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A hyperspectral and multi-angular synthetic dataset foralgorithm
development in waters of varying trophic levels and optical
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Abstract. This data paper outlines the developmenttaegdtructure of amewsynthetic datasetithin an
extendedptical domain, encompassing inherent and apparent optical propertiesNGPR3$ alongside
associatedptically activeconstituents@QACs). Bio-optical modelingbendited fromknowledgeand data
accumulated over the pastreedecadesenabling the imposition afigorous quality standardmd the
definition of novebio-optical relationshipthataresignificantcontributionson their own Employing the
Hydrolight scalar radiative transfer equation soharovesurface and submarine light fielbetween

350 nm and 800 nm at 1 rstepswere generatedfacilitating algorithm development and assessment for
present andorthcoming hyperspectral satellite missioAssmallerversion of the datasedelivered at

twelve SentineB OLCI bands (400 nm to 753 nmwasalso producedtargetingmultispectral sensor
algorithm researctDerived AOPs encompass arrayof above and belowsurface reflectances, diffuse
attenuation coefficientgveragecosinesand the &actor. The dataseis distributed in5000 files each
encapsulating a specific IOP scenagnsuing sufficientdata volume for eactepresentedvater type
AOPsare resolvedcross the complete range of solar and viewing zenith and azimuthal angles as per the
Hydrolight default quadranteamountingo 1300 angular combination¥his comprehensive directional
coverage caters to studies investigating signal directionality, previously lacking sufficient reference data
The dataset is publicly available for anonymous retrievial the FAIR repository Zenodoat
https://doi.org/10.5281/zenodo.11637XPatarch and Brando, 2024)
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1.Introduction and review
1.1 Background

Marine opticsstudiesthe lightthat ismeasured bypticalradiometes, whetherin the water or above the
surface.The optical signals conveniently formulated in terms of apparent optical properties (AOPS)
which are normalizedjuantitiesJess dependent on tlirgensity of the incident lighthan the radiances
or irradiances from which they originafEhe most notabl&OP is theremotesensing reflectancéy( ),
defined as the watdeaving radianc€d ) per unit of abovavater planar downwelling irradian€®),

and retrievable from satellite observations after atmospheric corre€@tber quantitiedike diffuse
attenuation coefficiestaverage cosegsand the &actorfind applications in marine opti¢so (Mobley,
1994)

AOPsarelinked to the optically activewater constituentSJACs), commonlyphytoplankton and other
suspended and dissolved substances. Phytoplankton is typically quantified in teh@shdérophyill
concentration (Candnonliving solidssuspended in the water can be grouped imtimealgal particles
(NAP), quantified by theirconcentration (N)thoughdifferent splits of the particulate material are
possible suchas particles of organic and inorganic origin, for examplssolved substancegptically
categorized as colored dissolved organic matter (CDQ@K&),not commonly given in terms of mass
concentration unitshut in terms of the absorption coefficient spectrum, commonly at 440 nm (Y, or
O ITTR

Empirical algorithmscan be developetb invert any of theDACs from measured AOPs biynding
statistical relationshipsetweemmatchedAOP andOAC data(IOCCG, 2006) This approach, although
sometimesperationally robust anahechanisticallyneaningfu) hampers progress in understanding the
optical influenceof OACs which is given byheinherent optical properti€fOPs), namely the absorption
and scatteringoefficients The IOPs can be mathematically linked to @&Cs with the saecalled bie
optical relagionships andto the AOPs through the radiative transfer equatiencebeing a mathematical
bridge between the AOPs and th&Cs(Mobley, 1994)

The OACsare the independent variabkbsit drive the generation of a synthetic datéSet). They can
be a single quantity like&C (IOCCG, 2006;Loisel et al., 2023)pically chosen for open sea conditions,

or a triplet formed by C, N and YNechad et al., 2015)r other combinationysually thechoice for
2
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optically complex watersMore variables give more flexibility but bioptical relationships must be
established for all of them terive thelOPs Statisticalrelationships between C and IOPs have been
studial for decade$Bricaud et al., 1998;Loisel and Morel, 1998;Morel and Maritorena, 20019h less
is known about Mind Y, and in particular, in optically complex waters, whied bio-opticalproperties
are much moregegionally variable. Neverthelessin the last two decades, fractional informatiom
Australian waterg¢BlondeauPatissier et al., 2009;Cherukuru et al., 2016;Blondeatissier et al., 2017)
European water@ilstone et al., 2012;Martine¥icente et al., 2010;Astoreca et al., 2Q12)uthAfrican
lakes (Matthews and Bernard, 20138hd NorthAmerican coastal water@&urin et al., 2010;Le et al.,
2013;Le et al., 2015)and other localized areas, have contributed to a significant increase in the
understanding of the bioptics in optically complex waters
Assuming an unpolarized submarine light figdPsconsist & thewavelength ()-dependenabsorption
coefficient(¢) and the volume scattering function (VSF; synibplwhich can be broken down to the
contribution of the singl©®ACs. For the setup used in tH8D, consisting of phytoplankton, NAP and
dissolved matter, the IORsBeak down a# eq. (1), whichincludes the contribution by seawater itself
andassunesthat dissolved material does rsgnificantly scatter light in th@pticaldomain

W @ _ ® _ ® _ ®
Twh T owh 17w T w
For radiative transfer purposes, it is the total absorption coefficidm relevant quantity. Insteaite

1)

¢
I

o ¢
I

VSF is resolved as a function of the scattering arigle This creates a varying balance of the single
contributorsto scatteringas their respective variabilities with are different Specifically,the strongest
differences arbetweenwater and the other particulateaterials.

