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Abstract.

In this paper, we propose a three-stream ocean radiative transfer {(RT)-module as an extension of the NEMO-ecean-medeling
frameweorkNucleus for European Modelling of the Ocean (NEMO). This module solves the-subsurface-irradiance-field-in-water
irradiance fields in 1D water columns, discriminating between two downward streams, direct and scattered, and a backscat-
tered upward stream. The module solves 33 wavebands ranging-between 250 and 4000 nm, with a finerresolution of 25 nm

reselution-in the visible range. The sea surface reflectance is also calculated as a model output, based on the ratio between

the upward and downward irradiances at the air-sea interface. An
the-use-ofirradiances-to-comptite-We also use a feedback loop towards the computation of temperature in the hydrodynamies:
The-moduleNEMO model, made optional with this module. It also includes a stochastic version in which the inherent optical
properties of the main-major optically active components of seawater can be perturbed. This mode is meant to account for
uncertainty in the modelling of marine optics. This module is-can be plugged te-into any NEMO configuration, with the com-

putation of optical properties either-driven-by-a-driven either by a coupled biogeochemical model or directly forced into the RT

radiative transfer module.

We apply this module in a test case for the Black Sea,
areas (BAMHBI). We find that substituting the existing radiative transfer scheme with our model unlocks the ability to simulate
radiometric variables that can be compared more truthfully-directly to observations, both in situ and from remote-sensing. We
also find that using irradiances to compute the temperature and PAR-in-the-scalar irradiance that is available to phytoplankton
in the coupled model maintains consistency in the calculation of physical and biogeochemical variablesin-the-model—. The
simulation of variables such as temperature or chlorophyll concentration is maintained, while enabling additional capabilities

in the model #n-with the simulation of radiometric quantities.
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1 Introduction

The abundance of light is a driving factor in the development of marine ecosystems. First, the-spectral-compesition-of-selar

the evolution of sea temperature (Cahill et al., 2023). As such, it influences the vertical profiles of the-temperature-and-the

depth-of-the-thermeclinetemperature and stratification. A fraction of radiation is also absorbed by phytoplankton communities
through photosynthesis, which converts inorganic compounds into organic material. The spectral composition of solar radiation
has a direct influence on the abundance and species composition. Light also has consequences on the N, O inventory (Berthet

et al., 2023), and affects some chemical reactions, such as nitrification, which are inhibited under high irradiance (Horrigan

et al., 1981; Yang et al., 2022). Thus, light plays a complex but key role in ecosystem dynamics, and a good representation
of its propagation and spectral composition is essential to predict marine ecosystems (Patara et al., 2012; Xiu and Chai, 2014;
Skakala et al., 2022).

YetHowever, the representation of light in marine ecosystem models is still often oversimplified. In most cases, only the
direct light stream is represented, whereas the diffuse part is not, with only a few wavebands that are considered (typically two
to four). Over time, radiative transfer (RT) models of increasing complexity and accuracy have been coupled with physical-
biogeochemical models. This effort has been initiated by Aas (1987); Gregg and Carder (1990); Ackleson et al. (1994) with
models that solve the propagation of three streams of irradiance in the vertical direction: the direct downward irradiance and the
diffuse (upward and downward) irradiances. RT models have been increasingly used in various applications in 1D (Bissett et al.,
1999; Terzi¢ et al., 2021) and 3D configurations A
—(Gre , 2007; Mobley et al., 2009; Dutkiewicz et al., 2015; Gre,
- More recently, studies such as Skdkala et al. (2020, 2022) and Alvarez et al. (2022) have continued such investigations. These

applications have demonstrated the benefits of coupling RT models with biogeochemical models, improving the representation

and Case

of the ambient light field (Fujii et al., 2007), primary production (Kettle and Merchant, 2008), and phytoplankton communities
(Gregg and Rousseaux, 2016). Recent configurations solve the spectral composition of light to reach resolutions of up to 25 nm
in the visible range (Lazzari et al., 2021), and the increase in spectral resolution alews—can provide a framework for a more

precise calculation of heating rates in the upper ocean (Morel, 1988).

The vertical propagation of the three irradiance streams, their intensity, spectral composition, and the sea surface reflectance
are governed by the Inherent Optical Properties (IOPs) of the seawater. IOPs are determined by the composition of the water
column, in particular in optically active water components. The main optically important materials are pure seawater, phy-
toplankton, mineral and organic particles, and coloured dissolved organic matter (CDOM) (Mobley, 2022). Solving the RT
equations requires information on IOPs. They are usually provided either as forcing functions or taken from the eutputs-output

of a biogeochemical model. Advanced RT solutions have been developed and commercialised over the years, such as the Hy-
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drolight/Ecolight software first introduced in Mobley (1989) or the OSOAA model (Chami et al., 2015), which even includes
light polarisation. These models are widely documented and used, and typically use observations as inputs and are not plugged
with ecosystem models. These models are also computationally expensive, and less complex models are typically used to solve
RT in-within ecosystem models. Perhaps the most significant effort to couple a three-stream RT model to a coupled physical-
biogeochemical model is described in Dutkiewicz et al. (2015), with the MITgecm-DARWIN configuration. Nonetheless, an

important calibration and validation effort is required to switch to a different physical or biogeochemical model.

In recent decades, the amount of radiometric data has largely-inereased-thanks-te-increased largely with the development of
optical sensors used on satellite and autonomous platforms such as the Argo network (De Nodrest et al., 2022; Begouen De-

meaux and Boss, 2022). Information on the-spectral irradiance and reflectance is now available at-high-with higher spatial,
temporal, and spectral resolution. However, spectral radiometric quantities are usually not simulated by biogeochemical mod-
els, and simulations and data have to be connected to observations through inversion models that retrieve biogeochemical
model variables from the radiometric observations. The most common example is the sea surface chlorophyll that is derived
from remote-sensing sea surface reflectance using methods such as band-ratio algorithms or machine learning. When cou-
pled with biogeochemical models, RT models can serve as an observation operator connecting dynamically the simulated

biogeochemical variables with spectral radiative quantities

Putkiewiezet-al2618)Dutkiewicz et al., 2018). It provides a framework to directly compare radiometric variables and use
all of the information measured with remote-sensing techniques.

In this paper, we propose and describe a RT module ready—to—be—coupled—with-NEMO-integrated within the NEMO
framework, adapted from the model described in Dutkiewicz et al. (2015). NEMO is among the most commonly used models

for simulating ocean physics. Throughout the years, the representation of the light penetration in NEMO has been improved.
Initially, a two-band model that solves light attenuation in the visible and near-infrared ranges was implemented, following
the formulations of Paulson and Simpson (1977, 1981). Lengaigne et al. (2007) proposed to add a third band, separating the
visible range between blue (400-500 nm), green (500-600 nm) and red (600 700 nm), as applied in the PISCES model (Au-
mont et al., 2015) —Fhi e
configurations such as Hordoir et al. (2019). A fourth band can be added in the infrared range as in Vichi et al. (2015), while
still using the general formulation of Lengaigne et al. (2007). More recently, NEMO 5 included a fifth band in the ultraviolet

tonsand other

range (Madec and the NEMO System Team, 2022), described following the formulation of Morel and Maritorena (2001). Most
of these models are solving a single downward stream of irradiance, with the computation of an attenuation coefficient to dim
the surface irradiance stream. Some implementations use a finer spectral resolution (Skékala et al., 2020), but the inclusion of
an online coupling between NEMO and a three-stream RT model remains open to new developments, in particular in 3D con-
figurations with high-increased spectral resolution. This RT model is applied here to the Black Sea, presented-as-an-additional
mochite-of-in a NEMO configuration coupled with the BiogeochemicAl Module for Hypoxic and Benthic influenced areas
(BAMHBI Grégoire et al., 2008; ?; Grégoire and Soetart, 2010; ?). In NEMO-BAMHBI, Capet (2014) previously introduced
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the use of a rather simple three-band model. This initial optical model accounts for the properties of water and phytoplankton,
with an additional correction to account for CDOM concentration and the optional inclusion of suspended minerals. The aim of

this work is to improve this initial resotation-of RF-simulation of radiative transfer by replacing it by-with a three-stream model.

The output of this paper-work is a version of the three-stream RT module compatible with NEMO, including a stochastic
mode, and an upgraded version of BAMHBI that includes this RT module as an additional module. The stochastic version of
the module can be used to generate ensembles that account for modeting-tneertainties-and-their-uncertainties in the optical
properties of seawater. Their quantification, similarly to what is done when quantifying uncertainties in observations, as already
demonstrated-explored in Macé et al. (2025). A 1D testing version of the RT model is also provided as a convenient way to
run it for a single water column and tune its parameters with, for instance, radiometric profile data from BGC-Argo floats.
The RT module is tested and validated in a regional configuration of NEMO for the Black Sea. In particular, the IOPs and
model parameters were calibrated and tested to adjust the initial model to our test case. An additional objective of this study
is to evaluate the consequences of substituting the RT scheme from the current BAMHBI configuration and to evaluate the
possibilities that are now offered with the updated coupled model. The RT module described here is integrated into NEMO and
requires the IOPs that can be provided either by a biogeochemical model or by forcing functions. The use of the RT module is

demonstrated in the Black Sea using the well-tested NEMO-BAMHBI configuration.

The description of the RT module and its integration within the NEMO framework are presented in Sect. 2. In Sect. 3, we
focus on the application of this model to the modelling of Black Sea ecosystems, with an upgraded versten-configuration of
the BAMHBI biogeochemical model. In Sect. 4, we analyse the consequences of using the fully coupled framework and the
additions brought by the RT module, with several application cases in the Black Sea. The impact of using the RT module is
assessed by comparing its results in terms of simulated physics and biogeochemistry with-those-obtained-using-the-against
the current three-band model eurrently-available with BAMHBI. We validate the simulated sea surface reflectance with both
in situ and remote-sensing data. We also perform a comparison of surface chlorophyll using the inversion algorithms that
are traditionally used to process remote-sensing reflectance data on the variables of our model. Finally, Sect. 5 discusses

model-the performances and limitations atenrg-with-a-disetssion-of-of the model along with the perspectives provided by this

implementation.

2 The radiative transfer module

This section describes the equations and the code of the RT model, which are adapted from Dutkiewicz et al. (2015) in
which they were presented for the global MITgecm-Darwin configuration. The model is adapted here for its-the coupling with
NEMOand-a-biogeochemieal-model. The formulation of the model is influenced by the BAMHBI model that will be presented
in the next section with the test case. We also detail the IOPs that are considered in this formulation, and the stochastic version

of the model.
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2.1 Radiative transfer modelling

The RT model considers light absorption and scattering in two directions, downward and upward. It solves three streams of
irradiance. Two streams are downward: the direct stream E; represents light whose path has not been affected by the scattering
(forward or backward) and absorption of optical active components, and the scattered stream F; represents light that has been
scattered in the downward direction. The upward stream FE, represents light that has been backscattered, i.e. scattered in the
upward direction. The model then runs independently for each wavelength. The set of equations describing the propagation of

irradiance in the water column is as follows.

dE4(N,2) _ a(Mz)+br(N2) +be(N 2)

) _ = Ea(2) (1)
dENz) _ _aQ2)trbhz) gy oy A2 gy oy A2 @)
dz s Moy Hd
_dEE) __ah At rabiha) g oy rhRE) g oy D) 3)
dz T Tts Ttq

With a, by and b, being respectively the absorption, forward scattering, and backscattering coefficients, in units of m ™1,
and described in more detail in section 2.3. r, and r,, are dimensionless coefficients that describe the repartition of scattering
between the upward and downward directions. [ig, fis, i, account for the angular distribution of light in the form of average
cosines, also dimensionless (Aas, 1987). By considering these parameters as constant, the system can be reduced to a tridiago-

nal system. The full description of the resolution is described in the Appendix of Dutkiewicz et al. (2015).

This system of equations is closed by two surface boundary conditions E4o and Ej, respectively for the surface values of
the E; and E, streams. The boundary conditions must be provided for all wavelengths solved by the RT model. The spectral
resolution of the model can be adjusted freely as long as surface boundary conditions and profiles of optical properties can be
provided over the whole spectral range. At the bottom, the system is closed by assuming that there is no bottom reflection,
which means that the F, stream is O at the bottom of the water column. This has no consequence in deep waters, but this

feature may be guestioned-a limitation for coastal applications.

Ed()\,z = 0) = EdO (4)
Es(\,z=0)=Ey &)
E,(\ z=depth)=0 (6)

From irradiance streams, we derive the reflectance R as the ratio between the upward and downward irradiance in the upper

uppermost layer of the model (i.e. just below sea surface) as in the following equation.
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(7

In order to convert the sea surface reflectance R into a variable comparable to remote-sensing reflectance, as observed by
earth observation satellites, its value is corrected by accounting for the bidirectional reflectance distribution function (). This
coefficient usually depends on parameters such as the refraction index at the air/sea interface, the solar zenith angle, and the

wave state of the ocean surface (Morel et al., 2002). His-set-For a regional application, we set is as a constant in this model.

Rbelow by
RES" N = =5~ < ®)

Finally, the below-surface remote-sensing reflectance is converted into an above-surface quantity following Lee et al. (2002).

TRI)elpw A 7_Rbelow by
RRS()\) = 'Rbb(ilgm) = bel(ow) (9)
L QRSN 1y QRgs™ ()

With -7 the radiance transmittance of the interface and ~ the internal reflection coefficient (Bai et al., 2020). Rgg is the

quantity that is then comparable to remote-sensing data. Representative values of the coefficients (), 7 and  can be found in
Tab. 1.

The RT model described in this section can be used as an observation operator for the physical-biogeochemical framework,
as it serves as a link between the modelling framework and the observations. We talk then of a one-way configuration, when
information from the RT module is not used by the other components of the modelling framework. Hewever—the-The RT
module is two-way coupled if the simulated irradiances are used in the simulation of temperature and primary production in

the coupled model. In this article, we enty-consider the two-way configuration of the coupled model. For reference, the on-way
coupling was used in Macé et al. (2025).

