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A B S T R A C T

Remotely sensed optical data are fundamental to be integrated into biogeochemical models, since the key
role of the optical properties on lower trophic dynamics. In this paper, it is shown how ocean optics satellite
products are used to constrain the optical algorithm adopted in the operational biogeochemical model system
MedBFM that produces analyses, forecasts and reanalyses for the Mediterranean Sea biogeochemistry within
the European Copernicus Marine Environment Monitoring Service (CMEMS).

Two different data sets of diffuse attenuation coefficients (𝐾𝑑) for downward planar irradiance were used
in MedBFM to carry out three 15-year simulations. The first simulation is based on climatological values
retrieved with a global algorithm; the second uses an updated, interannually variable product from 4 different
sensors, obtained with a regional algorithm specifically developed for the Mediterranean Sea; the third is
forced by a climatological data set extracted from the updated algorithm. Differences between the two 𝐾𝑑
data sets are evaluated in terms of the adopted/differing remote sensing algorithms, and the impact of the
two different optical forcings on the MedBFM model output is quantified, with a specific focus on chlorophyll,
also distinguishing the effect of using the interannually variable 𝐾𝑑 by the one related to the algorithm upgrade.

The differences between the interannually variable 𝐾𝑑 data set and the climatological one amount to 10%,
resulting in local variations of chlorophyll vertical profile concentration, larger than 20% in some periods of
the year. Noticeable effects are also observed on the along-basin zonal range of deep chlorophyll maximum
depths during the simulated period, which increases with the use of the updated 𝐾𝑑 data set. In the western
Mediterranean, interannual variability of chlorophyll in summer grows up to 40% at 100 m.

Matching-up the updated model outputs with quality-controlled Biogeochemical-Argo floats data of
fluorescence-derived chlorophyll results in a small increase of the model skill.
. Introduction

In the recent decades, satellite sensors measuring ocean colour have
een providing an ample global data set with a constant temporal ac-
uisition frequency. Despite the major shortcomings (i.e., sensitivity to
loud coverage, limitation to euphotic depth) of satellite data, their use
o validate biogeochemical models is profitable and well documented,
s shown in Gregg et al. (2009), Doney et al. (2009), Dutkiewicz et al.
2015, 2019), and Salon et al. (2019), the latter for a brief review of
editerranean Sea applications.

Combining numerical models and satellite products by means of
ata assimilation can additionally surpass limitations of separate tech-
iques, and has been therefore widely accepted within the scientific
ommunity. The application of data assimilation schemes to satellite-
stimated chlorophyll might positively impact the simulation of bio-
eochemical processes by improving multi-year state estimates (Simon
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et al., 2015; Ciavatta et al., 2016, 2019; Fennel et al., 2019; Groom
et al., 2019; Teruzzi et al., 2018, 2014b; Song et al., 2016a,b,c; Mattern
et al., 2017) or by parameter optimization (Ciavatta et al., 2011).

Remote sensing can additionally supply information for the optical
component settings embedded in biogeochemical models (Lazzari et al.,
2012). Methods of light implementation in ecological and biogeochem-
ical models range from simple exponential functions of photosynthet-
ically available radiation (PAR), as done in Lazzari et al. (2010), to
fully coupled radiative transfer models, as shown in Dutkiewicz et al.
(2015). Simplified versions of optical models may adopt apparent
optical properties estimated from satellites. Therefore, the choice of
information retrieved from remote sensing becomes crucial for the
correct representation of biogeochemical dynamics, expressed in terms
of productivity and spatial and temporal distribution of biogeochem-
ical variables, and may vary depending on the specific aspect to be
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addressed. Nonetheless, efforts to use multi or hyperspectral models to
integrate radiometry data with inherent and apparent optical proper-
ties, thus embedding the radiative transfer theory into biogeochemistry,
have been recently implemented also in regional models (e.g. Skákala
et al., 2020; Lazzari et al., 2020).

The scope of the present work is to evaluate how interannually
variable apparent optical properties may affect the spatio-temporal
variability of the Biogeochemical Flux Model (BFM; Vichi et al., 2007;
Lazzari et al., 2012, 2016), which is the core of the MedBFM sys-
tem, operational within the European Copernicus Marine Environment
Monitoring Service (CMEMS). The analysis is focused on the impact
of changing diffuse attenuation coefficients of downwelling irradiance
(𝐾𝑑) from single-sensor climatological (𝐾𝑟𝑒𝑓

𝑑 ) to multi-sensor interannu-
ally variable (𝐾𝑛𝑒𝑤

𝑑 ) values, using data retrieved from CMEMS (based on
ESA-CCI multi-sensor reflectance and including a regional algorithm,
which should be more adequate for applications in the Mediterranean
Sea). The primary goals are: firstly, to estimate how the new 𝐾𝑑 data
set changes the temporal and spatial variability of the biogeochem-
ical dynamics, specifically in terms of the chlorophyll field and the
deep chlorophyll maximum (DCM) feature; and secondly, to evaluate
the degree of improvement in the MedBFM model skill, focusing on
the CMEMS chlorophyll product quality. The former was tackled by
separating the effect of the sensor upgrade by the one related to the
introduction of the interannual variability. The latter was carried out
considering key chlorophyll metrics (Salon et al., 2019) by comparing
model profiles with a quality-controlled Biogeochemical Argo (BGC-
Argo) floats data set, previously described in Organelli et al. (2017)
and also adopted by Terzić et al. (2019).

While a number of experimental analyses of the diffuse attenuation
coefficient properties were already assessed (Morel and Maritorena,
2001; Morel et al., 2007a,b; Organelli et al., 2017), a study of such kind
is, to the authors’ knowledge, a first attempt to evaluate the impact of
different diffuse attenuation products on a multi-year biogeochemical
simulation. Section 2 describes the methods employed in the paper,
Sections 3 and 4 show the results and discuss them in terms of different
effects observed in temporal and spatial variability, as well as for
operational purposes concerning the quality of CMEMS chlorophyll
products, and Section 5 draws the conclusions.

2. Methods

An integrated approach, based on a set of three numerical simula-
tions carried out with the MedBFM model (1999–2015 period) and a
recently delivered data set of biogeochemical Argo (BGC-Argo) floats
observations, was used to assess how the new diffuse attenuation
coefficient for downwelling irradiance may affect the 3-dimensional
chlorophyll field (hereafter also referred to as Chl).

2.1. Biogeochemical model

The biogeochemical model BFM (Vichi et al., 2007, 2013) is a
biomass-based numerical model that simulates biogeochemical fluxes
of carbon, phosphorus, nitrogen, silicon, and oxygen, characterizing the
lower trophic level (producers, consumers, and recyclers) of the marine
ecosystem. The current version of BFM includes nine plankton func-
tional types (PFTs): phytoplankton PFTs comprise diatoms, flagellates,
picophytoplankton and dinoflagellates; heterotrophic PFTs contain car-
nivorous and omnivorous mesozooplankton, bacteria, heterotrophic
nanoflagellates and microzooplankton. The non-living compartment is
separated into three groups: labile, semi-labile and refractory organic
matter. BFM is coupled also to a carbonate system model (Cossarini
et al., 2015; Canu et al., 2015), which contains two prognostic state
variables: alkalinity and dissolved inorganic carbon, and provides pH,
partial pressure of CO2 and air–sea CO2 flux. In the MedBFM mod-
elling system, which produces analyses, forecasts and reanalyses of the
Mediterranean Sea biogeochemistry for CMEMS (see Salon et al., 2019,
2

for further details), BFM is coupled with the OGSTM transport model,
featuring OGSTM-BFM (Lazzari et al., 2010, 2012, 2016; Cossarini
et al., 2015), where OGSTM is based on the OPA 8.1 system (Foujols
et al., 2000). MedBFM assimilates satellite-estimated chlorophyll con-
centration data through a variational scheme (Teruzzi et al., 2014b,
2018), and is offline driven by daily physical forcings (temperature,
salinity, currents) provided by the NEMOv3.6 model within the CMEMS
regional consortium for the Mediterranean Sea (Clementi et al., 2019).