Because of the technical difficulties in measuring angulasdplved scattering, mosptical theorydeak

with angular integrals of the VSRhat are much more commonly measured with commercial
instrumentationlf the VSFis integratedacross the backward hemisphere, one obtains the backscattering
coefficient(c ), whereas if one integratesross all directions, one obtains the scattering coeffitignt

The total light attenuation along a direction is quantified with the beam attenuation coeféicietit (

). Qis arguably the most measured IOP in all optics histonjitarimo-optics has been studied for many
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decades, as opposedciand especiallyw , whose measurements are much scarcer and more @cent.

keersthe same additive property for each coustitt,henceeq. @):
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Given a certain constituent, whether phytoplankborNAP, its VSF is normalized by its scattering

coefficientto obtain the phase functig@F)as in eq. J):

I —h N 006 {3

This normalization removes the variation of scale due to particle concentration so Bfaigtespecific
characteristic of the given particle type. For radiative transfer calculations, the PF must be set a priori fol
each OACThat can be a measured phase funditm et al., 2017)but more commonly from a family

of simulated functions after electromagnetic scattering calculafidisel et al., 2002;Fournier and

Forand, 1994)in particular for the latezase Mobley et al(2002)arranged an mathematical equation to
selectone PF from th&ournierForand PF familyiventhebackscattering ratio, defined as in e4): (
L 4 06 §)

Despite the fact that the baptical modelling for thisSD considers the separate phytoplanktonic and
nonalgal parts individuallyther scattering and attenuation ¢beients cannot be measured separately
Insteadthere is literature on bioptical relationships involving h e i r  faggeegates as ih eq)(

w h =

-
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Bulk absorption and attenuati@me also commonly measured, that, after removing the water baseline
become& h e -vii antoeommonents, as in ed)(

_ _ _ o
& & & o ©

In order to developipdatedbio-optical relationshipsindremotesensingalgorithms there is a need for
large concomitantOAC-IOP-AOP datasetsacross arange of data values, seasons and geographical

locations, with fully characterized uncertainti¢édowever despitebroader accessibilityo field- and
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laboratorybasedOP instrumentatiorcurrentdata availability and qualitsre belowwhat was expected
twenty-five years ago, when instrumentation became commercially availapkn access OACOP-
AOP datasetsare scarce, strongly concentrated in some ardsvithout characterized uncertainties
Given this absencef datg it has been aommonchoiceto developSDsfor optical studiegIOCCG,
2006;Nechad et al., 2015;Loisel et al., 2023)eir IORAOP relationships can be considered efree,
as they are derived from the solution of the radiative transfer equaidhis exact relationship does not
confer validity to the Sper se as the IOPsesulting frombio-optical modellingcould be unrealistic
SDs have a history of application® the developmentof algorithns of varying complexity, from
semanalytical algathms (Lee et al., 20020 complex neural netwod(Doerffer and Schiller, 2007)f
different sunview geometies are considerefbr the output AOPs given an IORetup thedirectional
aspects oAOPssuch as the diffuse attenuation coefficidree et al., 2013pr the reflectancéMorel
and Gentili, 1993, 1996;Morel et al., 2002;Park and Ruddick, 2005;Lee et al.,c20lh¢ studied and
analytical models for these variations can be proposed

New and forthcoming hyperspectraatellite ocean color sensors, suchNe& S ABACE o r ESAOs
CHIME arefostering research dnherently hyperspectral algorithmbat may potentially retrieveore
information from theoceans than classical multispectral senstrdgs then timelyto produce a
hyperspectral SOhat covers relevant spectral ranges of the aforementioned sefiasoasglobally
representative range of water types

In the absence of hyperspectral ocean color dgiaerspectral SDsan help to understaritbw much
information is embedded in some key baafisultispectral sensors. In this respd@lone et al(2024)
used a preliminary version of this SID propose a hyperspectral reconstruction scheme from
AERONET-OCdata,in orderto validate satellite derived hyperspectral radiometric progdootgirming

the validityof the reconstructiom large portions of the visible spectrumith constrained uncertainties.

1.2 Existing synthetic datasets

Numerical models for computing light fieldmvebeenused fordecadegMobley et al., 1993)Some
authorsdevelopedinternal codef D6 Al i mo nt e while othexdreleased 2heérto(the public
(Chami et al., 2015;Rozanov et al., 2QBY far, the most popular code in the marine optics community



has been Hydroligh{formerly from Sequoia Scientific, Inc., now from Numerical Optics, L-tdhichis
available upon purchasks popularityarises fromon one hand, the conveni@ata inputmanagement
which allows the simulation of every possible case study in ocean optics with relative ease, and the dat
output, whichincludes the full array of radiometric quantities and AOPs nedtiegrevalence in the

135 field is such that allSDs reviewed in this paper, as well as ttne presented here, were generuaiital
Hydrolight. It is therefore of importance thaipport andurther developmenbdf Hydrolightis ensured
for thefuture. This article only consideiSDsthat were publicly release®nly thar main characteristics

will be mentioned, especially those relevanthe newSD that we are presenting

1.2.1The IOCCG dataset

140 The firstand the mostitedof theSDs in this small reviews the IOCCGSD (IOCCG, 2006)Therelease
of thisSD came ah time wherehe study of bieoptical relationships and the development of algorithms
was at its altime high (e.g., Twardowski et al., 2001;Loisel and Morel, 1998;Morel and Maritorena,
2001;Lee et al., 2002l is aSD for testing and development ofwater algorithms impenandoceanic
waters
145 The single independent varialtlet driveslOP variabilityis the chlorophyll concentration (Qanging
from 0.03to 30 mg ne. Phytoplankton absorptiohio-optical modelling usea database ab spectra
measured in the fieldsiven a C value, a randoi is chosen within the databasealedby a factor,
so that the scaled 1 T Tverifies an averageelationshipof the latterto C given byBricaud et al.
(1995) givenby® Tt m OoOTT O . Notably,the chosemd belongs to aubsebf &0 spectra
150 associatetb C values within aarrowrange of the given C. This choice implies assumingthaspectra
that are related to very different concentrations are not only different in magnitude, but also in shape.
Therest ofbio-optical relationships are safter (mostly) published relationships, with the addition of
somerandomnesshatmodek the spread around the mean relationship, attributed to natural canses
not captured by these average equatidbile that choice isa positive feature of th&D, many
155 parametrizationsappear arbitrary
TheVSFis modelled after splittindheparticulate mattein phytoplanktorandNAP. The formerscattes

light following a FourniefForand phase function diked 6 181 p whereaghe latterscattes light

6



according tadhe averag®etzold phase function T8t p YThis is identified as a major limitation
as there are mumber of concerns on the Petzold phase function that will be detailed below.

160 Radiancesre availabldrom 400 nm to 800 nm every 10 nm five nadir view directionand fortwo
sun zenith angles (0 and 30 ©).