2.2 Integration within the NEMO framework

The total scalar irradiance budget Fy; is computed by the RT module over its entire spectral range and is used as the source
term of Eq. 10 which describes the evolution of the-temperature T through the computation of the heat budget. In the classic
NEMO radiative schemes, F;.: is derived only from the downward stream of irradiance computed over two to four wavebands.
In this formulation, the three streams of irradiance appear in the equation and the amount of wavebands is increased due to the

finer spectral resolution, as in Eq. 11.
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with ¢, the heat capacity of water, po the density of water and 7y a constant dimensionless tuning factor. AE4 (), AE(\)
and AF,, ()\) respectively represent the difference in irradiance between the top and bottom of the model grid cell. The parame-
ter ny is a tuning parameter meant to account for the fraction of irradianee-toss-absorbed irradiance that is actually used to heat
water. In reality, some of the energy that is lost as light propagates in seawater is used by phytoplankton for photosynthesis or
to degrade particles and minerals (Del Vecchio and Blough, 2002). In mesteases;-the-#parametershould-beset-general, the
parameter 77 should be very close to 1, and-as virtually all radiation participates in the heating of sea water (Mobley, 1994).

Here, it is also added as a way to tune the temperature feedback and compensate temperature biases that could arise. It should
be calibrated accordingly with observations for each use case. The technical description of the temperature feedback within the

code is presented in Appendix. B.. This temperature feedback is proposed as an additional scheme for RT that can be used in
place of the default schemes defined in the t ragsr . F 90 source file (e.g. two- or three-band models). This scheme is activated

by setting the flag 1n_gsr_RT = .true. inthe namtra_gsr namelist. The #xparameter-is-to-parameter 7y must be
set in the nam_RADTRANS namelist.

2.3 Inherent Optical Properties

Solving Egs. 1 to 3 requires information on the profiles of seawater IOPs: coefficients of spectral absorption a, forward scat-
tering by, and backscattering by,. These variables are foreed-into-the-model-or-estimated by a biogeochemical model plagged
with-NEMO-coupled with NEMO or could be forced into the model. In the three-stream RT model, we account for four opti-
cally active constituents that contribute to absorption and scattering: pure water, phytoplankton, detritic non-algal particles, and
coloured dissolved organic matter (CDOM). We assume that the latter only contributes to absorption (Dutkiewicz et al., 2015;
Alvarez et al., 2023). IOPs are derived from the sum of optical properties of seawater constituents that contribute to absorption

and scattering.

a(A, 2) = (N, 2) + aphy (X, 2) + apri (A, 2) + Gedom (A, 2) (12)
bf()\7z) = bf,w()\,z) + bf,phy()\,z) + bf’prt()\,z) (13)
bb()‘v Z) = bb,w (A,Z) + bb,phy()\a Z) + bb,prt(sz) (14)

Many studies have focused on the optical properties of pure water-seawater (@, b, and by ,,), and these are now well

documented (Pope and Fry, 1997; Morel et al., 2007; Mason et al., 2016). Water-has—a-high-abserbing-power—exeeptin
Outside of the visible range, high absorption by seawater does not allow radiation to propagate further than a few metres. In
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, absorption is lower and
the contribution of other constituents becomes relevant. We use the absorption and scattering spectra from lab experiments
described in Pope and Fry (1997), and we consider symmetric seawater scattering as in Gregg and Rousseaux (2016), with

equal scattering and backscattering. Absorption and scattering spectra are considered accurate, and are provided in Fig. 1.

the visible rangein-whi

The absorption and scattering by phytoplankton (apny, bf,phy, and by pp, ) are the sum of the contributions of the phytoplank-
ton species that-are-considered-considered in the model, as in Egs. 15 to 17. In biogeochemical models, phytoplankton species
are typically grouped in phytoplankton functional types (PFTs) based on common traits and affinities for light or nutrients.
For each PFT, absorption and scattering are computed from phytoplankton concentration and reference spectra. The number of
PFTs considered in the model can be adjusted depending on the application of the model. Examples of spectra for PFTs that

are considered in the use case of this article are presented in Fig. 1.

aphy (N, 2) Zaphy )CHL(z) (15)
b, phy(As2) j{:bfphy Cln(2) (16)
bophy (A, 2) be phy (M) Coni(2) (17)

. . . . 2 1 y . . .
Where a;hy is the reference absorption in units of m* mgChl™ b} phy and bi’phy are the reference scattering in units of

m? mmolC~!, CH L' is the chlorophyll concentration for each PFT in units of mgChl m—2 and C?,, is the carbon content in

each PFT in units of mmolC m~2. Phytoplankton absorption and scattering spectra are taken from the results of the literature
review presented in Alvarez et al. (2022), that includes field observations in the Mediterranean Sea. We may therefore expect
uncertainties arising from the difference in the definition of PFTs across basins and models.

The optical properties of non-algal particles (aprt, b pre, and by pr¢) are derived from the concentration of detritus, or
non-living particulate organic carbon (POC) as in Egs. 18 to 20. It acts as a proxy for particle concentration, under the as-
sumption that the particles are uniform in size and shape (Dutkiewicz et al., 2015). Referenee-The reference coefficients (aprt,

b9 . prt» and bb,prt) are derived from Gallegos et al. (2011) and Alvarez et al. (2022) and their spectra are provided in Fig. 1. This
model aggregates data from various field campaigns to provide a model of absorption and scattering by non-algal particles.

a’PTt(A7Z) prt()‘)POC( ) (18)
bpprt(As2) = b, (N POC(2) (19)
by PTt()‘ Z) - bb prt()‘)POC(z) (20)

Absorption by CDOM (@40 ) is calculated from a reference profile at a prescribed wavelength. We choose the 412 nm

wavelength as the reference here as data for irradiance streams are often available in this waveband. The reference profile can
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Figure 1. Optieal—Spectra for the optical properties for water (top) (Pope and Fry, 1997), non-algal particles (centre)
Gallegos et al., 2011; Alvarez et al., 2022) and the three PFTs defined in BAMHBIL: diatoms, small flagellates and large flagellates
(bottom) (adapted from Dutkiewicz et al., 2015; Alvarez et al., 2022).

either be forced into the model of derived from an estimation of CDOM concentration provided by a biogeochemical model.

CDOM absorption is then propagated in other wavebands with the following exponential law.

acdom(>‘) = Gcdom ()\ref) 67S6dom'()\7)\ref) (21)

With a.4om the reference forcing profile at A, = 412 nm and Scqorm, the slope factor describing the exponential decrease in

absorption in longer wavebands (Twardowski et al., 2004; Kitidis et al., 2006; Dutkiewicz et al., 2015). Thus CDOM principally

absorbs in short wavelengths. A literature review on S, values can be found in Terzic et al. (2021). The values for szgm
Scdom and all the other parameters of the RT model need to be specified by the user depending on the application case of the

model.
2.4 Stochastic version of the radiative transfer model

In addition to the deterministic version of the RT module, we provide a stochastic version of the RT model, that offers the

possibility to consider uncertainties in the modelling of IOPs. The stochastic version of the model is-based-relies on the intro-
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duction of stochastic perturbations in the parameterisation of the IOPs, based on the generic approach developed by Brankart

et al. (2015) —that describes its use within the NEMO model. This approach has later been used in Garnier et al. (2016) and

Popov et al. (2024)
variables through the perturbation of biogeochemical parameters. It was presented in Macé et al. (2025) where the RT module

was used in a one-way coupled configuration (i.e., as an observation operator). Perturbations in the IOPs are meant to account

, showing its ability to generate variable dispersions that are consistent with uncertainties in biogeochemical

both for uncertainties in the specific coefficients for absorption and scattering (as in Eqgs. 15 to 21) and on uncertainties in
chlorophyll, non-algal particles, and CDOM concentrations fed to the RT model. First-order autoregressive processes are used
to generate 2D stochastic perturbation fields that are multiplied by the 2D fields of IOPs. The same perturbation is applied to
all vertical levels. The method for perturbing the IOPs is detailed in Macé et al. (2025). The-inputsforpertarbations{standard

eviations;-temporal-and-spatial-correlations)-must-be-provided-in-the-namsto namelist—Given-the-perturbation—using-We
use log-normal distributions for the perturbations to be consistent with the tendency of optical variables to follow log-normal
distributions +-(Vervatis et al., 2021). Transformations to derive the mean 1o and standard deviation o of the initial Gaussian

distribution are given following Eqs. 22 and 23 with ¢ the standard deviation of the final log-normal distribution centred on 1.

0_2

Ho = Y (22)

o2 =In(1+0?) (23)

3 Framework for application in the Black Sea

The RT module presented in Sect. 2, including its stochastic version, has been tested in the Black Sea where NEMO-BAMHBI
is run in forecasting and reanalysis mode in the frame of the Copernicus Marine Service. Its inclusion as an additional module
to the BAMHBI model, which upgrades the current version of BAMHBI, is presented in this section. The RT model has been
calibrated thanks to Biogeochemical (BGC)-Argo floats that have been deployed in the Black Sea for more than a decade. The
IOPs necessary to compute the spectral irradiance are provided based on NEMO-BAMHBI variables. Fhe-use-ofthe RF-medule

is-presented-in-this-section-as-an-upgrade-of-the-existing NEMO-BAMHBLsystem—We-also-introduee-here-We introduce the

coupling of the RT module with the BAMHBI framework, sueh-as-through the computation of IOPs and the surface radiative

forcing.

In the following, we present a comparison of model runs using two schemes for the modelling of light.
— The three-stream radiative transfer model, introduced in Sect. 2 with Eqs. 1 to 21, hereafter called RT model.

— The attenuation scheme embedded in the BAMHBI model, that simulated light attenuation in three wavebands. It is
briefly presented for reference in Sect. 3.1 with Egs. 24 and 25, and hereafter called "simple optics".

10
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3.1 The BAMHBI model

The BiogeochemicAl Model for Hypoxic and Benthic Influenced areas (BAMHBI) is a marine biogeochemical model that
describes the cycles of carbon, nitrogen, phosphorus, silicon and oxygen through the modelling of the marine foodweb from
bacteria up to mesozooplankton (Grégoire et al., 2008; Grégoire and Soetart, 2010). A complete technical description of the
BAMHBI model can be found in ?Grégoire et al. (2026). It solves three PFTs, two zooplankton types, and the microbial loop
with several classes of detritic materials. The BAMHBI model is appropriate to model low-oxygen environments, explicitly

representing the anoxic layer in the case of the Black Sea. In-the-

The current version of BAMHBI ;-enly-a-direetstream-of fight-is-deseribed-in-three-wavebandsuses a simpler optics model

that only simulates direct downward streams of light in three large wavebands, as described in Capet (2014). The visible
spectral range is split into two bands, ineluding-two-in-the-visible-part-differentiating radiation between a short and a long
wavebandin-the-vistblerange(Capet; 2044). The third band is in the infrared range. The absorption and scattering of light by
the three phytoplankton groups and organic particles is considered as described in 2-Grégoire et al. (2026) and the absorption
of CDOM is parameterised as a function of salinity —We-feree-the-surfaceradiation-to represent the higher CDOM absorption
found at river mouths. Surface radiation is forced from the regional configuration of an atmospheric model. At sea surface, the
reflected fraction of irradiance, due to surface albedo, is removed to obtain radiation just below sea surface. Below the surface,
a single irradiance stream E, is attenuated following Beer’s law with an absorption coefficient a s, derived from chlorophyll

concentration, particulate organic carbon (POC), and salinity, in each of the three wavebands. The reference "simple optics"”

configuration is therefore defined with Eqgs. 24 and 25, with a L fochl, Ofo. and ar, cdom the respective absorption
coefficients by seawater, chlorophyll, detritus, and CDOM.

Afo = Qfo.w +a'fo.chl +affo.poc+affo.cdo7n (24)
dFE,

ZZZ(Z) = —asoEo(2) 25)

We aim to build on top of the current version of BAMHBI described in Grégeire-et-al+2008)-Grégoire et al. (2026) by ex-

tending it with the three-stream RT scheme described in Sect. 2 as an additional optional module. The code for the extended
version of BAMHBI is available in the supplementary material. When BAMHBI is used with the RT module, it provides the
IOPs to solve the speetral-direct and diffuse spectral radiation according to Eqgs. 1 to 6. Three PFTs are considered: dinoflagel-
lates, smaller flagellates, and diatoms. These species are dominant in the Black Sea (Silkin et al., 2021). Data for the reference
spectra are adapted from Alvarez et al. (2022) to match the PFTs simulated in BAMHBI. Specific absorption and scattering
spectra for phytoplankton are provided in Fig. 1. apny, bphy, and by pny are therefore eomputed-calculated as the sum of con-
tributions from these three PFTs following Eq. 15 to 17. The optical properties of non-algal particles are computed using POC
that is explicitly simulated in BAMHBI, following Eqgs. 18 to 20.
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Figure 2. CDOM absorption forcing with regard to seawater density and day of the year.

CDOM is not explicitly simulated in BAMHBIbut-needs-to-be-provided-by-afereingfunetion—, which does not allow to

compute its contribution to absorption. Here we decide to directly force CDOM absorption into the model. This forcing is built
frem-using BGC-Argo data in the Black Sea between 2017 and 2020. Among the collected data, we use profiles of chlorophyll

concentration and particulate backscattering coefficient at 700 nm to derive the optical properties of phytoplankton and non-

algal particles. We use CDOM fluorescence (fDOM) profiles to impose a-speeific-shape-to-the-CDOM-absorption-profilethe
shape of CDOM absorption profiles, assuming that the absorption pewer-capability of CDOM is uniform in the vertical dimen-

and to be determined independently for each profile. Since BGC-Argo floats provide measurements of downward irradiance in
three wavebands (centred on 380, 412 and 490 nm), we use the 1D test model to optimise CDOM absorption to best match the
data. Given the large amount of available BGC-Argo profiles, we maintain seasonality in the resulting CDOM absorption forc-

ing. Rather than having a forcing depending on depth, we alse-set-the-dependenee-in-create a lookup table that defines a.g4,

based on density (p) and seasonality, to exhibit seasonal and spatial variations in the composition of seawater. A Hovméller

representation of this table is shown in Fig. 2 with a further description of the method used to derive this contribution in
Appendix. A. Table 1 provides the values of the parameters used in this NEMO-BAMHBI configuration.

