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Abstract Ocean color models, facilitated by satellite-based remote sensing technologies, have transformed
our ability to monitor chlorophyll-a concentrations at the ocean's surface. These models decode changes in the
spectral properties of reflected sunlight to map phytoplankton biomass across extensive spatial and temporal
scales. Such capabilities are crucial for understanding marine primary productivity, carbon cycling, and
ecosystem reactions to environmental change. Additionally, improvements in atmospheric correction and in-
water algorithms over the past decades have reduced the uncertainties associated with chlorophyll-a retrieval,
rendering satellite-derived ocean color data more suitable for fisheries management, climate research, and
coastal water quality monitoring. However, the most commonly used ocean color products (e.g., Sentinel data
sets) do not provide uncertainties, which poses challenges in their application for analyzing events like algal
blooms and for risk assessment. Moreover, these models are typically evaluated using deterministic error
metrics that may not always capture the subtleties in model performance. This paper presents a probabilistic
alternative to traditional ocean color models, including the maximum band and color index models, utilizing
Bayesian regression and underpinned by the largest database of validated bio-optical match-ups. We further
propose a method for comparing ocean color models using information criteria. When conventional errors are
indistinguishable, information criteria (Bayesian and Akaike information criteria) provide a principled,
complexity-aware preference among ocean color models for the data sets analyzed, with the OC3 generally
favored when considering likelihood-based approaches, suggesting that additional parameters might not be
warranted.

Plain Language Summary Satellites help us monitor the health of our oceans by measuring their
color, which tells us about the amount of tiny marine plants-like algae called phytoplankton. These algae are
crucial as they form the base of the marine food web and play a big role in Earth's climate. Scientists use
mathematical tools, or models, to turn satellite ocean color measurements into estimates of phytoplankton
abundance (specifically, a pigment called chlorophyll-a). However, current standard models often do not tell us
how confident we can be in their estimates, and it can be hard to choose the best-performing model among many
options. In this study, we introduce a new way to approach these ocean color models using the so-called
Bayesian statistical framework. This allows models to not only predict chlorophyll-a but also to provide a
measure of uncertainty—telling us how reliable each prediction is. We also propose a more robust method for
comparing different ocean color models, helping us identify which ones perform most reliably by balancing
accuracy with simplicity. Our results show that the most commonly used model (known as OC4) is not always
the top performer. Sometimes, a simpler model (like OC3) can provide better results. This work helps improve
how we monitor phytoplankton, providing more reliable information for understanding ocean ecosystems,
managing fisheries, and assessing climate change impacts.

1. Introduction

Phytoplankton, a diverse group of microscopic photosynthetic organisms, form the foundation of marine eco-
systems and drive global biogeochemical cycles. As the primary producers in oceanic food webs, they underpin
the survival of higher trophic levels, including fish and marine mammals (Harris, 2012; Lévy et al., 2012). Their
ecological role extends beyond nutrient cycling; phytoplankton mediate the exchange of essential elements such
as carbon, oxygen, and nitrogen between the ocean and atmosphere (Cetinic et al., 2024; Jones, 1998). Notably,
their ability to absorb atmospheric carbon dioxide during photosynthesis positions them as key players in miti-
gating climate change, helping regulate the Earth's climate system (Basu & Mackey, 2018; Haeder et al., 2014).
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Remote sensing has revolutionized our ability to study phytoplankton on a global scale, offering high-resolution
data over vast spatial and temporal extents (Cael et al., 2023). This technology allows researchers to capture the
dynamic processes that regulate phytoplankton ecosystems, from daily variability to long-term trends, and to
detect ecological hotspots (Racault et al., 2014). Compared to traditional sampling methods, remote sensing
provides synoptic ocean coverage, overcoming logistical and temporal limitations (Platt et al., 2009). Further-
more, remotely sensed data are instrumental in calibrating and validating biogeochemical models that predict
marine ecosystem responses to climate change, including phenomena such as ocean warming, acidification, and
eutrophication (Shu et al., 2022).

Central to remote sensing approaches are ocean color algorithms, which estimate concentrations of phytoplankton
and associated water constituents by analyzing light reflected from the ocean's surface (Blondeau-Patissier
et al., 2014; Brewin et al., 2011). These algorithms exploit the spectral properties of chlorophyll-a, the primary
pigment in phytoplankton, which absorbs more blue and red light relative to green (Morel, 1980; Morel &
Prieur, 1977). The scattering of light by phytoplankton is thought to be controlled by its size and structural
complexity (Sun et al., 2025). For instance, by measuring the ratio of blue to green light, ocean color algorithms
can derive chlorophyll-a concentrations ([CHL-a]) as an indicator of phytoplankton biomass (Bricaud
et al., 1995). Advances in satellite technology and algorithm development have improved the accuracy of these
estimates, though challenges remain in regions with complex optical properties, such as coastal waters and es-
tuaries (Groom et al., 2019; Joint & Groom, 2000). In natural waters, absorption by chlorophyll-a is only one of
several factors influencing apparent color; [CHL-a] often covaries with other optically active constituents such as
colored dissolved organic matter, detrital material, and suspended sediments, all of which can exert an equal or
greater influence on the spectral reflectance (Houskeeper & Hooker, 2025; Prochaska & Frouin, 2025). A plethora
of ocean color models have been developed; however, standard error and correlation metrics do not do a good job
of differentiating among them (O’Reilly & Werdell, 2019). This necessitates developing complementary ap-
proaches for assessing models to better distinguish their performance.