1.2.2The CoasiColour dataset

The CoasColour SD (Nechad et al., 2015yas generated in the frameworkasf ESA project, aimed at
the evaluation of algorithnfer coastal waters. The project included the compilation of large amounts of

165 in situ data, buthe patchiness in the geographical and data range distributions and the disparity of
measurement techniques, without quantified uncertainties, evédientthe needof a SD that focused in
such areas and associated data ranges
The SD is driven by threeDACs phyt opl ankt on, A BD@Me Thiglin ppnaiplet i c |
ignores the contribution of nealgal particles of biologicalorigin but i n practice, t|

170 compartmentle factos t an d s -aflogra | i np&@O triplets|oketiseidrespective concentrations
(C,N,Y) were randomly generated. Although dotumentedh their paper, these three constituents show
some degree of linearossedcorrelation,a feature thais seen in in situ datasets when these variables
span across a large rangéis choice alsanechanisticallyavoids the generation of many unrealistic
spectracoming from unrealisti¢C,N,Y) triplets.

175 Bio-optical modelling relationshipsare based on averagearameters andegression equations from
literature, without randomizationstrategieso mimic natural variability. For example, phytoplankton
absorptionis modelled by simply applying th@veragei A 0 a mpdwerflaley @oefficientdy Bricaud
et al.(1995)at 440 nnfor a givenC, whichmakes all 5000 modelléd have the same average pigment
features.Furthermore spectral slopes as well as thpecific absorption andcattering coefficierst at

180 reference bandsre setonstant. Overall, these baptical choices create an optical uniformity that results
in fictitioudy tight relationships between various IOPs or between IOPs and A®®Reg]l as their ratigs

potentiallymisleadng users about the performance of any algorithm that is evaluated



Following the IOCCG approach, angular scatteisighodelled by assuming a Fournieorand phase

function for phytoplankton anthe average Petzold phase functionNAP, with fixed backscattering
185 ratios for both.

The SD delivers the absorption coefficient divided inthe total norwater component andhe

phytoplanktonabsorption.To separat€€ DOM and NAP absorptigrihe usersieed togeneraeé CDOM

spectradrom thereported value at a given wavelength andGB€®M spectral slope.

AOPsare givenfrom 350 nmto 900 nm every 5 nm, for the sun zenith an@led0° and 60°, and the

190 single nadiviewing angle for radiances.

1.23Loi sel 6s dataset

L oi sSB[Léisl et al., 2023)s mainly characterized by itffort to compensate the disproportionate
in situ datadensityfrom coasts andhelfswith respect to the open oceans, whatlvera much larger
area Such disproportionn other datasetsiay have a biasing effeathendevelopng optical algorithms

195 based on AOP vs. IOP relationships, especially when the underlying goal is to represent a broad range «
IOPs encountered within the global ocebmthis regardL o i sSDIbdnefits fromsatelliteretrieved
IOPs over the global oceaogyanized in histogramg,s e d as g ui dneitu ddtduistorantsi mo
so that thedatadistributionsin the SD closely matchihe globalones.
Bio-optical modelling follows the IOCC@pproachwith modifications.IOP variability is driven by

200 chlorophyll concentration on)yand phytgolanktonabsorption is taken randomfyom a pool of real
spectra,and then scaledrhe CDOM and NAP spectral slopase given random values withiwide
uniform distributiors. This choice is preferrablefiged values, yetsome level otonstran with available
in situ data poolappeared possible instead
Angular scattering of phytoplanktas modelledwith a fixed Fournief~orand phase function 6f

205 T8t p There is, howevegvidencgWhitmire et al., 2010)hatd varies across an order of magnitude.
In Hydrolight,6 is used to choose the phase function, whioh a given® , implicitly determines
®p and therefore, the amplitude of the sigrigtis detail is important when one seeks to replicate
relationships ofo to other IOPs that are found in measured di#aP scatteringis modelled as a

spectralpower law Its angular scatteringhcorporates one innovation respect to the previDs by

8
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dropping the Petzold phase function and using inst€éadimierForand function 06 T8t p,With
sucho close to the average Petzold valugt, with an angular variatiothatresenbles measured VSFs
muchmore closelySullivan and Twardowski, 2009)

Output AOPs are given between the range 350 &0 nm in steps of 5 nm. Several versions ofSbe
are available for various combinations of inelastic scattering being or not considered. Notaldp, this
provides the data output at several deddnswlations are made for the sun zenith angles 0,

30° and 60°, and the single nadiewing angle for radiancesll dataarecompiled ina singlenetCDF

file for each type of simulation

1.3 Creating a new dataset

This brief reviewof existingSDs has identifiedimitationsthatcan besummarized in:

(1) Overly simplified bicoptical parameterspectral slopesspecific absorption or scattering at a
reference wavelengthre oftersetas static valugsnostly coming frondatasetveragesthereby
masking the optical diversity inherent within them. In tesvSD, we address this limitation by
considering the variability of each optical parameter across available datasets and exploring thei
predictdility as a function of other parameters.

(2) An absence of constraints between absorption and scattérengiven wateOAC: it is evident
that absorption and scatterirgf a given AOCmustexhibit statistical correlations due to their
association with the same type of particlest itis the rule thatboth properties are modelled
independentlypotentially resulting in absorptiestattering pairs that do not accurately reflect the
characteristics of naturally occurring particles. In 83 we address this issue by leveraging in
situ data to constrain the modeling of both phytoplankton and NAP. This approach ensures that
the corresponding absorptisgattering pairs align with all experimental evidence in statistical
terms.

(3) Extrapolationof bio-optical relationshipsa publishedrelationshipbetween twoquantitiesis
applied to different one$-or examplethe average relationship between chlorophyll and particle
scattering by oisel and More(1998)has been used to model phytoplankton scattevhgch is
only a fraction of the totadcattering



(4) Limited validation of bieoptical models some statistical relationships are presented without
evidencen situ dataset®ffer anopportunity to assess historical foptical relationships while
also fostering the development of new qraexd such potentidlas not beegetfully developed

240 (5) Limited spectral coverage of thdue-UV: in view of present and future satellite missioiss
desirable to generag&Ds that at least cover thrange from 350 nm.