When coupled, the RT model fee provides
BAMHBI the scalar irradiance that is available to phytoplankton for photosynthesis. It is defined as the sealﬂﬁﬂfegf&ted
integrated scalar irradiance in the visible range (i.e. between 400 and 700 nm) as in Eq. 22-PAR-26. F (in W m~°) is

the fraction of irradiance available to phytoplankton and is therefore defined from the three streams of irradiance. In situ

observations of PAR (photosynthetically active radiation, in Mare also often available and can be related to
when approximating conversion rates, making it a useful variable for model validation. Following Thimijan and Heins (1983)
we use the approximation for daylight conditions described in Eq.27.
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Table 1. Model parameters for the Black Sea implementation of the RT model.

Parameter  Value Unit Source

Hd(maz) +50.66  [-] Aas (1987); Dutkiewicz et al. (2015)
s 0.83 [-] Aas (1987); Dutkiewicz et al. (2015)
Hw 0.4 [-] Aas (1987); Dutkiewicz et al. (2015)
Ts 1.5 [-] Aas (1987); Dutkiewicz et al. (2015)
Ty 3 [-] Aas (1987); Dutkiewicz et al. (2015)
Q 4 st Morel and Gentili (1993); Lee et al. (2002)
T 0.52 [-] Lee et al. (2002)

7y 0.425 st' Leeetal. (2002)

Sedom 0.02 nm~'  Terzié et al. (2021)

nH 0.85 [-] model calibration

700nm
C[Ea(N2) | Es(\z) | Eu()
330 PAR(z)= { hz) B, (’2)} dA
| Hd Hes jn
400nm
700nm 2.0 .0 B0
EU(Z) _ / dLaZ) + 5(772) + u(,Z):| d\ (26)
Hd Hs P
400nm
PAR =16 x By -

3.2 MAR surface forcing

335 The RT model needs information on the spectral irradiance at sea surface as a boundary condition. Before reaching the sea
surface, the solar irradiance propagates through the atmosphere, where it is already divided into direct and scattered streams.
This information is then propagated in the water column according to the IOPs. To provide these boundary conditions, we use
spectral shortwave fluxes simulated over the Black Sea area with a regional atmospheric model (Gallée et al., 2013; Grailet
et al., 2025). MAR (Modele Atmosphérique Régional) is a regional climate model used for both weather forecasting and cli-
340 mate studies (Gallée et al., 2013). For this study, the atmosphere over the Black Sea has been simulated by the MAR version
3.14 of MAR(Grailet et al., 2025), which runs with the ECMWF radiative transfer scheme ecRad v1.5.0 (Hogan and Bozzo,
2018). Operational since 2017, ecRad is a flexible radiation scheme which allows users to easily tune its sub-components, such

as cloud and gas optics. In particular, ecRad v1.5.0 is capable of running with high-resolution gas optics schemes pre-computed

with the ecCKD tool (Hogan and Matricardi, 2022)-, and the CAMS aerosol specification (Bozzo et al., 2017). As a result, the
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atmospheric model is able to simulate aerosol optical depth. Aerosol mixing ratios for ecRad are prepared from climatological
data. Since late 2022, it has also been capable of producing spectral shortwave fluxes in user-defined bands. Grailet et al. (2025)

demonstrated that running MAR v3.14 with ecRad and a high-resolution ecCKD gas optics scheme for the shortwave range
can produce realistic spectral shortwave fluxes with respect to ground observations. The spectral bands can be as small as 5 nm

wide, as long as they are not finer in resolution than the inner spectral bands of the ecCKD model. The ecRad scheme is also

able to separate direct and diffuse irradiances that are later fed to the ocean model.

To simulate the Black Sea, MAR has been configured with a 15 km grid resolution and 24 pressure levels in sigma coordi-
nates that extend from the surface to the lower stratosphere. It has been forced at its lateral boundaries by ERAS reanalyses
(Hersbach et al., 2020) and has been tuned to use a high resolution ecCKD gas-optics scheme in the shortwave range, to pro-
duce fine spectral shortwave fluxes. The output spectral bands have been configured to be equivalent to the 33 wavebands used
in the ocean RT model, ranging between 250 and 4000 nm. For consistency, we also choose to force ocean physics of the model
with outputs from the same MAR simulation: sea level pressure, humidity, 2 m temperature, wind speed and precipitation. The

MAR radiative fluxes have been compared against ERAS reanalyses and PAR ground observations at the Kichinev AERONET
station (Moldova). Against ground observations, MAR achieves high correlation (> 0.9) and low bias. This validation is not

resented in detail here as it is not the focus on the paper. A thorough evaluation of MAR spectral fluxes over a European
location is provided in Grailet et al. (2025).

It should be noted that any potential bias in the forcing would not significantly influence the fields of sea surface reflectance
that are produced. In fact, reflectance is computed as the ratio of upwelling irradiance to downwelling irradiance (see Eq. 7).
This equation can also be understood as the normalisation of upwelling irradiance, influenced by absorption and backscatter-
ing, by the forced downwelling irradiance. Despite a difference in incident downwelling irradiance, the fraction of irradiance
that is backscattered remains the same, and therefore the ratio between upwelling and downwelling irradiance at sea surface

would remain rather similar.
Radiative forcing consists of downward direct Eg_ .. and scattered E ¢, irradiance streams on the sea surface for each

wavelength and grid location of the domain. We derive the boundary conditions described in Egs. 4 and 5 by accounting for

sea surface albedo A, taken from the mean monthly albedo dataset for the Atlantic Ocean at 40°N described in Payne (1972).

EdO = (1 - A)Ed‘fm"c (28)
EsO = (]- - A)Es.forc (29)
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3.3 Description of the use case configuration

Based on the initial scheme with simple optics and the three-stream RT scheme, we define three BAMHBI configurations that

are described here and analysed in section 4:

— Simple optics: using the one-stream scheme from Capet (2014), detailed in section 3.1. The simple optics scheme is the

one that runs with the current version of BAMHBI (2)(Grégoire et al., 2026).

— RT: using the updated "radtrans" model from Dutkiewicz et al. (2015), a three-stream model in thirty-three wavebands,

as described in section 2, coupled with NEMO-BAMHBI.

— Stochastic RT: using the stochastic mode of the RT model, presented in section 2.4, and therefore accounting for uncer-
tainties in the modelling of IOPs. The corresponding experiments consist of a 50-member ensemble used to compare

time series of sea surface reflectance with in situ data.

With the inclusion of the three-stream RT scheme and the new surface radiative forcing, the deterministic and stochastic
RT configurations presented in this article make an extension of the NEMO-BAMHBI modelling framework. The RT module
takes inputs from BAMHBI and external forcings, and its outputs are used by both NEMO and BAMHBI. It includes the
computation of three new state variables that correspond to the three streams of irradiance, and a diagnostic variable that is the

sea surface reflectance.

In all experiments, BAMHBI is coupled with NEMO 4.2 on the same horizontal and vertical grids. We use a NEMO con-
figuration for the Black Sea with a horizontal resolution of 15 km and 59 vertical levels distributed unevenly. The layers are
thinner close to the surface and wider in the deeper parts of the basin. Biogeochemical forcings such as river inputs and atmo-
spheric deposition of nutrients (phosphorus, nitrate and ammonium) are based on climatology data. The model is forced with
river runoffs that are based on climatology. We assume that there are no exchanges with the Sea of Azov, and the exchanges
with the Sea of Marmara at the Bosphorus Strait are set following Stanev and Beckers (1999). In the RT configurations, we
consider 33 wavebands ranging between 250 and 4000 nm with a finer 25 nm resolution in the visible range. Temperature and
PAR-F feedbacks are activated with NEMO and BAMHBI, respectively. In this configuration, the parameter 7 (see Eq. 10)
transcribing the fraction of absorbed irradiance that is used to heat the water column is set to 0.85 after calibration of the model
with a 1D test model in the Black Sea. Figure 3 provides an overview of the coupled modelling framework for experiments

using the RT module.

The parameters for the RT module specific to the use case are specified in the nam_RADTRANS namelist. They consist of

the parameters defined in Table 1 along with the forced inputs:
— The wavebands and spectral range to be simulated

— The parameters described in Sect. 2: s, 7y, fid, fbss fou> @, FT, Y, NH
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Figure 3. Coupling of the 3-stream RT model within the NEMO-BAMHBI framework. Forcing for physics and surface radiation are provided
by aregional MAR simulation (see Section 3.3). In a configuration without a biogeochemical model, the IOPs would be forced from external

data into the three-stream RT module

— The absorption and scattering spectra for water, phytoplankton and non-algal particles
— The reference absorption profile for CDOM absorption and the slope coefficient S.qom,

— The surface radiative forcing (downward direct and scattered streams)

4 RT modelling in the Black Sea

This section describes the application of the RT model to the Black Sea threugh-using the NEMO-BAMHBI framework. We
first investigate the consequences of substituting the RT scheme in the computation of temperature and chlorophyll. This is
done through comparison with BGC-Argo and satellite data, and with the former simple optics configurations when available.
We then elaborate on the computation of radiometric variables, with an outlook on the uncertainties that arise from the param-
eterisation of the IOPs. We highlight the benefit of a RT model for linking simulations with observations with the example of

a chlorophyll estimate derived from the RT simulated reflectance as estimated in ocean colour inversion algorithms.
4.1 In-water irradiance

In the simple optics configuration, PAR-E, is simulated from two wavebands in the visible range and with a simple one-
stream irradiance model. With the RT configuration, we simulate the irradiance at a higher spectral resolution, providing a
more detailed representation of the spectral irradiance. Scatter plots of downwelling irradiance at 380, 412 and 490 nm, sim-
ulated by the RT model and observed by BGC-ARGO (between 2017 and 2020) are presented in Fig. 4. In the-this figure,
downwelling irradiances are normalised by their surface values to focus on radiation absorption independently from potential

surface radiation biases. We use hourly model outputs in order to consistently match in sifu data despite the sub-daily variabilit
of irradiance. In the model, the downwelling irradiance is defined as the sum of the direct and downward scattered streams of
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Figure 4. Logarithm of normalised downwelling irradiance from BGC-Argo data and the RT model in the RT configuration at the location of
BGC-Argo floats between 2017 and 2020, for the upper 100 metres. Irradiance measurements are normalised by the closest available value
to the surface. The indexes of the BGC-Argo floats used are 6901866, 6903240 and 7900591. RMSE, correlation coefficient (r), regression
slope and intercept are displayed for each wavelength. Scatter plots show 19 556, 25 628 and 43 268 data points respectively for the 380, 412

and 490 nm wavebands.

irradiance. The data shown are the logarithms of normalised irradiances in order to compare orders of magnitude -as-a-way
to-aceount-for-and give weight to both higher values at the surface and lower values in the depth. We find that the simulation
of the irradiance streams is very consistent with the observed data despite an underestimation of irradiance at 380 nm. The

agreement in the 412 and 490 nm wavebands is very good with regression slopes close to 1. At 380 and 412 nm, and close to

the surface, attenuation seems larger in the model that in BGC-Argo profiles. This corresponds to the spectral range in which
CDOM dominates absorption. The bias is larger at 380 nm and decreases with the wavelength while RMSEs are of similar

magnitude.

BGC-Argo profiles also provide PAR data, which can be converted to scalar irradiance E). It should be noted that the method
used to compute PAR-L, is not the same in both configurations, leading to differences at the-sea surface even though the forcing

is the same. In the simple optics configuration, PAR-F| is defined as 46 % of the total solar radiation, while in the three-stream
model it is defined as the integration of solar radiation between 400 and 700 nm. The surface PAR-Iy tends to be higher in
the RT configuration. To analyse the attenuation of PAR-FE profiles, we focus here on normalised profiles with regard to the
surface values. Figure 5 presents a scatter plot with data from normalised PAR-L, profiles simulated by the simple optics and
the RT configurations with BGC-Argo data between 2017 and 2020. The agreement with BGC-Argo data for normalised PAR
Ej is very good, with a regression slope in the scatter plot of over 0.9. Since this slope is lower than 1, the difference between
model outputs and BGC-Argo data is explained by a higher absorption in the model close to the surface and too low in depth.

The use of a RT model slightly-improves-has a rather neutral effect on the simulation of the-PAR-profile-with-lower-error-and
biasF profiles, with lower biases and similar errors. The performance of both models remains ratherclose and the change in

17



445

450

Eo/Eo(z=0)

109§ = :
] -/ /| simpleoptics

RMSE = 0.077

bias = -0.023

5 r=0.926

= : slope = 0.916

P int. = -0.141

1071+ "

Model [-]

 EERE RT model
LAt RMSE = 0.077
- bias = -0.004
r=0.931
slope = 0.894
int. = -0.086

10_2;

103

10-3 10-2 101 10°

BGC-Argo [-]
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are displayed. Scatter plots show 36 376 data points. Normalisation is performed relative to the maximum value of the PAR-Ej profile, which

scheme <

4.2 Simulation of temperature profiles

In this section, we assess the influence en-temperature-of solving radiative transfer with a three-stream RT scheme that-selves

AFgEe Tt s at-bandson temperature. In the coupling

with NEMO, the irradiance streams are used to compute the evolution of temperature in the model following Eq. 10. This
implies that a change in the irradiance streams influences physics, which in turn influences the biogeochemistry and IOPs.
Calibration of the iy parameter, which intervenes in Eq. 10, is performed in such a way that the temperature profiles in the

RT configuration remains consistent with BGC-Argo profiles for our Black Sea configuration. As such, we do not expect large
differences between the simple optics and RT configurations. While should normally be close to one, model validation
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against in situ data suggested to lower this value to match temperature profiles.

