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ABSTRACT

Advances in high-resolution satellite sensors and merged multi-sensor ocean colour products have improved
the detection of submesoscale features and enhanced the continuity of ocean surface measurements. This has
enabled more detailed observations of chlorophyll-a (chl-a) growth rates, biomass and biogeochemical fluxes.
Chl-a, a photosynthetic pigment in marine autotrophs, is used as a proxy for phytoplankton biomass and
primary productivity. The accurate estimation of surface chl-a via remote sensing is key to improving coastal
ocean process modelling. We compared chl-a products from sensors of multiple spatial resolutions, including
Sentinel-3 Ocean and Land Colour Imager (OLCI), the Moderate Resolution Imaging Spectroradiometer (Aqua)
(MODIS Aqua), the Visible Infrared Imaging Radiometer Suite (VIIRS) on Suomi NPP and the Ocean Colour
Climate Change Initiative (OC-CCI) V6 product to two in situ datasets (M1 and C1) in Monterey Bay, California,
USA. Sentinel-3 consistently performed well under the Inverse Modelling Technique - Neural Network chl-a
algorithm, performing slightly better at station M1 (R?,, = 0.85, R?_, = 0.80). The Ocean Colour for MERIS
algorithm performed better at offshore station M1 (R?, . = 0.87) and yielded no matchups at C1. MODIS Aqua
and VIIRS performed poorly (R?, yops = 0-32, R?, yirs = 0-02, R?, 1onis = 0.08, R?;, | 0s = 0.25), likely inhibited
by calibration to global as opposed to regionally adapted datasets. OC-CCI, though blended for greater
continuity, produced fewer matchups at a higher accuracy (R?, ocqc = 0.66, R, oo = 0.63) than MODIS
Aqua or VIIRS alone, but still less so than Sentinel-3 OLCI. All sensors either over- or under-estimated chl-a
at all concentrations, apart from OC-CClI, likely due to the complex coastal optical properties of the area. Our
results highlight the need for regional algorithm development and show the potential effectiveness of Sentinel-3
and OC-CCI products for future submesoscale process studies.
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INTRODUCTION products has provided the ability to monitor
finer submesoscale processes in coastal waters
using chlorophyll-a (chl-a). Chl-a is a pigment in
autotrophic organisms that provides a proxy for
biomass, which can be used to infer ecosystem
health by estimating primary productivity (Azmi
et al.,, 2015; Friedland et al., 2012; Torbick
et al., 2008). Autotrophs are the primary food
source for higher trophic levels and a major
source of sequestration of atmospheric CO,.
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Remote sensing (RS) applications typically
enable us to make Earth observations at regional
and global scales, with open-source data offering
free access worldwide. The development of
higher resolution satellite sensors and blended
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Polimene et al., 2017). This process locks away
about 30% of anthropogenic CO, emissions,
serving as a critical buffer against climate change
in general. Therefore, improved (including
higher-resolution and finer-scale) measurements
of phytoplankton activity are vital to understand
and model submesoscale processes and inform
management and scientific efforts (Basu and
Mackey, 2018; Divya et al., 2018).

In general, challenges arise using RS for chl-a
estimation, such as atmospheric correction (Werdell
et al., 2010), cloud cover (Markelin et al., 2016),
coarse spatial and temporal resolutions (Giardino
et al., 2014) and complex coastal optical properties
(i.e., turbidity, river input and land-sea ambiguity),
affecting satellite image quality, retrieval algorithms
and thus data reliability (Chen et al., 2013). Waters
characterized by multiple factors influencing their
optical properties (i.e., non-algal particles (NAPs)
and coloured dissolved organic matter (CDOM)),
such as coastal and inland areas, are referred to
as Case 2 waters. In contrast, open ocean regions,
in which surface optical properties are primarily
influenced by photosynthetic pigments (i.e., chl-a)
are known as Case 1 waters, as per the optical
classification described by Morel and Prieur (1977)
(Chenetal., 2013; Darecki et al., 2003; Sorrell et al.,
2009). Depending on the sensor, raw optical images
are often processed by algorithms, such as Ocean
Chlorophyll 2 (OC2), a two-band empirical algorithm
for chl-a concentration retrieval from RS reflectance
(Tilstone et al., 2021). Product variability occurs
between sensors, withsome, such as Sentinel-3(S3),
focusing on higher spatial resolutions (i.e., 300m),
whereas others, such as the moderate resolution
imaging spectroradiometer (Aqua) (MODIS Aqua),
focus on high temporal coverage (i.e., 1 day;
Table 1). Conventionally, achieving high spatial
and temporal resolution with consistent coverage
has proven challenging due to inherent trade-offs,
associated with specific scientific objectives and
engineering compromises. To produce consistent
and complete error-characterized time-series
data for climate research and modelling, blended
products (OC-CCIl) have been developed. These
products were designed to provide improved
temporal and spatial coverage by blending data
from satellite missions and reduce gaps due to
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cloud cover and to minimize sensor degradation
or limited swath width. Blended products also
reduce bias and enhance the reliability of chlorophyll
concentration estimates (Valente et al., 2022).