In BFM, the phytoplankton photosynthesis and the chlorophyll-to-
carbon ratio adaptation to different light regimes are regulated by PAR
according to Geider’s formulation (Geider et al., 1998). Surface PAR
values are obtained from the ECMWF atmospheric model output (pro-
vided within the CMEMS regional consortium for the Mediterranean
Sea), where the shortwave radiation 𝑄𝑠 (roughly between 0.2 and
4 μm) refers to radiation emitted by the Sun, then scattered, absorbed
or transmitted by the atmosphere and reflected or absorbed by the
surface (Hogan and Bozzo, 2018). Following Ebenhoh et al. (1997),
PAR (i.e. the visible portion of 𝑄𝑠) is then estimated with a multiplying
factor of 0.5. The Beer–Lambert light model, used to evaluate the
amount of irradiance available for photosynthesis at any vertical level
of the MedBFM model, takes diffuse attenuation coefficients at 490 nm
from satellites (𝐾𝑑490):

𝑃𝐴𝑅𝑑 (𝑧) = 𝑃𝐴𝑅𝑑 (𝑧0)𝑒−𝐾𝑑 (𝑥,𝑦,𝑧,𝑡)𝑧 (1)

here

𝑑 (𝑥, 𝑦, 𝑧, 𝑡) = 𝐾𝑑490(𝑥, 𝑦, 𝑡). (2)

In the equations above, 𝑃𝐴𝑅𝑑 (𝑧0) is PAR at the surface level (𝑧0),
𝑑 (𝑥, 𝑦, 𝑧, 𝑡) is equal to the diffuse attenuation coefficient at 490 nm

rom satellite, whereas 𝑥, 𝑦, 𝑧 and 𝑡 are longitude, latitude, depth and
ime respectively. Hereafter, 𝐾𝑑490(𝑥, 𝑦, 𝑡) is denoted as 𝐾𝑑 (490).

In the present work, we have adopted the MedBFM model with
he meshgrid based on 1/16 degree longitudinal scale factor and on
∕16◦𝑐𝑜𝑠(𝜙) latitudinal scale factor (𝜙 is the latitude). The vertical
eshgrid accounts for 72 vertical z-levels: 25 in the first 200 m depth,
1 between 200 and 2000 m, 16 below 2000 m. Model chlorophyll
utputs have been produced at weekly frequency. Further details on
he simulations carried out are in Section 2.5.

.2. BGC-Argo float data set

Fluorescence-derived chlorophyll data along the water column were
tilized from the BGC-Argo float network (see Organelli et al., 2016
nd Terzić et al., 2019). A total of 31 floats were acquired for the
eriod between 2012 and 2016 for the Mediterranean basin, with 1314
ertical profiles of Chl concentration (units of mg m−3) derived from
luorescence. Data acquisition had nominally a 10 m vertical resolution
etween 250 and 1000 m, 1 m from 10 to 250 m, increasing to 0.20

from 10 m to the surface (Organelli et al., 2016). Each cast started
rom 1000 m parking depth at an adequate time in order to reach the
urface around local noon (with a time window of two hours). BGC-
rgo data employed in the present work have been used after quality
ontrol procedure, which includes the non-photochemical quenching
orrection (Xing et al., 2018; Bittig et al., 2019).

According to the Mediterranean Sea partition also used in CMEMS
Salon et al., 2019), the profiles were available for 13 out of 16 sub-
asins (Fig. 1), with the majority in the north western Mediterranean
NWM, 332), followed by northern Ionian (ION3, 170) and southern
yrrhenian (TYR2, 162). Data were not present in the western Ionian
ION1), northern Tyrrhenian (TYR1) and the eastern Levantine (LEV4);
profiles were collected in the northern Adriatic (ADR1) and only one

n the western Levantine (LEV1).
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Fig. 1. Spatial distribution of chlorophyll vertical profiles measured by BGC-Argo floats superimposed to the sub-basin partition used in the Mediterranean CMEMS regional system.
Sub-basins (with abbreviations) are: Aegean Sea (AEG), Alboran Sea (ALB), southwestern Mediterranean west (SWM1), southwestern Mediterranean east (SWM2), northwestern
Mediterranean (NWM), northern Tyrrhenian Sea (TYR1), southern Tyrrhenian Sea (TYR2), western Ionian Sea (ION1), eastern Ionian Sea (ION2), northern Ionian Sea (ION3),
northern Adriatic Sea (ADR1), southern Adriatic Sea (ADR2), western Levantine Sea (LEV1), northern Levantine Sea (LEV2), southern Levantine Sea (LEV3), eastern Levantine Sea
(LEV4). The total number of BGC-Argo float profiles is reported in parentheses.
_

2.3. 𝐾𝑑 data sets

Two 𝐾𝑑 (490) data sets are integrated in the MedBFM model. The
irst one (hereafter 𝐾𝑟𝑒𝑓

𝑑 ) consists of a bi-weekly climatology derived
y the SeaWiFS data (Sea-Viewing Wide Field-of-View Sensor, years
998–2004, see Lazzari et al., 2012). The second data set (hereafter
𝑛𝑒𝑤
𝑑 ) is interannually variable with a weekly frequency, covers the
eriod 1998–2015, and was computed for CMEMS merging SeaWiFS,
ODIS-Aqua, MERIS, and VIIRS sensors (for more details see Volpe

t al., 2019).
While 𝐾𝑟𝑒𝑓

𝑑 is derived by a global algorithm, the 𝐾𝑛𝑒𝑤
𝑑 time series

have been computed by a specifically developed and tuned algorithm
for the Mediterranean Sea (Volpe et al., 2017), therefore it is henceforth
referred as CMEMS multi-sensor regional product (REP-CMEMS). Note
that we retrieved the REP-CMEMS product in 2018 as v01 version based
on ESA-CCI reflectance (Volpe et al., 2017). Both data sets have been
spatially interpolated from their original 1 km resolution on the model
grid at 1/16 degree.

The 𝐾𝑟𝑒𝑓
𝑑 tuning procedure adopted in Lazzari et al. (2012) was

ased on a series of simulations to compare the model output with
n-situ values of DCM depth and magnitudes during summer in the Lev-
ntine basin (data from Turley et al., 2000, and Moutin and Raimbault,
002), resulting in a multiplication factor of 1.2 of the original 𝐾𝑑 (490)
alues. The tuning procedure was included in the model simulations
ue to the uncertainty related to the use of mono-spectral values of
𝑑 (490), while the DCM depth is the cumulative biogeochemical effect

esulting from the interaction of the entire light spectrum (represented
y PAR) with phytoplankton (Cullen, 2015; Mignot et al., 2014; Terzić
t al., 2019).

Similarly, after a comparison with the tuned 𝐾𝑟𝑒𝑓
𝑑 values for the

ame season and sub-basin, 𝐾𝑛𝑒𝑤
𝑑 resulted in a multiplication factor

of 1.3. The little difference between the tuning factors is due to the
two algorithms adopted to produce the data sets 𝐾𝑟𝑒𝑓

𝑑 and 𝐾𝑛𝑒𝑤
𝑑 .

More specifically, the algorithm used to compute diffuse attenuation
coefficients of downwelling irradiance at 490 nm for the CMEMS multi-
sensors product is a fourth power polynomial expression of the remote
sensing reflectance (𝑅 (𝜆)) ratio (𝑅 (490) to 𝑅 (555)), denoted as
𝑟𝑠 𝑟𝑠 𝑟𝑠 r

3

Table 1
Coefficients used to retrieve the original data set of 𝐾𝑑 (490). For 𝐾𝑟𝑒𝑓

𝑑 (O’Reilly et al.,
2000), the global algorithm for SeaWiFS is applied with a tuning factor (T.F.) of 1.2.
For 𝐾𝑛𝑒𝑤

𝑑 , the regional MedKd is used instead, with coefficients reported in Volpe et al.
(2017), and a tuning factor (T.F.) of 1.3.