To evaluate the influence of this feedback on temperature from the RT to the physics, we consider the depth-of-thermoeline;

sea surface temperature (SST) from both model configurations and from BGC-Argo data, where it is defined as the depth-of

the-distributton-of-The right-hand side panel of Fig. 6 shows the distributions of SST in the three datasets that are compared
showing that distributions of SST remain rather similar. Here, the bias and RMSE in SST slightly increase between the simple
optics and the thermoek sh ' ' ith-#r-si i

e-RT configuration. The differences remain
rather small compared to sea temperatures and are considered acceptable to validate the feedback loop from the RT model to
the physics. Several other diagnostics have been checked, although not shown in this paper as it is not the core of the work.

The simulation of the cold intermediate layer cold content (CCC) and the mixed layer depth remain consistent over the four

years of simulation, as well as thermocline and halocline depths.

4.3 Simulation of chlorophyll

As for temperature, the IOPs of the upper ocean layers dictate the amount of light received by the lower layers, and therefore
the ability for phytoplankton to develop in-the-deeper—partsialong the water column. Figure 7 compares the distributions of
surface chlorophyll simulated in the RT configuration and from BGC-Argo data. For comparison, results from the simple op-
tics configuration are given. The BGC-Argo chlorophyll dataset is corrected following Ricour et al. (2021), to reduce bias in

chlorophyll profiles. The statistics for this comparison are presented in Table 2.

The use of the RT module slightly improves the simulation of surface chlorophyll, although some bias remains. The series

of surface chlorophyll is better correlated with the measured data, and the RMSE decreases by +8%0.16 mg m~®. As shown
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Figure 7. Distributions of surface chlorophyll eompared-with-data-from BGC-Argo floats (in black) between 2017 and 2020. Distributions

of matching surface chlorophyll from the simple optics and RT configurations are respectively shown in blue and orange. 478 profiles are

represented here for the simple optics and RT configurations. Bin width is here set to 0.25 mg m >
in Fig. 7, the model still tends to overestimate surface chlorophyll concentration on average with a positive bias that remains.

One of the reasons for this bias is the overestimation of blooms in the biogeochemical model in winter and spring, which is not

490 fully corrected by using the RT module.

20



495

500

505

510

515

Table 2. Bias, RMSE and correlation of SST, normalised Fq and surface chlorophyll from simulated variables eompared-with-against BGC-
ARGO data. Profiles are taken from floats 6901866, 6903240 and 7900591 between 2017 and 2020.

Variable # of profiles  Model Bias RMSE Corr.
SST 77 Simple optics ~ +:52-m-0.34 °C +239m1.00°C  676-0.99
RT +46-m-0.60 °C 225w 1.11°C_ 674099
Simple optics  -0-645-0.023 0:059-0.077 0:96-0.93
Normalised Fo 478 R T -
RT -0.004 6:060-0.077 6:96-0.93
Simple optics  6:320.56 mgm ™ 6:3+091 mgm® 626040
Surface chlorophyll 221 3 5
RT 625045 mgm™ 6-56-0.75 mgm™ 6:29-0.42

4.4 Sea surface reflectance

The most important addition that comes with the RT configuration is the simulation of sea surface reflectance fields. We use
remote-sensing data at the basin scale to assess the ability of the model to repreduce-fields-produce distributions of sea surface
reflectance that are consistent with observations. Figures 8, 9, and 10 respectively present the monthly distributions of Rrg
at A = 490, 555 and 670 nm in simulated and remote-sensing data, in 2018. Data are taken from the daily satellite product
throughout the basin. In the beginning of the year, we notice that the distribution of reflectances at 490 nm is more spread out
in the satellite data than in the simulation. The model is able, on average, to simulate the correct Rrs(490), but is not always

able to reach higher and lower values for reflectance. Noticeably in February, some high values of reflectance are missing.

They-correspond-te-alocalised-bloom-We believe they correspond to localised high reflectances on the northeastern coast of
the basin that is-appear in the satellite data and are underestimated in the model (not shown in the figures). From May to July,

the model largely underestimates R s(490). This corresponds to the period during which coccolithophores bloom in the Black
Sea (Kubryakov et al., 2021). This signal is not picked up by the model, which explains the bias for those three months. From
August and until the end of the year, distributions from the model are mostly in agreement with the data despite a noticeable
overestimation of sea surface reflectance, hinting at the fact that the model is more reliable when simulating reflectance outside

of blooming conditions.

At 555 nm (Fig. 9), we also notice a thinner spread in the simulated reflectances compared to the satellite data at the be-
ginning of the year. The March and April panels seem to indicate that a bloom is observed later in the model than in the
observations. The influence of the coccolithophore bloom that is not picked up by the model is lesser-less intense at 555 nm,
and becomes nearly insignificant at 670 nm. Then, we find distributions of reflectances that are consistent with observations
from August and until the end of the year. At 670 nm, we notice lower reflectances in particular because of higher absorption
by water. The distributions are consistent for most of the year until some differences appear in the autumn. At this wavelength,
the influence of phytoplankton and CDOM is much lowerand-nen-algal-. Non-algal particles are the main driver of optical

properties. The overestimation of reflectances in Autamna-autumn could indicate concentrations of non-algal particles that are
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Figure 8. Monthly distributions of sea surface reflectance at 490 nm in 2018 across the Black Sea basin, from the RT configuration (in red
and remote-sensing (in green). Simulated reflectance is interpolated at the location of available remote-sensing data.

higher in the model than observed, thus leading to increased backscattering and reflectance signal.

In general, the model is able to simulate the main trends in sea surface reflectance at the basin scale. The agreement is

best at longer wavelengths such as 670 nm, where the signature-of-phytoplankton-istess-dominantinfluence of CDOM and

520 phytoplankton is lower. At 490 and 555 nm, some features are misrepresented. The main differences come from the inten-
sity of the blooms and from-delaystheir timing. The model presents less variability compared to the satellite product, keeping

the simulated reflectances close to their mean seasonal values. The 490 nm wavelength falls within the spectral range of high
backscattering by phytoplankton, allowing us to assess the influence of blooms on the simulated reflectance herewith this band.

The 555 nm wavelength also provides valuable information on blooms in the basin, with also a lower influence of CDOM than

525 at 490 nm. In the 670 nm waveband, the agreement between simulated reflectances and observations appears to be better
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Figure 9. Monthly distributions of sea surface reflectance at 555 nm in 2018 across the Black Sea basin, from the RT configuration (in red
and remote-sensing (in green). Simulated reflectance is interpolated at the location of available remote-sensing data.

throughout the year.

We compare for the whole basin in Fig. 11 that shows maps of Rrg at 490 and 555 nm for the 27th October 2018 on the

left and central panels. This date is chosen because of the absence of clouds that limits the spatial coverage of the satellite

530 product, and to illustrate a situation where we observe bias in the reflectances, but not significantly in the reflectance-derived
chlorophyll. This brings the idea that working with sea surface reflectance ratios could provide a better agreement between
model and observations. As expected, we notice higher reflectances in the northwestern shelf where the biological activity is
higher for most of the year. In late October, outside of blooming conditions in the deep basin, we notice a rather low bias when
comparing with remote-sensing data. This bias is here positive, which is in agreement with the pattern evidenced in Figs. 8 and

535 9. The bias is hi -greater on the shelf where the increase in reflectance in the model (compared to the deeper areas of the

basin) is likely too high compared to observations. It should be noted that the bias on the shelf is rather high, of the same order
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Figure 10. Monthly distributions of sea surface reflectance at 670 nm in 2018 across the Black Sea basin, from the RT configuration (in red

and remote-sensing (in green). Simulated reflectance is interpolated at the location of available remote-sensing data.

of magnitude as the absolute values of reflectances.

4.5 Reflectance-derived surface chlorophyll

540 Algorithms have been developed to derive biological quantities from reflectance fields, in particular to take advantage of
remote-sensing data. In the Black Sea, Zibordi et al. (2015) proposed a method to provide surface chlorophyll concentration
fields based on reflectance. This method combines a band-ratio algorithm and a neural network approach that is mainly used for
more complex coastal waters. This combined method is used by the Copernicus Marine Service to provide surface chlorophyll
products for the Black Sea. Using the reflectance simulated by our RT model, we can mimic the band-ratio algorithm in order to

545 compute a new estimate of surface chlorophyll concentration (Kajiyama et al., 2018). This algorithm uses the 490 and 555 nm
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Figure 11. On the top row, maps of simulated Rrs(490) (left), Rrs(555) (centre) and rCHL (right) for the 27th October 2018. On the

bottom row, difference with the remote-sensing product.

wavelengths, respectively representative of blue and greenfKajiyama-etal;2048). In the following, we refer to this surface
chlorophyll estimate as reflectance-derived chlorophyll rCHL:

log(rCHL) = ch X [log ( RRSE 90;)]k (30)

The coefficients ¢ are provided in Kajiyama et al. (2018) for the Western Black Sea. We extrapolate and use these coeffi-
cients for the entire basin here. Reflectance-derived chlorophyll is not independent of the chlorophyll dynamically simulated in
BAMHBI because the latter intervenes in the computation of IOPs. However, it provides a quantity that is more closely linked

to satellite data by its very definition, using reflectance data.

ince () is parameterised with a constant value

it does not appear in Eq. 30. Although the BDRF coefficient () isremeved-should spectrally vary, we assume that it does not
differ significantly between close wavebands, so that () can be removed from the equation.

The right-hand side panels of Fig. 11 show the resulting field of #C'H L for the 27th of October 2018 and the deviation with
the satellite product. In this case, our model tends to underestimate the surface chlorophyll concentration in the deep basin and
overestimate it in coastal areas. Although the coastal overestimation is rather consistent seasonally, the underestimation in the
deep basin occurs primarily during autumn and winter, whereas a slight overestimation tends to occur in spring and summer,

in agreement with the distributions of surface chlorophyll presented in Fig. 12.

When comparing the distributions of rC H L from our simulation and from the satellite product in Fig. 12, we notice pat-

terns that are very similar to those observed with sea surface reflectance at 490 nm. In this figure, we display both rCHL
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Figure 12. Monthly distributions of reflectance-derived chlorophyll in 2018 across the Black Sea basin from the RT configuration (in red

against BAMHBI chlorophyll (in grey) and remote-sensing surface chlorophyll (in green). Simulated rCHL from the RT configuration is

interpolated at the location of available remote-sensing data.

and the chlorophyll computed dynamically in BAMHBI for reference, considering the mean optical depth of the Black Sea
of 10 metres (Peneva and Stips, 2005). Chlorophyll concentration can first represent blooms in winter, but then overestimates
the magnitude. The estimate of surface chlorophyll remains higher than observations during summer until it agrees well with
data between September and the end of the year. We notice that the distributions of rC'H L are very different from those of
the BAMHBI chlorophyll, which is often too high compared to the remote-sensing data. rC H L agrees better with the satellite
product than BAMHBI chlorophyll for most of the year. It should also be noted that, surprisingly, the coccolithophore bloom
that is identified in the satellite product of sea surface reflectance does not appear in the surface chlorophyll signal. With the
band-ratio algorithm, increases in reflectance in both wavebands cancel out, providing low concentrations. In such conditions,

we could assume that the satellite product may be biased.
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Figure 13. RMSE for chlorophyll over 2018 across the whole basin. Chlorophyll from the simple optics and RT configurations are presented.

Reflectance-derived chlorophyll (Rrs) is computed following the inversion algorithm used to produce for satellite data in the Black Sea.

Figure 13 shows the seasonal evolution of the RMSE between the satellite chlorophyll and the model estimated chlorophyll
in the simple optics and RT configurations, along with the reflectance-derived chlorophyll #C'H L from the RT configuration.
and satellite data are presented in Fig. 13 for the estimate of surface chlorophyll. The correlations with the satellite product
for all three series are very similar, close to 0.45. Although a change in the RT scheme does not significantly influence surface
chlorophyll as computed by BAMHBI, such as illustrated in Fig. 7, we notice a large drop in RMSE for »C H L. The improve-
ment is particularly important during the early spring bloom and is also significant during the rest of the year. Finally, the
standard deviation in the surface chlorophyll datasets is much higher than with »C' H L. This seems to indicate that »C' H L does
not tend to overestimate or underestimate surface chlorophyll as much as BAMHBI chlorophyll. The overestimation during
blooms is lowered and the underestimation outside of blooms is less visible. On average, it produces better estimates and thus

leads to a decreased error throughout the year.
4.6 Stochastic version-of the RF-model runs

In the stochastic version of the RT model, the optical properties of phytoplankton, non-algal particles and CDOM are perturbed
following the experiments described in Macé et al. (2025). We perturb IOPs with first order autoregressive processes with a time

correlation of one month and a space correlation of approximately 75 km. The perturbations are defined with a standard devi-

ation of 30%fer-50% for absorption and scattering by phytoplankton and non-algal particles, and-as in Garnier et al. (2016)
for the perturbation of biogeochemical parameters. We use a standard deviation of 50% for EPOM-the CDOM reference

For each of the 50 members, we average the reflectances fer-over each month in order to create composites.

We compare the outputs of the stochastic configuration of the model with observations from the Galata and Gloria observa-
tion towers from the AERONET-OC network (Zibordi et al., 2006, 2009). They provide in situ measurements of water-leaving

irradiance close to the western coast of the Black Sea, from which sea surface reflectance is derived. We use data from the
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Figure 14. Monthly composites of sea surface reflectance spectra in 2018 at the Galata station (43.045°N, 28.193°E, Romania). Remote-
sensing data are taken at the closest grid point to the Galata station. For observations, points represent the average Rrs for the month and bars
represent one standard deviation in the data of the month. Model results are taken from the stochastic RT configuration with the ensemble

mean in bold lines, the ensemble standard deviation in shaded, and the ensemble minimum and maximum in dotted lines.