S3 Ocean and Land Colour Instrument (OLCI)
imagery has been used to derive accurate estimates
of chl-a (R? = 0.83, RMSE = 9.8 mg/ m®) using in
situ data in a Baltic Lake study (Soomets et al.,
2020). Additionally, S3 has been suggested for use
with higher concentrations (>20 mg/m?); both have
been found to outperform MODIS Aqua and VIIRS
when using commonly applied algorithms such as
OC2/0C3 (Cazzaniga et al., 2019; Pirasteh et al.,
2020; Tilstone et al., 2021). S3 has proven most
accurate in turbid areas, such as the Belgian and
the Mediterranean coastlines, when processed
using specialty bio-optical algorithms, alongside
specific atmospheric corrections via RS data
processing applications such as ACOLITE (Soria-
Perpinya et al., 2021; Vanhellemont and Ruddick,
2021). Both MODIS Aqua and the visible infrared
imaging radiometer suite (VIIRS) on Suomi NPP
have shown promising results in Case 2 waters,
such as the Arabian Gulf (MODIS Aqua R? = 0.79)
and Chinese waterways (VIIRS R? = 0.76), when
combined with area-specific algorithms (Al-Naimi
et al., 2017; Jiang et al., 2020). These studies have
provided a baseline for sensor accuracy. However,
a localized comparison of the three has yet to be
conducted in more turbid and productive Case 2
waters. For the open ocean, chl-a concentrations are
typically derived utilizing reflectance and absorption
in the blue and green portion of the electromagnetic
spectrum. However, coastal and inland settings often
show an overlapping of absorption characteristics
between chl-a with NAPs and CDOM, making it
difficult for bio-optical algorithms to derive accurate
estimates (Herman, 1999; Lin et al., 2014; Nima
et al., 2016). Adding to this, turbidity, chl-a,
NAP and CDOM properties are highly variable.
Thus, it is necessary to validate chl-a algorithms for
RS sensors in several regions to determine accuracy
and help guide the future development of regionally
unique algorithms (Al-Naimi et al., 2017; Darecki et
al., 2003; Theenathayalan et al., 2022).

In this study, we analysed and compared
the chl-a products from four ocean colour
sensors (MODIS Aqua, VIIRS, S3 OLCI
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and the OC-CCl V6 merged multi-sensor ocean
colour product) (Sathyendranath et al., 2023)
(Table 1) regarding in situ data measured via
laboratory optical fluorometry collected from fixed
long-term sampling locations in coastal Monterey
Bay, California, USA (Figure 1). This range of
sensors represents distinctly varying spatial and
temporal resolutions, which provides a comparison
for assessing the use of a specific sensor to observe
coastal processes across multiple spatial scales.
Additionally, all sensors have varying numbers of
spectral bands, which affects the quality, reliability,
and range of optical properties that can be derived
from a sensor. S3 (OLCI) has 21 spectral bands,
MODIS Aqua has 36 and VIIRS has 22. OC-CCI
V6 is a blended product combining the common
bands of the various sensors; yet this quantitative
measure is not purely indicative of the accuracy
of derived products (Barnes and Salomonson,
1992; Jackson, 2020; Sathyendranath et al., 2012;
Schueler et al., 2002).