Algorithm Model 𝑎0 𝑎1 𝑎2 𝑎3 𝑎4 T.F.

SeaWiFS 𝐾𝑟𝑒𝑓
𝑑 −0.8515 −1.8263 1.8714 −2.4414 −1.069 1.2

MedKd 𝐾𝑛𝑒𝑤
𝑑 −0.7713 −2.2864 3.6408 2.3152 −5.172 1.3

𝜌490∕555, and shown in Eq. (3), whereas the 𝐾𝑑 (490) calculation is
written in Eq. (4):

𝜌490∕555 = 𝑅𝑟𝑠(490)∕𝑅𝑟𝑠(555) (3)

𝐾𝑑 (490) = 𝐾𝑤(490) +𝐾𝑏𝑖𝑜(490) (4)

where 𝐾𝑤 = 0.0166 and 𝐾𝑏𝑖𝑜 = 10
∑4

𝑛=0 𝑎𝑛(𝑙𝑜𝑔10 𝜌490∕555)
𝑛 are the diffuse

attenuation coefficients of the pure water and biogenic components
respectively. Note that the regional algorithm for the Mediterranean
Sea as reported in Volpe et al. (2017), successively named ‘‘MedKd’’ in
Volpe et al. (2019), differs from the global (see Table 1), and therefore
also the algorithm for the climatological data set (𝐾𝑟𝑒𝑓

𝑑 ) differs from
the interannually variable one (𝐾𝑛𝑒𝑤

𝑑 ).
The MedBFM model needs 𝐾𝑑 (490) maps that fully cover the

Mediterranean basin surface. Daily data of 𝐾𝑛𝑒𝑤
𝑑 provided in the

CMEMS catalogue1 were used to calculate weekly averages at the model
resolution of 1/16◦. The maps resulting from the temporal average and
the spatial interpolation are still affected by cloud coverage. Gaps in the
𝐾𝑑 maps have been filled with a two-step replacement strategy using
monthly averaged maps and a climatology both built using the 𝐾𝑛𝑒𝑤

𝑑
time series. Firstly, missing values in each weekly map are replaced
with the monthly mean of the corresponding month. Then, in case

1 The product OCEANCOLOUR_MED_OPTICS_L3_REP_OBSERVATIONS_009
095 is continuously updated as reported in the CMEMS catalogue: the most
ecent version is documented and validated in Colella et al. (2021).
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of still incomplete coverage, gaps are replaced in a second step with
the climatological values. Since the relatively high coverage of the
weekly average (>80% at basin scale) and of the monthly average
(>95%), the effects of spatial discontinuities potentially introduced by
the replacement procedure can be considered marginal with respect to
the spatial and temporal scales of the analysis carried out in the present
work.

2.4. 𝐾𝑑 data set differences

Climatological monthly maps of 𝐾𝑛𝑒𝑤
𝑑 data set are shown in Fig. 2.

ighest values (0.10 m−1 or higher) are displayed during late au-
umn, winter and early spring months, especially in the western basin.
he peak is between March and April in the northwestern Mediter-
anean, which might coincide with the late winter/early spring bloom
eriod. Constantly higher values are noticed also for the northern
egean and Alboran seas. In this respect, it is worth mentioning that,

rom the modelling side, these regions may present large uncertainties
ue to insufficiently accurate boundary conditions (i.e. connecting the
editerranean Sea with the Black Sea in the former and with the
tlantic Ocean in the latter case, see for example Salon et al., 2019)
nd are thus less emphasized in following elaborations. Lowest values
around 0.03 m−1) are observed in the Ionian and Levantine sub-basins
lmost throughout the entire year, with increasing values between De-
ember and February (reaching 0.06 m−1). A clear east–west gradient
an be observed, with values increasing westward.

Climatological monthly maps of differences (𝐾𝑛𝑒𝑤
𝑑 - 𝐾𝑟𝑒𝑓

𝑑 ) nor-
alized with 𝐾𝑟𝑒𝑓

𝑑 values demonstrate how the spatial variability of
atellite-derived 𝐾𝑑 is affected by the use of the REP-CMEMS data
et (Fig. 3). Major discrepancies are seen for the western sub-basins
n the late winter/early spring period, where bi-weekly climatological
𝑛𝑒𝑤
𝑑 values are up to 10% different compared to 𝐾𝑟𝑒𝑓

𝑑 . REP-CMEMS
alues are almost overall lower than SeaWiFS in August and September,
hereas slight fluctuations of 𝐾𝑑 values are observed during autumn
nd early winter, the last period characterized by a positive difference
n the Tyrrhenian Sea. Because of the tuning procedure, the sum of
he differences over June, July and August in the Levantine basin is
egligible.

.5. Simulations protocol

The MedBFM model was run to simulate the Mediterranean Sea
iogeochemistry for the period between 1999 and 2015, using the two
ifferent diffuse attenuation coefficient data sets 𝐾𝑑 (490) described in

Section 2.3: 𝐾𝑛𝑒𝑤
𝑑 and 𝐾𝑟𝑒𝑓

𝑑 . We carried out three simulations (Ta-
ble 2), namely, 𝑆𝑟𝑒𝑓 (forced with 𝐾𝑟𝑒𝑓

𝑑 ), 𝑆𝑛𝑒𝑤 (forced with interannually
variable 𝐾𝑛𝑒𝑤

𝑑 ), and 𝑆𝑛𝑒𝑤(𝑐𝑙𝑖𝑚) (forced with a climatology computed
from 𝐾𝑛𝑒𝑤

𝑑 , at the same bi-weekly temporal frequency of 𝐾𝑟𝑒𝑓
𝑑 ). The

𝑆𝑛𝑒𝑤(𝑐𝑙𝑖𝑚) simulation is critical to evaluate the impact of the new sensor
and algorithm (comparing the simulations forced by the REP-CMEMS
and the SeaWiFS climatological data sets, i.e. 𝑆𝑛𝑒𝑤(𝑐𝑙𝑖𝑚) vs. 𝑆𝑟𝑒𝑓 ) and
the impact of introducing an interannually variable 𝐾𝑑 (comparing
the simulations forced by the variable and climatological data sets,
i.e. 𝑆𝑛𝑒𝑤 vs. 𝑆𝑛𝑒𝑤(𝑐𝑙𝑖𝑚)). The reference simulation 𝑆𝑟𝑒𝑓 is available in
he CMEMS catalogue2 and its quality has been already described in
eruzzi et al. (2014a). Here we focus on the anomalies among the three
odel configurations that differ only in terms of the diffuse attenuation

oefficients adopted.
Our analysis was constrained only to open ocean areas, i.e. deeper

han 200 m (as already done in Lazzari et al., 2012, 2016), leaving the
nterpretation of coastal regions for future computations with a more
ophisticated light model.

2 MEDSEA_REANALYSIS_BIO_006_008.
 S

4

Table 2
Summary of the simulations with corresponding details of forcing 𝐾𝑑 data set.

Simulation 𝐾𝑑 data set 𝐾𝑑 temporal frequency

𝑆𝑟𝑒𝑓 𝐾𝑟𝑒𝑓
𝑑 Climatological, bi-weekly (26 𝐾𝑑 maps, repeated

every year)

𝑆𝑛𝑒𝑤(𝑐𝑙𝑖𝑚) 𝐾𝑛𝑒𝑤
𝑑 Climatological, bi-weekly (26 𝐾𝑑 maps, repeated

every year)

𝑆𝑛𝑒𝑤 𝐾𝑛𝑒𝑤
𝑑 Interannually variable, weekly (52 𝐾𝑑 maps,

changing every year)

3. Results

In this section we assess how the interannually variable 𝐾𝑛𝑒𝑤
𝑑 ,

roduced through the regional algorithm from 4 different sensors (and
etrieved from the CMEMS catalogue), affects (1) the chlorophyll hor-
zontal and vertical distributions, and its temporal variability, and (2)
he quality of the corresponding CMEMS product.