Galata platform to compare our reflectance fields over the year 2018 as in the reflectance spectra presented in Fig. 14. In ad-
dition to the in situ measurements performed at the Galata station, we also compare it to remote-sensing reflectance provided
by the Copernicus Marine Service at the location of the Galata station. We also take advantage of the large dataset provided by
this station to explore how the introduction of uncertainties in the RT model is useful when it comes to comparing sea surface
reflectance, using the stochastic RT configuration. Figure 14 shows the monthly distribution of the surface spectral reflectance
simulated by the stochastic RT module and observed by satellite and at the Galata station. The standard deviation of the en-
semble and the extreme values are shown. For observations, values are averaged in each monthly composite and the variability

of reflectance within a month is shown using an error bar of one standard deviation length around the average monthly values.

In the observations, we notice few differences between the average in situ and remote-sensing data, but rather in the extrema
reached, indicating a wider distribution of the data in the remote-sensing product. Therefore, both datasets are rather consistent.
The model is able to reproduce the main patterns of Rrgs spectra for 2018 in agreement with both sources of data, although

some seasonal bias remains. In 2018, in sifu data show two early blooms in January and March that are both picked up by
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the model. However, the simulated reflectance remains high in February between the blooms, indicating a potential merging
of these blooms in the model, that is unable to separate them. The extrema members of the ensemble are able to get close to
the observations, but the ensemble mean does not fully capture the extent of the variability induced by the blooms. In spring
and summer, the simulated reflectance is in agreement with the data, with observations falling within one standard deviation of
the ensemble mean. In autumn, the ensemble tends to overestimate Rrs with observations falling at the limit of the ensemble
spread, but outside of one standard deviation. The agreement becomes good again at the end of the year with observations close
to the ensemble mean in December. The model also represents the gradual increase in reflectance from October to December.

The maximum of reflectance is observed around 550 nm, in agreement with both datasets.

5 Discussion

In-this-paper;-we-We present a spectral RT model that simulates the propagation of irradiance along the upward and down-
ward vertical directions in three streams. The main outputs of the RT model are the spectral irradiances and the sea surface
reflectance, which are quantities measured by radiometric sensors onboard satelitesatellites, BGC-Argo floats, and coastal

stations. It links simulated variables and observations of sea surface reflectance, avoiding the use of uncertain inversion algo-

rithms. To perform this study, we use the model described in Dutkiewicz et al. (2015) without changing its main features. Some
additional changes could be brought to the model without major consequences for the current applications. First, the scattered
stream of irradiance /7, does not contain any information that is directly comparable with the data sources that we have been
using in this study. 7, could only become relevant if scattering in situ data were used in the comparison. For the comparison
with remote-sensing data, this stream could be removed from the model in its future iterations. Then, the definition of IOPs
could be further updated. We have already adapted the method for the computation of absorption and scattering by non-algal
particles and CDOM to the Black Sea use case. We could also imagine the inclusion of other constituents such as suspended
minerals (SPM) that could be particularly relevant in sediment charged waters, close to river mouths for instance. However,
this would require further model parameterisation and recalibration of the non-algal particles and CDOM contributions.

The RT model is integrated into the NEMO hydrodynamical model, where it is used in the computation of temperature as
since the heat source in the energy conservation equation is taken from the simulated irradiance streams. The vertical propaga-
tion of the spectral irradiance is governed by the water-seawater IOPs that determine the amount of light that is absorbed and
scattered in the forward and backward directions. The water IOPs need to be provided to the RT model, either from a coupled

biogeochemical model or from external datasets. A-stochastie-version-of-this RTF-modelthat-accountsfor the-uneertaintiesin-the

1OPsis-atso-providedThe origin of IOP data is here critical as their definition of IOPs is also a major challenge when working
with such a model. Many assumptions introduce uncertainties at different levels. The definition of PFTs is already a strong.
groups vary with the species (size, chlorophyll content) and with basins. As such, the use of specific absorption and scattering
properties based on studies performed in other basins might be an obstacle to the proper representation of optical properties
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in the Black Sea. Since these coefficients play a major role in the simulation of irradiance streams, their importance of their
definition is paramount.

The RT model and its stochastic version are tested in the Black Sea where they are coupled with NEMO and the biogeochem-
ical model BAMHBI. The quality of the simulated radiometric variables, along with temperature and chlorophyllis-assessed
with-, is assessed through comparison with satellite and BGC-Argo data. The modelling of in-water irradiance ;PAR-and
temperatire-are-is very consistent with observations, showing low to moderate bias and a high correlation, as demonstrated in

FigsFig. 4 -5-and—6-and Tab. 2. We notice stronger absorption in the model than in the observations for irradiance streams
in shorter wavebands, especially close to the surface. As such, more irradiance is absorbed by the surface waters which may.
contribute to the increased SST observed in the model. In shorter wavebands, CDOM is the main contributor to irradiance
could be improved for surface waters. The quality of the simulated ehlerophyltistowerbutstill-aceeptable-as-itstays-consistent

ith-other configurations of the BAMHBImodelin-the Black Sea;surface chlorophyll is improved by substituting the RT model
with a mean error slightly lower over the basin, as represented in Fig, 13. We note a slight improvement in the simulation of

DA R ndtherme ne

mean-error in-Fy as in Fig. 5, which is consistent with the good representation of irradiance streams. SST performances are
slightly degraded with the RT model and the feedback on temperature (Fig. 6), while remaining in an acceptable range of error
when compared to in situ data. Itis important to note that this change does not significantly influence stratification in the model,
thus preserving the main hydrodynamical features of the representation-of chlorophyltis-also-slightly-lower over the basinas
represented-inFig—3:basin in the simulation.

The RT model explicitly simulates spectral radiometric quantities, enriching the modelling capabilities of the coupled model
by providing spectral irradiance and sea surface reflectancebeing-animportantone. This is a key milestone towards eemparisons
comparison between simulation outputs and remotely-sensing products. In eemmeon-practicegeneral, comparisons are per-
formed using remote-sensing surface chlorophyll products that require the use of inversion algorithms (e.g. Kajiyama et al.,
2018). Fhese-Such algorithms tend to come with uncertainties, as they extrapolate from limited data onto larger basins. They

also reduce the initially rich datasets of reflectance into a single surface chlorophyll estimate. The simulation of sea surface

reflectance is a first step toward the direct simulation of what is observed by satellites;-thus-remeving-the-need-for-inversion
algorithms. Figures 8, 9, and 10 show that the model is able to capture the main seasonal patterns of sea surface reflectance,

but still have localised errors, in particular in blooming conditions. At longer wavelengths such as 670 nm (Fig. 10), where

water and non-algal particles dominate the optical properties, the simulated distributions of irradiance are more consistent with

observations. This waveband is particularly interesting as it is less commonly used in ocean colour algorithms than blue or
reen wavebands. It is a waveband where the contribution of particles is dominant, thus highlighting the contribution of this

constituent,
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We then notice seasonal patterns in the distributions of reflectances at 490 and 555 nm. Between August and December,
which corresponds to the period of low biological activity, the agreement between simulated and observed distributions is
good, showing that the model is able to simulate reflectances in a consistent way outside of blooming conditions. In this
period, we can validate to some extent the parameterisation of optical properties of CDOM and particles. Early in the year,
between January and March, simulated reflectances are less spread out than remote-sensing reflectances. The model is not able
to_capture extremes in reflectances and even tends to overestimate reflectances in March and April, after the spring bloom.
Then, the coccolithophore bloom that causes high reflectances at 490 nm between May and July is missing in the model, with
distributions that are shifted towards the lower reflectances. This pattern is also visible at 555 nm at a lower magnitude,

The simulation of reflectances also allows us to mimic inversion algorithms by using them on the simulated fields. As such,

it provides a relevant framework for estimating uncertainties associated with surface chlorophyll, both in the model and in

the satellite products. More generally, we gain information and a better representation of optics through the simulation of
reflectances. However, it is subject to the same limitations in the quality of the remote-sensing signal. In the case of large
uncertainties on the absorption and scattering coefficients, the comparison can become arbitrary in the same way it can happen
in the case of mismatches with the biogeochemical model when using inversion algorithms. A stochastic version of this RT
model that accounts for the uncertainties in the IOPs is also provided to estimate the uncertainties that originate from the
coupled model itself, by offering to perturb IOPs. Figure 14 shows reflectance spectra over a year in a coastal setting, exhibiting.
higher uncertainties during blooms. In such periods, such as in December or March, we notice that the uncertainty with the
remote-sensing data is also high, sometimes of higher magnitude than model uncertainty. Further analyses would be required
to_extend the work presented in Macé et al. (2025) on the propagation of uncertainties within the modelling framework to
carefully evaluate the relative importance of uncertainties in the data and in the model, but these initial results hint at the new.
capabilities offered by the simulation of reflectances in the model.

I particular: el .
The modelling of sea surface reflectance opens the way towards the direct assimilation of radiometric data. In general,
surface chlorophyll is the satellite product assimilated in biogeochemical models (e.g. Santana-Falcén et al., 2020), with in

situ data such as BGC-Argo profiles also assimilated in studies (e.g. Teruzzi et al., 2021). There have been first attempts to

assimilate optical properties (e.g. Ciavatta et al., 2014) or reflectance data (e.g. Jones et al., 2016) that show promising re-
sults. Given the complex relationship between reflectances and other biogeochemical variables, approaches such as Ensemble
Kalman Filter (EnKF) seem appropriate as they aim at directly representing cross-covariances. The stochastic version of the

RT model is particularly relevant in this context as it provides a tool to estimate model uncertainty, which is critical information
for data assimilation. The estimation of uncertainties in the outputs of the RT model has already been discussed in (Macé et al.,
2025), where ensemble simulations were run to evaluate the consequences of the introduction of uncertainties in the IOPs.
Other sources of uncertainty in the fully coupled modelling framework would have to be evaluated, such as the many empirical

parameters used in biogeochemistry or the intrinsic model variability. Other methods are being evaluated for uncertainties such
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as the use of neural networks to estimate the distribution of IOPs by inverting the RT equation, as in Soto Lépez et al. (2025
. A combination of different approaches could be explored in the future, for instance, with this method being used to quantif
the sources of uncertainty and ensemble modelling being used to evaluate the propagation of uncertainties in the RT model.

The use of the RT model significantly increases the computation time within the NEMO framework. RT is computed indi-
vidually at each time step, each waveband and for each ocean water column in the model. We find that the computation time
is approximately doubled with 33 wavebands compared to the simple optics configuration. While this may not be an issue for
short runs that span a couple of years in regional configurations, the inclusion of this RT model becomes costly for long-term
simulations, global or high-resolution runs, in particular if ensembles are simulated. The computation time could be reduced
by reducing the spectral resolution or by only considering backscattering and not forward scattering, thus simplifying Egs. 1 to
3. In the configuration used for the test case, it is necessary to run the RT model at each time step because of the connections to
hydrodynamics and biogeochemistry in the computation of temperature and PARE,. However, users interested in simulating
sea surface reflectance with a more simple one-way coupled configuration could run it less often to provide the desired outputs.

Despite the increased computation time, the use of this system is relevant for modelling spectral irradiance and reflectance in

specific wavebands to focus on water constituents. Then;-the-use-of-the-stochastie-versionseems-particularly-relevantin-the
. milati S FJOPs.

6 Conclusion

In this paper, we propose a module to represent marine optics and RT in the NEMO framewerksframework, based in large part
on the model described in Dutkiewicz et al. (2015). As such, it can be coupled to any biogeochemical model that is itself cou-

pled with NEMO. This model simulates three streams of irradiance athigh-with improved spectral resolution, constituting a tool
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for simulating in-water irradiance and sea surface reflectance. These variables are particularly relevant for model calibration
and validation, as it unlocks access to a large amount of both in sifu and remote-sensing dataare-avaitable. It also complements
the simulation of biogeochemical variables by providing optical quantities that are more closely related to products such as

satellite surface chlorophyll. A stochastic version of the RT model is also provided as a tool to evaluate uncertainties in the
IOPs and their influence on the simulation of radiometric fields.

We use our RT module with the NEMO-BAMHBI modelling framework for the Black Sea, upgrading its capabilities by en-

abling the simulation of radiometric variables. It is an important development in the context of operational oceanography, as the

NEMO-BAMHBI system is used by the Copernicus Marine Service to predict the Black Sea biogeochemistry. The RT model is
fully coupled with the physical and biogeochemical components of the model, following extensive calibration of the feedback

loops for the simulation of temperature and primary production. The inclusion of this new RT scheme doesnot-significantly
alter-maintains the simulation of physics and biogeochemistry, while providing enriched information on spectral irradiance,
which is directly used for the computation of PARFE,,. The comparison with sea surface reflectance from remote-sensing data
reveals that the module is able to simulate the main seasonal and spatial patterns in the basin. As such, it complements the
biogeochemical variables in providing information on blooms. Seme-At this stage, some features are still not captured by-the
model-whieh-or remain poorly represented in the model. This leaves room for improvement in our ability to model bio-optics

in the Black Sea, by building on top of the present work.

The high-improved spectral resolution of the RT model opens new perspectives in line with algorithms that have been used
to derive biogeochemical products from remote-sensing reflectances. The products of surface chlorophyll or suspended partic-
ulate matter, for instance, rely on specific wavebands that have to be modelled to truly match model outputs with the datasets
that are provided. The recent hyperspectral missions PACE (NASA) and PRISMA (Italian Space Agency) are now providing
reflectance data at very high resolution, and models that are able to increase their spectral resolution will also be valuable to
make the most of hyperspectral data (Chowdhary et al., 2019). By gathering data on a much larger number of wavebands, new
algorithms could be developed to better dissociate the water constituents. More generally, this opens up further possibilities for

the assimilation of reflectance data.