Another source of variation occurs from the
product algorithms. MODIS Aqua and VIIRS
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products are commonly derived using the
colour index algorithm (CIA), which is based
on empirical measurements of in situ chl-a and
RS reflectance within the green and blue spectra
(Huetal.,2012; Kahru etal., 2015; O’'Reilly et al.,
1998). Lastly, two commonly applied algorithms
to S3 ocean imagery are ocean colour for the
Medium Resolution Imaging Spectrometer
(MERIS) (OC4Me) and inverse modelling with
neural networks (NN). OC4Me is a polynomial
semi-analytical algorithm based on a history of
apparent optical properties that are measured
in situ around global coastal waters (Bricaud
et al., 1998; Morel and Maritorena, 2001; Morel
et al.,, 2007). The NN approach is different to
the other algorithms, using an inverse radiative
transfer model neural network that trains the
model rather than being based on empirical or
analytical analyses (Brockmann et al.,, 2016;
Schiller and Doerffer, 1999; Syariz et al., 2019,
2020). OC-CCl is amerged multi-sensor product,
created to increase continuity of measurements
(Sathyendranath et al., 2023).

Table 1. Satellite date ranges with temporal (hrs/days) and spatial (km? or m?) resolutions.

Sensor Date Range Temporal Resolution Spatial Resolution Algorithm
OC-CCl September 1997 — Present 1 Day 1 km? V6

MODIS Aqua May 2002 — Present 1 Day 1 km? CIA

VIIRS October 2011 — Present 1 Day 750 m? CIA
Sentinel-3 May 2016 — Present 1-2 Days 300 m2 OC4Me/NN
STUDY SITE Bay begins at the start of spring, inciting large,

Approximately 40 km wide at the mouth and
covering an area of around 100 km2, Monterey Bay
is the largest open bay in coastal California (Ryan et
al., 2009). Monterey Bay lies in the central California
Current System, a biologically productive region
created by the coastal upwelling of cold nutrient-
rich waters along the western coast of the US
(Ryan et al., 2009; Manzer et al., 2019). Monterey
Bay is of specific interest due to the near-shore
deep-water canyon that begins at the mouth of the
Elkhorn Slough, helping to facilitate upwelling and
sustaining diverse marine communities (Goffredi
et al., 2004; Mansergh and Zehr, 2014; Rosenfeld
et al.,, 1994). This seasonal upwelling in Monterey

productive phytoplankton blooms (Breaker, 2005;
Reiji et al., 2020). This boom in productivity leads
to post-upwelling relaxation periods as the water
column becomes thermally stratified before the
onset of the poleward flowing Davidson Current
in winter, bringing warmer water and reducing
stratification, decreasing phytoplankton bloom
regularity and scale (Chavez, 1996; Pennington
and Chavez, 2000; Reji et al., 2020; Ryan et al,,
2014; Thomson and Krassovski, 2010). As with all
coastal regions, physical processes in Monterey
Bay operate across a variety of temporal and spatial
scales and concentrations of chl-a are largely driven
by seasonal upwelling (Manzer et al., 2019).

Ocean and Coastal Research 2025, v73:e25024 3



Styles et al.

The long-running marine research in the
region, primarily coordinated by the Monterey
Bay Aquarium Research Institute (MBARI),
has seen the deployment of multiple permanent
in situ long-term sampling stations from which
oceanographic data are collected. In total,
two locations of interest for this study are M1
and C1; approximately 5 and 20 km from the
coast (Figure 1) (Mansergh and Zehr, 2014).
These locations are visited monthly from which
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water samples are taken for chl-a measurements.
This high biological productivity, coupled with
the long-term record of in situ chl-a, makes
Monterey Bay an ideal location to conduct a
sensor validation study, especially to test the
accuracy of commonly employed sensors and
algorithms in a coastal setting. While the station
at M1 is exposed to the conditions of the offshore
California Current, the station at C1 represents
coastal Case 2 waters.

Elkhorn Slough - Z
ot §-VS

Sanbosn Map Company, Santa Cruz County, Earthstar Geographics,

121°40'W

Figure 1. In situ sampling locations within Monterey Bay, California, USA. The Elkhorn Slough has been annotated for reference
as the start of the deep-sea canyon above which the two locations of the M1 and C1 are situated.

AIMS

This investigation aimed to assess the
accuracy of chl-a products from four sensors,
coupled with their algorithms, against in situ data
in the Case 2 waters of Monterey Bay. Its outcome
will aid recommendations to guide future studies
of coastal RS and the applications of global
algorithms to regional areas. Furthermore, it will
help to assess the accuracy of higher resolution
and blended RS products that may explain finer
and submesoscale oceanographic processes.
This investigation aims to:

1. Find the most accurate sensor and

algorithm for a) near-shore (i.e., C1) and b)
coastal regions (i.e., M1).