Standard algorithms, such as the band ratio (O’Reilly & Werdell, 2019) and band difference (Hu et al., 2012)
among other ocean color models, are generally deterministic and lack awareness of the uncertain nature of the
retrieval IOCCG, 2019). A probabilistic framework, however, can capture uncertainties arising from factors such
as atmospheric interference, sensor noise, and variable water constituents, which often challenge remote sensing
applications (Brewin et al., 2012; Hammoud et al., 2025; Wang et al., 2024). Bayesian inference provides a robust
framework for statistical analysis and decision-making by incorporating prior knowledge and observed data to
update the probability distribution of uncertain parameters (Gelman et al., 2013; Najm, 2017). In the context of
ocean color models, Bayesian methods extend classical approaches by treating the regression parameters and
predictions as probabilistic quantities, governed by their predictive distributions, also called posterior distribution
(Craig & Karakoylii, 2019; Frouin & Pelletier, 2015). This probabilistic perspective enables the quantification of
uncertainty in parameter estimates and model predictions, making it particularly advantageous for complex and
noisy systems to enhance our understanding of phytoplankton dynamics and develop tools in applications ranging
from managing fisheries to understanding extreme algal bloom events.

Building on the principles of Bayesian inference, Bayesian model selection provides a systematic framework for
comparing competing models by evaluating their posterior probabilities (Chipman et al., 2001). Unlike standard
error and correlation measures, Bayesian model selection directly incorporates uncertainty and penalizes model
complexity through the marginal likelihood, or evidence, which integrates over all possible parameter values
(Hooten & Hobbs, 2015). This approach allows for the identification of models that not only fit the data well but
are also parsimonious and robust to overfitting (MacKay, 2003). These approaches are often beneficial in fields
where competing hypotheses must be rigorously evaluated or where uncertainty quantification is critical to
decision-making.

This study investigates Bayesian counterparts of standard ocean color algorithms, namely, band ratio and dif-
ference algorithms. In doing so, an interpretable approach for probabilistic ocean color models is established,
allowing for uncertainty quantification of [CHL-a] predictions. By following a more traditional approach for
constructing a probabilistic version of standard ocean color models, our model is different from other recent
works (e.g., Frouin and Pelletier (2015)) that focused on a Bayesian atmospheric correction, absorption co-
efficients (e.g., Prochaska and Frouin (2025) and Houskeeper and Hooker (2025)), and those that rely on a
Gaussian mixture approach with reflectances as input, which might lack in interpretability (e.g., Saranathan
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et al. (2023)). The performance of the probabilistic models is then compared with their deterministic counterparts,
verifying that both perform similarly on standard statistical measures, building confidence in the Bayesian
models. Bayesian model selection based on the Bayesian information criterion (BIC) is then adopted as an
alternative approach for assessing the performance of various ocean color models when statistical measures are
tied, enabling a more reliable metric for assessing model performance. The importance of which is further
underscored for future developments of ocean color models based on hyperspectral data, taking advantage of a
refined spectrum (Vandermeulen et al., 2020). Finally, we explore the application of the Bayesian ocean color
model using a realistic Sentinel-3 image, as a case study example of these probabilistic models.

The manuscript is organized as follows. Section 2 presents the openly accessible data sets considered in this study.
In Section 3, the standard ocean color models based on the band ratio and difference are outlined. Section 4
presents the Bayesian inference tools employed in this study, namely, Bayes' rule, Bayesian regression, and
Bayesian model selection. Results are then analyzed in Section 5. Finally, the main takeaways are discussed and
conclusions are summarized in Section 6.

2. Ocean Color Data

The present study relies primarily on a comprehensive repository of bio-optical match-ups of in situ measure-
ments (Valente et al., 2022a, 2022b). The repository is a compilation of 27 data sets that were individually
processed to ensure the highest level of quality control. Remotely sensed reflectances were retrieved from the
European Space Agency's Medium Resolution Imaging Spectrometer (MERIS), ESA's Ocean and Land Color
Instrument (OLCI), National Aeronautics and Space Administration's (NASA) Sea-viewing Wide Field-of-view
Sensor (SeaWiFS), NASA's Visible Infrared Imaging Radiometer Suite (VIIRS), and NASA's MODerate reso-
lution Imaging Spectro-radiometer Aqua (MODIS). The match-ups cover global waters, inclusive of coastal and
open waters, making the repository attractive for developing and testing ocean color models.

The repository employs data sourced from multiple project archives accessible through open internet platforms
and directly from data providers. Specifically, the match-ups were assembled from 27 in situ data sets acquired
from a variety of sources, including SeaBASS (Werdell & Bailey, 2002), NOMAD (Werdell & Bailey, 2005),
MERMAID (Barker et al., 2008), ICES (https://www.ices.dk/data/dataset-collections/Pages/Plankton.aspx),
ARCSSPP (Matrai et al., 2013), BIOCHEM (Devine et al., 2015), BODC (https://www.bodc.ac.uk/data/bodc_da
tabase/), COASTCOLOUR (Nechad et al., 2015), MAREDAT (Peloquin et al., 2013), and SEADATANET (sea
datanet.org). Additional data sets were obtained from projects such as MOBY (Clark et al., 2003), BOUSSOLE,
AERONET-OC, HOT, GeP&CO, AMT, AWI, BARENTSSEA, BATS, CALCOFI, CCELTER, CIMT, ESTOC,
IMOS, PALMER, TPSS, and TARA. Remotely sensed reflectances were retrieved from various instruments,
including ESA's MERIS, ESA's OLCI, NASA's Sea-viewing Wide Field-of-view Sensor (SeaWiFS), NASA's
VIIRS, and NASA's MODerate resolution Imaging Spectro-radiometer (MODIS). With its global distribution
encompassing both coastal and open waters, this database serves as an excellent resource for the development and
validation of ocean color models, as illustrated by O’Reilly and Werdell (2019).

The Valente et al. (2022a, 2022b) repository compiles a matchup of geographically-aligned bio-optical properties,
including the remotely sensed reflectances (R,,), in situ measured [CHL-a] that are measured by fluorometry
([CHL— al ,wr) or high-performance liquid chromatography ([CHL - a]yp.c), alongside other inherent optical

properties (IOPs). The I0Ps include the absorption coefficient of phytoplankton, the absorption coefficient of
detrital matter, the colored dissolved organic matter, the backscattering coefficients of particles, the diffusive
attenuation coefficient for downward irradiance, and the total suspended matter. The repository discards all
missing observations, those indicated with an incorrect date and/or geographic coordinates, obtained using an
incompatible measurement method, or exhibiting extreme values. Furthermore, the repository was constructed by
applying a threshold, based on the coefficient of variation (CoV), to discard data samples with high spatial and/or
temporal variability.