Code and data availability. The code for the RT model is provided on Zenodo at https://doi.org/10.5281/zenodo.17289633, along with the
BAMHBI configuration that has been used for this study (Macé, 2025a). More details on the code organisation can be found in Appendix B.
The code for the 1D testing notebook, along with forcing files, can be found on Zenodo at https://doi.org/10.5281/zenodo.17288457 (Macé,
2025b).
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Ocean colour data was taken from Black Sea, Bio-Geo-Chemical, L3, daily Satellite Observations (1997-ongoing), E.U. Copernicus
Marine Service Information (CMEMS), Marine Data Store (MDS), DOI: 10.48670/moi-00303 (CMEMS, 2025). BGC-Argo data were
collated within the Copernicus Marine Service (In Situ) and EMODnet collaboration framework. Data are made freely available by the
Copernicus Marine Service and the programmes that contribute to it. DOI: 10.13155/43494 (Copernicus Marine In Situ TAC, 2024). The
AERONET-OC data were taken from GSFC NASA AERONET-OC website (accessed 19-09-2024).

Appendix A: Model calibration using a 1D test model

We first used a 1D test model to calibrate the three-stream RT model that is coupled with the NEMO-BAMHBI system-—This
light, using the radiative transfer scheme with BGC-Argo data. This version of the model is fast and efficient computation-
wise, which-allows-allowing to easily compute single profiles of irradiances Fq, E,, and E,, as well as sea surface reflectance
for a single waveband. This-shert-medel-It does not include any original or significant model development as it is a simple
transcription of the existing model presented in Dutkiewicz et al. (2015) into a Jupyter Notebook environment. This note-
book is provided with this article as an additional tool that can be used to easily simulate profiles in a simple 1D and non
time-dependent framework (Macé, 2025b). The aim was to keep this testing framework as simple as possible. As inputs, it
requires the model parameters defined in Table. 1, the absorption and scattering spectra of optically active constituents, and an
assumption on phytoplankton composition. By default, it is set as if small flagellates, large flagellates, and diatoms are present
in equal proportions. This setting can be changed in the model. The model then needs BGC-Argo data that include chlorophyll
and particle backscattering at 700 nm to derive seawater IOPs. The vertical resolution is also defined in the inputs, along with
the wavelengths in which the computation should be performed. The surface radiative forcing is taken here from MAR data
for the Black Sea, with a sample of these data for 2018 provided with the files. RT is computed for all the profiles of the float
within the prescribed time range, and results are displayed for sea surface reflectance along BGC-Argo track, and irradiances

and IOP profiles.

We used-use this simple model to simulate profiles based on BGC-Argo data. BGC-Argo floats are drifting buoys that provide
both physical and biogeochemical data by collecting profiles every five to ten days. The calibration of the optical properties
of phytoplankton and non-algal particles, as well as CDOM absorption was performed using a collection of test profiles ran
with this model. IOPs can be derived from measurements of chlorophyll-a, CDOM or backscattering coefficients in available
wavebands (typically 700 nm). Some floats additionally provide profiles of PAR and irradiance in selected wavebands. We can

therefore use the surface radiation to run our 1D model and evaluate its ability to reproduce the full measured profiles.

By automatising the simulation of the three streams of irradiance over several wavebands and profiles, we are able to evaluate
biases in the model formulation or in the estimation of IOPs. Perturbations can also be added to the IOPs in order to find the
best representation of the optical properties of seawater. By extension, this process could be repeated with data sources other

than BGC-Argo data to increase the representativeness and reliability of the calibration. Since the buoys are drifting, we are
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unable to perform the simulation for the same location at different times. While it allows to cover a larger domain, it offers

limited possibility to cover the temporal variability in optical properties.

In particular, the forcing for CDOM absorption was created using this testing model. We use a collection of 625 profiles
from BGC-Argo buoys 6901866 and 6903240, that include profiles of irradiances in three wavebands (380, 412 and 490 nm).
chlorophyll, particulate backscattering coefficient at 700 nm and CDOM. The profiles considered for this calibration were
measured between June 2015 and July 2022. The objective of this calibration was to derive the contribution of CDOM to
radiation attenuation in the reference waveband A = 412nm. Each contribution to absorption is derived according to the

— Absorption by seawater is constant and directly known from the model forcing.

— Absorption by phytoplankton is derived from the absorption spectra (see Fig. 1) and chlorophyll concentrations from
BGC-Argo profile. As we cannot discriminate between PFTs using BGC-Argo data, we assume here that chlorophyll is
equally distributed among them.

— Absorption by particles is derived from backscattering coefficients at 700 nm and the absorption spectra in Fig. 14

— An optimisation loop runs with CDOM absorption as the unknown to match the downwelling irradiance profile at
490 nm. The shape of the CDOM absorption profile is constrained by the shape of the CDOM profile from BGC-Argo

as described in Sect. 3.1.

This protocol provides a CDOM absorption profile for each BGC-Argo profile. We associate each a4, value to the time
of the year and sea water density and interpolate it to cover the whole year and range of seawater densities commonly found in
the Black Sea. The resulting forcing is presented in Fig. 2.

Appendix B: Code organisation and model versions

The up-to-date NEMO-BAMHBI, which does not include the three-stream RT moduleyet, can be fount-found on the pub-
lic Gitlab of the MAST group from the university of Liege (Vandenbulcke and Grailet, 2025). The code for the version of
BAMHBI with which the three-stream radiative transfer model has been coupled is provided in the Zenodo archive {see-data

avatlability)(see data availability section: Macé, 2025a). The code for radiative transfer can be found in the MY_SRC/METEO

directory and is split into three files:
1. radtrans.F90 hestscontains the main functions for the computation of RT.
2. radtrans_params.F 90 hests-contains the input of parameters for the computation of RT.

3. tragsr.F90 hestscontains the temperature scheme for the coupling with NEMO, as defined in Sect. 2.2.
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The parameters for using the RT module must be defined in the namelist_cfqg file, in the nam_RADTRANS namelist.
The parameters to be set there are as defined in Sect. 3.3. In addition, the coupling from the RT module towards NEMO
for the computation of temperature has to be activated by setting the flag 1n_gsr_RT = .true. in the namtra_gsr
namelist. The GEO_LR directory then hosts the absorption and scattering spectra that are necessary to compute RT in the
845 spectra_water.dat, spectra_particles.dat, spectra_plankton.dat,and cdom_sinusoidal.dat files.

The surface radiative forcing is taken from the MAR configuration, for which all the data are not made available because of the

large size of the dataset. Any atmospheric output containing direct and diffuse radiation is compatible with this configuration.

When the RT module is coupled with BAMHBI, concentrations of the three PFTs and of POC are taken to derive sea-

850 water IOPs. Information on water density is taken directly from NEMO to derive CDOM absorption. Then, the irradiance
streams are used to compute PAR-E that is fed back into the biogeochemical model within the UpdateLight routine of

the BAMHBI /bamhbi .F90 file. In the case where the user only wants to use the three-stream RT module as an observa-

tion operator and keep using another RT scheme to derive PAR-E, and temperature, another scheme must be defined in the
BAMHBI /bamhbi.h90 file to compute PAR L. For physics, another scheme must be chosen (consistent, if possible) in the

855 namtra_gsr namelist.

The radiometric outputs are defined in the t ragsr . F 90 source file. They can include sea surface reflectance and irradiance
streams in relevant wavelengths (i.e. typically those that are measured by satellite sensors of in situ stations). In addition, the
1n_radtrans_diags flag is defined in the nam_RADTRANS namelist to output secondary variables such as IOPs or their

860 decomposition by optically active constituent. The output field and file structures must then be defined accordingly for each

experiment.

The RT module can also be used with-NEMO-and-witheut-without coupling a biogeochemical model. In this case, the
nam_RADTRANS_inputs namelist is used to provide external data of chlorophyll and POC concentrations. Together with
865 the absorption and scattering spectra, they are used to derive seawater IOPs. In this configuration, the computation of absorp-

tion by CDOM remains unchanged and is derived from the seawater density that is computed in NEMO.

When using the stochastic version of the model, the inputs for perturbations (standard deviations, temporal, and spatial

correlations) must be provided in the namst o namelist. When perturbations are activated, they are applied during the computation

870  of the RT scheme, of which the code is located in the radtrans.F90 file.

Author contributions. LM and LV integrated the radiative transfer model into the NEMO-BAMHBI framework and proposed the NEMO
compatible version of the RT module. LM performed the model calibration and validation, the simulations and their analysis. LV and MG

provided support with the NEMO-BAMHBI model. JFG ran the MAR configuration used to force the model. JMB and PB provided support

36



with stochastic modelling methods within the NEMO framework. LM wrote the first draft of the paper. All authors reviewed the paper and
875 participated in its improvement until the final version. LM, LV and JFG reviewed the model configuration and code. MG provided funding
through the BRIDGE-BS and NECCTON projects.

Competing interests. The authors declare that they have no conflict of interest

Acknowledgements. This work was funded by the EU H2020 BRIDGE-BS project under grant agreement no. 101000240 and the EU HE
NECCTON project under grant agreement no. 101081273. Computational resources have been provided by the Consortium des Equipements
880 de Calcul Intensif (CECI), funded by the Fonds de la Recherche Scientifique de Belgique (FR.S.-FNRS) under Grant No. 2.5020.11 and
by the Walloon Region. Part of this research was supported by the Copernicus Service Evolution ODESSA project and the POSYDONIE
project funded by CNES. The authors thank S. Dutkiewicz for sharing the radiative transfer code from the MITGCM-Darwin configuration.
We thank the PIs and maintenance staff for their efforts in establishing and maintaining the Gloria and Galata sites. We thank X. Fettweis and
the Laboratory of Climatology of the University of Liege for their work on the MAR atmospheric model. We thank P. Lazzari, M. Baklouti,
885 J. Lamouroux and P. Verezemskaya for helpful discussions and suggestions, We also thank two anonymous reviewers for their valuable

comments that have contributed to the improvement of this manuscript.

37



890

895

900

905

910

915

920

References

Aas, E.: Two-stream irradiance model for deep waters, Appl. Optics, 26, 2095-2101, https://doi.org/10.1364/a20.26.002095, 1987.

Ackleson, S., Balch, W., and Holligan, P.: Response of water-leaving radiance to particulate calcite and chlorophyll a concentrations: A
model for Gulf of Maine coccolithophore blooms, J. Geophys. Res., 99, 7483-7499, https://doi.org/10.1029/93JC02150, 1994.

Alvarez, E., Lazzari, P, and Cossarini, G.: Phytoplankton diversity emerging from chromatic adaptation and competition for light, Prog.
Oceanogr., 204, https://doi.org/10.1016/j.pocean.2022.102789, 2022.

Alvarez, E., Cossarini, G., Teruzzi, A., Bruggeman, J., Bolding, K., Ciavatta, S., Vellucci, V., D’Ortenzio, F., Antoine, D., and Lazzari, P.:
Chromophoric dissolved organic matter dynamics revealed through the optimization of an optical-biogeochemical model in the north-
western Mediterranean Sea, Biogeosciences, 20, 4591-4624, https://doi.org/10.5194/bg-20-4591-2023, 2023.

Aumont, O., Ethé, C., Tagliabue, A., Bopp, L., and Gehlen, M.: PISCES-v2: an ocean biogeochemical model for carbon and ecosystem
studies, Geosci. Model Dev., 8, 2465-2513, https://doi.org/10.5281/zenodo.6334656, 2015.

Bai, R., He, X., Bai, Y., Li, T., Zhu, Q., and Gong, F.: Characteristics of water leaving reflectance at ultraviolet wavelengths: radiative transfer
simulations, Opt. Express, 28, 29 714-29 729, https://doi.org/10.1364/0e.401855, 2020.

Baird, M., Cherukuru, N., Jones, E., Margvelashvili, N., Mongin, M., Oubelkheir, K., Ralph, P., Rizwi, F., Robson, B., Schroeder, T.,
Skerratt, J., Steven, A., and Wild-Allen, K.: Remote-sensing reflectance and true colour produced by a coupled hydrodynamic, optical,
sediment, biogeochemical model of the Great Barrier Reef, Australia: Comparison with satellite data, Environ. Modell. Softw., 78, 79-96,
https://doi.org/10.1016/j.envsoft.2015.11.025, 2016.

Begouen Demeaux, C. and Boss, E.: Validation of Remote-Sensing Algorithms for Diffuse Attenuation of Downward Irradiance Using
BGC-Argo Floats, Remote Sens., 14, https://doi.org/10.3390/rs14184500, 2022.

Berthet, S., Jouanno, J., Séférian, R., Gehlen, M., and Llovel, W.: How does the phytoplankton—light feedback affect the marine NoO
inventory?, Earth Syst. Dyn., 14, 399-412, https://doi.org/10.5194/esd-14-399-2023, 2023.

Bissett, W., Carder, K., Walsh, J., and Dieterle, D.: Carbon cycling in the upper waters of the Sargasso Sea: II. Numerical simulation of
apparent and inherent optical properties, Deep-Sea Res., 46, 271-317, https://doi.org/10.1016/S0967-0637(98)00063-6, 1999.

Bozzo, A., Rémy, S., Benedetti, A., Flemming, J., Bechtold, P., Rodwell, M., , and Morcrette, J.-J.: Implementation of a CAMS-based aerosol
climatology in the IFS, Tech. Rep. 1, European Centre for Medium-Range Weather Forecasts, https://doi.org/10.21957/84ya94mls, 2017.

Brankart, J.-M., Candille, G., Garnier, F., Calone, C., Melet, A., Bouttier, P.-A., Brasseur, P., and Verron, J.: A generic approach to explicit
simulation of uncertainty in the NEMO ocean model, Geosci. Model Dev., 8, 1285-1297, https://doi.org/10.5194/gmd-8-1285-2015, 2015.

Cahill, B., Kowalczuk, P., Kritten, L., Grawe, U., Wilkin, J., and Fischer, J.: Estimating the seasonal impact of optically significant water
constituents on surface heating rates in the western Baltic Sea, Biogeosciences, 20, 2743-2768, https://doi.org/10.5194/bg-20-2743-2023,
2023.

Capet, A.: Study of the multi-decadal evolution of the Black Sea hydrodynamics and biogeochemistry using mathematical modelling, Ph.D.
thesis, ULiege - Université de Liege, https://hdl.handle.net/2268/163502, 2014.

