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Abstract: This work introduces the use of Bayesian Neural Networks (BNNs) for inferring
chlorophyll-a concentration ([CHL-a]) from remotely sensed data. BNNs are probabilistic
models that associate a probability distribution to the neural network parameters and
rely on Bayes’ rule for training. The performance of the proposed probabilistic model is
compared to that of standard ocean color algorithms, namely ocean color 4 (OC4) and ocean
color index (OCI). An extensive in situ bio-optical dataset was used to train and validate
the ocean color models. In contrast to established methods, the BNN allows for enhanced
modeling flexibility, where different variables that affect phytoplankton phenology or
describe the state of the ocean can be used as additional input for enhanced performance.
Our results suggest that BNNs perform at least as well as established methods, and they
could achieve 20-40% lower mean squared errors when additional input variables are
included, such as the sea surface temperature and its climatological mean alongside the
coordinates of the prediction. The BNNs offer means for uncertainty quantification by
estimating the probability distribution of [CHL-a], building confidence in the [CHL-a]
predictions through the variance of the predictions. Furthermore, the output probability
distribution can be used for risk assessment and decision making through analyzing the
quantiles and shape of the predicted distribution.

Keywords: ocean color; chlorophyll-a; remote sensing; Bayesian neural network

1. Introduction

Phytoplankton are a diverse group of microscopic photosynthetic organisms that
play a crucial role in marine ecosystems, serving as the foundation of the marine food
web [1]. Their pivotal role extends to the cycling of carbon, oxygen, nitrogen, and other
elements between the atmosphere and the ocean [2,3]. Phytoplankton also act as climate
regulators by absorbing substantial amounts of atmospheric carbon dioxide during pho-
tosynthesis, thereby mitigating the impacts of greenhouse gas emissions on the planet’s
climate system [4—6]. Apart from their ecological and biogeochemical importance, changes
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in phytoplankton phenology can have direct impacts on human societies by influencing
the survival of fish larvae and consequently fish stocks [7]. Harmful algal blooms (HABs),
for instance, can release toxins that accumulate in seafood, posing threats to human health
and causing disruptions in local economies [8,9]. It is, therefore, important to understand
phytoplankton dynamics and identify changes to their seasonality and abundance.

Monitoring phytoplankton through remote sensing is important to study their distribu-
tion, abundance, and productivity across the world oceans and inland waters [10]. Remote
sensing enables the acquisition of high-resolution data on large spatial and temporal scales,
providing a comprehensive understanding of the processes governing phytoplankton
dynamics [11]. A key advantage of remote sensing lies in its capacity to offer synoptic cov-
erage of the ocean surface, surpassing the limitations of traditional sampling methods [12].
This facilitates detecting spatial and temporal patterns in phytoplankton abundance and
productivity, as well as the identification of ecological hotspots [13] and their responses
to global environmental changes, such as oceanic warming, ocean acidification, and eu-
trophication [14]. Remotely sensed data can also be utilized to calibrate and validate
ocean biogeochemical models, which are crucial for predicting the responses of marine
ecosystems to global environmental changes [15].

Ocean color algorithms are analytical tools that harness satellite imagery to estimate
the concentrations of phytoplankton, sediment, and dissolved organic matter in the oceans.
These algorithms operate on the principle of light absorption and scattering by various
components present in the water, which influence the observed color of light reflected
from the ocean’s surface [16]. To estimate phytoplankton concentration, these algorithms
leverage the unique spectral characteristics exhibited by its pigment. Chlorophyll-a, the
dominant photosynthetic pigment found in most phytoplankton, displays a distinctive
optical signature, with high absorption of blue and red light and relatively high reflection
of green light [17,18]. By utilizing the ratio (or difference) in blue to green light reflected by
the ocean’s surface, these algorithms can derive estimates of chlorophyll-a concentration
([CHL-a]), thereby inferring the abundance of phytoplankton [16]. Recent advances in
satellite technology and algorithm development have significantly improved the accuracy
of these empirical algorithms [19,20]. However, the performance of ocean color models can
still vary depending on the studied environmental conditions, with some regions posing
greater challenges [19]. Furthermore, standard ocean color models rely on curve fitting
noisy data using a polynomial function typically applied on limited datasets, providing no
uncertainty estimates associated with the predictions. Studies evaluating the performance
of ocean color algorithms generally indicate reasonable estimates across a range of condi-
tions, though their accuracy can be affected by factors such as cloud cover, atmospheric
interference, bottom reflectance, and the presence of other water constituents; for example,
in rivers and estuaries [21,22].

Neural networks have emerged as a promising approach for analyzing complex re-
mote sensing data due to their ability to recognize patterns within the data. A notable
example is the Case2R algorithm, which leverages inverse modeling techniques to estimate
[CHL-a] and total suspended matter from normalized water-leaving reflectance using an
Inverse Radiative Transfer Model-Neural Network (IRTM-NN) [23]. Convolutional neural
networks and artificial neural networks have also shown promising results in accurately
estimating [CHL-a], with some studies reporting improved accuracy compared to tradi-
tional ocean color algorithms [24-27]. These methods provide deterministic estimates of
[CHL-a] despite the inherent noise in the dataset, which arises from various sources of
error in collecting [CHL-a] samples and imperfections in remotely sensed imagery, among
others. On the other hand, a branch of deep learning explores probabilistic neural network
models, which allow for uncertainty quantification and stochastic model evaluation [28].
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Bayesian Neural Networks (BNNs) are a class of neural networks that incorporate
probabilistic modeling to capture uncertainty in their predictions using Bayes’ rule [29]. In a
BNN, the network’s parameters are treated as random variables by associating a probability
distribution with the model parameters. Training these networks involves incorporating
prior distributions over the weights, which are then updated using Bayesian inference
techniques such as Markov Chain Monte Carlo (MCMC) or variational methods [30]. By
accounting for uncertainty, BNNs enable more efficient and robust predictions, particularly
in scenarios with limited data or complex datasets [31]. They present significant value
particularly to ocean color models due to the uncertainty involved in the data acquisition
and processing, where remotely sensed data are noisy, in situ measurements are not exact,
and satellite image processing is extensively parameterized, to name a few of the challenges.