2. Describe the variance in accuracy of
chl-a retrieval as influenced by sensor
characteristics or various algorithms.

METHODS

DATA COLLATION

In situ chl-a data were obtained from the
Biological Oceanography Group at MBARI,
who took seawater samples at the M1 and C1
stations. Chl-a concentrations were assayed
using the modified fluorometric procedure of
Holm-Hansen et al. (1965). Chl-a was extracted
from glass microfiber filters (grade GF/F, pore size
0.7 um) through which known volumes of seawater
collected with a CTD rosette had been passed
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using 10 ml of 95% acetone, stored in a freezer
between 24 to 30 hours once the sampling trip
returned to shore. Fluorescence of the extracted
chl-a was measured using a Turner Designs
Model 10-005 R fluorometer calibrated using
known concentrations of commercial chl-a. Chl-a
for each sample was then calculated from the
standard curve relating fluorescence and chl-a
(Holm-Hansen et al., 1965; Parsons et al., 1984;
Pennington and Chavez, 2000). Optical satellite
data were sourced to match in situ data from 1
January, 2013 to 1 July, 2021. MODIS Aqua
and VIIRS have daily one-km resolution L2 data
that were sourced from the 'from the National
Aeronautics and Space Administration (NASA)
repository WorldView with the CIA algorithm
applied (Hu et al., 2012). Daily, 300-m resolution
S3 imagery was downloaded from the European
Organisation for the Exploitation of Meteorological
Satellites, including OC4Me and NN chl-a
products. OC-CCI data were downloaded from its
portal (https://www.oceancolour.org/portal/).

DATA PROCESSING

For the OC-CCI, MODIS Aqua, VIIRS and S3
data sets, the pixels within a three by three window
(i.e., pixel size is equal to the spatial resolution of
the sensors; see Table 1) surrounding the in situ
stations were found and extracted, and the mean
chl-a value was calculated and used for analysis.
Once the chl-a values were spatially extracted,
the mean chl-a value of each sensor was matched
to the corresponding in situ point based on date.
Matchups were allocated between points that were
captured within + three hours of each other, ensuring
that temporally reasonable matches could be made
without sacrificing the sample size for each sensor.
For MODIS and VIIRS processing, ATM_FAIL, LAND,
HIGLINT, STRAYLIGHT, CLDICE, HISOLZEN
and HISATZEN flags were applied (Table S1).
The 869-nm channel was applied for cloud
flagging over water. For S3 OLCI, the following
set of common quality flags were used: AC_FAIL
and INVALID, CLOUD, CLOUD_AMBIGUOUS,
CLOUD_MARGIN, SNOW_ICE, COSMETIC,
SATURATED, SUSPECT, HISOLZEN, HIGHGLINT,
ADJAC and WHITECAPS (Table S2). OC-CCI V6 is
a merged product that was adopted for generating

Chlorophyll-a retrieval of sensors in Monterey Bay

an ocean-colour time series for climate studies
using data from the MERIS sensor of the European
Space Agency, the sea-viewing wide-field-of-view
sensor (SeaWiFS) and MODIS-Aqua sensors from
the NASA (USA) and the VIIRS from the National
Oceanic and Atmospheric Administration (USA).
More information on the algorithm development and
processing can be found in Sathyendranath (2023).

DATA ANALYSIS

The matchups were evaluated by fitting a
linear regression to the data for each sensor
and in situ combination, in which the R?2, root
mean squared error (RMSE), bias and residual
prediction deviation (RPD) were used to
appraise the fit of the remotely sensed values.
RPD involves dividing the standard deviation
of observed values by the RMSE of prediction.
It is a non-dimensional statistic that can be
used to evaluate model validity and can be
more easily compared across different model
validation studies. A greater RPD indicates a
better predictive capacity of a model. The relative
percent difference (RPD (%)) between satellite
estimates and in situ values was also calculated.
All analyses were applied to log-transformed
data, owing to the natural distribution of chl-a on
a logarithmic scale, and that this transformation
downweighs large values to more easily capture
fine scale trends (Campbell, 1995).

RESULTS

Table 2 compares the sensors and algorithms
used at two stations, M1 and C1. For station
M1, the best performing algorithms were
S3 OC4Me and NN, having the highest R?2
values (R%g oo = 0-87; Regym = 0.85)
and indicating a good model fit (Table 1). The
merged OC-CCI V6 product shows reasonable
performance (R?,. ., = 0.66), with the VIIRS
CIA algorithm performing poorly (R?,oscimm =
0.02). For station C1, S3(NN) and OC-CCIl V6
obtained the best R? values (R’ o, = 0.80;
R?oc.ccici = 0-63). MODIS Aqua (CIA) performed
the worst at C1 (R? s c; = 0.08), giving the CIA
algorithm almost no predictive power. VIIRS CIA
also performed poorly at M1 and C1 (R?
= 0.02; R?