(6) Limited directional AOP outputpublishedSDs focus on the nadir viewing direction, fafew
sun zenith anglesdowever,the light field is inherently directionalandignoring directionality
introduces errorg remote sensing algorithmis consonance with a renewed impetus of optical

245 studies that address the problem of directionatiig aimedat generating a fully direction&D,

accounting for alpossiblesun and view geometries

2.Spectral IOPs data mining and reduction

The generation of bioptical relationships needs support by in situ datd,aahigh quality is required,

to be confidenenoughthatthe relationships that are found within the data are neither biased nor spurious.
250 It was neverthelesassumed thadata providersbased on their experience, followed best practises

most of these dataere collected in the framework of optical studies furledpace agencieStill, data

wasselected bal on the usage of appropriate instrumentationpaadessing, when such information

wasavailable. Furthermoreelection criteriavasratheraggressivebasedn shape and fitness indiges

overall providing confidence on the final retained data.

255 2.1 Phytoplankton absorption

Phytoplankton absorptia®d has acomplexspectralshape, whictdetermines themall scalespectral
features ofelatedAOPs. For this reason, it is important to select kiglality ® data suitable as input

for radiative transfer simulationsor thisSD, it was required thab wassampledclose to the surface

of the water columpnas bieoptical relationships involving phytoplankton seem to vary depending on the

260 verticallayer (Bricaud et al., 1995;Loisel and Morel, 199B) terms of spectral range, a conditwas

10
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imposedthatw has to be given at at ledbe rangdrom 350 nm to 800 nm, which was a quite limiting
requirement for the lower limit, as in most cases, is provided down to 400 nm or 380 nm.

Data were searched from the database SegBa®8ding many spectréhougha significant amount of

them withanomalous spectral patteris PANGAEA searchdelivered many excellent specirstead
collected in seven Polastern crui¢8sppa et al., 2013a;Liu et al., 2019b, c;Bracher, 2019;Bracher et al.,
2021k;Bracher et al., 2021f;Bracher and Taylor, 2p8tg Sonne cruig@racher et al., 2021Bnd one
Heincke cruisg¢Bracher et al., 2021cThe PACEdatase{Casey et al., 202@yas also used, in particular
data fromthe P1 Schaeffer anfdom theBiosopecruise In this latter casehe spectral range requirement
was relaxed, allowing a maximum wavelength coverage of 750mangder to keemecessarjow-end

@ thatrepresenthe clearest waterét thehigh end of therang®r.A.Cast agnads dat as
coastal and inland watef€astagna et al., 202@)as usedTheir published® was only availablérom

380 nm so Dr. Castagna kindlyreprocessedhe &0 spectradown to 350 nmespecially for this
investigation though expressing some methodological concerns about the data accuracy in the UV.
Finally, a new CNRsmalldatasetfrom a recent cruisevasalsoincluded in the global dataset

In terms ofselection angbrocessingthe residual NIR valueestimated as the avera@e between 780

nm and 800 nngbetween 740 nm and 750 nm for BiosqQpeas subtractedsiven the high amount of

data in total, it was preferred to apply rather aggressive filter selection ci8paetra were smoothed

with an 11 nm rectangular moving windowo eliminate random noise introduced by the spectro
photometersA noise parameter was calculated as the standard deviation of the difference between the
unfiltered and the filtered , divided by a guess of the chlorophyll concentration based o @ v

after Bricaud et a1995) Spectra were retained if this noise parameter was lower than 0.002, except for
the Biosope dataset, where the thresholdrefased andaisedto 0.004 Additionally, the absolute value

of the second derivative with respect to the wavelength , was calculated as a measure of spectral
noiseandspectra withthe 90" percentile of &  between 350 nm and 800 rlawer than 0.0032 were

selected.
Furtherselectioncriteria were applied based spectral shapaVe defined the following indexes:

11
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Therefore, the following selection thresholds were appbetthe indexes in eq7), which were chosen
based on experience so that clearly anomalous spectra wodiddaeded yetrying not to penalize

290 naturalvariability. These werér  ¥O ™, 0 TO @andb 710 ¢. In particular, the
thresholds involving the UV discarded many spectra that raised excessitredyJV, likely consequence
of insufficient bleaching of the filtered sample, or that tended to@eewen negative valu@sstead At
the greemange it was assumed that the spectrum shall present a valley or at least a value that is not mucl
larger than the chlorophyll peak

295 Finally, some spectra exhibited secondary peaks very distant from 676 nm, which was likely a sign of
spectral misalignment. Therefore, it was required that such peak was between 670 nm and 681 nm fc
inclusion.
All the filtering procedures led to the selection of 3025 high qualityspectra, representirayery wide

range of values and water types.

300 2.2CDOM absorption

CDOM absorption at 440 nif® T T TOr Q) is one of the threexdependent variabdof the bicoptical
modelling.Its value is therefore givestill, such value needs to be propagated to the wapdetrumby
assuminga spectral variationmodelled here as the usual exponential sh@pe value of the spectral

slope™Y and its potential relation T T ™TMUst bedeterminedafter bicoptical modelling froma pool

305 of in situ CDOM absorption spectr&@DOM isstoredby filtering seawater with 0.8m pore size filters
and dsorption is measured through light transmissiothascattering of the sample can be considered
negligible. The most common measuremiastrumentis a bench spectrophotometer, where water is
poured in a cuvette of a given path lengtsually between 1 cm and 10 cin.clear watersbecause of
the short path length thatakesresulting data very noisy, a liquid waveguide capillary deWCC)

310 system like UltraPafty! (World Precision Instrumentsnc.) is preferred asit has a much large path
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length up to 2 m, therefore obtainingoper optical densities for a given sample, even in the clearest

waters. In this article, only open access CDOM data measured with UltraPath were setgmadcean
waters, whereas in complex coastal and inland waters, cipastéel measurements were accepted as
well. Therefore, the pooled CDOM datansised of the PACE datasets Schaeffer, Biosope and Mouw,
Castagnads measurement s, as wel |l as a | arge
(Bracher et al., 2021a;Bracher et al., 2021b;Bracher et al., 2021i;Bracher et al.,&@2%bjne smaller

campaigns in coastal aredsihls et al., 2019;H6lemann et al., 2020;Bracher et al., 2021g;Pykari, 2022)

In all cases, data had to be provided at the range from 350 nm to 7&tdroiose to the surface.