Bayesian models, including BNNSs, offer significant advantages over deterministic
models, such as integrating prior knowledge, estimating uncertainties through probability
distributions [32]. Furthermore, the Bayesian framework is inherently robust to overfitting,
as it models the underlying probabilistic distribution of the data rather than fitting the data.
BNNSs have found applications across various fields, including computer vision [33], natural
language processing [34], robotics [35], and healthcare [36], where reliable uncertainty
estimates and probabilistic reasoning are crucial for informed decision-making and risk
assessment. Nevertheless, the application of BNNs in ocean color remote sensing remains
relatively unexplored. The literature on probabilistic ocean color models is largely limited to
mixture density networks (MDNs) [37,38], which employ neural networks to fit a mixture of
Gaussian distributions for predicting surface [CHL-a]. Another common approach utilizes
Monte Carlo (MC) dropout [39], which approximates Bayesian inference by modeling
the posterior distribution of network weights as a mixture of delta functions, leveraging
stochastic forward passes to estimate predictive uncertainty. However, neither of these
methods explicitly applies Bayes’ theorem to derive a posterior distribution for surface
[CHL-a], in contrast to the study by Frouin and Pelletier (2015) [40], which incorporates
Bayesian principles for atmospheric correction.

The objective of this study is to introduce a new class of ocean color algorithms based
on BNNSs. These new models enable a more reliable [CHL-a] estimate when ancillary data
are provided, and they perform at least equally to standard models in the statistical mean
limit when using the same input. This research also expands beyond the capabilities of stan-
dard ocean color algorithms by incorporating auxiliary variables that affect phytoplankton
growth, such as temperature. Finally, by integrating Bayesian inference principles into the
algorithmic framework, uncertainty estimates can be derived from the model’s predictions,
providing additional information about surface [CHL-a] compared to standard algorithms.
These findings advance ocean color research and contribute to a deeper understanding of
phytoplankton dynamics.

2. Data and Methods
2.1. Training and Validation Data

We utilized the extensive bio-optical in situ database from Valente et al. (2022) [41],
which merges 27 datasets that were individually processed to maximize data quality.
Observations with missing or incorrect dates and/or geographic coordinates, as well as
those obtained using incompatible measurement methods or exhibiting extreme values,
were excluded by Valente et al. (2022) [41]. This comprehensive database was constructed
by applying a specified threshold for the coefficient of variation to assess spatial and
temporal variability among replicate data points. Observations below this threshold
were averaged, while those exceeding it were discarded, thereby ensuring a reliable and
consistent dataset.
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The unified database consists of inherent optical properties (IOPs), such as absorption
coefficients of phytoplankton (a,), detrital matter (a,), colored dissolved organic matter
(ag), and backscattering coefficients of particles (b;,). Additionally, the dataset contains
measurements of [CHL-a] measured using fluorometry ([CHL-a]y,0,) or High-Performance
Liquid Chromatography ([CHL-a]yp.), total suspended matter (fs,), diffuse attenuation
coefficient for downward irradiance (K;), and remote sensing reflectance (Rys). The objec-
tive of the matchups is to enable building ocean color models that rely on remotely sensed
reflectances as input to predict [CHL-a]. Each of these variables offers valuable informa-
tion about the optical and biological characteristics of the ocean, enabling comprehensive
analyses and investigations related to ocean color and ecosystem dynamics.

The data were collected from multi-project archives obtained through open internet
services or directly from data providers. In particular, the bio-optical match-ups were com-
piled from 27 sets of in situ data obtained from various sources, including SeaBASS [42],
NOMAD [43], MERMAID [44], ICES (https://www.ices.dk/data/dataset-collections/
Pages/Plankton.aspx, accessed on 19 May 2025), ARCSSPP [45], BIOCHEM [46], BODC
(https:/ /www.bodc.ac.uk/data/bodc_database/, accessed on 19 May 2025), COAST-
Colour [47], MAREDAT [48], and SEADATANET (seadatanet.org). In addition, data were
collected from projects including MOBY [49], BOUSSOLE, AERONET-OC, HOT, GeP&CO,
AMT, AWI, BARENTSSEA, BATS, CALCOFI, CCELTER, CIMT, ESTOC, IMOS, PALMER,
TPSS, and TARA. Readers are referred to [41] for a comprehensive description of each
project. Remotely sensed reflectances were retrieved from ESA’s Medium Resolution Imag-
ing Spectrometer (MERIS), ESA’s Ocean and Land Colour Instrument (OLCI), NASA’s
Sea-viewing Wide Field-of-view Sensor (SeaWiFS), NASA's Visible Infrared Imaging Ra-
diometer Suite (VIIRS), and NASA’s Moderate resolution Imaging Spectro-radiometer
(MODIS). The match-ups have a global distribution covering coastal and open waters,
making this database attractive for the development and testing of ocean color models;
e.g., [20].

Sea Surface Temperature (SST) data were acquired from the Operational SST and
Sea Ice Analysis (OSTIA) system [50,51]. This global SST system offers daily averaged
SST fields at a 1/20° horizontal resolution (~5-6 km). The analysis merges SST data
from microwave and infrared satellite instruments, supplied by international agencies
through the Group for High-Resolution SST (GHRSST), with in situ observations from the
International Comprehensive Ocean-Atmosphere Data Set (ICOADS) database. The OSTIA
products undergo validation through intercomparisons with other historical datasets and
are continuously monitored and validated using in situ measurements. In this study, the
match-ups obtained from the study by Valente et al. (2022) [41] were extended utilizing the
OSTIA system by augmenting the database with the SST and SST climatology based on a
29-year climatological average from 1993 to 2022.

2.2. Standard Ocean Color Models
2.2.1. Ocean Chlorophyll 4-Band

The NASA Ocean Chlorophyll 4-band (OC4) maximum band ratio algorithm [52] is
one of the most reliable and commonly applied ocean color algorithms due to its simplicity
and high accuracy. These algorithms exploit findings that phytoplankton exhibit high light
absorption of blue and red light and relatively lower absorption of green light [17] [CHL-a].
Hence, by using the ratio in blue to green light reflected by the ocean’s surface, ocean color
algorithms based on the band ratios as input can be used to estimate [CHL-a] [16]. The OC4
algorithm is a 4th order polynomial equation relating the log [CHL-a] to the maximum
band ratio (MBR), where the MBR is given as follows:

MBR = log;,{max[Rs(443 nm), R;s(490 nm), R;s(510 nm)]/ Rs(555 nm) }. 1)


https://www.ices.dk/data/dataset-collections/Pages/Plankton.aspx
https://www.ices.dk/data/dataset-collections/Pages/Plankton.aspx
https://www.bodc.ac.uk/data/bodc_database/
seadatanet.org
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The [CHL-a] is then estimated according to:

2 3 4
[CHL—a] _ 10C0+C1MBR+C2MBR +c3MBR”+c4MBR , (2)

where ¢g = 0.310, ¢c; = —2.621, ¢c; = 2.910, c3 = —3.238, and ¢4 = 1.036, which were
obtained following a LASSO regularized regression approach [53] using the same dataset
adopted to train the BNN. Note that for the sake of brevity, the units for reflectance values
are omitted.