.1. Impact of 𝐾𝑛𝑒𝑤
𝑑 on the chlorophyll field

Model outputs for both simulations are evaluated in terms of Chl
oncentrations (units of mg m−3); anomalies are calculated as the differ-

ences between 𝑆𝑛𝑒𝑤(𝑐𝑙𝑖𝑚) and 𝑆𝑟𝑒𝑓 simulations, normalized with values
from 𝑆𝑟𝑒𝑓 , and between 𝑆𝑛𝑒𝑤 and 𝑆𝑛𝑒𝑤(𝑐𝑙𝑖𝑚) simulations, normalized
with values from 𝑆𝑛𝑒𝑤(𝑐𝑙𝑖𝑚). Chl values at surface, 50 m and 100 m
along the seasonal cycle are shown for March, June, September and
December.

At surface (Fig. 4), highest Chl concentrations are observed in March
for the western basin (larger than 0.5 mg m−3 in the northwestern
Mediterranean), while the rest of the basin displays oligotrophic values
(lower than 0.2 mg m−3), which holds true for all regions in June and
September, with values increasing again in December in the western
Mediterranean (0.3 mg m−3). The second column of Fig. 4 depicts the
normalized difference between 𝑆𝑛𝑒𝑤 and 𝑆𝑛𝑒𝑤(𝑐𝑙𝑖𝑚), showing that the
impact of the interannual variability related to the REP-CMEMS data set
is spatially distributed with a certain patchiness, with the main effect
of increasing the Chl concentration of few percents (e.g., maximum of
7%) in the western Mediterranean and southern Adriatic Sea during
March. In March, over the rest of the basin, and in December we
observe a slight decrease of surface Chl, while the effect in the warm
semester seems quite negligible. The change from SeaWiFS to REP-
CMEMS data set (right column of Fig. 4) shows comparable positive
variations in the Tyrrhenian Sea in March and December, in the latter
also near the Atlantic inflow and along the eastern coasts. As expected,
the effect of upgrading the climatology is more uniformly distributed
than what observed by introducing the interannual variability, with
a tendency to affect more the coastal areas (see in March along the
Liguro-Provencal coast, the Tyrrhenian coast, the south-eastern Levan-
tine coast, the latter more intense in December). A close-up on March
in the western Mediterranean (Fig. 3) reveals an increase in 𝐾𝑑 values
n the southern regions and a decrease north. The resulting surface Chl
alues in turn exhibit a more substantial decrease over the northern
ector when comparing the simulation forced by the bi-weekly REP-
MEMS climatology with the one driven by SeaWiFS, and an increase
ue to the interannually variable 𝐾𝑑 , meaning that in this area the
hange of sensor and algorithm is somehow counterbalanced by the
ncreased variability related to the REP-CMEMS data set.

At 50 m (Fig. 5), the impacts of the 𝐾𝑑 upgrades are larger than
hat was observed at surface, in particular in March in western sub-
asins but with positive differences also in June in the Levantine and
n December in the south-western areas, although with lower values
f chlorophyll. In March, the change from SeaWiFS to REP-CMEMS
ata set shows a 𝐾𝑑 decrease (increase) in the north-western (south-
estern) areas (and also in the western Tyrrhenian and northern Ionian

eas, Fig. 3), meaning an increase (decrease) of water transparency, and
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Fig. 2. Climatological monthly mean maps of the interannually variable 𝐾𝑛𝑒𝑤
𝑑 , units of m−1. Data from CMEMS (see text for details).
herefore an increase (decrease) of Chl concentration during the late
inter bloom, comparing 𝑆𝑛𝑒𝑤(𝑐𝑙𝑖𝑚) with 𝑆𝑟𝑒𝑓 simulations (right column

of Fig. 5). On the other side, the interannually variable 𝐾𝑑 tends to
uniformly increase Chl concentration over the whole western Mediter-
ranean, further increasing Chl concentration in the most productive
area of the Gulf of Lions, and partially reducing the effect over the
south-western areas. The 50 m layer could be representative of typical
DCM depths in western sub-basins (Boldrin et al., 2002) with enhanced
values persisting until September, consistently to the DCM dynamics in
5

the west, emerging between May and October (Lavigne et al., 2015).
In the period of DCM (June and September in Fig. 5), we observe
that increases (decreases) of 𝐾𝑛𝑒𝑤

𝑑 compared to 𝐾𝑟𝑒𝑓
𝑑 (Fig. 3) roughly

correspond to increase (decrease) of Chl concentrations in the 𝑆𝑛𝑒𝑤

simulation, showing a decoupling of the chlorophyll vertical structure
between the surface and the DCM level. The impacts observed in 𝑆𝑛𝑒𝑤

appear much lower during this period.
Maximum Chl concentrations at 100 m depth (Fig. 6) are present

in June and September in the central-western and eastern basin (0.4
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Fig. 3. Climatological monthly mean maps of the difference between 𝐾𝑛𝑒𝑤
𝑑 and 𝐾𝑟𝑒𝑓

𝑑 , normalized with 𝐾𝑟𝑒𝑓
𝑑 .
mg m−3) in agreement with the DCM depth late spring formation and
stabilization throughout the summer and autumn months, i.e. from
April to November. The variations in 𝑆𝑛𝑒𝑤 with respect to 𝑆𝑛𝑒𝑤(𝑐𝑙𝑖𝑚)

observed at 100 m in the north-western sub-basin in June are larger
than 100% (also due to decreasing values of chlorophyll at this depth),
possibly explained with a shift in DCM depth. The effect of upgrading
from SeaWiFS to REP-CMEMS is also more intense in September, with
6

a general increase in Chl concentration mainly located in the west-
ern basin and Adriatic and Aegean marginal seas. The coastal areas,
specifically in the Tyrrhenian Sea, are affected in June.

The DCM is an ubiquitous feature of the chlorophyll vertical profile
dynamics in oligotrophic environments and between late spring and
autumn in the Mediterranean Sea (Siokou-Frangou et al., 2010), dis-
playing a zonal deepening from west to east, as well as meridionally
from north to south (see Lazzari et al., 2012; Lavigne et al., 2015).
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Fig. 4. Surface Chl output for March, June, September and December. Left column: results from 𝑆𝑛𝑒𝑤 (units of mg m−3); central column: difference between 𝑆𝑛𝑒𝑤 and 𝑆𝑛𝑒𝑤(𝑐𝑙𝑖𝑚),
normalized with 𝑆𝑛𝑒𝑤(𝑐𝑙𝑖𝑚); right column: difference between 𝑆𝑛𝑒𝑤(𝑐𝑙𝑖𝑚) and 𝑆𝑟𝑒𝑓 , normalized with 𝑆𝑟𝑒𝑓 (unitless).

Fig. 5. As in Fig. 4 but at 50 m.

7
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Fig. 6. As in Fig. 4 but at 100 m.
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ligotrophic environments, such as the eastern Mediterranean, are
haracterized by deep DCM and nitracline, which are concomitantly
ssociated with lower Chl concentrations and primary productivity
Estrada et al., 1993), contrary to the areas with higher biological
ctivity (such as the Ligurian Sea), which display shallower DCM with
igher values of Chl.

The calculation of the DCM depth is based on the following criteria
see also Lavigne et al., 2015; Salon et al., 2019):

• depth of DCM should be deeper than 40 m and shallower than
200 m;

• Chl concentration at DCM depth should exceed 0.1 mg m−3.