CDOM wectra were fitted to a decreasing exponential function with a given oféset,

®w _ Q @ using nonlinear least squares, with a-dmuare weighting function to
minimize the effect of outlierdNotably, fits were made in linear scale, as making them in logarithmic
scale would artificially raise the weight of spectral regions where CDOM is less relkmaxcellent fit
between model and datas requiredi( 1o w)pto excludeshapeshat did not verify the exponential
assumptionFinally, the offset was removed D p @ . The result of this procedure was
1168 (% RY) pairs

2.3NAP absorption

As with CDOM, NAP absorption spectra)( ) are not introduced directly in the radiative transfer
simulations bumodelled as exponential functiori3ata selection again prioritizeguality as the data

guantity was sufficient to deristatistical relationshipg® PANGAEA search delivered data from various

Polarstern cruise§SoncgalvesAraujo et al., 2018;Liu et al., 2019a, d;Wiegmann et al., 2019;Bracher et

al., 2021j;Bracher et al., 2021e, d;Bracher and Liu, 2021;Soppa et al., 20484, dr)e Heincke cruise
(Bracher et al., 2021dfrom the PACE database, from the cruise Biosope and the Pls Mouw and

Schaeffewerei ncl uded. Castagnabdbs measurements wer e
An exponential shape was fitted, o _Q @  inlinear gale,and he
condition i T80 w was imposed The offset was removedhereafter @ O

@ { , still recognizing thakt leasta part of®d  might bephysically realistic and nadue to

residual scatter errorén such a case, it would be neededtosuebio-optical relationships between
13
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@ { and other variabledn the absence of sufficient knowledgee adopted the classical approach

of removingthe offset as previou$Ds (IOCCG, 2006;Nechad et al., 2015;Loisel et al., 2028 result
340 of this procedure wab349(®» _ RY ) pairs

24CS|1 RO6s dat aset

Datacollected in Australian waters by CSIR®searcher¢BlondeauPatissier et al.2009;Blondeau

Patissier et al., 2017;Cherukuru et al., 2016;0ubelkheir et al., 2023;Brando et al¢cdtiai?)s several

IOPssuchash TTT®W TTTNW TTTMW LU UL, andan estimatef its spectral slop¢-). Also,
345 the chlorophyll concentratiof®) and the total suspended matter concatibn (Y contained inthe

dataset

3.Bio-optical modelling

The bicoptical modelling of thevariousterms of the absorption and scattering budgsta function of
the OACs will be explainedwith high detail in the following subBections. Readers interested in a
350 comprehensive summacanfind all sequentiatepssummarizedn Tablel.

Table 1 Summary of the bio-optical modelling

@ _ |6 _ from a qualitycontrolled database, adjusted by a factor to vedify @ x 1
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3.1 Optically active constituents

It is intendedto generate &D that covers the widest possible rang®pfical water typesThe historic

case 1 assumption is inappropriated an IOP definition based on a single index such as chlorophyll
concentrationC) is thereforenot adopted. Instead, a geneiticeevariablesmodel is used, in which
variability is driven byC, N andY separatelyHowever C, N and Yshall not becompletelyindependent
because, if that were the catiee bicoptical modellingwould generate unrealistic IG#®mbinations
Instead,C, N and Ymay beexpectedto have a certain degree géneralrelationship,tighter for the
smaller values, that are found in the ogesard more scattered for the higher values

Here,the partial relationship between the three variablelgarithmic scalevas modelledwith the
generationof 5000 triplets, following three Butlype XII random probability density function@N

" O O&E | related byacross correlation mex among thenwith theoff-diagonalelements T@h

” T 0" T@®. Then, the derived random numbers were transformed to the actual (C,N,Y),
variableswith & p 1 , wheredis either C, N or Y, andis their logarithmic counterpartShese
parameters areummarized in Tabl2. Because the Burr distribution does not have an upper bound, it
generatedvery few outliersd p mmri R ¢nr@m AT & pmda (~0.2 % or less)
thatwere considered excessiuch realizationsiere regenerated with a legormal distribution, with

the mean and standard deviation calculated from the rest of the dataset.

Table 2 Parametersof the probabilistic modelling of the optically active constituents

Burr distribution parameters| Scale coefficient
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375

380

385

Variable a c k d
Chlorophyll concentration (C) 3 3 2 3
Non-algal particles concentration (N) 3 4 1 4
CDOM absorptiorcoefficient at 440 nm (Y) 2 6 1.3 4
102 ‘
C?E
2 10°
o
10-2 r\iew dataset
. . ‘ | ] ‘ | Morel‘2009
102 10° 102 102 10° 102 102 10°
C(mgm™) N (gm?) Y (m™

Figure 1: Upper panels: histograms of the water constituents chlorophyll concentration (C), nealgal
particles concentration (N) and CDOM absorption at 440 nm (Y). Lower panels: relationshipamongthem.
For the relationship between C and Y, theaverage regression curvdoy Morel (2009)in oceanicwaters is
added for comparison.

In Fig. 1, the outcomes dDAC generation are depicted, showcadingadranges Thedatadistributions
areskewed mirroring histograms observed broad rangelataset frequencies of data surge from the
lower values, peak at levels commonly encountered in global oceans, and gradually taper off at highe
extremesSome degree ahterrelationshigs observablgwhich, in the case of C and $hows general
agreementvith the empirical case 1 curtay Morel (2009) As values ascend, the connection diminishes,

consistent with expectations for coastal waters

3.2 Phytoplankton absorption and scattering

Phytoplankton absorptiaid was modelled using data from the pdekcribed in sectioB.1 In order
to generate phytoplankton diversity, it wasportantto ensurehat, eachtime, a realdd spectrum was

used.A similar approach to th& generation in the IOCCGD wasfollowed, but frst, it was found
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390

395

400

405

appropriateo revisit the relationship between C aind. Matched datéValente et al., 2022;Castagna et
al., 2022)at several wavelengtligig. 2) revealeda tightlinear relationship in logog scale, though with
some scattera part of which is attributabldue to pigment variatiori-ollowing Bricaud et al(1995) a
powerlaw model(eq. 8)) wasregresseat each wavelength

®w _ 0_06 (8

Table 3 Output variables and statistical metrics of the regression betweenmatched chlorophyll
concentration and phytoplankton absorption of the merged datasetgalente et al.(2022)and Castagna et
al. (2022)at several bands