2.2.2. Ocean Color Index

The Ocean Color Index (OCI) algorithm, also known as the band-difference algorithm,
is another frequently employed ocean color algorithm [54]. This algorithm has demon-
strated favorable performance in estimating low-concentration values of phytoplankton
(<0.25 mg m~3) [54]. This approach relies on the band difference between remotely sensed
reflectances, known as the color index, ¢, given as follows:

& = Rys(555) — 0.5[Rys(443) + Ry5(670)]. 3)

¢ takes the difference between the reflectances in the green part of the visible spectrum and
the average between the reflectances of the blue and red wavelengths. The [CHL-a] is then
be estimated according to:

[CHL-a] = 104+5¢, (4)

where A = —0.4451 and B = 217.145 are also obtained following a LASSO regularized
regression approach using the same dataset adopted to train the BNN. Note that the
standard OCI algorithm is tailored for low-concentration values (<0.25 mg m~3). To
estimate higher [CHL-a], a linear interpolation between OCI and OC4 is performed [55]
as follows:

104+8¢ < 0.25 mg m3

[CHL-a] = { « |:10C0+C]MBR+C2MBR2+C3MBR3+C4MBR4:| + (1 . zx) [10A+B§} 0.25 < 10A+B¢ <03 mg m—3 (5)

10C0+¢1MBR+¢;MBR? +-c3MBR®+¢4sMBR* 104+B¢ = 0.3 mg m-3

where & = (104+B¢ —0.25) /(0.3 — 0.25).

2.3. Bayesian Neural Network

BNNs extend traditional neural networks by incorporating Bayesian probability prin-
ciples. Unlike conventional neural networks that generate point estimates as outputs,
BNN s estimate a probability distribution for each network weight. In this study, BNNs
were trained as probabilistic surrogates for ocean color, accounting for uncertainties during
model training [56]. This was achieved by training the BNNs within a Bayesian framework,
as detailed in Section 2.4.1, and following the procedures outlined in [57]. The Bayesian
framework integrates both prior information about the problem and uncertainties within
the data to estimate the probability distribution of the output random variable, expressing
uncertainty using probabilities. In contrast, the traditional frequentist approach views
probabilities through the lens of long-term frequencies, requiring large datasets for analysis.
A comprehensive comparison of these two approaches is available in Samaniego 2010 [58].
Here, we present a proof-of-concept analysis exploring the use of BNNs in the context of
ocean color models.

The BNNs used in this study are densely connected multilayer perceptrons [59],
featuring 2 hidden layers with 20 neurons each, in addition to the input and output layers.
The nonlinear softplus activation function was applied to the outputs of the input and
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hidden layers. In this model, the weights and biases are considered random variables
and are assigned a uniform prior distribution. These parameters fully describe the BNNs
that were trained for this study, and further discussions are presented for the training
parameters. We also conducted a preliminary sensitivity study testing different Bayesian
prior distributions and neural network architectures; however, this study resulted in similar
behavior across various architectures and priors, and it was consequently deferred to the
Supplementary Materials (Figures S3 and S4).

For a given input, [CHL-a] predictions are generated by sampling model parameters
from their respective distributions, resulting in a distribution of [CHL-a] instead of a
single value, as provided by a deterministic model. In line with standard practices in
Bayesian inference, [CHL-a] is assumed to be noisy, following a Gaussian distribution with
a learnable variance. This means that the BNN prediction, denoted as F, is expressed
as F(x) + €, where x is the input and € represents Gaussian noise with zero mean and
learnable variance. This prediction represents the approximate posterior distribution of
[CHL-a] and differs from previous studies that address ocean color uncertainties using a
frequentist approach [21,60].

The model is trained using Stochastic Variational Inference (SVI), a technique em-
ployed to approximate the posterior distribution of the model’s latent variables in Pyro [57].
The SVI approach was adopted in this study for its scalability to large datasets, compu-
tational efficiency, and flexibility in approximate posteriors [61]. SVI frames inference as
an optimization problem, aiming to find the best-fitting distribution within a parametric
family to approximate the posterior distribution [61-63]. During training, the SVI algorithm
optimizes the model’s parameters by minimizing the Evidence Lower Bound (ELBO) loss
function (Equation (6)) [64]. The ELBO loss is commonly employed for training BNNs
because maximizing it is equivalent to maximizing the log evidence or minimizing the
Kullback-Leibler divergence between the approximate and true posterior distributions [61].
It is defined as follows:

ELBO = E, () [log pe(x,z) —logqe(z|x)], (6)

where x represents the observations, z the latent variables, and p and g the true and
approximate posterior distributions parameterized by 6 and ¢, respectively. The trained
BNN model captures both aleatoric (inherent to the underlying phenomena) and epistemic
(due to imperfect models and lack of data) uncertainties [65].

The algorithm iteratively updates the variational parameters to closely approximate
the true posterior distribution. SVI has been adopted in various applications including
water research [66], image processing [29], and cosmic research [67], making it an attractive
option for training BNNs. The SVI framework is further described in Section 2.4.2.

For completeness, the BNN training procedure is outlined below. Training BNNs
typically follows the same general framework for training as with deterministic models.
In particular, all BNN models were trained using the ADAM stochastic optimization
algorithm [68] with a learning rate of 1072 and a weight decay of 10-2. Additionally,
the BNN was trained using a 10-fold cross-validation strategy, where each fold involved
randomly sampling 90% of the complete dataset for training and using the remaining 10%
for validation. The results presented correspond to the best-trained BNN applied to the
entire dataset for inference. This approach allows the trained BNN to generalize to new
observations that rely on similar measurement techniques.

The model did not experience overfitting for three key reasons: the model is shal-
low, the data are noisy, and the model predictions are perturbed, as previously described.
Furthermore, Bayesian models are robust to overfitting because they incorporate prior
distributions over parameters and infer a posterior distribution, effectively averaging over
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multiple plausible models rather than relying on a single point estimate, which regularizes
the learning process and mitigates overfitting [69]. Once trained, the BNN model can be
used in an operational setting to predict the [CHL-a] distribution by randomly sampling
the model parameters and generating an ensemble of predictions. The increased compu-
tational complexity in this process is directly proportional to the number of realizations
through Monte Carlo sampling, which is the typical cost of any sampling algorithm [70].
Nevertheless, the neural network is relatively computationally cheap to train, where each
model can be trained within minutes using inexpensive hardware.

2.4. Stochastic Variational Inference
2.4.1. Bayesian Statistics

To introduce SVI, we first define the notation and the foundational statistics. In
probabilistic models, the response is related to the input random variables through the
joint probability distribution. A model with observations x, latent random variables z, and
parameterized with 0 can assume the joint density function given as follows:

pe(x,z) = po(X|z)pe(z), 7)

where py(z) is the prior distribution of z and py(X|z) denotes the likelihood.