VIIRS(CIA),M1

= 0.25). RMSE and bias

VIIRS(CIA),C1
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values indicate model performance and over- or
under-prediction. Highest RMSE values or poor
performance pointed to MODIS Aqua CIA at
M1 (RMSE = 30.1) and MODIS and VIIRS CIA
at C1 (RMSE = 5.9 and 5.2). The MODIS Aqua
CIA algorithm at C1 had a bias of 3.4, showing
a strong over-/under- prediction at M1 (RMSE =
5.2). S3 OC4Me at M1 had a bias of 3.4 and S3
NN had a bias of 5.5 at M1 and C1, indicating
over-prediction. A highly positive RPD (%) for S3
OC4Me (M1, 99%) and S3 NN (M1, 121% and
C1, 120%) indicated a large discrepancy between
the in situ and satellite derived values. VIIRS and
MODIS CIA (M1, 216% and C1, 165%) had the
highest RPD (%). Overall, S3 OC4Me and S3
NN models had the best R? for M1 but suffered
from high RPD (%) and bias. MODIS Aqua and

Chlorophyll-a retrieval of sensors in Monterey Bay

VIIRS CIA remain unreliable at M1 and C1, with
low R2 values. OC-CCI V6 is a stable performer
across both stations. The RPD indicated that
the best performance occurred with the OC-CCI
V6 algorithm at stations M1 and C1 (RPD = 1.4
and 1.7). The poorest predictive performance at
M1 occurred with VIIRS CIA (RPD = 0.51) and
at C1 with the MODIS Aqua CIA (RPD = 0.22).
In summary, the best model, S3 OC4Me, had the
highest R? (0.87), despite its slightly high bias.
The worst models are VIIRS CIA, an extremely
poor performer at M1 and MODIS Aqua CIA, a
poor performer at C1. OC-CCl V6 (R? = 0.63 -
0.66, RMSE =1.5-1.8, RPD = 1.4 - 1.7) showed
a good balance of accuracy and low bias. S3
models (OC4Me, NN) showed strong predictive
power but require bias correction.

Table 2. Total correlations, R2, RMSE, Bias, RPD (%) and RPD for each sensor and algorithm at the M1 and C1 stations.

* denotes a statistically significant result (p < 0.05).

Station Sensor Algorithm  n Rz RMSE Bias RPD (%) RPD Comments
2
M1 oc-ccl V6 17 066* 18 10 = 22 1.4  Moderate R, low RMSE, good RPD
and reasonable bias. Performs well.
) . .
MODISAqua  CIA 24 032° 301 5.2 94 10  LowR? veryhigh RMSE and high
bias. Poor predictive performance.
5 .
VIIRS CIA 12 002 66 18 216 o051  cxtremelylowR*and higherror
rates. Poor model fit.
. . .
s3 OC4Me 9 087 42 34 99 o075 _ DestRébuthigh RMSE and bias.
Decent model but needs bias correction.
High R? but high RMSE and bias.
S3 NN 11 085 7.9 5.5 121 0.82 Good predictive power but systematic
overestimation.
) .
ct 0c-CCl Ve 17 063 15 o017 56 17 Good R lowest RMSE and minimal
bias. Best overall balance.
) .
MODISAqua CIA 21 008 59 34 165 o022 verylowReandhigh RMSE. Poor
predictive performance.
2
VIIRS CIA 259 025 52 052 50 10 Low R? but acceptable RPD. Moderate
accuracy.
S3 OC4Me 0 - No data available.
. . . .
s3 NN 11 080* 7.9 55 120 0.82 High R?, but high RMSE and bias.

Similar to M1.

