G.S.; writing—original draft preparation, G.S.; writing—review
and editing, G.S. and C.R;; visualization, G.S.; supervision, C.R.; project administration, C.R.; funding
acquisition, C.R. All authors have read and agreed to the published version of the manuscript.

Funding: This work was supported by NASA Science Mission Directorate contract NNL13AQ00C
with the University of Michigan.

Data Availability Statement: All ERA5, SMAP, and SWOT datasets are available online, and are
referenced to their exact locations below. The code used to process the datasets and generate
the empirical SWOT chlorophyll-a retrieval will be made publicly available upon publication at
https://github.com/gopalsun98.

https://doi.org/10.3390/rs18152464



Remote Sens. 2026, 18, 2464

24 of 31

Conflicts of Interest: The authors declare no conflicts of interest.

Abbreviations

The following abbreviations are used in this manuscript:

SWOT Surface Water and Ocean Topography

VIIRS Visible Infrared Imaging Radiometer Suite

SAR Synthetic Aperture Radar

CYGNSS  Cyclone Global Navigation Satellite System
GNSS-R Global Navigation Satellite System Reflectometry
MSS Mean Square Slope

ECMWF  European Centre for Midrange Weather Forecasting
ERA5 ECMWEF Reanalysis 5

SST Sea Surface Temperature

SSS Sea Surface Salinity

RMSD Root Mean Square Deviation

SNPP Suomi National Polar-orbiting Partnership

OLCI Ocean Land Color Instrument

DINEOF  Data Interpolating Empirical Orthogonal Functions
CcC Chlorophyll Concentration

LUT Lookup Table

Appendix A

Appendix A.1. Fresnel Reflection Coefficients

Creating the Fresnel Reflection Coefficients requires use of Equation (4), which means
using ERAS Sea Surface Temperature and SMAP Sea Surface Salinity as inputs into the
Double Debye model. However, this has an incredibly computationally expensive runtime,
so it was imperative to check how SST and SSS impact the Fresnel Reflection Coefficients.
Figure Al is an example of the change in Fresnel Reflection Coefficient over various SSTs,
with constant SSS. Curves were plotted for multiple different salinities to check if changing
salinity would impact the FR Coefficient.
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Figure A1l. Fresnel Coefficients over SST, showing the SSS family of curves.
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Overall, the change in FR over SST is quite minimal, but the curves start to pull apart
from each other as the SST increases. Figure A2 is a zoom in on the region with the biggest
difference between the curves.
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Figure A2. A zoom in on the high SST region of the iso-salinity curves.

This region has the biggest split between SSS curves, with a max difference between
the top curve and bottom curve of 0.0026. Even if there is a split, it may not matter. With
this range of FR Coefficients [0.455-0.57], we need to see how much the FR affects MSS,
and how much the difference in FR (e.g., 0.539183 to 0.541776) will affect at a given SST
will change the MSS.

The dynamic range we are currently using for oy is 6-17.5 dB [29]. Converting into
linear units, this means the sigma0 used is between 10%¢ and 10!7°. Figure A3 looks at MSS
over the entire FR Coefficient range.
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Figure A3. MSS over the entire range of Fresnel Coefficients.
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Because of the ~1/x relationship between sigma0 and MSS, this curve carries the shape
of 1/x. This means the area where the MSS is most affected by FR is at low sigma0 values.

Taking two curves of FR = 0.539183 and FR = 0.541776, we can compare them and see
the MSS difference along the whole curve. The two curves are plotted out in Figure A4.

0.14 T T T T T

0.53918
L 0.54178

0.1 \ -

0.08 - 1

MSS

0.06 -

0.04 - S

0.02 e -

Figure A4. MSS curves that have the biggest variance in FR(SST) across SSS.

These two curves are incredibly similar. The biggest difference between these curves
is 6.51 x 107, which is negligible. This shows that even the super low SSS does not affect
the MSS.

Appendix A.2. Incidence Angle Changes

The Equation for the Fresnel Reflection Coefficients is

R(e, ) = 1 e(f,T,S)cos(8) — /e — sin?(8) B cos(8) — /€ — sin?() , (A1)
2 ecos(f) + /€ — sin?(6) cos(8) + /€ — sin?()

where ¢(f,T,S) is the relative dielectric permittivity of seawater, which now can be deter-
mined using just frequency and temperature. The other parameter that can affect the FR
Coeff is the incidence angle. Incidence angles are varied to see the FR curves over the 6
family in a similar manner to SSS.