_€qQ 411 443 489 510 555 670
A 0.043934 | 0.051348 | 0.03299 0.02132 0.0077002 | 0.019093
E 0.80289 0.77654 0.76732 0.8214 0.92914 0.95568
n 3509 3526 3525 3507 3231 2875
RMSE (%) | 58.951 59.249 57.358 52.626 56.781 47.256
r? 0.85688 0.84553 0.84846 0.88033 0.89645 0.92553

Table3 presents the regression outcomasluding the two model parameters (A,E), data number (n),
the root mean square in percent units ancctedficient of determination (). A comparison to results
from previous publicationgChurilova et al., 2023;Bricaud et al., 1995;Zibordi and Berthon, 2[324)
made inFig. 3, showingsome discrepancies respect to the first three references but a high agreement with
recent results b¥ibordi and Berthor§2024)

Our results showhatthe 670 nm band has the highespabilityfor predicting C giveno . It is important

to emphasize thatur modellingdoes nogenerat&d for a specific C; rather, it associates eachwith

its characteristi¢C", from inversion of eq.8). Thisendales tosortthe 30250 spectra based on "C",
dividing them into 55 pools of specific "C" suanges, each containing 55 spectra. Consequédotlg,
givenC value from the (C,N,Y) triplet, a randaim spectrum from the corresponding pool is selected.
Subsequently, the spectrum is adjusted by a factor sthap x Tequals theredictedd @ X mrom

C, after eq.8). This methodology guarantees consistency betweeand empirical evidence for a given

C while ensuring a broad diversityan spectral shapes.
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Figure 2: Matched C and={=_ [data (Valente et al., 2022;Castagna et al., 202a) six wavelengths. A linear fit

in log-log form is displayed on top.

0.06 Bricaud 95 11 0.95
c/\ —@— Valente 22 + Castagna 22
A — Churilova 23 T
0.04 —O&— Zibordi & Berthon 24 0.9
0.9r
< L N
0.87
0.02 0.85
0.7}
0 0.6 0.8
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A (nm)

Figure 3: Regression statistic®f the fit between C and=|=_ [data of Fig.2.
415 A and E parameters, whereas the right plot is the coefficient of determination fj.

Left and center pl

Phytoplanktonscattering( ) modelling unfortunatehhas much less backgroukdowledge mostly
due tothe lack ofinstruments that cameasuren situ® or @y, . Electromagnetic modellingf light
scattering by particlesuspended in watean be appliedalthough the contributions, albeit notable, are
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limited (Lain et al., 2023;Poulin et al., 2018)pon this lack, it is often referred to histoneasurements

420 by Loisel and Morel(1998) of nonwater beam attenuation coefficient at 660 W ¢ ¢ Twith a
transmissometematchedo chlorophyll concentration in case 1 waters. siafacewaters they found
® @t T8 ik . Furthermorethe authorseasonablyassumed that the dissolved contribution
was secondarysow @ @ T @ @ @ T Unfortunately, his relationship waglirectly exported to
phytoplankton scattering modellinged in the&Coas€olour SD (Nechad et al., 2015)eplacingld @ @ Tt

425 with @ @ @ Tignoring thateven in open sea watetbe nonralgalscatterings considerable
Here the same genermowerlaw dependencas in the IOCCGD (IOCCG, 2006)s used
® 9em RS (9
According to thdOCCGreport,Q 1@ xalthoughapplication of eq(9) to the downloadabl8Dreveals
‘Q 1@ oln the CoasColousD, Q 1 w.blere,’Q 1 is usedas abalance of both

430 1 wasset random between 0.06 and ihéhe IOCCGSD. Interestingly, that leaves the contribution of
phytoplanktonmostly below what found byoisel and Morel(1998) for the total attenuation, which
appearphysically meaningfulThetype ofrandomness aj was not disclosedut an inspection to the
IOCCG SD revealed that it was unifornthis parameteis modelked here like in the IOCC&D given
the absence @mpirical evidence that justifies otherwise.

435 The spectral variation is set by assigning a power law toA power lawfunction provides a better fit
for @ than for® , as the latter is affected by anomalous dispersion effects, that result in some negative
peaks with the shape of an spectrum, more evident at highytoplanktorconcentrationgBernard et
al., 2009) Interestimly, if the power law functiotis imposed tay , theanomalous dispersion features
& automaticallyappearafterc> @ ¢ . Therefore, in the currer8D, neither&d nor @y,

440 follow power law functions.

Regarding the actual exponent of the spectral powertlavsame relationship as in the IOCSQ is
used (eqg (10)):

¥ ¥ ~ > 8 8
O _ ® egen— ME®E 8 (10

With P being a random number that follows a uniform distribution in the interval [0,1].
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465

Given the randomness éf and® , it is possible that some realizatiogsnerate cases whaie

@ , which is unphysicalA given representsmassemblagef several phytoplankton communities
each withtheir specific scattering characteristitbat could be somewhat predicted given. This
information could be extraed from the fineectral features ab . There are somamplifiedmodelling

results using electromagnetic theory for cergaltytoplanktonspecies(Lain et al., 2023)although a
general modelling theory of phytoplankton scatteringdd to absorption is still neexistent. Thus, in
this SD, as in the precedent ond©CCG, 2006;Nechad et al., 2015;Loisel and Morel, 1988) and

& are modelled independentyet related to the same chlorophyll concentrafianensure a minimum
degree of physical consistendite procedurdor determiningdd and® wasrepeatedintil ensuring
® @ atall wavelengths

The remaining parameten be set to run Hydrolight is the phytoplankton backscattering €atio,
—P . This parameter has not been givanch attentionin previous researcghas it wasconsidered

relatively unimportant, so it sommon to find iset to a constant valire the order of 0.006r 0.01. It is

indeed secondary in semanalyticalalgorithmsthat modelY from —— or variations, but ibio-optical

modellingit can bevery relevantf & is fixed first, because theq, is implicitly determinedhrough
the choice of the respective phase functiomend (Mobley et al., 2002)therebystrongly influencing
theintensity of Y . Fixing @ first as a function of @vould be another modelling option, for instance
by adapting relationships betweén and C found in the ocedBrewin et al., 2012)0 0 f, .