Generally, probabilistic modeling could be made efficient by decomposing the joint
probability distribution into simpler conditional probability functions p;. This ensures that
pi can be efficiently sampled, is differentiable with respect to 0, and allows for the efficient
computation of point-wise probability densities.

Inference can be done following Bayes’ rule by evaluating the posterior distribution
over z:

Sy = Pe(x2)
po(zx) Tdzpe(x,2) 8)

where the denominator is called the marginal likelihood or evidence. Finally, it is generally
preferable to learn the parameters 6 that maximize the marginal likelihood, where:

fmax = argmax, log py(x) = argmax, / dzpe(x, z). )

Furthermore, predictions for new input data are performed with the posterior predictive
distribution according to:

pol'|x) = [ dzpo(x,z), (10)

where predictions from the posterior predictive distribution corresponding to Omax are
called maximum a posteriori probability (MAP) estimates.

2.4.2. Variational Inference

In the previous section, the computations involved required evaluating complex in-
tegrals that are computationally non-trivial, requiring approximation algorithms, namely
variational inference. SVI builds on variational inference by approximating the pos-
terior distribution with a simpler distribution from a predefined family. This family
of distributions is typically chosen to be tractable, such as a mean-field Gaussian or a
neural network.

Variational inference algorithms aim at finding 0iax by computing the variational
distribution over the model’s latent variables g4(z), which serves as an approximation
of the true but unknown posterior pg__ (z|x). The objective is to find an approximate
joint probability function that is valid over the space of latent random variables in the
model. This is achieved by formulating the inference problem as an optimization problem
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instead of a sampling one. In order to define a BNN, the model has to be differentiable
and computationally efficient to evaluate. In the probabilistic framework, the model
parameters are treated as random variables, each assigned a prior distribution. Additionally,
a likelihood distribution is assigned to the model output, typically based on the application.

In variational inference, the parameters of the model are learned by solving an op-
timization problem that adjusts the variational posterior distribution closer to the true
posterior. Typically, the evidence lower bound (ELBO) loss is used to update the parameters
of the probabilistic model, ensuring that the approximate posterior distribution is closer
to the true posterior. The ELBO loss is defined as the difference between the expected
log-likelihood of the data under the approximating distribution and the Kullback-Leibler
(KL) divergence between the approximating distribution and the prior distribution over
the latent variables. Maximizing the ELBO loss is equivalent to minimizing the KL diver-
gence between the approximate and true posterior distributions, enabling the best possible
approximation within the chosen family of distributions. In SVI, stochastic optimization
techniques are typically adopted to efficiently handle large datasets. In particular, SVI
randomly selects a subset (or minibatch) of the data to estimate the gradient of the objec-
tive function instead of processing entire datasets in each iteration, which improves the
scalability of such methods.

Once training is terminated and a suitably trained model is obtained, the variational
posterior is sampled. Since the true posterior is intractable, the posterior predictive esti-
mates are obtained according to the following equation:

po(x) = [ dzpo(, 2)po(z %) = [ dzpo(x',2)gg (=), a

In practice, the posterior predictive could then be sampled by first drawing a random
sample Z ~ g4(z) from the approximate posterior and used to sample x" ~ pg(x|Z).
Finally, we highlight the key differences between SVI and other commonly used meth-
ods in the literature, namely MDNs and Monte Carlo dropout. SVI-trained BNNs provide
a principled Bayesian approach, capturing both aleatoric and epistemic uncertainties while
adhering to Bayes’ rule. Among the compared methods, SVI is the only one grounded in
a rigorous probabilistic framework [62]. In contrast, MDNSs are particularly well-suited
for multi-modal distributions, making them effective for tasks where multiple possible
outcomes exist for the same input [71]. While MDNs account for aleatoric uncertainty,
they do not capture epistemic uncertainty and lack a formal Bayesian foundation. Monte
Carlo dropout offers the most computationally efficient approach for estimating epistemic
uncertainty [72]. However, since it does not explicitly compute a posterior distribution
using Bayes’ rule, its theoretical foundation is weaker compared to SVI-trained BNNs.

2.5. Evaluation Metrics

The performance of the models was evaluated following the statistical metrics pro-
posed by Brewin et al. (2015) [55]. These metrics are the Pearson correlation coefficient
(r), the average bias between the measurements and model predictions (J), the slope (S)
and intercept (I) of a Type-II regression, the root mean squared error (¥), the unbiased
root mean squared error (A), and the percentage of retrieval (7). Readers are referred to
Section 4.1 of Brewin et al. (2015) [55] for further information about the metrics and the
equations used to compute them. As commonly performed in the literature, the statistical
tests were performed in the logjo space. Finally, the coefficient of variation, defined as the
ratio of the standard deviation of the predictions to their mean value, was evaluated to
quantify the magnitude of the prediction uncertainty. Using the BNN model, we randomly
sample the BNN’s parameters to generate different model realizations that are used to
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populate the posterior distribution of [CHL-a]. The statistical metrics were then computed
on the maximum probability of the [CHL-a] posterior probability distribution, which is
known as the maximum a posteriori estimate (MAP).

3. Results and Discussion

This section describes the progression in training BNN models using different input
variables and datasets, and it evaluates the performance at each stage. Initially, we test the
performance of the BNN through a direct comparison with standard algorithms by using
the same input variables. We then test the performance of BNNs beyond the capabilities of
standard ocean color algorithms by using reflectances directly and incorporating additional
variables. Specifically, the MBR-based BNN model is augmented with information such as
IOP, coordinates, and SST, to name a few.

3.1. Numerical Comparison with Standard Algorithms

Before describing the additional benefits that BNNs provide, we compare their perfor-
mance with established ocean color algorithms. In order to make a fair and meaningful
performance comparison with standard algorithms, training data from a single sensor are
first used. This is because different sensors measure reflectance at different wavelengths,
and by isolating a single sensor, variability in wavelengths is removed. The BNN model
is initially trained with the MBR as input using the SeaWiFS dataset, which refers to the
radiometer matchups that correspond to the same wavelengths as those present with the
SeaWiFS sensor. We also test the performance of the BNN when trained using the MBR
from multiple satellites by computing the MBR that is specific to a given sensor [20].