While this study heavily relies on one of the most comprehensive and openly available matchup data sets for
ocean color algorithm development, it is important to acknowledge several limitations. The data set inevitably
reflects regional and temporal sampling biases and may not capture the full diversity of optical conditions
encountered globally. Nonetheless, it has been widely used in prior studies for the derivation and validation of
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ocean color algorithms (e.g., O’Reilly and Werdell (2019)), which supports its continued use as a community-
standard benchmark.

In addition to the Valente et al. (2022a, 2022b) repository, this study also incorporates data from the NASA
SeaWiFS Bio-optical Archive and Storage System (SeaBASS) (Werdell et al., 2003). While partially over-
lapping, the SeaBASS data set was accessed independently and used to extract regionally-specific observations
along the United States of America coasts to complement the global data set. The SeaBASS repository provides a
comprehensive match-up data set of bio-optical and oceanographic field measurements, which adheres to the
match-ups criteria proposed by Werdell and Bailey (2005)—spatial measurement and temporal measurements are
within 5 km and +3 hours, respectively. The data set includes a diverse range of bio-optical measurements, such
as absorption coefficients, scattering coefficients, [CHL-a], and remote sensing reflectance (R,,). While the data
set compiled field campaigns, shipboard observations, and laboratory analyses, encompassing various global
oceanic regions and temporal spans, a subset covering the eastern and western coasts of the contiguous United
States was employed to derive regionally-tuned models. The data set is accompanied by detailed metadata
describing instrumentation, sampling methodologies, and calibration protocols, ensuring data reliability and
reproducibility.

3. Ocean Color Models

The maximum band ratio (MBR) algorithm is an established, empirical ocean-color retrieval method used to
estimate [CHL-a] concentrations in surface waters from satellite-derived reflectances (O’Reilly & Wer-
dell, 2019). At its core, this approach leverages the spectral characteristics of phytoplankton, which preferentially
absorb light in the blue region of the visible spectrum and reflect relatively more in the green. By examining the
ratio of R, at selected blue and green wavelengths, the MBR algorithm capitalizes on the strong relationship
between these spectral signatures and [CHL-a]. The MBR technique systematically evaluates multiple candidate
blue-to-green ratios and selects the one that yields the maximum ratio value. This procedure allows the algorithm
to maximize the signal and adapt to subtle differences in sensor-specific band positions and regional optical
conditions, ultimately improving its robustness and generality across diverse oceanic environments.

Once the maximum ratio is identified, it is translated into a [CHL-a] through an empirically derived polynomial
regression. These polynomial coefficients are calibrated against extensive in situ data sets, including direct
chlorophyll measurements and radiative transfer simulations. This calibration ensures that the algorithm's
parameterization accurately represents a wide range of oceanic conditions. Prominent MBR implementations are
encapsulated in the family of “OCp” algorithms, where p is the degree of the polynomial relating the MBR to the
log [CHL-a]. For example, the OC4 maximum band algorithm is a 4th order polynomial equation with an MBR
defined as:

MBR = max[R,,(443), R ,(490), R,,(510)] /R ,(555). (1)
The log;,[CHL-a] is then estimated according to:
log;o[CHL-a] = ¢ + ¢;log;o(MBR) + ¢,log;(MBR)* + c3log;o(MBR)’ + ¢,log;(MBR)*, ©))

where ¢y = 0.310,¢; = —2.621, ¢, = 2.910,c; = —3.238 and ¢4 = 1.036 for the deterministic case using the
comprehensive Valente et al. (2022a,2022b) data set and a LASSO regularized regression approach of Tib-
shirani (1996). Note that the Bayesian counterpart of the OC algorithm treats each of the coefficients c; as a
random variable whose distribution is inferred. The MBR algorithms are thoroughly described in O’Reilly and
Werdell (2019). While higher-order variants such as OC5 and OC6 can, in principle, reduce residuals within the
calibration range, they also risk introducing non-physical behavior outside that range. In particular, high-degree
polynomials fitted to log;,(MBR) may exhibit unrealistic oscillations or behavior at very small or large ratios,
leading to implausible [CHL-a] estimates. Such overfitting underscores the importance of evaluating model order
not only by goodness-of-fit but also by its physical plausibility and extrapolation stability. This consideration
further motivates the use of information-criterion approaches (Section 4.3) to objectively balance complexity and
likelihood as a complementary approach for model comparison and selection.
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Figure 1. Scatter plots illustrating the in situ [CHL-a] against the predictions using (a) OC3 and (b) OC4. The plots are
accompanied by the standard error and correlation metrics, which clearly indicate a similar performance, underscoring the
importance of exploring alternative approaches to compare ocean color models.

Another commonly used ocean color algorithm is the Ocean Color Index (OCI) algorithm, often referred to as the
band-difference algorithm (Hu et al., 2012). It has proven particularly effective for estimating phytoplankton
concentrations below 0.25 mg m™> (Hu et al., 2012). The OCI algorithm is given by:

&= R,(555) — 0.5[R,,(443) + R,,(670)]. 3)

Here, &, color index, measures the discrepancy between the reflectance in the green part of the visible spectrum
and the mean of the blue and red reflectances. This index is then used to estimate [CHL-a], according to:

[CHL-a] = 104+5¢, 4)

where the constants A = —0.4451 and B = 217.145 are derived via a LASSO regularized regression. Note that
testing of the OCI algorithm is performed for [CHL-a] below 0.25 mg m~3 since it becomes unclear how to
compute the model selection criterion for two models with different numbers of parameters that are trained on
different data sets.