Monthly mean and standard deviation values of DCM depth, cal-
ulated for the 𝑆𝑛𝑒𝑤 (respectively, 𝑀𝑛𝑒𝑤 and 𝜎(𝑀𝑛𝑒𝑤) as defined in

Appendix A, where 𝑀 is the DCM depth and 𝜎(𝑀𝑛𝑒𝑤) is an indicator
of the interannual variability), are shown in Fig. 7 (top) as coloured
squares per each sub-basin (x-axis) and month (y-axis). The model
confirms the presence of the DCM zonal gradient (Lavigne et al.,
2015; Terzić et al., 2019), as well as the disappearance of the feature
during winter months due to an enhanced convective mixing which
destabilizes the water column. DCM depths in the Levantine range
from 80 to 100 m in spring to up to 120 m in summer months (in
agreement with Lavigne et al., 2015), with corresponding mean Chl
concentrations between 0.2 and 0.3 mg m−3 (not shown), consistently
with results shown in Christaki et al. (2001) and Dolan et al. (2002).
In western basins, DCM depth ranges from 60 m in spring and autumn,
increasing to 70–80 m in summer (in good accordance with Lavigne
et al., 2015), with corresponding Chl values higher than 0.4 mg m−3

during summer and decreasing in autumn to 0.3 mg m−3, mostly in
NWM and Tyrrhenian Sea. The interannual variability of DCM depth
in 𝑆𝑛𝑒𝑤 (Fig. 7b) is between 4 and 8 m during the summer months,
increasing to around 12 m in May, and reaching 14 m in the northern
Adriatic and northern Ionian Seas.
 i

8

The difference in DCM depth mean and standard deviation between
the three simulations is shown in the middle and bottom rows of Fig. 7.
On average, compared with 𝑆𝑟𝑒𝑓 , the DCM depth increases around 5 m
with the updated diffuse attenuation coefficient: major differences in
DCM depth arise in the Ionian sub-basins in May/June and Septem-
ber/October, with an increase in the mean larger than 8 m and in the
standard deviation of up to 6 m (Fig. 7c). A DCM depth increase larger
than 6 m is also observable in the eastern Levantine (LEV4). The general
increase of the DCM depth during spring is specifically due to the effect
of the interannually variable diffuse attenuation coefficient (Fig. 7e),
while it rather tends to reduce DCM depth in October/November, with
the result that the sensor upgrade plays an important role in increasing
the DCM depth in this period more than the use of the interannually
variable 𝐾𝑛𝑒𝑤

𝑑 .
The increase of the standard deviation in the DCM depth (Fig. 7d)

quantifies the extension of the interannual variability simulated by
𝑆𝑛𝑒𝑤, demonstrating the role played by the updated, interannually vari-
able 𝐾𝑛𝑒𝑤

𝑑 . As expected, we can observe from Fig. 7f that the increase
of variability is almost totally referred to the use of the interannually
variable 𝐾𝑛𝑒𝑤

𝑑 rather than its bi-weekly climatology.
The increased interannual variability of the DCM depth in 𝑆𝑛𝑒𝑤

n the four months characterized by the presence of DCM in all the
editerranean Sea (June to September, see Fig. 7) is also illustrated

n Fig. 8, which displays a widening of the range of values covered
y the DCM mean depth along the zonal direction estimated about
0%, i.e. from 7.9 to 14.4 m (while the sensor upgrade has a minor
ontribute, from 7.9 to 8.1 m). Considering the sub-basin averages
n the same period, Fig. 9 confirms that, with 𝐾𝑛𝑒𝑤

𝑑 , the DCM depth
eepens in most sub-basins between 2% and 5% in comparison with
he reference (as also shown by the extension of the light red area in
ig. 8).

The increase of the DCM mean depth in 𝑆𝑛𝑒𝑤 is coherent with an
ncrease of the total chlorophyll biomass per area between 0 and 200 m

n the period June–September, which results to be generally higher
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Fig. 7. Top row: DCM depth monthly mean, for each sub-basin and month (a) and standard deviation, for each sub-basin and month (b), calculated from 𝑆𝑛𝑒𝑤. Middle row:
difference between 𝑆𝑛𝑒𝑤 and 𝑆𝑟𝑒𝑓 DCM depth monthly means, for each sub-basin and month (c) and standard deviation, for each sub-basin and month (d). Bottom row: as middle
row but between 𝑆𝑛𝑒𝑤 and 𝑆𝑛𝑒𝑤(𝑐𝑙𝑖𝑚).
than the reference simulation (up to 10% in the Alboran Sea). Such
behaviour can be associated to the decreasing of the 𝐾𝑛𝑒𝑤

𝑑 between
August and September (Fig. 3) and the observed deepening of the
DCM which may allow a larger availability of nutrients to increase
the chlorophyll biomass. However, a cautionary behaviour must be
maintained to directly relate these evidences, since the DCM dynamics
certainly involves optical properties related to light penetration, but
also nutrient availability may play a role (Lavigne et al., 2015; Cullen,
2015), contrarily to physical processes of transport and mixing that
are the same in the two simulations. Still, Fig. 8 shows a slight but
positive increase in the range of values of total chlorophyll biomass
per area in the 0–200 m layer along the zonal direction in the period
9

June to September (around 3%, i.e. from 3.9 mg m−2 to 4.01 mg m−2,
with 2% related to the sensor upgrade), demonstrating a limited but
still extended interannual variability due to the introduction of 𝐾𝑛𝑒𝑤

𝑑 .
Similar results are obtained considering the meridional mean of the
95th percentile of total chlorophyll biomass per area (not shown).

The difference in Chl values at DCM between 𝑆𝑛𝑒𝑤 and 𝑆𝑟𝑒𝑓 (not
shown) does not convey a uniform pattern, with a general decrease
within the order of 10% and an increase of the same order especially
in the eastern ones in August and September (differences less than
0.03 mg m−3). Most of the decrease is related to the introduction of
the interannually variable 𝐾𝑑 . Similarly to the mean DCM depth, the
difference in the standard deviation of the mean Chl value at DCM (not
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Fig. 8. Computation of the meridional mean of DCM depth (orange) and total chlorophyll biomass per area between 0 and 200 m (blue) for 𝑆𝑟𝑒𝑓 (dark orange/blue) and 𝑆𝑛𝑒𝑤

(light orange/blue), during the period June–September. The distance between lower and higher orange (blue) thick line represents the range between minimum (dashed) and
maximum (solid) values of DCM depth (total chlorophyll biomass per area) for each longitude. The mean range of DCM depth (total chlorophyll biomass per area) in 𝑆𝑟𝑒𝑓 is 7.9
m (3.90 mg m−2), increasing to 14.4 m (4.01 mg m−2) in 𝑆𝑛𝑒𝑤.
Fig. 9. Sub-basin averaged differences between 𝑆𝑛𝑒𝑤 and 𝑆𝑟𝑒𝑓 , normalized with 𝑆𝑟𝑒𝑓 , of total chlorophyll biomass per area between 0 and 200 m (x-axis) and mean DCM depth
y-axis), during the period June–September.
hown) is overall positive, and almost totally due to the interannual
ariability introduced in 𝑆𝑛𝑒𝑤, revealing that the use of the updated
𝑛𝑒𝑤
𝑑 increases the range of Chl values at DCM, with larger differences
uring spring months at west, and highest values in the Adriatic
ea.