3.1.1. Comparison with OC4

The BNN MAP accurately captures the relationship between [CHL-a] and the MBR,
indicating that higher MBR values correspond to lower [CHL-a] values (Figure 1). The
uncertainties inherent to the match-ups are also adequately captured within the standard
deviation range, where most of the in situ measurements are covered by this window.
These results suggest that the BNN does not overfit to the dataset, behaving similarly to the
OC4 model and adequately predicting [CHL-a] and its associated uncertainty. Furthermore,
the BNN provides reliable estimates of the first two statistical moments, and its predictions
fit the distribution of the data.
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Figure 1. Scatter plots illustrating the [CHL-a] for the in situ (blue dots), (a) BNN’s MAP prediction

(red), and uncertainties represented by ¢ (shaded in yellow) for a BNN trained using the SeaWiFS
dataset and (b) the OC4 prediction (red) as a function of the MBR.

To assess the performance of the models, various statistical measures were computed
and are presented in Figure 2. A strong correlation is observed between the model predic-
tions and the in situ measurements for both the BNN and OC4 models, with r values of
0.9257 and 0.9241, respectively. This suggests that the BNN’s prediction with the highest
probability performs at least as well as the OC4 when only MBR is used as input. Note
that the BNN also allows for uncertainty estimates through an ensemble of predictions that
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characterize a posterior distribution for [CHL-a], which implies better characterization of
the prediction’s reliability, which adds another layer of information to the analysis. The
slope and intercept of a type Il regression are close to 1 and 0, respectively, for both the
BNN’s MAP (S = 0.8556 and I = —0.017) and for OC4 (S = 0.853 and I = —0.023). These
measures suggest that the BNN’s highest probability prediction correlates with the data
almost equally to OC4, while imposing a slightly smaller bias. The errors resulting from the
BNN’s MAP (Y = 0.2714 and A = 0.2714) are also slightly smaller than those obtained with
OC4 (¥ = 0.2742 and A = 0.2742). Consequently, when only MBR from a single sensor is
used as input, the BNN model performs similarly to OC4.
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Figure 2. Scatter plots for the in situ [CHL-a] as a function of the (a) BNN’s MAP and (b) OC4.
The scatter plots are accompanied with the resulting error statistics. The plot shows the metrics
comparing the MAP and OC4 predictions with the reference measurements. Indicated are the Pearson
correlation coefficient (r), root mean squared error (¥), unbiased root mean squared error (A), retrieval
percentage (17), slope (S), intercept (I) of a Type-II regression, and the bias (¢).

3.1.2. Comparison with OCI

There is a general positive agreement between both the MAP and OCI predictions
with the in situ data, as seen from Figure 3a,b. Since the OC4 and OCI algorithms rely
on reflectances from different wavelengths, the size of the dataset used for training these
models is different. However, there are some points, primarily representing low [CHL-a]
values, that are not captured well by the OCI model, as seen by the deviation of the OCI
predictions (red) from the in situ values (blue) (Figure 3b). Figure 3c,d indicate a strong
correlation between the MAP predictions and the in situ measurements with a correlation
coefficient of r = 0.9155, which is slightly higher than the correlation coefficient between the
in situ and OCI predictions (r = 0.9126). This suggests that the performance of the BNN’s
highest probability predictions is similar to the OCI, with the added benefit of estimating
the uncertainties associated with the prediction. Regarding other statistical measures,
the OCI model performs slightly less favorably compared to the MAP and OC4 models.
Specifically, the OCI model exhibits slightly larger MSEs (Y = 0.3033 and A = 0.3021)
and a larger absolute bias (|6| = 0.0263) than the BNN MAP (¥ = 0.2980, A = 0.2979 and
|| = 0.003). This signifies that the BNN’s MAP is more accurate than the OCI prediction,
which exhibits a bias in its prediction that is an order of magnitude larger than that of the
BNN'’s MAP (Figure 3d). Therefore, the BNN performs slightly better than the OCI when
using only the MBR from a single sensor as input.
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Figure 3. (a,b) Scatter plots illustrating the [CHL-a] for the in situ values (blue dots), (a) BNN’s MAP
prediction (red) (b) the OCI prediction (red) as a function of the MBR, and (c,d) scatter plot of the
in situ [CHL-a] as a function of the corresponding model predictions for the BNN’s MAP and OCI
models, respectively.

3.1.3. Maximum Band Ratio from Multiple Sensors

The in situ match-ups from all satellites demonstrate a strong correlation, as depicted
in Figure S1, illustrating the relationship between in situ [CHL-a] and MBR in the compiled
database [41]. To capitalize on this comprehensive database, a BNN model was trained
using the combined database comprised of the match-ups retrieved using MODIS, OLCA,
OLCB, MERIS, SeaWIFS, and VIIRS, benefiting from a larger database than when using
match-ups from a single satellite. Using the MBR definitions presented in [20] for the
OC4 model, a BNN was trained using a comprehensive dataset involving matchups from
MODIS, OLCA, OLCB, MERIS, SeaWIFS, and VIIRS.
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The model realizations sampled from the BNN exhibit similar behavior with the MBR,
with predictions exhibiting a wider spread at extreme MBR values and a tighter spread
at the center where the in situ points are densely concentrated (Figure 4a). This suggests
that any given BNN model realization will provide reliable estimates of [CHL-a] for MBR
values that are not too small or too large, where data are abundant. However, the deviation
in the predictions between different model realizations becomes significant for extreme
MBR values, which corresponds to limited data regimes. Statistical measures demonstrate
comparable error and correlation values to those obtained from the BNN trained on the
SeaWiFS dataset (Figure 4b). Particularly, the MAP of the BNN trained on the combined
dataset yields a high correlation coefficient r = 0.9159, low errors with ¥ = 0.2968 and
A = 0.2963, small bias § = —0.017, and reasonably reliable S and I values of 0.825 and
-0.013, respectively. For comparison, Figure S2a,b present the OC4 predicted [CHL-a] as
a function of the MBR and the corresponding scatter plot of the in situ [CHL-a] against
their model-predicted counterparts. Consequently, when training the model with the MBR
from multiple sensors, the BNN maintains high accuracy, similar to standard algorithms.
This highlights the flexibility that the BNN offers, enabling the input of MBR from any
combination of sensors without impacting its performance.
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Figure 4. (a) Plot illustrating [CHL-a] curves as a function of MBR for 50 randomly sampled BNN
models (colored curves) and the in situ data points. (b) Scatter plot showing the in situ [CHL-a]
measurements against the MAP predictions for a BNN trained using the combined dataset.