3.1. Model Evaluation

Model performance is typically assessed using the deviation and correlation metrics such as those outlined by
Brewin et al. (2015). Error metrics generally involve the root mean squared error (¥), the unbiased root mean
squared error (A). Correlation metrics encompass the Pearson correlation coefficient (r), mean bias between
observations and model predictions (8), the percentage of retrieval (17), and the parameters of a Type-II regression,
namely the slope (S) and intercept (I). Detailed descriptions of these metrics and the associated computational
formulas can be found in Section 4.1 of Brewin et al. (2015). Consistent with established practices within the
scientific community, these metrics, applied in log;, space, fulfill the comparability criteria outlined by Seegers
et al. (2018) for non-Gaussian matchup data, obviating the need for additional robust estimators.

Prediction uncertainty is fully quantified by a distribution described by an ensemble of [CHL-a] predictions, and
reported in terms of the CoV, which quantifies prediction uncertainty as the ratio of the standard deviation to the
mean of the predictions. In particular, for a probabilistic model, an ensemble of predictions is generated to
construct the posterior distribution of [CHL-a]. The statistical metrics were subsequently computed on the
maximum probability estimate of the [CHL-a] posterior probability distribution, known as the maximum a
posteriori (MAP) estimate.

HAMMOUD ET AL.

5of 17

85U80|7 SUOWILLIOD 8A1e8.D) 8|qed!jdde au3 Aq pauienob aJe Sspie YO ‘@SN Jo Sa|ni Joj A%eid1T8UIIUO /8|1 UO (SUONIPUOD-PUB-SWIS) W00 A8 | 1M Afe.q 1 pulUO//SANY) SUORIPUOD pue swie | 8y} &8s *[920z/70/ET] uo Arigiaulluo Ae|im ‘AseAluN uoleould AQ TSSP00VISZ02Z/620T 0T/10pAL0d A8 | 1M Arelq 1 uljuosqndnfe//sdny woiy pepeojumoq ‘Z ‘9202 ‘Y80SEEET



V od |
AGU

ADVANCING EARTH
AND SPACE SCIENCES

Earth and Space Science 10.1029/2025EA004551

Figure 1 illustrates the scatter of the predicted [CHL-a] against its measured counterpart, using the OC3 and OC4
models. The conventional summary statistics (¥, A, r, S, I, 6) differ only in the second decimal place, leaving no
statistically defensible basis for preferring one model over the other. In other words, the standard error and
correlation metrics are too alike to resolve which algorithm delivers genuinely smaller residuals once sampling
noise is taken into account. This motivates the need to investigate alternative model selection approaches for a
more objective ranking, considering prediction uncertainties as well as the associated errors when evaluating
model predictions. To this end, we choose to examine Bayesian model selection through the BIC and Akaike
information criterion, which weighs each model's likelihood against its complexity and quantifies the relative
evidence in favor of one algorithm versus the other.

4. Bayesian Statistics
4.1. Bayesian Inference

Bayesian inference is employed to estimate the probability distribution of the ocean color model parameters. We
denote the inverse solution, vector of the model parameters, by #. Each random sample from the posterior dis-
tribution of the model parameters, €, produces one [CHL-a] estimate; repeating this process with a sufficiently
large number of draws yields an ensemble that adequately populates the posterior distribution of [CHL-a]. Bayes'
rule (Gelman et al., 2013) estimates the posterior distribution of model parameters as:

1(0|D) x n(D|@)n(0) )

where, n(0|D) is the posterior distribution, ©(D|@) is the likelihood and 7(@) is the prior distribution. The MAP
prediction, which is the prediction with the highest probability, is typically adopted as the most probable estimate
of the model parameters.

In this study, the prior distribution on € is a uniform distribution, meaning no prior knowledge is available.
Specifically, the prior over the polynomial coefficients spans the range ]—oco, +oo[, whereas that for ¢° is
10, +oo[. The likelihood function is chosen to be a Gaussian distribution, which is a common choice in the
literature (e.g. Schulz et al. (2018)), taking the form of:

=1 \/2n0?

L ( (yi - 5’;‘)2)

n(D|6) =] exp|— (6)
o

where, y and § are the observed and predicted data; n is the number of observations; and 0,2) is the variance in the
observed data. Note that the results for the Gaussian prior distribution, which require major computational
simplifications in the sampling, are presented in the Supporting Information S1. For completeness, we note that
Gaussian priors over the coefficients were centered over their deterministic solution with a unit standard devi-
ation, whereas that for ¢ was a standard Gaussian prior.

The Bayesian regression problem for the band ratio ocean color model can be written as:
y=X-0+¢ @)

where, X = [1,¢,...,8] is the Vandermonde matrix of the independent variable, such as the band ratio, up to
order p that is being evaluated; @ are the coefficients of the expansion; and € ~ N/ (0,02) is Gaussian noise
perturbing the predictions and having variance ¢ that is inverted for. Note, however, that this model structure
inherently allows for heteroskedasticity in the predictions, enabling the predictive uncertainty to scale with the
magnitude of the estimated value and with the density of observations.

This o provides a means for regularization, preventing overfitting, and for an intuitive measure of the prediction
uncertainty. In fact, ¢ is commonly introduced in Bayesian regression problems to explicitly represent aleatoric
uncertainty (Carlin & Louis, 2008; Gelman et al., 2013). Finally, we remark that the present analysis addresses
two primary sources of uncertainty: parametric uncertainty in the ocean color model parameters, and observa-
tional uncertainty in the available data sets. However, uncertainties in the matchups themselves—arising from
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measurement errors in the remote-sensing reflectances or the in situ [CHL-a]—are typically not reported or are
difficult to quantify. This limitation makes it challenging, at least for the data sets used here, to explicitly
incorporate these additional uncertainty components into the probabilistic framework, necessitating in situ data
providers to report uncertainties in the observations, ideally following standard protocols (Lin et al., 2022).
Nevertheless, o here represents an aggregate discrepancy, lumping unresolved variability and model-data
mismatch.