The regression plots in Figure 2 provide a key
insight into the over- or underestimation of the
sensors and algorithms. The variability in blue
points across plots suggests that the algorithms/
sensors have varying degrees of agreement with
in situ data. If the regression line (solid orange)

deviates from the 1:1 red dashed line, it indicates
systematic bias. The dotted lines surrounding
the regression line estimates uncertainty; wider
intervals suggest higher variability. OC-CCI V6
fits reasonably well the 1:1 line, with a slight
overestimation of in situ chlorophyll at M1 and C1.
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VIIRS and MODIS Aqua tend to underestimate
it at higher concentrations and to overestimate it
at lower values. MODIS Aqua and VIIRS seem
to have higher variability in satellite-derived
chl-a values against in situ data when compared

M1
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to other satellites. MODIS Aqua has more
scattering, suggesting higher uncertainty. The S3
algorithms seem to consistently overestimate
chl-a values. Note the change in the axes of
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these algorithms in Figure 2.

0.5

-05

0.5

-05

C1

05 0 05 1 1.5
In Situ log chl (mg/m?)

Figure 2. Scatter plot of the log chl-a for each combination of in situ sample location (x axis)
and sensor (y axis) that was regressed, with 95% confidence intervals shown in orange dotted
lines. The blue points represent matchups between satellite-derived and in situ measurements.
The solid orange line is a regression fit indicating the general trend of the relationship. The dotted
lines represent confidence intervals. The red dashed line represents the 1:1 relationship, which
indicates perfect agreement between the satellite and in situ data. Note the change in scale for
the y-axis for S3 NN and S3 OC4Me at station M1.
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Figure 3. Log chl-a (mg/m?) product at Monterey Bay on 12 September, 2019 from S3 (OC4Me & NN),
VIIRS, MODIS Aqua and OC-CCI. White pixels denote no chl-a measurement from cloud cover and coarse

resolution near the coast.

Figure 3 provides spatial insight into chl-a
estimation between sensors with a matchup of
sensors on September 12th, 2019. The NN algorithm
for S3 could derive chl-a values less than two km
from the shoreline in Monterey Bay. Comparatively,
S3 OC4Me seemed to encounter difficulty deriving
values that were closer to the shoreline, and the
image also showed patchiness. VIIRS and MODIS
Aqua also showed patchy coastal estimations
(up to ~2-3 km offshore). OC-CCI faced a similar
difficulty to MODIS Aqua and VIIRS with nearshore

retrievals. This figure indicates that the NN on S3
was the most conservative (i.e., -1 to 1 on a log
scale), followed by OC4Me and OC-CCI. VIIRS and
MODIS Aqua derived very high values (i.e., 2 on a
log scale) when compared to S3.

DISCUSSION

Sensor correlations with in situ measurements
varied depending on the combination of sensors,
algorithms and sampling locations. MODIS Aqua
and VIIRS had the least accurate measurements,

Ocean and Coastal Research 2025, v73:e25024 8
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particularly at C1, and S3 returned moderate
results for both algorithms (OC4Me and NN).
OC-CClreturned the best overall matchups for both
sensors based on all validation metrics. A general
marked decline in performance at C1 occurred
when compared to M1, which can be attributed to
the turbid nature of the coastal sampling location as
algorithms based on the blue-green wavelengths
can fail due to scattering and absorption by CDOM
(Ansper and Alikas, 2018). Our results also vary
according to other studies conducted on the same
sensors in optically complex waters.

Oc-ccl VERSION 6 (Vv6)

OC-CCI performed, on average, the best
(Table 3) in this comparison study. At M1 and
C1, OC-CCI showed a strong balance between
accuracy, bias correction and RPD. Other
validation studies using OC-CCIl are limited.
However, a recent application by Wakamatsu
et al. (2022) in Tasmania, Australia, yielded similar
results to this study. When comparing three chl-a
datasets (VIIRS, MODIS Aqua and OC-CClI),
OC-CClI performed the best for waters around the
east coast of Tasmania. However, it was difficult to
determine if OC-CCI chl-a was one of the strongest
matches to in situ data overall since the matchups
around Tasmania were weak and applied in
very localized areas (Wakamatsu et al.,, 2022).
The strength of OC-CCI, however, is that being a
blended product, it helps to fill temporal and spatial
gaps in locations in which other sensors are fixed
(Table 1). Therefore, we suggest that OC-CCI V6
could be applied when imaging optically complex
waters as our comparison indicates that it is a
reliable baseline algorithm.