Chami, M., Lafrance, B., Fougnie, B., Chowdhary, J., Harmel, T., and Waquet, F.: OSOAA: a vector radiative transfer model of coupled
atmosphere-ocean system for a rough sea surface application to the estimates of the directional variations of the water leaving reflectance to
better process multi-angular satellite sensors data over the ocean, Opt. Express, 23, 27 829-27 852, https://doi.org/10.1364/OE.23.027829,
2015.

38


https://doi.org/10.1364/ao.26.002095
https://doi.org/10.1029/93JC02150
https://doi.org/10.1016/j.pocean.2022.102789
https://doi.org/10.5194/bg-20-4591-2023
https://doi.org/10.5281/zenodo.6334656
https://doi.org/10.1364/oe.401855
https://doi.org/10.1016/j.envsoft.2015.11.025
https://doi.org/10.3390/rs14184500
https://doi.org/10.5194/esd-14-399-2023
https://doi.org/10.1016/S0967-0637(98)00063-6
https://doi.org/10.21957/84ya94mls
https://doi.org/10.5194/gmd-8-1285-2015
https://doi.org/10.5194/bg-20-2743-2023
https://hdl.handle.net/2268/163502
https://doi.org/10.1364/OE.23.027829

925

930

935

940

945

950

955

960

Chowdhary, J., Zhai, P.-W., Boss, E., Dierssen, H., Frouin, R., Ibrahim, A., Lee, Z., Remer, L. A., Twardowski, M., Xu, F., Zhang, X.,
Ottaviani, M., Espinosa, W. R., and Ramon, D.: Modeling Atmosphere-Ocean Radiative Transfer: A PACE Mission Perspective, Front.
Earth Sci., 7, https://doi.org/10.3389/feart.2019.00100, 2019.

Ciavatta, S., Torres, R., Martinez-Vicente, V., Smyth, T., Dall’Olmo, G., Polimene, L., and Allen, J. I.: Assimilation of remotely-sensed opti-
cal properties to improve marine biogeochemistry modelling, Prog. Oceanogr., 127, 74-95, https://doi.org/10.1016/j.pocean.2014.06.002,
2014.

CMEMS: Black Sea, Bio-Geo-Chemical, L3, daily Satellite Observations (1997-ongoing), Marine Data Store (MDS), https://doi.org/10.
48670/moi-00303, https://doi.org/10.48670/moi-00303, accessed on 05-03-2024 [data set], 2025.

Copernicus Marine In Situ TAC: In Situ tac Partners: Product User Manual for In Situ Products, https://doi.org/10.13155/43494, accessed on
06-12-2024, 2024.

De Nodrest, E., Homrani, S., Jourdin, F., Viellefon, P., Vient, J.-M., De Madron, X. D., De Fommervault, O. P., and Bourrin, F.: In situ glider
and remote-sensing satellite data synergy for the estimation of the PAR diffuse attenuation coefficient, in: OCEANS 2022, Hampton
Roads, pp. 1-9, https://doi.org/10.1109/0CEANS47191.2022.9977221, 2022.

Del Vecchio, R. and Blough, N. V.: Photobleaching of chromophoric dissolved organic matter in natural waters: kinetics and modeling, Mar.
Chem., 78, 231-253, https://doi.org/10.1016/S0304-4203(02)00036-1, 2002.

Dutkiewicz, S., Hickman, A., Jahn, O., Gregg, W., Mouw, C., and Follows, M.: Capturing optically important constituents and properties in
a marine biogeochemical and ecosystem model, Biogeosciences, 12, 4447-4481, https://doi.org/10.5194/bg-12-4447-2015, 2015.

Dutkiewicz, S., Hickman, A., and Jahn, O.: Modelling ocean-colour-derived chlorophyll a, Biogeosciences, 15, 613-630,
https://doi.org/10.5194/bg-15-613-2018, 2018.

Fujii, M., Boss, E., and Chai, F: The value of adding optics to ecosystem models: a case study, Biogeosciences, 4, 817-835,
https://doi.org/10.5194/bgd-4-1585-2007, 2007.

Gallegos, C., Werdell, P., and McClain, C.: Long-term changes in light scattering in Chesapeake Bay inferred from Secchi depth, light
attenuation, and remote sensing measurements, J. Geophys. Res., 116, https://doi.org/10.1029/2011JC007160, 2011.

Gallée, H., Trouvilliez, A., Agosta, C., Genthon, C., Favier, V., and Naaim-Bouvet, F.: Transport of Snow by the Wind: A Comparison
Between Observations in Adélie Land, Antarctica, and Simulations Made with the Regional Climate Model MAR, Bound.-Lay. Meteorol.,
146, 133-147, https://doi.org/10.1007/s10546-012-9764-z, 2013.

Garnier, F., Brankart, J.-M., Brasseur, P., and Cosme, E.: Stochastic parameterizations of biogeochemical uncertainties
in a 1/4° NEMO/PISCES model for probabilistic comparisons with ocean color data, J. Marine Syst., 155, 59-72,
https://doi.org/10.1016/j.jmarsys.2015.10.012, 2016.

Grailet, J.-F., Hogan, R., Ghilain, N., Bolsée, D., Fettweis, X., and Grégoire, M.: Inclusion of the ECMWF ecRad radiation scheme (v1.5.0)
in the MAR (v3.14), regional evaluation for Belgium, and assessment of surface shortwave spectral fluxes at Uccle, Geosci. Model Dev.,
18, 1965-1988, https://doi.org/10.5194/gmd-18-1965-2025, 2025.

Gregg, W. and Carder, K.: A simple spectral solar irradiance model for cloudless maritime atmospheres, Limnol. Oceanogr., 35, 1657-1675,
https://doi.org/10.4319/10.1990.35.8.1657, 1990.

Gregg, W. and Rousseaux, C.: Directional and Spectral Irradiance in Ocean Models: Effects on Simulated Global Phytoplankton, Nutrients,
and Primary Production, Front. Mar. Sci., 3:240, https://doi.org/10.3389/fmars.2016.00240, 2016.

Gregg, W. and Rousseaux, C.: Simulating PACE Global Ocean Radiances, Front. in Mar. Sci., 4, https://doi.org/10.3389/fmars.2017.00060,
2017.

39


https://doi.org/10.3389/feart.2019.00100
https://doi.org/10.1016/j.pocean.2014.06.002
https://doi.org/10.48670/moi-00303
https://doi.org/10.48670/moi-00303
https://doi.org/10.48670/moi-00303
https://doi.org/10.48670/moi-00303
https://doi.org/10.13155/43494
https://doi.org/10.1109/OCEANS47191.2022.9977221
https://doi.org/10.1016/S0304-4203(02)00036-1
https://doi.org/10.5194/bg-12-4447-2015
https://doi.org/10.5194/bg-15-613-2018
https://doi.org/10.5194/bgd-4-1585-2007
https://doi.org/10.1029/2011JC007160
https://doi.org/10.1007/s10546-012-9764-z
https://doi.org/10.1016/j.jmarsys.2015.10.012
https://doi.org/10.5194/gmd-18-1965-2025
https://doi.org/10.4319/lo.1990.35.8.1657
https://doi.org/10.3389/fmars.2016.00240
https://doi.org/10.3389/fmars.2017.00060

965

970

975

980

985

990

995

Gregg, W. W. and Casey, N. W.: Modeling coccolithophores in the global oceans, Deep-Sea Res. II: Top. Stud. Oceanogr., 54, 447-477,
https://doi.org/10.1016/j.dsr2.2006.12.007, 2007.

Grégoire, M., Vandenbulcke, L., Chevalier, S., Choblet, M., Drozd, 1., Grailet, J.-E., Ivanov, E., Macé, L., Verezemskaya, P., Yu, H.,
Alaerts, L., Randresihaja, N. R., Mangeleer, V., Maertens de Noordhout, G., Capet, A., Meulders, C., Mouchet, A., Munhoven, G., and
Soetaert, K.: The BiogeochemicAl Model for Hypoxic and Benthic Influenced areas: BAMHBI v1.0, Geosci. Model Dev., 19, 2137-2175,
https://doi.org/10.5194/gmd-19-2137-2026, 2026.

Grégoire, M. and Soetart, K.: Carbon, nitrogen, oxygen and sulfide budgets in the Black Sea: A biogeochemical model of the whole water
column coupling the oxic and anoxic parts, Ecol. Model., 221, 2287-2301, https://doi.org/10.1016/j.ecolmodel.2010.06.007, 2010.

Grégoire, M., Raick, C., and Soetart, K.: Numerical modeling of the central Black Sea ecosystem functioning during the eutrophication
phase, Prog. Oceanogr., 76, 286-333, https://doi.org/10.1016/j.pocean.2008.01.002, 2008.

Hersbach, H., Bell, B., Berrisford, P., Hirahara, S., Hordnyi, A., Mufioz Sabater, J., Nicolas, J., Peubey, C., Radu, R., Schepers, D., Simmons,
A., Soci, C., Abdalla, S., Abellan, X., Balsamo, G., Bechtold, P., Biavati, G., Bidlot, J., Bonavita, M., and Thépaut, J.-N.: The ERAS
global reanalysis, Q. J. R. Meteorol. Soc. , https://doi.org/10.1002/qj.3803, 2020.

Hogan, R. and Bozzo, A.: A Flexible and Efficient Radiation Scheme for the ECMWF Model, J. Adv. Model. Earth Sy., 10, 1990-2008,
https://doi.org/10.1029/2018MS001364, 2018.

Hogan, R. and Matricardi, M.: A Tool for Generating Fast k-Distribution Gas-Optics Models for Weather and Climate Applications, J. Adv.
Model. Earth Sy., 14, https://doi.org/10.1029/2022MS003033, 2022.

Hordoir, R., Axell, L., Hoglund, A., Dieterich, C., Fransner, F., Groger, M., Liu, Y., Pemberton, P., Schimanke, S., Andersson, H., Ljungemyr,
P, Nygren, P., Falahat, S., Nord, A., Jonsson, A., Lake, 1., D66s, K., Hieronymus, M., Dietze, H., Loptien, U., Kuznetsov, 1., Westerlund,
A., Tuomi, L., and Haapala, J.: Nemo-Nordic 1.0: a NEMO-based ocean model for the Baltic and North seas — research and operational
applications, Geosci. Model Dev., 12, 363-386, https://doi.org/10.5194/gmd-12-363-2019, 2019.

Horrigan, S. G., Carlucci, A. F.,, and Williams, P. M.: Light inhibition of nitrification in sea-surface films, J. Mar. Res., 39, 1981.

Jones, E. M., Baird, M. E., Mongin, M., Parslow, J., Skerratt, J., Lovell, J., Margvelashvili, N., Matear, R. J., Wild-Allen, K., Robson, B.,
Rizwi, E.,, Oke, P, King, E., Schroeder, T., Steven, A., and Taylor, J.: Use of remote-sensing reflectance to constrain a data assimilating
marine biogeochemical model of the Great Barrier Reef, Biogeosciences, 13, 6441-6469, https://doi.org/10.5194/bg-13-6441-2016, 2016.

Kajiyama, T., D’ Alimonte, D., and Zibordi, G.: Algorithms Merging for the Determination of Chlorophyll-a Concentration in the Black Sea,
IEEE Geosci. Remote S., 16, 677-681, https://doi.org/10.1109/LGRS.2018.2883539, 2018.

Kettle, H. and Merchant, C.: Modeling ocean primary production: sensitivity to spectral resolution of attenuation and absorption of light,
Prog. Oceanogr., 78, 135-146, https://doi.org/10.1016/j.pocean.2008.04.002, 2008.

Kitidis, V., Stubbins, A., Uher, G., Upstill Goddard, R., Law, C., and Woodward, E.: Variability of chromophoric organic matter in surface
waters of the Atlantic Ocean, Deep-Sea Res. Pt. II, 53, 1666—1684, https://doi.org/10.1016/j.dsr2.2006.05.009, 2006.

Kubryakov, A., Mikaelyan, A., and Stanichny, S.: Extremely strong coccolithophore blooms in the Black Sea: The decisive role of winter
vertical entrainment of deep water, Deep-Sea Res. Pt. I, 173, https://doi.org/10.1016/j.dsr.2021.103554, 2021.

Lazzari, P., Salon, S., Terzi¢, E., Gregg, W. W., D’Ortenzio, F., Vellucci, V., Organelli, E., and Antoine, D.: Assessment of the spectral
downward irradiance at the surface of the Mediterranean Sea using the radiative Ocean-Atmosphere Spectral Irradiance Model (OASIM),
Ocean Sci., 17, 675-697, https://doi.org/10.5194/0s-17-675-2021, 2021.

Lee, Z., Carder, K., and Arnone, R.: Deriving inherent optical properties from water color: a multi-band quasi-analytical algorithm for

optically deep waters, Appl. Optics, 41, 5755-5772, https://doi.org/10.1364/A0.41.005755, 2002.

40


https://doi.org/10.1016/j.dsr2.2006.12.007
https://doi.org/10.5194/gmd-19-2137-2026
https://doi.org/10.1016/j.ecolmodel.2010.06.007
https://doi.org/10.1016/j.pocean.2008.01.002
https://doi.org/10.1002/qj.3803
https://doi.org/10.1029/2018MS001364
https://doi.org/10.1029/2022MS003033
https://doi.org/10.5194/gmd-12-363-2019
https://doi.org/10.5194/bg-13-6441-2016
https://doi.org/10.1109/LGRS.2018.2883539
https://doi.org/10.1016/j.pocean.2008.04.002
https://doi.org/10.1016/j.dsr2.2006.05.009
https://doi.org/10.1016/j.dsr.2021.103554
https://doi.org/10.5194/os-17-675-2021
https://doi.org/10.1364/AO.41.005755

1000

1005

1010

1015

1020

1025

1030

1035

Lengaigne, M., Menkes, C., Aumont, O., Gorgues, T., Bopp, L., André, J.-M., and Madec, G.: Influence of the oceanic biology on the tropical
Pacific climate in a coupled general circulation model, Clim. Dynam., 28, 503-516, https://doi.org/10.1007/s00382-006-0200-2, 2007.
Macé, L., Vandenbulcke, L., Brankart, J.-M., Brasseur, P., and Grégoire, M.: Characterisation of uncertainties in an ocean radiative transfer

model for the Black Sea through ensemble simulations, Biogeosciences, 22, 3747-3768, https://doi.org/10.5194/bg-22-3747-2025, 2025.