4.2. Markov Chain Monte Carlo

In this study, we utilized Markov Chain Monte Carlo (MCMC) methods to sample from the posterior dis-
tribution of model parameters given some data (Marzouk et al., 2007). MCMC is a powerful computational
approach for Bayesian inference, particularly effective for exploring high-dimensional or complex parameter
spaces. Specifically, we implemented the random walk Metropolis-Hastings (MH) algorithm (Gilks
et al., 1995), which constructs a Markov chain by proposing candidate parameter sets from a specified pro-
posal distribution and accepting or rejecting them based on an acceptance probability (Brown & Jones, 2024).
This probability, derived from the ratio of posterior probabilities of the proposed and current states, ensures
that the chain converges to the target posterior distribution (Marshall et al., 2004). The forward model was
evaluated at each sampled parameter set, and the likelihood function was computed by comparing the model
outputs to observed data. This algorithm has been well-described in the literature and is briefly described in
what follows.

Algorithm 1

Algorithm 1. Random walk Metropolis-Hastings algorithm

Data: Target distribution 7(8|D), proposal distribution ¢(6'|@)

Result: Samples {6V, 0% ... g™y

Initialize: Choose an initial state 0(0);

fori=1to N do

Propose a new state 8’ from q(0/\9(i_]));

Evaluate the forward model F (") using the proposed parameters ';
Compute the likelihood 7(D[@’) based on F(0") and the observed data;
Compute the acceptance probability:

. 7(0'|D)
a=min |1, ———"—
(01 |D)

Generate a uniform random variable u ~ U(0,1);
if u < « then

‘ Accept the proposal: 8% = @'
else

‘ Reject the proposal: 0 = gli—1);
end

end

In the present study, a standard procedure for Bayesian regression was followed to ensure reproducibility for the
widest audience. In particular, an uninformative uniform prior distribution was associated with the model pa-
rameters, and a normal likelihood function was adopted for the error model. The MH algorithm generated 1
million samples of @ across all experiments, after 100,000 burn-in samples. This is typically larger than most
Bayesian inference cases, but was achievable because of the simplicity of standard ocean color models.

4.3. Bayesian Model Selection

Bayesian model selection provides a robust framework for comparing competing models based on their posterior
probabilities, which systematically incorporates both the goodness-of-fit and model complexity (Hooten &
Hobbs, 2015; Neath & Cavanaugh, 2012). The posterior probability of a model M, is proportional to its marginal
likelihood, also known as the model evidence, n(D|M;), combined with a prior n(M;) on the model itself. The
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marginal likelihood is computed by integrating the product of the likelihood n(D|6;,M,) and the prior n(6,|M,)
over the parameter space 6, of the model:

*(DIM,) = f 7(D|0. MOR(0,|M,) d,.

This integral inherently penalizes overly complex models by spreading the prior probability across a larger
parameter space. Models with higher marginal likelihoods are more supported by the data, and the posterior
model probabilities can be used to compare and select among multiple competing hypotheses.

In practical applications, computing the marginal likelihood directly can be computationally intensive. Alter-
natively, approximate criteria like the BIC and AIC are often used. The BIC is derived as an asymptotic
approximation to the log marginal likelihood and is defined as (Wit et al., 2012):

BIC = —2 logL + k log(n),

where L is the likelihood of the model, k is the number of model parameters, and n is the number of ob-
servations. The BIC penalizes model complexity by incorporating the term k log(n), which increases with the
number of parameters and observations. BIC offers a convenient and computationally efficient approximation
to full Bayesian model comparison, albeit more suitable in the case of large data sets and not overly complex
models, which is the setting of a wide-class of ocean color models. Lower BIC values indicate models that
achieve a better trade-off between fit and simplicity. Finally, we note that while the BIC provides a convenient
and interpretable criterion for model selection, its reliance on asymptotic approximations makes it less suitable
for small sample sizes or when strong prior information is available, where full Bayesian approaches may be
more appropriate.

Unlike BIC, AIC targets expected out-of-sample predictive performance by estimating the (relative) Kullback—
Leibler risk (Akaike, 1998):

AIC = 2 logL + 2k.

Because its penalty is 2k (independent of n), AIC will tend to prefer richer models than BIC when 7 is large and
the maximized likelihoods are similar across candidates. This provides another interpretable measure that is more
suited for the condition when the data set is small. Generally, when BIC and AIC agree, the evidence for the
selected model is stronger; when they differ, we interpret the preference in light of the study objective
(complexity-aware parsimony versus predictive performance) and report results alongside conventional error
metrics as complements.

5. Results

The results of the present study are presented as follows. First, the deterministic and probabilistic OC models are
contrasted to confirm that the Bayesian model performs comparably to its deterministic counterpart. Then, the
standard validation metrics are presented for the Bayesian ocean color models for both OCp and OCI. The BIC for
the ocean color models considered are presented for various sensors present in the repository described in
Section 2. Finally, the most reliable probabilistic model is used to estimate the [CHL-a] field using a high-
resolution satellite image obtained from ESA's Sentinel-3.

5.1. Bayesian Ocean Color Models

The MH algorithm is first employed to sample the posterior distribution of the parameters of the Bayesian ocean
color models. In particular, samples from the joint posterior of the OCx coefficients (c;) and the likelihood noise
variance o2, all defined in the log;,[CHL - a] domain, were drawn using the MH sampler. As an example, Figure 2
illustrates the probability density function of the parameters of the Bayesian OC4 model. Note that these plots are
intended to illustrate the Bayesian counterpart of standard deterministic models, OC4 was selected because it is
widely accepted as the standard operational model, and the present methodology is extendable to virtually any
ocean color model. The plot also shows, in red, the coefficients of a deterministic OC4 model obtained through
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Figure 2. Histogram of the MH samples for the parameters of the OC4 ocean color model using an uninformative uniform
prior. The histograms are plotted based on approximately a million samples. The deterministic model parameters based on
standard regression are shown as vertical dashed red lines, which clearly indicate that a single deterministic model does not
cover the whole data spread, providing a single realization/prediction.