Chlorophyll-a retrieval of sensors in Monterey Bay

SENTINEL-2 AND SENTINEL-3

Sentinel-2 (S2) is included to provide further
context to this study as the number of matchups
(n = 4) that occurred are too few to include in the
main results of this research (Table 3). The S2
performance for both algorithms (OC2 and OCB3)
showed reasonable correlations, in line with recent
studies on chl-a retrieval in turbid lake settings
in Vietnam (R? = 0.68), Lake Huron (R? = 0.49),
Kastela Bay in Croatia (R? = 0.69) and the central
ltalian Tyrrhenian coast (R? = 0.55), evincing the
performance of S2, particularly at C1 (Chen et al.,
2017; Ha et al., 2017; Ilvanda et al., 2021; Orlandi
et al., 2018). Shaik et al. (2021) achieved improved
satellite retrieval (R? = 0.88) for the Kakinada and
Yanam turbid coastal waters along the east coast of
India using fluorescence line height and maximum
chlorophyll index algorithms. These studies, among
others, attribute the success of S2 to its fine spatial
resolution (Ansper and Alikas, 2018). While our
limited results agree with the findings of other
studies, we are ultimately unable to draw meaningful
conclusions due to the small sample size for both
algorithms under S2 and its associated high bias
and RPD. Additionally, the large underestimation of
S2 likely offers an avenue for speculation regarding
the accuracy of the sensor under the OC2 and
OCS3 algorithms in Case 2 waters. Increasing the
number of data points for S2 would require inflating
the in situ matchup window up to potentially + 24
hours. While this would increase the sample size
for all sensors, the accuracy of any derived chl-a
would likely decline. This is an important trade-off
to consider, especially in the context of a sensor
comparison study in Case 2 waters.

Table 3. Sensor results from Sentinel-2 at M1 and C1 with the OC2 and OC3 algorithms. The lack of matchups meant that this
sensor and the algorithms used were excluded from the main results section.

Station Sensor Algorithm N Matchups R2 RMSE BIAS RPD (%)

M1 S2 0C2 4 0.88 0.10 1.9 64
S2 0OC3 4 0.84 0.10 24 91

C1 S2 0C2 4 0.93 0.12 5.2 120
S2 0OC3 4 0.95 0.14 55 138

It is difficult to completely align our results for S3
(both OC4Me and NN) with the existing literature
as the sensor performed differently at M1 and C1,

with OC4Me failing to retrieve any matchups at C1.
A coastal study in the Mediterranean Sea found that
OC4Me showed an overall moderate correlation
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with in situ points (R? = 0.55), outperforming NN,
which obtained poorer results (Moutzouris-Sidiris
and Topouzelis, 2021). Our results agreed with
this study, as OC4Me outperformed NN at M1,
a site further offshore influenced by the oceanic
waters of the California Current. Another study
conducted in the Atlantic Meridional Transect,
which includes coastal waters, found that S3
underestimated chl-a at low concentrations,
in line with our results, except that all values were
underestimated in our case (Tilstone et al., 2021).
Similar to our results, Binh et al. (2022) found
R? values of 0.58 for the OC4Me algorithm in
Vietnamese coastal waters (Case 2), and Staehr
et al. (2023) found an R? = 0.56 for Danish coastal
seas. Despite these moderate R? values, it is
clear from our results that these sensors with finer
spatial resolutions can differentiate and identify
finer submesoscale oceanographic processes in
these waters. As such, we propose that potential
users should consider the NN algorithm due to its
high predictive power, but bias correction methods
should be applied to reduce errors for chl-a values.

VIIRS AND MODIS AQUA

VIIRS performed poorly in our study, having
a different outcome than other validation studies
with this sensor. Studies in the South Java Sea
and inland Chinese lakes showed that VIIRS
gave commendable in situ correlations (i.e., Jiang
et al. 2020; R? = 0.76). However, both studies
used VIIRS data that had been processed to finer
spatial resolutions (i.e., 375m and 750m), when
compared to the one-km resolution in this study
(Jiang et al., 2020; Nuris et al., 2015). MODIS
Aqua also performed poorly in our study, likely due
to the aging of the instruments, far exceeding their
expected six-year lifespan (Angal et al., 2023).
The accuracy of MODIS Aqua is in line with a
recent comparison in similar Case 2 waters that
found that the OC3M algorithm with MODIS Aqua
data also performed poorly (R? = 0.01) (Abbas
et al., 2019). An earlier study found that, while
MODIS Aqua could reasonably estimate chl-a
at concentrations from 2 to 50 mg/m?® in Case 2
waters (similar to M1), it tended to lose sensitivity
below 20 mg/m3, whereas our data found that
accuracy was lost at higher chl-a concentrations

Chlorophyll-a retrieval of sensors in Monterey Bay

(Gitelson et al., 2009). The performance of VIIRS
and MODIS Aqua in this study highlighted the
difficulty of using coarse-resolution data and
global algorithms derived from Case 1 waters on
coastal Case 2 application. These results suggest
that users should avoid both sensors (CIA) unless
they improve their calibration.