3.2. Advancing Beyond Standard Ocean Color Algorithm Capabilities

Standard ocean color algorithms rely on reflectances from specific wavelength bands
in the green and blue spectrum to compute the MBR or ¢ to estimate [CHL-a]. A major
advantage of the proposed framework is that it enables the use of one or multiple variables
describing the ocean’s condition as additional input to the standard models without em-
pirical tuning and with great implementation simplicity. This modeling flexibility enables
data fusion of multi-modality datasets to exploit all available datasets describing the status
of the ocean surface and atmosphere. Specifically, the input vector is extended to include
auxiliary data co-located with the reflectance data. Initially, we train the BNN model using
reflectances directly. Subsequently, we examine the addition of IOPs, coordinates, SST, and
SST climatology to the previously described MBR-based model.
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3.2.1. Training Directly with Reflectances

In this experiment, we explore the use of R;s in the blue and green wavelengths,
instead of the MBR, as input for the BNN model to construct a higher-dimensional ocean
color model. Specifically, we employ the SeaWiFS R,s at wavelengths of 411 nm, 443 nm,
489 nm, 510 nm, and 555 nm as inputs to the BNN to predict [CHL-a]. The scatter plot
depicted in Figure 5a indicates a high correlation between the MAP predictions and the
in situ measurements of [CHL-a] against the reflectances, where the reflectance value at
510 nm (R,s(510)) was selected for illustration. The BNN’s MAP predictions follow the
same distribution of [CHL-a] as the in situ data, with the points scattered within close
proximity to each other, with the exception of some extreme values (Figure 5). A strong
correlation exists between the in situ data points and their corresponding model predictions,
as evidenced by the high correlation coefficient (r = 0.9178) and the S and I values of 0.845
and 0.045, respectively. Even though the resulting errors are relatively small (Y = 0.2923
and A = 0.2910), they are slightly larger compared to those obtained using the MBR model
(Section 3.1.1).
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Figure 5. (a) Scatter plot of the [CHL-a] against Rs(510) for the in situ measurements and the MAP
predictions. (b) Scatter plot illustrating the in situ [CHL-a] measurements against their corresponding
MAP predictions.

3.2.2. Incorporating IOPs

IOPs are essential for gaining insights into the characteristics of seawater, providing
valuable insights into the composition, [CHL-a], and distribution of optically active sub-
stances in the ocean, such as phytoplankton, suspended particles, and colored dissolved
organic matter [73]. The inclusion of phytoplankton absorption coefficients is investigated,
specifically a,;, at wavelengths of 411 nm, 443 nm, 489 nm, 510 nm, and 555 nm, in conjunc-
tion with the MBR, as input to the BNN model. This BNN model was trained using the
SeaWiFS dataset under the training conditions described in Section 2.3.

Figure 6a shows that the MAP’s [CHL-a] predictions closely follow the behavior of
the in situ data. Notably, the inclusion of the absorption coefficient leads to a reduction
in prediction uncertainty, as evidenced by the tighter clustering of data points and the
improved statistical measures in comparison to the previous models (Figure 6). Particularly,
a substantial correlation (r = 0.9628) and Type-II regression slope close to 1 (S = 0.919) are
observed between the in situ measurements and the model predictions, which means that
this model’s MAP predictions closely resemble the in situ values. Minimal errors are also
observed, where ¥ = 0.1665 and A = 0.1664, the lowest among all explored models. The
MAP also yields a low bias of |5| = 0.0069 and intercept I = —0.02, comparable to those
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obtained with the MBR model in Section 3.1.1. These results suggest that including IOPs,
when they are available, offers more reliable MAP predictions with around 40% lower error
than relying solely on MBR as input.
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Figure 6. (a) 3D scatter plot illustrating a projection of the [CHL-a] along the MBR and a,,(411) for
the in situ measurements and MAP predictions. (b) Scatter plot of the measured in situ [CHL-a] as a
function of the MAP predictions with the resulting statistical measures.

3.2.3. Incorporating Coordinates and Sea Surface Temperature

A major advantage of the proposed Al framework is that it enables the use of multiple
variables describing the ocean’s condition as input to the model, such as the SST, which is
an important variable for phytoplankton growth. To investigate the impact of including SST
on the performance of the BNN, the matchups database was extended to incorporate SST,
SST climatological means, and the spatial coordinates (longitude and latitude) as additional
inputs to the MBR-based BNN model. While SST is an important factor for phytoplankton
growth, it slightly improves upon the model’s performance, whereas information about the
location and SST climatology significantly improved prediction reliability. This suggests
that phytoplankton growth can be affected differently by SST variations in each region.

Again, there is a clear agreement between the BNN’s MAP predictions and the in
situ observations (Figure 7). Moreover, predictions no longer fit a single curve as with the
predictions in Sections 3.1.1 and 3.1.2, where adding more variables as input introduces
new dimensions to the prediction, allowing it to capture deviations that were previously un-
achievable. This BNN model achieves high correlation values with r = 0.9455, and a signif-
icant reduction of ~20% in ¥ and A in comparison to the models in Sections 3.1.1 and 3.1.2.
This indicates that using a nonlinear combination of the remotely sensed reflectances
achieves significantly better accuracy than combining these reflectances into the MBR.
Furthermore, the slope and intercept of a Type-II regression are S = 0.829 and I = —0.026,
indicating good correlation and low bias for the MAP predictions with respect to the in
situ data. These results highlight the significance of incorporating additional variables
describing oceanic conditions to enhance the performance of ocean color models.
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Figure 7. (a) Scatter plot illustrating a projection of the [CHL-a] along the MBR for the in situ
measurements and MAP predictions. (b) Scatter plot of the measured in situ [CHL-a] as a function of
the MAP predictions with the resulting statistical measures.

4. Spatial Evaluation of the BNN Models

In this section, [CHL-a] estimates from OC4, the MBR-based BNN model (MBR-BNN),
and the best performing BNN model (SST-BNN) are compared spatially. The MBR-based
BNN model and OC4 use the same input variables for [CHL-a] estimation, while the
SST-BNN model also includes coordinates, SST, and SST climatology. Comparisons are
made at different spatial and temporal resolutions, using daily Sentinel-3 imagery, as well
as monthly AQUA-MODIS imagery. We identify potential model performance disparities
across different marine ecosystems by conducting the comparison over a diverse range of
regions and environmental conditions, including distinct coastal and open ocean areas. In
addition to comparing the average BNN model predictions to those of OC4, the coefficient
of variation (CoV) is presented as a normalized measure of the magnitude of uncertainty.
Due to the large difference between mean [CHL-a] values in the selected regions, the CoV
is a more suitable metric than standard deviation (StD) alone, since it is normalized by the
mean, giving a relative estimate of the confidence in the prediction. The CoV is defined
as the ratio of the StD to the mean of the ensemble of the BNN sample predictions, which
was computed using the logarithmic [CHL-a] predictions. This is particularly significant
because the BNN predicted distributions are heteroskedastic, meaning that the StD varies
with the mean value. In other words, lower CoV values indicate that the StD is low
compared to the mean; thus, the predictions are more reliable, while the opposite is true for
higher CoV values.