LASSO regression, where the regularization parameter is tuned to minimize the mean squared error between the
model predictions and the data. The figure shows that the coefficients of the deterministic model are close to the
MAP of those from the probabilistic model, which boosts confidence in the models behaving similarly. The plots
also indicate the uncertainty associated with each model parameter, which underscores the importance of
probabilistic algorithms that capture the inherent uncertainty in the data, often missed with deterministic models.
Note that the derived uncertainty follows a full Bayesian framework, where the posterior distribution naturally
integrates both data and prior information, providing credible intervals that directly quantify the probability of
parameter values. In contrast to frequentist confidence intervals, which rely on hypothetical repeated sampling,
Bayesian uncertainty estimates offer a more intuitive and comprehensive characterization of uncertainty,
reflecting the full range of plausible model behaviors given the observed data.

Further examining the qualitative behavior of the Bayesian models, [CHL-a] is plotted against MBR for different
ocean color models in Figure 3. The plots indicate that the MAP [CHL-a] predictions obtained using the sampled
coefficients follow the behavior of the in situ data closely. Furthermore, the uncertainty around the predictions,
represented by the posterior predictive intervals at 50%, 68%, 90%, and 95% in the shadowed regions, covers the
majority of the scatter of data points. Note that a posterior predictive interval is a Bayesian uncertainty measure
that quantifies the range within which data collected in the future are expected to fall, accounting for both
parameter uncertainty and data noise as inferred from the posterior distribution. These results indicate that the
Bayesian ocean color models are suitable for predicting [CHL-a] with reliable estimates of the associated
uncertainties.
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Figure 3. Scatter plots illustrating the [CHL-a] for the in situ (blue dots), Bayesian maximum a posteriori prediction (black),
deterministic OC prediction (red) and uncertainties represented by the posterior predictive intervals at 50%, 68%, 90%, and
95% for different Bayesian ocean color models, indicated in the captions, regressed using the global match-ups repository.

Finally, we investigate the quantitative performance of the Bayesian ocean color models. Figure 4 presents scatter
plots of the in situ data against the MAP predictions for all band ratio ocean color models. The plots also show the
standard error metrics for all MAP predictions, which indicate that all models have high Pearson correlation
coefficients between the data and predictions. The MAP predictions have similarly low errors with respect to the
data, where the root mean squared error ¥ < 0.3 for all band ratio models, and within approximately 5% of each
other. Similarly, the bias and unbiased root mean squared errors are comparably small for all band ratio models.
Finally, the slope and intercept of a type-2 regression indicate that the correlation is high and bias is low between
the data and model predictions, where S is within 2% of unity and § is of the order of 1073,

These results underscore the need for probabilistic models because subtle differences on the order of 0.05-0.11 in
log;,[CHL-a] correspond to ~12—29% in linear space. Such shifts can advance or delay surpassing fixed bloom
thresholds, alter the effective observation error used in biogeochemical data assimilation (and thus analysis in-
crements), and bias long-term trend estimates if systematic across time or sensors. Note that the most-probable
OC6 model derived by the MCMC algorithm exhibits an upper limit for [CHL-a], which is a byproduct of the
data's distribution and the 6th order polynomial, indicating that the model with the lowest errors might not
necessarily maintain physical consistency across the prediction space. This also suggests that higher-order models
might be susceptible to overfitting, and that for the present ocean color data set, a low- or moderate-order model
has reasonable expressivity. These results clearly underscore the importance of studying alternative measures that
support model selection because the present results indicate that all four plots have similar performance metrics
despite looking rather different.

5.2. Model Selection

This study examines an alternative complementary approach for model selection of ocean color models that relies
on the probabilistic distribution of the outputs rather than standard error and correlation measures. Table 1
presents the BIC (lower BIC is better) for the band ratio and the different ocean color models categorized by
different sensors, where the global match-ups are used for the analysis. The table shows that the OC3 model has
the lowest BIC of 961, and AIC of 929 for the full merged Valente et al. (2022a, 2022b) data set, and BIC/AIC of
65.8/47.8 for the MODIS-SeaWiFS subset. The OC4 model, on the other hand, has the highest BIC/AIC of 3750/
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Figure 4. Scatter plots illustrating the in situ [CHL-a] against the maximum a posteriori prediction for the various ocean color
models, indicated in the captions. The plots are accompanied by the standard error and correlation metrics, which clearly
indicate a similar performance, illustrating the difficulty in delineating the differences across models.

3705 for the merged data set, while OCS5 has the largest BIC/AIC of 1280/1236 on the MODIS-SeaWiFS subset.
This suggests that for these products, the simpler OC3 model could achieve better likelihood-based scores, while
performing at least as well on conventional statistical error metrics. This suggests that the additional parameters
associated with OC4 or higher-order models might not be warranted. Note that the number of samples for each
data set are presented in Tables S1 and S2 in Supporting Information S1, which further motivates the use of AIC
for smaller subsets where asymptotic approximations may be less reliable.

The table also shows results for the match-up subsets corresponding to VIIRS, where the OC3 model slightly
outperforms the OC4 model, where the BIC/AIC values for OC3 are 894.9/863.2, respectively, and 1,167/1,129
for OC4. On the other hand, the BIC and AIC computed using the match-ups from OLCI and MERIS is lowest
with the OC6 model, indicating that the OC6 model achieves the best likelihood-based scores. Note, however, that
for both MERIS and OLCI O’Reilly and Werdell (2019) have no suggested low-complexity model, further
motivating the development of simple ocean color models tailored for these sensors. It is noteworthy to highlight
the fact that both AIC and BIC values are in agreement, supporting the suitability of the selected models to be
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Table 1
Bayesian Information Criterion (BIC) Values Corresponding to Various Ocean Color Band Ratio Models Regressed on a
Global Repository of Bio-Optical Match-Ups

Valente et al. (2022a,  Modis-SeaWiFS

2022b) repo. merged VIIRS MERIS OLCI
Criterion (lower is better) BIC AIC BIC AIC BIC AIC BIC AIC BIC AIC
0C3 961 929.0 65.8 47.8 8949 863.2 X X X X
0C4 3,750 3,705 817.3 779.3 1,167 1,129 6315 597.3 6309 596.7
0Cs 2,880 2,830 1,280 1,236 X X 769.1 7295 769.1 729.5
0Ceo 1,397 1,345 500.8 456.7 X X 409.2 3684 480.8 4373
OoC1 —1,2483 —1,264.0 14.9 122 =57 712 188 8.9 15.8 13

([CHL-a] < 0.25)

Note. The Bayesian models were derived using uninformative uniform prior distributions, and the lowest BICs are high-
lighted in bold font.

favored against others. Table 1 also shows the BIC/AIC values corresponding to different sensors present in the
Valente et al. (2022a, 2022b), repository.