Further investigations to quantify the impact of the updated 𝐾𝑑
oefficient on spatial and temporal scales confirm that the main effect
f the interannually variable 𝐾𝑑 in the upper 100 m is to extend both
he spatial and interannual variability of the chlorophyll field between
arly spring and early autumn, with a maximum effect (about +40%)
n the western sub-basins at 100 m during summer. More details are
eported in Appendix A.
10
3.2. Impact of 𝐾𝑛𝑒𝑤
𝑑 on the model skill

The quality-controlled data set of bio-optical variables from BGC-
Argo floats described in Section 2.2 has been used for the quality assess-
ment of the chlorophyll variable. A point-by-point match-up was car-
ried out between model chlorophyll output and BGC-Argo fluorescence-
derived Chl data, which was followed by a spatio-temporal division
(monthly values for 16 sub-basins). The model skill, in terms of chloro-
phyll product quality, was evaluated with three statistical parameters:
Bias, root mean square error (RMSE) and the Pearson correlation
coefficient (𝜌), all reported in Appendix B.

The quality statistical parameters for the three simulations are
summarized in Fig. 10. Fig. 10a, d and g show that negative Biases are
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Fig. 10. Match-up between model chlorophyll outputs and available BGC-Argo floats data, expressed as Bias (a, d, g), RMSE (b, e, h) and correlation coefficient (c, f, i), for each
ub-basin and month. Top row: 𝑆𝑟𝑒𝑓 , middle row: 𝑆𝑛𝑒𝑤(𝑐𝑙𝑖𝑚), bottom row: 𝑆𝑛𝑒𝑤. Grey boxes indicate absence of BGC-Argo data.
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resent in winter and autumn, indicating that in the cold semester the
odel generally underestimates Chl for all regions, especially during

pring in the northwestern Mediterranean (negative Bias of almost
.3 mg m−3). Similarly, Fig. 10b, e, h show that RMSE ranges between
.1 and 0.2 mg m−3 for eastern and from 0.2 to 0.3 mg m−3 for western
ub-basins (with an anomalous value of 1.1 mg m−3 in April in the

northwestern Mediterranean due to values from BGC-Argo floats of
up to 5 mg m−3 — not shown). Correlation coefficients (Fig. 10c, f, i)
basically span from 0.2 in winter over the Levantine and 0.3 in autumn
in the south-western sub-basins to 0.9 in the northern Ionian Sea
between May and August. The values of the quality parameters are
generally in line with the outcomes from the CMEMS analysis and
forecast product (Bolzon et al., 2019).

Clear Bias differences between 𝑆𝑛𝑒𝑤 and 𝑆𝑟𝑒𝑓 are mainly observed
in spring: decrements in the Alboran Sea, southwestern Mediterranean,
Ionian and Levantine areas show an improvement of the quality for the
simulation implementing 𝐾𝑛𝑒𝑤

𝑑 , while 𝑆𝑛𝑒𝑤(𝑐𝑙𝑖𝑚) does not exhibits any
appreciable variation. A small reduction of the underestimation during
autumn and winter, especially in the western sub-basins, is also visible,
mainly due to the sensor upgrade.

Differences in RMSE and correlation among the different sub-basins
and months appear quite small. In order to provide a synthesis of the
impact of the new interannually variable data set and the one of the
sensor upgrade only, the metrics of Fig. 10 are averaged in the seasonal
statistics of Table 3. Given the uneven distribution of the BGC-Argo
floats among sub-basins (as shown in Fig. 1, western sub-basins have
an availability of data larger than eastern ones, with NWM, SWM1
and SWM2 surpassing 500 profiles, constituting almost 40% of the
total number of profiles in the Mediterranean Sea), the spatial aver-
ages are representative of the actual data coverage and the eventual
extrapolation to the whole Mediterranean Sea should be taken with
 p

11
caution. Then, concerning the temporal distribution, the total number
of match-ups in each season is roughly larger than 20 000. The most
important effect is the reduction of the Bias in spring, which in 𝑆𝑛𝑒𝑤

mounts to 0.023 mg m−3, and is reduced by 24% from 𝑆𝑟𝑒𝑓 , and only
y 4% with the sensor upgrade. Similarly, in spring RMSE is reduced by
% (roughly equally divided by the impact in sensor upgrade and the
nterannual variable 𝐾𝑑) and correlation increases by 9% (66% of this
ncrement is due to the use of the interannual variable 𝐾𝑑). The other
easons have lower differences, with winter showing a small improve-
ent and summer/autumn a slightly decreased performance. When the
𝑛𝑒𝑤(𝑐𝑙𝑖𝑚) run shows a decrease in performance (i.e., summer Bias and
MSE), the interannual variability partly mitigates it, supporting the

mportance of the time-varying information.

. Discussion

The upgraded diffuse attenuation coefficient 𝐾𝑛𝑒𝑤
𝑑 resulted in a

wo-fold different product: firstly, the interannual variability was in-
roduced for the period 1999–2015, and secondly, the product merged
bservations from 4 different satellite sensors, thus implementing a
odified remote sensing algorithm. The previous data set (𝐾𝑟𝑒𝑓

𝑑 ) had a
-year time span (1998–2004) to calculate a climatological year from
eaWiFS observations. Moreover, another advantage to the previous 𝐾𝑑
odel input is the use of a product derived for regional purposes only,

.e. the Mediterranean Sea, which has been in the past already seen as a
io-optically anomalous region and as such needs algorithms that vary
rom global ones (see Organelli et al., 2017 and references therein).

In Lazzari et al. (2012) the light attenuation term was derived from
eaWiFS data of seasonal climatological measurements for the period
etween 1998 and 2004. As already discussed in the aforementioned

aper, such an approach could introduce uncertainties due to several
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Table 3
Basin-scale match-up between model outputs (from 𝑆𝑟𝑒𝑓 , 𝑆𝑛𝑒𝑤(𝑐𝑙𝑖𝑚) and 𝑆𝑛𝑒𝑤) and available BGC-Argo floats, expressed for season (N is the
number of match-ups) with statistical parameters (Bias [mg m−3], RMSE [mg m−3] and correlation coefficient).

Season N Bias RMSE CORR

𝑆𝑟𝑒𝑓 𝑆𝑛𝑒𝑤(𝑐𝑙𝑖𝑚) 𝑆𝑛𝑒𝑤 𝑆𝑟𝑒𝑓 𝑆𝑛𝑒𝑤(𝑐𝑙𝑖𝑚) 𝑆𝑛𝑒𝑤 𝑆𝑟𝑒𝑓 𝑆𝑛𝑒𝑤(𝑐𝑙𝑖𝑚) 𝑆𝑛𝑒𝑤

Winter 30 569 −0.044 −0.044 −0.045 0.128 0.128 0.128 0.636 0.642 0.650
Spring 33 015 0.030 0.029 0.023 0.178 0.174 0.168 0.617 0.635 0.674
Summer 28 470 0.028 0.033 0.030 0.146 0.152 0.148 0.570 0.539 0.569
Autumn 18 880 −0.028 −0.028 −0.025 0.102 0.102 0.105 0.690 0.693 0.675
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reasons: firstly, the use of 𝐾𝑑 for only one wavelength (490 nm) is
hosen in order to parametrize the diffuse attenuation for the whole
isible range (400–700 nm), namely 𝐾𝑑 (𝑃𝐴𝑅). Secondly, by extrapolat-

ing the constant value calculated for the first optical depth (on average
between 15 and 35 m in the Mediterranean; see D’Ortenzio and Rib-
era d’Alcalà, 2009) along the entire water column, the depth variability
of 𝐾𝑑 is a priori neglected. Nevertheless, constraining biogeochemical
models to satellite-derived products proved to help capturing the west-
east gradient of chlorophyll dynamics in terms of surface values and
DCM depth in the Mediterranean Sea (Lazzari et al., 2012), with
successful implementations also for operational purposes (Lazzari et al.,
2010; Salon et al., 2019).

Our results show that the upgrade of the 𝐾𝑑 has a double impact:
increasing spatial and temporal variability of the chlorophyll dynamics
in the ecosystem and modifying vertical distribution (e.g., DCM depth)
and magnitude of chlorophyll. While the first aspect is quite obvious,
the second is much more difficult to interpret since the non-linear
response of phytoplankton to the interaction between light, nutrient
resource availability and top-down control along the water column, and
the effect of the vertical mixing regimes.