4.1. Sentinel-3 Daily Imagery

Single scenes of two regions with different environmental conditions and typical
[CHL-a] phenology during different seasons were selected for the spatial comparison of the
three different models: the Aegean Sea (Figure 8) and the Southern Red Sea (SRS) including
the Gulf of Aden (Figure 9). In all these cases, Sentinel-3 daily images were used to estimate
an ensemble of [CHL-a] realizations, from which the mean and CoV were computed and
reported. The Aegean Sea, located in the Eastern Mediterranean Sea, is characterized by a
temperate climate and generally low [CHL-a]. The SRS is a tropical sea with many shallow
regions populated by coral reefs, where [CHL-a] variability is much higher. Furthermore,
the training dataset contains many more points from the Mediterranean Sea compared to
the Red Sea, allowing us to investigate whether it has an effect on the model predictions.
The mean and CoV of both BNN model predictions are calculated from 100 different
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samples generated from unique model realizations, which is a reasonable tradeoff between
storage requirements and resolution.
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Figure 8. A single scene of the Aegean Sea from Sentinel-3 at ~300 m spatial resolution depicting:
(a) the average [CHL-a] field obtained from the SST-BNN model, (b) the Coefficient of Variation (CoV)
of the SST-BNN predictions, (c) the difference between the SST-BNN mean and the OC4 [CHL-a]
estimation, and (d) the difference between the MBR-BNN mean and the OC4 [CHL-a] estimation.

4.1.1. Aegean Sea

The Aegean Sea scene was taken on the 23rd of May 2020 and is characterized by a
relatively low [CHL-a] that increases slightly from South to North, reaching its highest
values near the coasts. Figure 8a shows that the very low [CHL-a] values have the lowest
CoV values due to their very low StD, while the highest CoV is observed at [CHL-a] values
between 0.1 and 0.2 mg/m? (Figure 8b). The highest [CHL-a] values, predominantly close
to the coasts, have a relatively low StD in comparison to the mean, which translates into
low CoV. This suggests that the model predictions are more reliable in the Southern Aegean
than the Northern Aegean, where uncertainty is slightly higher. Consequently, confidence
in the model prediction is lower in those areas.

Some differences can be observed between the SST-BNN prediction mean values
and the OC4 estimates (Figure 8c). The SST-BNN predicts slightly higher [CHL-a] at the
very low concentrations (<0.08 mg/m?), while the OC4 estimates much higher [CHL-a]
at the highest concentrations (>0.2 mg/m?) near the coasts. This suggests that the SST-
BNN predictions are more conservative in regions with high [CHL-a], which is due to the
network architecture. The standard ocean color algorithms, such as OC4, are also known to
overestimate [CHL-a] in such regions, especially near the coasts. On the other hand, the
differences between the average MBR-BNN prediction and the OC4 estimate are relatively
small (Figure 8d). This is an expected result, since both models use the same input variables
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(MBR). An overall slight negative bias is also present in the OC4 estimate compared to the
MBR-BNN mean prediction.
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Figure 9. A single scene of the southern Red Sea from Sentinel-3 at ~300 m spatial resolution depicting:
(a) the average [CHL-a] field obtained from the SST-BNN model, (b) the Coefficient of Variation (CoV)
of the SST-BNN predictions, (c) the difference between the SST-BNN mean and the OC4 [CHL-a]
estimation, and (d) the difference between the MBR-BNN mean and the OC4 [CHL-a] estimation.

4.1.2. Southern Red Sea

The SRS scene was taken on the 20th of November 2019 and shows a much larger
spatial variability in [CHL-a] than the Aegean Sea (Figure 9a). The SRS is relatively shallow
and is characterized by higher [CHL-a] than the central Red Sea and the Gulf of Aden.
The CoV (Figure 9b) is slightly smaller than that obtained in the Aegean, which is likely
associated with the larger mean [CHL-a] in the SRS in comparison to the Aegean Sea.
Specifically, the CoV is smallest in productive open ocean areas, where the mean [CHL-a]
values are between 0.6 and 0.9 mg/m?, and largest in shallower coastal areas, which are
typically associated with high [CHL-a] concentrations (>1 mg/m?3). It is also worth noting
that the lack of training data from the Red Sea did not increase the CoV, indicating that the
SST-BNN can be used effectively on a global scale.

There are more evident differences between the three models in the SRS than in the
Aegean Sea. Similarly, the average SST-BNN predicts lower [CHL-a] in the most productive
and some of the coastal areas compared to the OC4 estimation (Figure 9¢). On the other
hand, their difference is negligible in most of the lower concentration open sea areas of
the SRS and the Gulf of Aden. As was the case in the Aegean Sea image, the MBR-BNN
mean prediction is similar to the OC4 estimate due it to sharing the same input variables
(Figure 9d). However, there are areas that the OC4 slightly overestimates compared to the
MBR-BNN model: the high productivity areas. Such areas appear to be the most susceptible



Remote Sens. 2025, 17, 1826

18 of 24

to overestimation by the standard ocean color algorithms, such as the OC4, since, even
with the same input variables, the MBR-BNN mean values are still lower.

4.2. MODIS Monthly Imagery

A global monthly composite image was retrieved from MODIS for May of 2009 and
used to analyze the performances of the MBR-BNN and SST-BNN models in comparison to
that of OC4. The SST-BNN model was designed to take the SST at a given instance as input
to the model, whereas a composite employs average quantities as input. Therefore, the
MBR-BNN is used as the optimal model in this case since it is more suitable for dealing with
composite images. Note that the comparison thereon is among the predictions performed
on the same MODIS composite scene. During May, as expected, the MBR-BNN mean
[CHL-a] is high in the northern Atlantic Ocean, the Baltic Sea, and in most of the coastal
regions of South America and Western Africa (Figure 10a). Due to the higher mean values,
the CoV of these areas (~0.1) is lower than the open sea areas (~0.2) that have lower mean
[CHL-a] values, such as the oceanic waters between —30 and 30 N°. Consequently, the
MBR-BNN’s predictions are more certain in higher concentration regions, such as the coast
and the northern regions.
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Figure 10. A single scene of the southern Red Sea from Sentinel-3 at ~300 m spatial resolution
depicting: (a) the average [CHL-a] field obtained from the MBR-BNN model, (b) the Coefficient
of Variation (CoV) of the MBR-BNN predictions, (c) the difference between the MBR-BNN mean
and the OC4 [CHL-a] estimation, and (d) the difference between the SST-BNN mean and the OC4
[CHL-a] estimation.