In addition, Table 2 shows the difference in BIC and AIC of a given model relative to the one with
ABIC/AIC = 0, which shows the relative improvement/deterioration of a given model relative to the lowest
order model. The lowest value in the table indicates the most preferred model, and the relative preference in
comparison to a baseline. By quantifying inter-model differences, the relative preference inferred from
likelihood-based metrics is established, underscoring the strength of these metrics in the selection of ocean color
models. While the comparison with the band ratio algorithms is not feasible because the OCI algorithm was
constructed to predict [CHL-a] smaller than 0.25 mg/ m?, it remains valuable to compute the BIC for the OCI
algorithm to show the flexibility of the Bayesian model selection methodology. The BIC/AIC values for the OCI
model illustrate the trade-off between model complexity and prediction errors, where the BIC values are large,
indicating that the model might be too simple to provide reliable predictions, nevertheless, more data is needed to
provide conclusive remarks.

Table 3 outlines the BIC values for a matchup data set obtained from NASA's SeaBASS validation data set
(Werdell et al., 2003). The match-ups are collected for the Atlantic and Pacific oceans in a region closest to the
contiguous United States as a means to examine the model selection methodology for regionally-tuned ocean
color models. The table shows that the OC3 model outperforms, from a likelihood-based perspective, all other
band ratio models for both regions, with an appreciable advantage of the OC3 algorithm in the Pacific Ocean. This
indicates that Bayesian model selection approaches provide additional, complementary insights and valuable

Table 2
ABIC Values Corresponding to Various Ocean Color Band Ratio Models Regressed on a Global Repository of Bio-Optical
Match-Ups

Valente
et al. (2022a, Modis-SeaWiFS
2022b) repo. merged VIIRS MERIS OLCI

Criterion (lower is better) ABIC AAIC ABIC AAIC ABIC AAIC ABIC AAIC ABIC AAIC

0C3 0 0 0 0 0 0 X X X X
0C4 2,789 2,776 751.5 731.5 2721 2658 0 0 0 0
0G5 1,919 1,901 11,2142 11,1882 X X 137.6 1322 138.2 132.8
0Cé6 436 416 435 408.9 X X —222.3 -2289 -150.1 -1594

Note. The Bayesian models were derived using uninformative uniform prior distributions, and the lowest ABICs are
highlighted in bold font.
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T information to delineate the subtle differences in ocean color models, espe-
able 3

Information Criteria Values Corresponding to Various Ocean Color Band
Ratio Models Regressed on Regional Data Sets of Bio-Optical Match-Ups
for the Atlantic and Pacific Oceans in an Area Near the Contiguous United
States

SeaBASS SeaBASS
Pacific USA (Atlantic USA)

BIC ABIC AIC AAIC BIC ABIC  AIC  AAIC

0C3 17.69 - 712 - 279.1 - 251.3 -
0C4 2002 1826 1751 1679 1,090.2 811.1 1,051.9 800.6
OCS5 2238 206.1 1948 187.6 1,669.4 1,390.3 1,625.8 1,374.5
OC6 2359 2182 203.0 1959 1,133.6 8545 1,084.1 8327

Note. The Bayesian models were derived using uninformative uniform prior
distributions, and the lowest BICs and AICs are highlighted in bold font.

cially in the case when conventional statistical metrics are tied.

5.3. Application to Sentinel-3

The probabilistic ocean color models are employed in application to pre-
dicting [CHL-a] for a scene obtained using ESA's Sentinel-3 on the 22nd of
October 2024. This section is intended to illustrate the application of the
Bayesian models in a spatially explicit context—first, to visualize the asso-
ciated predictive uncertainties, and second, to follow the common practice in
ocean color studies of presenting algorithm outputs as maps, even though a
direct reference or “ground truth” field is not available for validation (Brewin
etal., 2015; O’Reilly & Werdell, 2019; Zoffoli et al., 2025). In particular, the
Bayesian OC3 model was adopted to predict an ensemble of 50 [CHL-a]
fields, from which the mean, MAP, and CoV are estimated, which are shown
in Figure 5. To further assess representativeness, we computed the percentage
of pixels in the satellite scene whose MBR values fall outside the range of the

training data; in all cases less than 1% of the points lie beyond the min-max range of the training data set,

highlighting the strong coverage and suitability of the training data for the observed conditions. The plot first

shows that the MAP [CHL-a] field reasonably represents the concentration field, where the high concentrations
follow plumes and eddy structures, with the highest concentration near the Gulf of the Farallones, in agreement
with past studies (Legaard & Thomas, 2006). Figure 5b shows that the MAP and the mean offer similar pre-
dictions, suggesting that the posterior distribution of the predictions is almost symmetric. Notably, Figure 5c

illustrates a larger difference, on log scale, between the MAP prediction and the OC4 model, highlighting the

importance of using regionally-tuned models for reliable predictions. Finally, Figure 5d presents the CoV as a
means to estimate prediction uncertainty by normalizing the standard deviation using the mean. The plot indicates