Macé, L.: Stochastic BAMHBI-RT, https://doi.org/10.5281/zenodo.17288299, Zenodo archive, 2025a.

Macé, L.: 1D three-stream radiative transfer model - Testing Notebook, https://doi.org/10.5281/zenodo.17288457, Zenodo archive, 2025b.

Madec, G. and the NEMO Systtem Team: NEMO Ocean Engine Reference Manual (v4.2.0), Zenodo,
https://doi.org/10.5281/zenodo.1464816, 2022.

Mason, J., Cone, M., and Fry, E.: Ultraviolet (250-550nm) absorption spectrum of pure water, Appl. Optics, 55, 7163-7172,
https://doi.org/http://dx.doi.org/10.1364/A0.55.007163, 2016.

Mobley, C.: Light and Water: Radiative Transfer in Natural Waters, 1994.

Mobley, C., Sundman, L., Bissett, W., and Cahill, B.: Fast and accurate irradiance calculations for ecosystem models, Biogeosci. Discuss., 6,
10625-10 662, 2009.

Mobley, C., Chai, E., Xiu, P, and Sundman, L.: Impact of improved light calculations on predicted phytoplankton growth and heating in
an idealized upwelling-downwelling channel geometry, J. Geophys. Res.-Oceans, 120, 875-892, https://doi.org/10.1002/2014JC010588,
2015.

Mobley, C. D.: A numerical model for the computation of radiance distributions in natural waters with wind-roughened surfaces, Limnol.
Oceanogr., 34, 1473-1483, 1989.

Mobley, C. D.: The Oceanic Optics Book, International Ocean Colour Coordinating Group (IOCCG), https://doi.org/10.25607/OBP-1710,
2022.

Morel, A.: Optical modeling of the upper ocean in relation to its biogenous matter content (case I waters), J. Geophys. Res., pp. 10749—
10768, https://doi.org/https://doi.org/10.1029/JC093iC09p10749, 1988.

Morel, A. and Gentili, B.: Diffuse reflectance of oceanic waters II Bidirectional aspects, Appl. Optics, 32,
https://doi.org/10.1364/A0.32.006864, 1993.

Morel, A. and Maritorena, S.: Bio-optical properties of oceanic waters: A reappraisal, J. Geophys. Res., 106(C4), 7163-7180,
https://doi.org/10.1029/2000JC000319, 2001.

Morel, A., Antoine, D., and Gentili, B.: Bidirectional reflectance of oceanic waters: accounting for Raman emission and varying particle
scattering phase function, Appl. Optics, 41, 6289-6306, https://doi.org/10.1364/A0.41.006289, 2002.

Morel, A., Claustre, H., Antoine, D., and Gentili, B.: Natural variability of bio-optical properties in Case 1 waters: attenuation and reflectance
within the visible and near-UV spectral domains, as observed in South Pacific and Mediterranean waters, Biogeosciences, 4, 913-925,
https://doi.org/10.5194/bg-4-913-2007, 2007.

Patara, L., Vichi, M., Masina, S., Fogli, P., and Manzini, E.: Global response to solar radiation absorbed by phytoplankton in a coupled
climate model, Clim. Dyn., 39, 1951-1968, https://doi.org/10.1007/s00382-012-1300-9, 2012.

Paulson, C. and Simpson, J.: Irradiance Measurements in the Upper Ocean, J. Phys. Oceanogr., 7, 952-956, https://doi.org/10.1175/1520-
0485(1977)007<0952:IMITUO>2.0.CO;2, 1977.

Paulson, C. and Simpson, J.: The temperature difference across the cool skin of the ocean, J. Geophys. Res. Oceans, 86(C11), 11 044-11 054,
https://doi.org/10.1029/JC086iC11p11044, 1981.

41


https://doi.org/10.1007/s00382-006-0200-2
https://doi.org/10.5194/bg-22-3747-2025
https://doi.org/10.5281/zenodo.17288299
https://doi.org/10.5281/zenodo.17288457
https://doi.org/10.5281/zenodo.1464816
https://doi.org/http://dx.doi.org/10.1364/AO.55.007163
https://doi.org/10.1002/2014JC010588
https://doi.org/10.25607/OBP-1710
https://doi.org/https://doi.org/10.1029/JC093iC09p10749
https://doi.org/10.1364/AO.32.006864
https://doi.org/10.1029/2000JC000319
https://doi.org/10.1364/AO.41.006289
https://doi.org/10.5194/bg-4-913-2007
https://doi.org/10.1007/s00382-012-1300-9
https://doi.org/10.1175/1520-0485(1977)007%3C0952:IMITUO%3E2.0.CO;2
https://doi.org/10.1175/1520-0485(1977)007%3C0952:IMITUO%3E2.0.CO;2
https://doi.org/10.1175/1520-0485(1977)007%3C0952:IMITUO%3E2.0.CO;2
https://doi.org/10.1029/JC086iC11p11044

1040

1045

1050

1055

1060

1065

1070

Payne, R.: Albedo of the sea surface, J. Atmos. Sci., 29, 959-970, https://doi.org/10.1175/1520-0469(1972)029<0959: A0OTSS>2.0.CO;2,
1972.

Peneva, E. and Stips, A.: Numerical Simulations of Black Sea and Adjoined Azov Sea, Forced with Climatological and
Meteorological Reanalysis Data, Tech. Rep. EUR 21504 EN, CEC JRC, Institute of Environment and Sustainability,
https://doi.org/10.13140/RG.2.1.1830.4722, 2005.

Pope, R. and Fry, E.: Absorption spectrum 380 —700 nm of pure water. II. Integrating cavity measurements, Appl. Optics, 36,
https://doi.org/10.1364/20.36.008710, 1997.

Popov, M., Brankart, J.-M., Capet, A., Cosme, E., and Brasseur, P.: Ensemble analysis and forecast of ecosystem indicators in the North
Atlantic using ocean colour observations and prior statistics from a stochastic NEMO-PISCES simulator, Ocean Sci., 20, 155-180,
https://doi.org/10.5194/0s-20-155-2024, 2024.

Ricour, F,, Capet, A., D’Ortenzio, F., Delille, B., and Grégoire, M.: Dynamics of the deep chlorophyll maximum in the Black Sea as depicted
by BGC-Argo floats, Biogeosciences, 18, 755774, https://doi.org/https://doi.org/10.5194/bg-18-755-2021, 2021.

Santana-Falcén, Y., Brasseur, P., Brankart, J. M., and Garnier, F.: Assimilation of chlorophyll data into a stochastic ensemble simulation for
the North Atlantic Ocean, Ocean Sci., 16, 1297-1315, https://doi.org/10.5194/0s-16-1297-2020, 2020.

Silkin, V., Mikaelyan, S., Pautova, L., and Fedorov, A.: Annual Dynamics of Phytoplankton in the Black Sea in Relation to Wind Exposure ,
J. Mar. Sci. Eng., 9, 1435, https://doi.org/10.3390/jmse9121435, 2021.

Skékala, J., Bruggeman, J., Brewin, R., Ford, D., and Ciavatta, S.: Improved Representation of Underwater Light Field and Its Impact on
Ecosystem Dynamics: A Study in the North Sea, J Geophys. Res.-Oceans, 125, €2020JC016 122, https://doi.org/10.1029/2020JC016122,
2020.

Skdkala, J., Bruggeman, J., Ford, D., Wakelin, S., Akpinar, A., Hull, T., Kaiser, J., Loveday, B., O’Dea, E., Williams, C., and Cia-
vatta, S.: The impact of ocean biogeochemistry on physics and its consequences for modelling shelf seas, Ocean Model., 172,
https://doi.org/10.1016/j.ocemod.2022.101976, 2022.

Soto Loépez, C. E., Gharbi Dit Kacem, M., Anselmi, F., and Lazzari, P.: Data-Informed Inversion Model (DIIM): a framework
to retrieve marine optical constituents using a three-stream irradiance model, Geoscientific Model Development, 18, 7575-7602,
https://doi.org/10.5194/gmd-18-7575-2025, 2025.

Stanev, E. and Beckers, J.-M.: Barotropic and baroclinic oscillations in strongly stratified ocean basins: Numerical study of the Black Sea, J.
Marine Syst., 19, 65-112, https://doi.org/10.1016/S0924-7963(98)00024-4, 1999.

Teruzzi, A., Bolzon, G., Feudale, L., and Cossarini, G.: Deep chlorophyll maximum and nutricline in the Mediterranean Sea: emerging prop-
erties from a multi-platform assimilated biogeochemical model experiment, Biogeosciences, 18, 6147-6166, https://doi.org/10.5194/bg-
18-6147-2021, 2021.

Terzié, E., Mir6, A., Organelli, E., Kowalczuk, P., D’Ortenzio, F., and Lazzari, P.: Radiative transfer modeling with biogeochemical Argo
float data in the Mediterranean Sea, J. Geophys. Res.-Oceans, 126, https://doi.org/10.1029/2021JC017690, 2021.

Thimijan, R. and Heins, R.: Photometric, Radiometric, and Quantum Light Units of Measure: A Review of Procedures for Interconversion,
Hortic. Sci., 18, 818-822, https://doi.org/10.21273/HORTSCI.18.6.818, 1983.

Twardowski, M., Boss, E., Sullivan, J., and Donaghay, P.: Ocean Color Analytical Model Explicitly Dependent on the Volume Scattering
Function, Mar. Chem., 89, 69-88, https://doi.org/10.3390/app8122684, 2004.

Vandenbulcke, L. and Grailet, J.-F.: BAMHBI stable, https://gitlab.uliege.be/ESPECES/MAST/bamhbi-stable, GitLab repository, 2025.

42


https://doi.org/10.1175/1520-0469(1972)029%3C0959:AOTSS%3E2.0.CO;2
https://doi.org/10.13140/RG.2.1.1830.4722
https://doi.org/10.1364/ao.36.008710
https://doi.org/10.5194/os-20-155-2024
https://doi.org/https://doi.org/10.5194/bg-18-755-2021
https://doi.org/10.5194/os-16-1297-2020
https://doi.org/10.3390/jmse9121435
https://doi.org/10.1029/2020JC016122
https://doi.org/10.1016/j.ocemod.2022.101976
https://doi.org/10.5194/gmd-18-7575-2025
https://doi.org/10.1016/S0924-7963(98)00024-4
https://doi.org/10.5194/bg-18-6147-2021
https://doi.org/10.5194/bg-18-6147-2021
https://doi.org/10.5194/bg-18-6147-2021
https://doi.org/10.1029/2021JC017690
https://doi.org/10.21273/HORTSCI.18.6.818
https://doi.org/10.3390/app8122684
https://gitlab.uliege.be/ESPECES/MAST/bamhbi-stable

1075

1080

1085

Vervatis, V. D., De Mey-Frémaux, P., Ayoub, N., Karagiorgos, J., Ghantous, M., Kailas, M., Testut, C.-E., and Sofianos, S.: Assess-
ment of a regional physical-biogeochemical stochastic ocean model. Part 1: Ensemble generation, Ocean Model., 160, 101781,
https://doi.org/https://doi.org/10.1016/j.ocemod.2021.101781, 2021.

Vichi, M., Lovato, T., Guterrez Mlot, E., and McKiver, W.: Coupling BFM with Ocean Models, Nucleus for the European Modelling of the
Ocean, Release 1.0, BFM Report series N. 2, Release 1.0, Bologna, Italy, https://doi.org/10.13140/RG.2.1.1652.6566, 2015.

Xiu, P. and Chai, F.: Connections between physical, optical and biogeochemical processes in the Pacific Ocean, Progr. Oceanogr., 122, 30-53,
https://doi.org/10.1016/j.pocean.2013.11.008, 2014.

Yang, M., Qiu, S., Wang, L., Chen, Z., Hu, Y., Guo, J., and Ge, S.: Effect of short-term light irradiation with varying energy densities on the
activities of nitrifiers in wastewater, Water Res., 216, 118 291, https://doi.org/10.1016/j.watres.2022.118291, 2022.

Zibordi, G., Holben, B., Hooker, S. B., Mélin, F., Berthon, J.-F., Slutsker, 1., Giles, D., Vandemark, D., Feng, H., Rutledge, K., Schus-
ter, G., and Al Mandoos, A.: A network for standardized ocean color validation measurements, Eos, Trans. AGU, 87, 293-297,
https://doi.org/10.1029/2006EO300001, 2006.

Zibordi, G., Mélin, F., Berthon, J.-F., Holben, B., Slutsker, 1., Giles, D., D’ Alimonte, D., Vandemark, D., Feng, H., Schuster, G., Fabbri,
B. E., Kaitala, S., and Seppild, J.: AERONET-OC: A Network for the Validation of Ocean Color Primary Products, J. Atmos. Ocean.
Technol., 26, 1634—1651, https://doi.org/10.1175/2009JTECHO654.1, 2009.

Zibordi, G., Mélin, E,, Berthon, J.-F., and Talone, M.: In situ autonomous optical radiometry measurements for satellite ocean color validation

in the Western Black Sea, Ocean Sci., 11, 275-286, https://doi.org/10.5194/0s-11-275-2015, 2015.

43


https://doi.org/https://doi.org/10.1016/j.ocemod.2021.101781
https://doi.org/10.13140/RG.2.1.1652.6566
https://doi.org/10.1016/j.pocean.2013.11.008
https://doi.org/10.1016/j.watres.2022.118291
https://doi.org/10.1029/2006EO300001
https://doi.org/10.1175/2009JTECHO654.1
https://doi.org/10.5194/os-11-275-2015