Varying the incidence angle from 0.8 to 4 degrees, Figure A5 has the family of incidence
angle curves over SST.

The change in FR for 0 is significantly smaller than the one in FR for SSS. Therefore, 6
in the FR Coefficient does not seem to matter. The change in MSS is orders of magnitude
smaller than the FR change.

This makes Fresnel Reflection Coefficients dependent solely on sea surface tempera-
ture. To improve coding runtime and simplify the problem, a lookup table (LUT) is created
for as close of a 1 to 1 matchup between FR Coeff and SST as possible.

Appendix A evaluates only the direct influence of SST, SSS, and incidence angle on
the Fresnel Reflection Coefficient used in the MSS calculation. It does not quantify indirect
environmental effects associated with salinity fronts, convergence, plume dynamics, or the
co-accumulation of algae, surfactants, oils, or floating debris. These processes may influence
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surface roughness independently of chlorophyll-a and therefore represent structural sources
of uncertainty in the empirical retrieval.
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Figure A5. (top) FR(0) across SST for varying incidence angles. (bottom) Zoomed in version of (top)
to show the difference between the family of curves.

Appendix B

In-Depth Description of Filtering the Overpasses Further to Make the SWOT
MSS anom-Algae Model

From the 35 SWOT overpasses with log fits between MSSanom and chlorophyll-a, the
RMSD was calculated for each overpass. Figure A6 displays a histogram of RMSD values.

A filtering threshold of RMSD < 0.1 was used to capture the mean and mode of the
data, while excluding some of the poorer outlier cases.

With this filter, 28 overpasses are now included in the model training dataset. The
complete set of 28 overpasses is combined to produce a single aggregate model. Figure A7
is a scatter plot of all the MSSanowm and chlorophyll-a matchup data from the 28 overpasses,
with a best-fit quadratic fit overlaid on top.
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Figure A6. A histogram of the RMSD between the logarithmic best-fit curves and the SWOT-VIIRS
matched up data.
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Figure A7. A scatter plot of all the SWOT and VIIRS data overlaid with a quadratic best-fit line.

The Equation for the quadratic fit in Figure A7 is
MSS anom = (5.4 %1074)CC? — 0.0201CC + 0.0179 (A2)

where MSSsnoM is the MSS Anomaly predicted from CC, the chlorophyll-a concentration.

Figure A7 has an RMSD of 0.0941. This is higher than the majority of the single
overpass curves, but this can be parsed apart by looking at the roll-off terms and scale
factor terms of each of the single overpass curves.

From the aggregate fit, we can compare the single overpass fits to the aggregate fit
and check the RMSD between the fits. Figure A8a is a histogram of the RMSD between the
single overpass fits and the aggregate fits. Figure A8b is a plot of all the single overpass fits
overlaid on top of the aggregate fit.
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Figure A8. (a) A histogram of the RMSD between the single overpass fits and the aggregate fit.
(b) The single overpass curves are overlaid on the aggregate curve.

Using the histogram in Figure A8a, another RMSD threshold can be established, this
time at 0.1. This filters out 13 of the 28 curves, leaving us with 15 overpasses.

Figure A9 shows the newly filtered curves overlaid on the aggregate curve, done in
the same style as Figure A8b.

From Figure A9 the process leading to Figure A7 can be repeated, as the new aggregate
is plotted with a best-fit logarithmic curve, this time deciding what the SWOT MSSanom-
chlorophyll-a concentration model will look like. This is the detailed process used to derive
the curve in Figure 11. Table Al below is a description of how each filtering step reduced
both the number of overpasses and pixels of data.
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Figure A9. The 15 best single overpass curves overlaid on the aggregate curve.

Table A1l. Amazon River SWOT Overpass Filter.

Filtering Step Overpasses Retained Pixels Retained (Number of Points/%)
All Amazon SWOT overpasses 100 93,170, 100%
Dynamic range criteria 46 74,558, 80.0%
Minimum sample count 42 74,429, 79.8%
RMSD threshold 1 35 63,300, 67.9%
RMSD threshold 2 15 37,661, 40.4%

This table shows that even with only 15 overpasses in use, over 40% of the data from
the Amazon is used to train the model, and 27% is used to test it.
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