41.98 5 41.98 0.1
4.5 I
38.75 it 38.75 9 — b o.05
= 354~ S 2 ’
F4 e z b _
o £ ‘o ©
[} e 3 g [} \\ 5:'
T35.52 - 25 S T3552 1 o &
= 5 £ — 2
3 *% 5 TN £
32.301 ;. i 1.9 32.30 - -0.05
1 R
t\ . A \\\&
20.07 : DL o4 20.07 - -0.1
12854  -124.30  -12005 -11581  -111.57 12854 -124.30 -120.05 -11581  -111.57

Longitude (°W)
(a) MAP

41.98 1 &

38.751 \\w«

5 £

e 9

83552 q

3955 g

® Y
- N

Longitude (°W)
(b) MAP-mean

41.98

l3
2
38.75

0.2

CoV (-)

o
log10[CHL-a]
Latitude (°N)

W

(4]

a

N

29.07

Longitude (°W)

(c) MAP - OC4

32.30 T’:@ I-z 32.30 T‘@

v r -3 29.07 T T - r 15
-128.54 -124.30 -120.05 -115.81 -111.57 -128.54 -124.30 -120.05 -115.81 -111.57
Longitude (°W)
(d) CoV

Figure 5. Spatial maps of (a) the maximum a posteriori (MAP) [CHL-a] obtained using the OC3 model (b) difference
between the MAP and mean predictions from OC3, (c) difference between the OC3 MAP and Sentinel-3 OC4 prediction, and
(d) coefficient of variation estimated using an ensemble of OC3 predictions. The plots are based on a scene retrieved from
Sentinel-3 on 22nd of October 2024 for the Western coast of the contiguous United States.
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Figure 6. Spatial maps of (a) the maximum a posteriori (MAP) [CHL-a] obtained using the OC3 model, (b) difference
between the MAP predictions from ocean color models OC3 and OC4, (c) OC3 and OCS5, and (d) OC3 and OC6 models. The
plots are based on a scene retrieved from Sentinel-3 on 22nd of October 2024 for the Western coast of the contiguous United
States.

that the prediction standard deviation is approximately within 20% of the mean value, which is not extremely high
but also not negligible. This means that while the data points vary from the mean, they do not do so extremely in
either direction.

Figure 6 presents the OC3 MAP prediction alongside its difference with the MAP prediction from OC4, OCS and
OC6 on log scale for the same scene considered in Figure 5. The plot indicates that the OC3 and OC4 predictions
are relatively similar to each other, such that predictions are within £0.05. However, this difference is almost
doubled near the coast close to the Gulf of the Farallones, which is expected since band ratio models are not
tailored toward coastal predictions. The differences between the OC3 MAP with the OC5 and OC6 MAP fields
are more appreciable than those with OC4. In particular, the difference can reach up to +0.11, which is almost
double the maximum difference between the OC3 and OC4 MAP fields. Furthermore, the large [CHL-a] values
are predicted to be larger using OC5 and OC6 in comparison to those from OC3, similarly, the small values tend to
be smaller with the OC5 and OC6 models. These results suggest that the OC3 and OC4 models might be more
suitable for predicting [CHL-a], at least within the premises of the present study.

6. Conclusions

This study investigated established methodologies in Bayesian statistics, namely, Bayesian regression and
Bayesian model selection in application to ocean color models. The study relies on the largest, and most
commonly adopted, open-source bio-optical matchup repository that compiles 27 data sets of globally-sourced
match-ups alongside the most commonly adopted validation data set SeaBASS. Bayesian regression was first
employed to construct Bayesian ocean color models that are probabilistic counterparts of the conventional
deterministic band ratio and band difference models. These probabilistic models could then be used to generate an
ensemble of [CHL-a] predictions, which can ultimately be used for data assimilation, risk assessment, and un-
certainty quantification.
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The second contribution of the present study was adopting Bayesian model selection as a new approach for
assessing ocean color models in addition to standard methods. This was motivated by the need to better delineate
subtle performance differences across ocean color models, specifically where standard error and covariance
metrics might not perform well. The Bayesian and Akaike information criteria (BIC/AIC) were computed for
ocean color models based on band ratios and differences using global and regional data sets employing mea-
surements from various sensors. Our results suggest that the likelihood-based measures generally favor the OC3
band ratio model, meaning that the additional terms associated with more complicated models might not be
warranted from that standpoint. This is particularly interesting because standard remotely sensed ocean color
products often provide predictions using the OC4 model, tuned using a global matchup data set. Our results
recommend examining likelihood-based approaches for assessing the performance of ocean color models,
especially when standard statistical measures are at a draw.

Diving further into the discussion, our information-criterion analysis, following a likelihood approach for model
comparison, favors OC3 over OC4 for the data sets examined here (Tables 1-3). This does not contradict the
community's widespread operational use of OC4. One objective of the present study is to underscore the
importance of likelihood-based model selection criteria as an alternative to standard error metrics, which are
typically similar in value over different models. In our analyses, and according to the likelihood-based perfor-
mance metric used in our Bayesian framework, adding more parameters beyond those of OC3 did not signifi-
cantly improve the model's ability to explain the data. This finding suggests that future algorithm developers
might consider avoiding overly complex polynomial fits when simpler formulations capture the available in-
formation just as well.

The probabilistic ocean color models were then used to populate a posterior distribution of [CHL-a] predictions
based on a Sentinel-3 image for the west coast of the contiguous United States. The prediction with the MAP and
the mean of the ensemble of [CHL-a] predictions are comparable, suggesting that the posterior distribution is
almost symmetric. The OC4 output provided with the Sentinel-3 product is far from the MAP prediction, which
underscores the importance of regionally-tuned ocean color models. The results also highlight the magnitude of
the uncertainty associated with the predictions, where predictions by the probabilistic model are within
approximately 20% of the average prediction. These results illustrate the importance of probabilistic ocean color
models for risk assessment studies related to ocean productivity, where posterior distributions enable a deeper
understanding of the possible ocean state and potential scenarios. We conclude by noting that, without the loss of
generalizability, these methods can be used to derive probabilistic models based on other ocean color algorithms.
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