In aneffort to provide a more accuratietermination ob  than in previous approachese proposea

formulathat isconsistent with thgeneral trend thathyytoplanktonsizeincrease with C. In its turn, size
increasdowers® becausdargerparticles scatter relatively more in tHferwardhemisphere respect to
smallerones hence lowering . Twardowski et al(2001; Fig. 11)presentegioneering resultdor 6
in their caseHere, b mimic such effectt is set

6 x  ‘h,

o oming T@ip MIMAIP® ¢ I G h mWnpe 1 C T8t 1T H11)
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To avoid unlikely lond valuesaftereq. (L1), any realizatiomleliveringd <0.001 was set to 0.001 as

a lower limit.

100 ! T T T T T

@ Whitmire et al. (2010)
New dataset

10°° ' '

0 0.005 0.01 0.015 0.02 0.025 0.03
Bph
Figure 4: Phytoplankton backscattering ratio ||_|vs. phytoplankton specific backscattering coefficient at
560 nMHe | . Black dots: new SD. Red dots: data inWhitmire et al. (2010)

Independent validation dhe modellingof phytoplankton scatterinip eq. (L1) is possibleunique with
data ofchlorophyll concentratiomatchedo scattering and backscattering for an array of phytoplankton
culturesby Whitmire et al.(2010) Calculatingthe chloophyll-specific phytoplankton backscattering

coefficient,i.e., &3 ; —"_ at 560 nmand matching it t& produces dotloudsin Fig. 4. Our new

SD follows the average trendggilayed by th&Vhitmire et al.(2010)in situ datefairly well. Fig. 4 also
shows some degree of positive covariation betw@gn and® . Indeed,d; decreaseswith
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increasing0d as well becauselarger particles have amaller surface area per unit volume, which

diminishesspecificscattering. Amechanistic model fob that agrees with this principle was presented
in Brewin et al.(2012) All in all, this leads to the visible correlation betwgen andds; , with the

485 scatter caused gpecies differences.

3.3NAP absorption and scattering

Bio-optical modelling oNAP absorptioro  iscomplex, as NAP is formed by particles of very diverse
nature of biogenic and nebiogenic origin Modelling approachedengil et al., 2016are valid as long
as the derived relationships hold for the specific area of applicilen, it is aimed at a modelling
490 approachof general validity consistent with the in situ datasétst were collected from worldwide
waters
Modelling begins withlinking @  to the NAP concentration, Nthroughthe specific absorption (to
NAP concentration}d . Taking 440 nm as the reference band, other approaches have set it to a constan
value (Nechad et al., 2015plthougha variability between 0.001 and 0.12ng! was reported by
495 BlondeauPatissier et al2009). When looking for a predictive formulane may think thatthe actual
value dependsn the type of particle$:ollowing this consideratiorthe ratiod ¥ is proposedereas a
first-orderpredictor of!d 1 T mThis dependencassumes thatiAP absorls more efficientlyin the
relatively higher presence of chlorophyll, which suggestsNidd& may be of biogenic origin to a larger
extent than if the chlorophyll concentration wakatively lower, wherdlAP may bemoreof a mineral
500 origin insteadCSIRO data confirmed sontkegree of covariatio(fig. 5). The fitto the CSIRO dataas

made in logarithmic scale, so 1 T @3 1 1 mwas regressed as a functioncof 1 T C— ,

proposing a functional form of the tyge WA @® & & A robust regression @siquare weighting)
gave® T YUy p8tu bop p& x 1 The standard deviation of the fit was T& ¢ ¢ ko
generate the synthetic data, giw&l) , the regression curve was applied and then a randdoe

505 generated with a normal distribution 1, was added, in order to replicate the spread found in real

data—inourSDcovers a wider r a sogteavdidpeducinGesultiRgOsynshetid at a
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W T T 1valuesmuch out of the range dfie measured data, the lowaerdupper boundsf -3 and-

0.5weresetfor T @35 1 T 1 The results are shown in Fi.
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Figure 5: Non-algal particles specific absorption coefficient at 440 nnﬁ — , plotted as a function of

the chlorophyll to NAP concentrations ratio C/N. Results for CSIRO data in red dots, a best fit in blue, and
generated data for theSD (black dots).

Posteriorly, it is necessary pwojectd3 1 T Tt0 all bands. It can be done by assuming an exponential
spectral shape arkden guessing a spectral slop¢ (. Historicdatashowed a distribution 6 with

an averagealue of 0.0123 nrh (Babin et al., 2003)though with asignificantspread. Using a single
averageY for all simulations removes optical diversity and likely generates spectra that are
unlikely for some regions. It is a bettehoiceto generate a prediction function f&f given the
available informationAfter the exponential fitsor each of the compiled  spectra, detailed in section

2.3 the 1349 _ RY ) pairswereplotted together iffFig. 6.
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Figure 6: Non-algal particles absorption spectral slope-lp - Pr plotted as afunction of the NAP absorption
coefficient at 440 nm 4 _ I ). Red dots: in situ data. Black dots: synthetic data.

The data distribution in Fig shows aY  spreadhat largely varieslepending on the  range.For

very small®d ,"Y shows no particular pattern between two bounds, so a uniform distribution was
525 found adequate. For the middle range,"the distribution somewhat narrows @s T T Tincreases,

and data shows some positive skewness, which is well represented byoart@) curve. For the higher

@ T T mange, a gaussian distributi@apparentin agreement witBabin et al(2003) Therefore,

gven® 11T @ 11 'Y wasmodelled as a piegdse random distribution:

S MThBIoEE TTTT PTI
'Y N T T up pTSILO WY T p QEE Tt T prihBrel (12
TomStipBtip L T T T T8LG

530 Whereb ¢foo, 0 € ‘h and” ‘R are the uniform, logormal and normal distributions,

respectivelyThe random parameterization fof  in eq. (L2) is rather convoluted. However, it ensures
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540

fitness toa high quality and largm situdatasetand it does not generate outlieas it can be seen when
overlapping the synthetic data to thddidata inFig. 6.