The impact of the upgraded model on spatial variability was initially
discussed with 𝐾𝑑 maps (Fig. 3), where major differences were spotted
in western regions during late winter/early spring months. Chl maps
showed higher values in western sub-basins at the surface during spring
(Fig. 4), at 50 m persisting also in summer months (Fig. 5), followed by
an enhancement in eastern parts at 100 m during summer and autumn,
the last two cases corresponding to the period and depth of DCM
formation in the regions. Generally, a non-linear relationship between
𝐾𝑑 change and impact on surface chlorophyll is observed. While a
positive (negative) change of 𝐾𝑑 causes decrease (increase) of chloro-
hyll (i.e., March in the south-(north-)western subbasins) as a response
f lower (higher) light availability in the surface layer, the same 𝐾𝑑
hange causes a negative change in chlorophyll in the whole area in
pril. An increase of the top-down control of phytoplankton biomass

s the response after the increased production in a region of high
ertical mixing (not shown). On the other hand, another mechanism
s possibly acting in the ultra-oligotrophic eastern Levantine areas. The
inter decrease of surface chlorophyll (Fig. 4, first row and Fig. A.11)

oncurrent with the decrease of 𝐾𝑑 reflects a complex interaction along
he water column dynamics where the higher light availability at 100
epth causes an increase of chlorophyll (Figs. 6 and A.12) which in
urn consumes nutrients and increases the nutrient depletion at surface
n areas with weak vertical mixing regime. This spatially heterogeneity
ost likely results from a complex interaction of 𝐾𝑑 with the entire
ater column, where the vertical mixing regime in turn may cause
on-linear responses of the surface Chl dynamics on 𝐾𝑑 . A non-linear
esponse is widely observed also at depth (as in Fig. 5), as a result
f the model’s non-linearity (i.e. photoacclimation vs. photosynthesis
rocesses).

In fact, while an increase of light at depth causes a deepening
f the DCM and vice versa (Fig. 7), the response of the chlorophyll
oncentration at different depths to the change of 𝐾𝑑 is mediated by
he water column dynamics. For example, the increase of 𝐾𝑑 in June
Fig. 3) causes an increase of chlorophyll at 100 m in western sub-
asins (consistently with the deepening of the DCM) but a decrease

f chlorophyll in the eastern sub-basins (as a response of the low u
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utrient flux reaching a layer above a deepened DCM in a weak ver-
ical mixing regime). Thus, different shapes of chlorophyll profiles are
xpected to emerge as the result of multiple factors acting with different
ntensity in the regions of the Mediterranean Sea (Barbieux et al.,
019). However, it must be noted that our results, while satisfactorily
escribe the basin-wide gradient of the chlorophyll field, might lack
full realistic relationship between Kd and chlorophyll: actually, the

elf-shading process is not considered, and specific mechanisms related
o resource competition (including light) impacting chlorophyll and
utrient distribution (Tilman, 1980) could be oversimplified.

Results further demonstrated that with the use of 𝐾𝑛𝑒𝑤
𝑑 , the DCM

epth increased throughout the entire basin of about 2%–5% on aver-
ge (Fig. 9), especially in late summer/early autumn months (Fig. 7c).
oreover, an increase of the interannual variability of the DCM depth
as observed, both as increment of the related statistical indicator

Fig. 7d) and as increment of the mean latitudinal DCM depth values
ange (Fig. 8). DCM depth thus proves to be a good indicator to follow a
onsistent response between light and the water column biogeochem-
cal dynamics. Similar increment in magnitude and mean latitudinal
alues range were found considering the total chlorophyll biomass
er area in the 0–200 m layer. The enhancement of the interannual
ariability of the chlorophyll field at depth, on a monthly scale, was
ssessed showing the increase of the related statistical indicators at 100

(Fig. A.12).
The average effect on DCM characteristics, and in general over the

ean Chl vertical profile, of the updated diffuse attenuation coeffi-
ient was also quantified examining the match-up of our simulations
ith a recently acquired BGC-Argo floats data set. Our results showed

hat the CMEMS product quality indicators improve with the use of
𝑛𝑒𝑤
𝑑 , especially in spring (Bias −24%, RMSE −6%, correlation +9%)
nd in autumn (Bias −10%). When we observe a quality drop (as in
ummer RMSE), the use of the interannually variable 𝐾𝑑 lessens the
orsening effect related to the sensor/algorithm change. This result

s particularly strategic for the specific production of reanalysis in
he CMEMS framework (see Teruzzi et al., 2014a). In fact, building a
iogeochemical reanalysis simulation (see Fennel et al., 2019) means
o gather a large series of information and data that set the physical
orcing, the initial and the boundary conditions, as well as observations
or the validation assessment. Thus, considering the complexity of a
eanalysis production, the upgrade of even a single element, as 𝐾𝑑 ,
hich may bring a small relative improvement of quality, is important.

. Conclusions

Light propagation along the water column is one of the major
rivers in shaping the vertical variability of the ecosystems. Our study
as framed with two main targets: on one side evaluating how a new
ata set of diffuse attenuation coefficient 𝐾𝑑 retrieved from satellite
hanges the temporal and spatial variability of the chlorophyll field
nd the deep chlorophyll maximum (DCM) features, assessing both
atellite sensor and algorithm upgrade and the inclusion of the inter-
nnual variability. On the other side, estimating how this new 𝐾𝑑 data
et affects the MedBFM model skill according to CMEMS guidelines,
y evaluating the surface chlorophyll product quality and comparing
odel profiles with a quality-controlled BGC-Argo floats data set. The

se of the new 𝐾𝑑 data set results in an increase in chlorophyll
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variability both in terms of spatial patterns and temporal variability,
particularly in the deepest part of the euphotic layer. Consequently,
also the DCM dynamics show an increased variability. Furthermore, the
updated model configuration shows a slightly higher skill compared to
the reference one in the match-up analysis with the BGC-Argo data set.
The role played by the introduction of the interannual variability of 𝐾𝑑
in the model improved performance appears larger than the impact due
to the sensor/algorithm change, both with a direct effect (as in spring
and autumn), and also with an indirect effect, mitigating the quality
worsening related to the change in the satellite sensor (as in summer).

The presented approach therefore constitutes a simple, but efficient
step in the path of possible model upgrades, showing how remote
sensing products can effectively improve phytoplankton dynamics in
biogeochemical model reanalyses. Results shown in this paper are
especially addressed to ecological modellers who lack a more complex
representation of the optical properties.

Our work showed the importance of including more realistic optical
forcing in biogeochemical modelling. Though our model integrates
the diffuse attenuation coefficient (basically a remote sensing proxy),
a further step forward would be the use of multi or hyperspectral
modelling, which is designed to link radiometry data to inherent and
apparent optical properties, aiming to include the radiative transfer
theory into biogeochemistry.
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Appendix A. Indicators of chlorophyll spatial and temporal
variability

A statistical analysis of weekly Chl outputs from both simulations
𝑆𝑟𝑒𝑓 and 𝑆𝑛𝑒𝑤 was performed to assess the impact of the updated diffuse
attenuation coefficient on spatial and temporal scales separately. Ini-
tially, for each vertical level, the model output was spatially aggregated
for each sub-basin 𝑘 (𝑘 = 1, 16), obtaining sub-basin averages 𝐶ℎ𝑙𝑘𝑚(𝑗)
and standard deviations 𝜎(𝐶ℎ𝑙𝑘𝑚(𝑗)) for each month 𝑚 (𝑚 = 1, 12) and
for each year 𝑗 between 1999 and 2015 (𝑗 = 1, 17).