The differences between both BNN models and the OC4 algorithm follow a similar
pattern (Figure 10c,d). Similarly to the Sentinel-3 daily images discussed above, the BNN
models predict lower [CHL-a] values in high productivity areas and slightly lower [CHL-a]
values in low productivity areas. These differences have a larger magnitude between the
SST-BNN mean predictions and the OC4 estimates, which arise from using the monthly
mean SST as input. Even though the MBR-BNN demonstrates that it can be conveniently
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used to predict [CHL-a] from composite imagery, the highest accuracy would be achieved by
using daily data as input to the SST-BNN, then averaging the predictions for a given period.

5. Limitations and Future Directions

As with all computational tools, there are limitations in the tool’s use in certain settings.
One of the limitations of including additional datasets in the BNN training is the difference
in spatial resolution amongst different data modalities. For instance, while Sentinel-3
imagery is available at around 300 x 300 m resolution, the OSTIA SST dataset is available
at 0.05° resolution, meaning that errors associated with regridding the data onto the same
mesh will inevitably arise. Additionally, each data modality that is used for training the
BNN model must be used as input for predicting [CHL-a]; i.e., all the input variables must
be available to use the model. In some cases, this could limit the applicability of the trained
BNN model, or even training in the case when an adequate number of matchups cannot be
achieved. Monthly composites of MBR and SST (or any other dataset) also offer a significant
limitation, where by definition, the SST-BNN requires instantaneous SST estimates as input,
not averages. While the MBR-BNN can still be used in those cases, the SST-BNN should be
used to predict [CHL-a] with daily data and then average those to create temporal means.
Nevertheless, these limitations do not hinder the utility of the BNN model in various
applications requiring rigorous understanding of the uncertainty associated with [CHL-a].

There are several applications and directions for future work. The proposed method-
ology can be used for policy making by estimating quantities such as probability at risk,
where the probability of eutrophication events can be estimated, leading to more informed
environmental protection strategies. Along the same lines, the probability distribution
output from the proposed model can be used to monitor extreme events. For instance,
the conditional probability that [CHL-a] exceeds a certain threshold can be monitored as
an early detection strategy for extreme events. Furthermore, tuning BNN models with
more high-quality regional observations would further improve the model’s reliability in
regions with higher prediction uncertainty. Such regionally tuned BNN models could also
be tailored to offer predictions at higher accuracies for specific ecoregions.

6. Conclusions

This work introduces the use of a Bayesian Neural Network (BNN) for estimating
chlorophyll-a ([(CHL-a]) from remotely sensed data, using the largest available database of
in situ match-ups. The BNN’s MAP performs at a slightly higher accuracy than established
ocean color models, such as OC4 and OCI, providing reliable estimates for [CHL-a] when
the same inputs are used. The learning-based method also allows for more degrees of
freedom in ocean color modeling by involving more input variables, describing the state
of the ocean, to more reliably predict the [CHL-a] concentration. Specifically, when an
extended input vector, including data such as coordinates and SST, is used for estimating
the surface [CHL-a], the prediction errors with respect to the in situ values are reduced by
20-40% compared to standard ocean color algorithms (Table 1). The potential of the BNN
model also lies in its uncertainty quantification capabilities, where the BNN predicts the
distribution of potential [CHL-a] values, which builds confidence in the predicted values
and enables further statistical analyses.

By including uncertainty estimates, the proposed model provides additional infor-
mation that is missing from traditional algorithms. This is especially beneficial for coastal
waters when using higher spatial resolution ocean color imagery, such as from the Sentinel-3
OLCIL. This could benefit coastal ecosystem health and biodiversity assessments by studying
the nutrient circulation, detecting localized HABs, as well as monitoring climate change
and other anthropogenic impacts on phytoplankton dynamics. While the BNN may not
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guarantee more accurate results in challenging regions in comparison to their determin-
istic counterparts, they offer a means of estimating uncertainties indicating when it lacks
confidence in its predictions. These uncertainty estimates help us to understand when
and where the BNN predictions are reliable, as opposed to other regions where uncer-
tainties are large and additional data may be necessary to improve prediction accuracy.
In addition to enabling enhanced management applications, the proposed BNN models
also offer new directions for research in the field of ocean color remote sensing, such as
region-specific models.

Table 1. Summary of the percentage relative error in statistical measures for each of the algorithms
relative to the NASA Ocean Chlorophyll 4-band (OC4) model, calculated as 100 x (xulg — Xoca)/ Xocd,
where x is a statistical measure, and the subscript corresponds to the algorithm. The algorithms listed
are as follows: BNN based on the maximum band ratio of SeaWiFS (BNN-MBR), Ocean Color Index
(OCI), BNN based on the three wavelengths used by the OCI algorithm (BNN-OCI), BNN based on
the maximum band ratio from multiple sensors (BNN-MBR merged), BNN based on five reflectance
values from SeaWiFS (BNN-Rrs), BNN based on absorption coefficient Aph (BNN-abs), BNN based on
the maximum band ratio, spatial coordinates, and sea surface temperature (BNN-enhanced). Higher
correlation, lower errors, and bias are preferred. The row italicized indicates the best model in terms
of errors and correlation. The row highlighted in bold font indicates the best performing model based
on readily available auxiliary data, including the SST and geospatial coordinates.

r b ¢ A )
OC4 - - - -
BNN-MBR 0.173 —1.021 —1.021 —134.043
OCI —1.244 10.613 10.175 —659.574
BNN-OCI —0.931 8.680 8.643 —36.170
(mzlggi-g/g]iie 9 —0.887 8.242 8.060 261.702
BNN-Rrs —0.682 6.601 6.127 —695.745
BNN-abs 4.188 —39.278 —39.314 46.809
BNN-enhanced 2.316 —12.874 —12.874 —4.255

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/rs17111826/s1, Figure S1. Scatter plot illustrating the [CHL-a]
against the MBR for the satellites mentioned in the legend as obtained from the match-up dataset.
Figure S2. (a) Scatter plot illustrating the OC4 predicted [CHL-a] as a function of MBR for the
combined dataset. (b) Scatter plot for the in situ measurements against their corresponding OC4
model predictions. Figure S3. Comparison of the daily [CHL-a] fields for the Red Sea using SeaWiFS
remotely sensed reflectances as input to the OC4 and MAP models and their log difference. Figure S4.
Scatter plot illustrating the OC4 predicted [CHL-a] as a function of MBR for the combined dataset
for (a) Laplace, (b) student-t with 2.5 degrees of freedom and (c) Gaussian prior distributions. All
models rely on a neural network with 2 hidden layers and 20 neurons per layer. Figure S5. Scatter
plot illustrating the OC4 predicted [CHL-a] as a function of MBR for the combined dataset for (a) a
neural network with 2 hidden layers and 40 neurons per layer, (b) a neural network with 2 hidden
layers and 80 neurons per layer and (c) a neural network with 3 hidden layers and 20 neurons per
layer. All models assuming a uniform prior distribution over the parameters.
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