VARIABLE WATERS IN MONTEREY BAY

The coastal waters of Monterey Bay are highly
dynamic . The varied performance of sensors and
algorithms in this study can be largely attributed to
the highly productive coastal nature of Monterey
Bay and the seasonal dynamics of upwelling and
algal productivity. The increased presence of
CDOM, NAPs, and concentrated algal presence
can confound algorithms that rely heavily on the
blue, green, red and near-infrared wavelengths,
which likely explains the varied results that
generally correlate with the sophistication of the
algorithm used, rather than the spectral capacity of
the sensor (Ali et al., 2016; Dall’Olmo and Gitelson,
2005; Gitelson et al., 2009; Herman, 1999).
Another reason for the difference in sensors is due
to the multiple atmospheric corrections for each
sensor. This is a complicated concept as sensors
can have various chl-a outputs depending on the
atmospheric correction used, such as MODIS
Aqua with the use of near infrared, the shortwave
infrared and the management unit of the north seas
mathematical models corrections (Carswell et al.,
2017). Since these vary by sensor in addition to
the algorithm, bands and resolutions, it is difficult
to have an ideal comparison of satellite chl-a to
in situ chl-a. Another potential avenue for future
research would be to incorporate the Santa Cruz
Wharf data, which are collected more frequently
than M1 or C1. However, this area also represents
more ‘extreme’ Case 2 waters than C1. The Santa
Cruz Wharf may aid the match-up count of all
sensors, which was limited in this study, with only
a total of six instances across the total focus period
in which all four sensors imaged the Monterey Bay
area on the same day. Our results support the
need for a regional algorithm for the Monterey Bay
(ideally for S3), especially considering the extent
of scientific research in the area. Additionally,
other infrared/red band algorithms (i.e., maximum
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chlorophyll index and fluorescence line height)
should be tested. The higher resolution of these
sensors can support finer submesoscale studies
for the region. Furthermore, considering the
extensive databases behind these sensors and
their performance in this study, all platforms (with
the right algorithms) could easily be utilized to
quantitatively monitor Monterey Bay (Gitelson et
al., 2009).

CONCLUSION

Overall, our study found that OC-CCI
and S8, regardless of the applied algorithm,
have considerable potential for retrieving
chl-a values in Monterey Bay, adding to our
understanding of smaller-scale (~300m) processes.
This capability can be attributed to their higher
spatial resolution, especially when compared to
VIIRS and MODIS Aqua, which, despite a coarser
spatial resolution, maintain a regular temporal
resolution, having a proven reliability that could
see a total combined dataset of up to 40 years
(Xiong and Butler, 2020). S3 seems to be situated
within the ideal trade-off point between reasonably
high temporal and spatial resolution, which is why
the sensor is one of the most suited to estimate
chl-a in Monterey Bay out of the four tested
ones. Likewise, OC-CCl, a blended product,
can also provide a reasonable temporal and spatial
resolution trade-off. However, upcoming products
from the NASA plankton, aerosol, cloud, ocean
ecosystem and geosynchronous littoral imaging
and monitoring radiometer sensors, in addition
to other high-resolution sensors such as Landsat
8 or Landsat 9, would likely be comparable or
outperform the S3 and OC-CCI products. These
newer sensors will be beneficial in their capability
of understanding high resolution oceanographic
processes, which is also important to improve
the estimation of coastal chl-a concentrations
and, ultimately, productivity. Future research
pertaining to RS in Monterey Bay should firstly
investigate the accuracy of S2 by obtaining more
in situ match ups. This could be achieved by Santa
Cruz Wharf data. Other atmospheric corrections
and algorithms should also be applied to S2 and
S3, alongside other sensors such as Landsat 8
and Landsat 9, to evaluate their respective chl-a

Chlorophyll-a retrieval of sensors in Monterey Bay

retrieval accuracies. This work is required to
improve coastal ocean process studies. Given
the focus on oceanography in heavily researched
areas such as Monterey Bay, it is crucial to have
reliable and accurate fine-scale estimates of chl-a
among other products that would help derive
submesoscale oceanographic processes.
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