Statistics in Figs. A.11 and A.12 are calculated following the equa-
tions reported below for the two simulations 𝑠𝑖𝑚 = 𝑟𝑒𝑓 , 𝑛𝑒𝑤 (note
that the indices for each sub-basin 𝑘 and month 𝑚 are omitted for
brevity):

𝑀𝑠𝑖𝑚 = 1
𝑛𝑦

𝛴
𝑛𝑦
𝑗=1𝐶ℎ𝑙𝑘𝑚(𝑗) (A.1)

𝜎(𝑀𝑠𝑖𝑚) =

√

1
𝑛𝑦

𝛴
𝑛𝑦
𝑗=1(𝐶ℎ𝑙𝑘𝑚(𝑗) −𝑀𝑠𝑖𝑚)2 (A.2)

𝑆𝑇𝐷𝑠𝑖𝑚 = 1
𝑛𝑦

𝛴
𝑛𝑦
𝑗=1𝜎(𝐶ℎ𝑙𝑘𝑚(𝑗)) (A.3)

(𝑆𝑇𝐷𝑠𝑖𝑚) =

√

1
𝑛𝑦

𝛴
𝑛𝑦
𝑗=1(𝜎(𝐶ℎ𝑙𝑘𝑚(𝑗)) − 𝑆𝑇𝐷𝑠𝑖𝑚)2 (A.4)

here 𝑛𝑦 denotes the number of years of the two simulations. From
he equations above, 𝑀𝑠𝑖𝑚 is the sub-basin’s climatological month and
𝜎(𝑀𝑠𝑖𝑚) its interannual variability; 𝑆𝑇𝐷𝑠𝑖𝑚 is the sub-basin’s climato-
logical spatial variability and 𝜎(𝑆𝑇𝐷𝑠𝑖𝑚) its interannual variability.

Figs. A.11 and A.12 are organized as follows: top plots show the
ean of the simulation with 𝐾𝑛𝑒𝑤

𝑑 (Eq. (A.1), panel a), the interannual
ariability of the mean (Eq. (A.2), panel b) and the interannual vari-
bility of the spatial variability (Eq. (A.4), panel c). Bottom plots follow
he same metrics as the top ones, by taking the difference of the two
imulations. The two standard deviations computed for 𝑆𝑛𝑒𝑤 quantify
he effect of 𝐾𝑛𝑒𝑤

𝑑 interannual variability on the spatially heterogeneous
odel outputs: a positive difference in 𝜎(𝑀𝑛𝑒𝑤) and 𝜎(𝑆𝑇𝐷𝑛𝑒𝑤) in com-
arison with 𝑆𝑟𝑒𝑓 highlights the importance of using the interannual
ariable 𝐾𝑛𝑒𝑤

𝑑 in the reconstruction of the spatial heterogeneity from
ear to year.

Surface mean chlorophyll variability (Fig. A.11a), higher in the
estern basin and peaked during winter and spring months, is con-

rolled by a strong seasonal cycle. The corresponding chlorophyll inter-
nnual variability 𝜎(𝑀𝑛𝑒𝑤) in Fig. A.11b follows similar seasonal and
patial patterns and amounts to up to 20% of the signal, especially for
pring months in the western basin. The interannual variability of the
ub-basin spatial heterogeneity 𝜎(𝑆𝑇𝐷𝑛𝑒𝑤) displays a similar pattern
o 𝜎(𝑀𝑛𝑒𝑤), resulting lower than 0.02 mg m−3 in most of the basin
Fig. A.11c).

Differences with 𝑆𝑟𝑒𝑓 are observed (Fig. A.11c) in western sub-
asins in late winter and April, clearly positive in the northern part
n March (as already discussed for Fig. 4); variations in surface inter-
nnual variability show a similar pattern with a decrease (increase) in
he north-western (south-western) sub-basins during April (May).

At 100 m, the mean Chl exhibits the presence of the DCM both
n the western and in the eastern basin from spring to early autumn
Fig. A.12a), as already observed in Fig. 8, with highest values reached
n the Levantine sub-basins in late spring and in SWM1 and TYR1. Chl
hows a composite pattern of interannual variability (Fig. A.12b and
), with the highest interannual variability during transition periods
i.e. spring and autumn), amounting to up to 0.06 mg m−3. The com-
arison of 𝑆𝑛𝑒𝑤 and 𝑆𝑟𝑒𝑓 clearly shows augmented mean (Fig. A.12d)
nd interannual variability, due to the introduction of the 𝐾𝑛𝑒𝑤

𝑑 , with
oth indicators 𝜎(𝑀𝑛𝑒𝑤) and 𝜎(𝑆𝑇𝐷𝑛𝑒𝑤) presenting positive differences
p to 40%, specifically in summer in western sub-basins and in April
n Levantine (Fig. A.12e, f).

https://www.mercator-ocean.fr/en/portfolio/bioptimod/
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Fig. A.11. Top: Surface Chl monthly mean (a) and standard deviation calculated with 𝑆𝑛𝑒𝑤, first with mean as the statistical indicator (b), and then with standard deviation (c),
i.e. 𝜎(𝑀𝑛𝑒𝑤) and 𝜎(𝑆𝑇𝐷𝑛𝑒𝑤) respectively. Bottom: Surface Chl monthly mean (d) and standard deviation (𝜎(𝑀) and 𝜎(𝑆𝑇𝐷); (e) and (f)) of the difference between 𝑆𝑛𝑒𝑤 and 𝑆𝑟𝑒𝑓 .
The order of sub-basin in the 𝑥-axis roughly follows the eastward direction.
Fig. A.12. Top: Chl monthly mean at 100 m depth (a) and standard deviation calculated with 𝑆𝑛𝑒𝑤, first with mean as the statistical indicator (b), and then with standard deviation
(c), i.e. 𝜎(𝑀𝑛𝑒𝑤) and 𝜎(𝑆𝑇𝐷𝑛𝑒𝑤) respectively. Bottom: Surface Chl monthly mean (d) and standard deviation (𝜎(𝑀) and 𝜎(𝑆𝑇𝐷); (e) and (f)) of the difference between 𝑆𝑛𝑒𝑤 and
𝑆𝑟𝑒𝑓 . The order of sub-basin in the 𝑥-axis roughly follows the eastward direction.
At 50 m depth (figures not shown), a noticeable signal in mean
chlorophyll patterns is observed during the period of DCM formation
in western basin, the latter also characterized by a larger spatial and
temporal variability during spring, when compared to eastern sub-
basins. The updated 𝐾𝑑 coefficient does not severely affect 𝑆𝑛𝑒𝑤, except
for a slight increase in interannual variability in NWM, SWM1 and
SWM2 in early spring.

The effect of 𝐾𝑛𝑒𝑤
𝑑 within the euphotic layer is to generally increase

both the spatial and interannual variability of the post-bloom chloro-
phyll field (i.e. from April to October in the western basin and in April
in the eastern basin) with increasing depth.

Appendix B. Statistical quality indicators

The product quality was evaluated with three statistical parameters:
Bias, root mean square error (RMSE) and the Pearson correlation
14
coefficient (𝜌), that were calculated following Eqs. (B.1) to (B.3):

𝐵𝑖𝑎𝑠 = 1
𝑛
𝛴𝑛
𝑖=1

(

𝑥𝑖 − 𝑦𝑖
)

(B.1)

𝑅𝑀𝑆𝐸 =
√

1
𝑛
𝛴𝑛
𝑖=1

(

𝑥𝑖 − 𝑦𝑖
)2

(B.2)

𝜌 =
𝑐𝑜𝑣(𝑥, 𝑦)
𝜎𝑥𝜎𝑦

(B.3)

where

𝑐𝑜𝑣(𝑥, 𝑦) =
∑𝑛

𝑖=1(𝑥𝑖 − �̄�)(𝑦𝑖 − �̄�)
𝑛 − 1

(B.4)

In the above equations, 𝑥 equals the Chl grid-point model output
and 𝑦 denotes Chl from the BGC-Argo floats; 𝜎 represents the standard
deviation of the model/data values.
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