NAP scattering needs buaptical modellingtoo. Approaches that model NAP absorption and scattering
independently magenerateunrealistic IOPs for that particular materi#ti.is beneficial to look for
relationships that linNAP scattering taNAP absorption, as it is expected to occunatural watersThe
CSIRO datasetontainsdd v v uvdata, concurrent t65 T T &It must beclarified that while

3 1 1 Tis specific of N,&3 has been defined by normalizidy to the total suspended matter
concentration (T))not to be confusedwith nonalgal particlesconcentration Nas the latter is only a
fraction of the former, which also contains the phytoplanktonic Beeihdo and Dekkg2003)proposed

a somewhat crude relationshily, 0 18t ®, where both T and N are expressed in the usual units of
g n and C is in mg m. For interested readers, such relationship was derived from measuraneents
shallow, turbidandeutrophic lake in The Netherlan@iSons et al., 1992)
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Figure 7: Specific particle backscattering coefficient at 555 nrﬁ|—++_ , plotted as a function of the non

algal particles specific absorption coefficient at 440 n J - . Results for CSIRO data in red dotsthe
bestlinear fit in blue, and generated data for theSD (black Aots)

The relationship betweelf 1 t Tandd5 v v watais very marked(Fig. 7, red dots)A linear trend
was a very good fit between the lognsformed variables, with a slofe 1@ ( cand an intercept

€ T8 T P Bhe data spread followed a normal distributipn (T@® ¢ Q &fter removingthe trend
line. To reproduce this spread in t&®, a random number following a random normal distribution
0 mh, was added to the fitredictedsS v v yprior to conversion to linear scale again. Results of the
data cloudyeneratedre seen in Figl, black dots.

Compleing the bicoptical modellingfor NAP requirego projectss from 555 nm to 440 norCSIRO
data provides an estimate of the particle backscattering spectral #élpper every data pointFor
synthetic data generatipa modelling function fofs must be derived. No relationship betweeand any
other parameter within the CSIRO dataset was foltadistogranwas fittedwell with a random Burr
distribution with the parameters T@ v @ YHR pP m,Ushown in Fig.8 Therefore /7 was

randomly generated using this distribution
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Figure 8. Histogram of the particle backscattering coefficient spectral slopeh). A Burr Type Xl fitted
distribution is plotted on top.

With — determined¢s wasshiftedto 440 nmdS T T T &3 L L U— . It must beemarkedhat

565 thisc slope is only used in this step and it is not usedddel® with a power law in the SOn the
bio-optical modelling of NARandof phytoplankton, a spectral shape is assumed for attenuattior
backscattering
The NAPbaclscatteringat 440 nmwasderivedin eq. (L3) by subtraction of the phytoplanktonic part,
which is known from sectio8.2

570 wfp TTTM & TTMIY ©OfF TT L3
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A backscattering ratio for NA® ) must be assumed obtaincd T T Tand® T T TThere are

no direct measurements®f given the current impossibility of measuring NAP scattering parameters
in the field Nevertheless, this poses a minor problem for radiative transfer calculations, especially for
remote sensing applicationssfong aso, s fixed,® is relatively unimportant, as one caedud

from simplified analytical models for reflectance or diffuse attenuatian. If were fixed instead)

would be a fundamental parameter, as it would implicitlyéset , in a much less accurate fashion.

0 washere fixed as eandom number, following a uniform distribution between 0.01 and &0a

eg. (15):

6 N Y 8 st ¢ (14)

Then, the scattering coefficient of NAP was determined with Eg): (

O TTTm —— (15

Then, theNAP attenuation at 440 nmasexpresseth eq. (L6) as a function of values that are all known:
@ 1Tt TtTtmd © 1T N6

The remaining step for NAP modelling is extendiNg\P attenuationto all wavelengths As for
phytoplankton, gower lawis assumed, antlis preferred tampose itto attenuation than tecattering
though recognizing that, given the much featureless shapes of NAP absarfitiom scattering may be
realistic tooA &  spectral slopg must beassumedThis parameter is largely unknown as it cannot
be measured in the fieldHere an educated gues$s made,generating randomly with [ N

" & . Thereforegq. (L7) completes the NAP modelling:

~ ~
g

W W TTTT— (17)

3.4CDOM absorption

The1168( _ HY) pairs calculatedn section2.2 are plotted together iRig. 9. The middle section
shows a data spreaghose mean and standard deviation decreaseiwith T TVariation in the lower
and upper range endsuld not be linked to any parameter, so tivawvas modelledas uniform
distributions, fairly within the data rang@verall Y was then modelled as a pieesise random
distributiongivenc 1 T Qb 1 1 Tt
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Figure 9: CDOM spectral slope d|| ), plotted as a function of the CDOMabsorption coefficient at
440 nm é|=| ). Red dots: in situ data. Black dots: synthetic data.

Fig. 9 comparesthe field (0 _ HRY) pairsto those generated with the combination of random
distributions in eq.X8). It can be seethat theSD includesan order of magnitude more @f T T Tat

605 the lower end than the in situ datafig. 9. This is due to the very stringeabndition of exponential

variation set in section2.2, that mostly affected the low spectra In terms of predictingy ,
extrapolation may raise some concerns, diutone hand)Y values are well bounded in this part of the
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630

range, and on the other haote must also note thet T T Tbecomes very low, so thpobtentialerrors
in Y are not relevarfor the absorption budgdh terms of data rangé,will be shown irsectior4.1that

the lowesto 1 T 1IN theSD arein the order ofd T T 1IN the most oligotrophic oceans.

3.5 Pure water absorptionand scattering

Pure liquid water absorbs electromagnetic radiation, which carebeanisticallyexplained as the energy
consumptionby the two GH molecular bonds to vibrate at given resonant frequencies, creating a
absorption spectrumd with characteristienaxima and minimat specific wavelengthdn practice ®
must be measureat a wide enough spectral range and its values be tabulated for usageptidab
modelling.However literature onlyoffers partial spectral range measurement®wing to the specific
requirements and challenges inherent in such measuremdntsad ranges must then be a mged
product from individual sourceé. crucial steghereinvolvescompensating for the different temperatures
at which®w was measured in different laboratoriaad, in thespectral ranges wherdifferent
measurements a@vailable seleaing thosethat are retained of the highest qualiBortunately, this
process was already undertaken within the framework of an ESA p{Rjgetigers et al., 2016)vhere
the "water optical properties processWOPP)produced alataset of pure/aterabsorption, normalized
to 20°C. Notably, this dataset encompasses measurements by Masof2@i@lfrom UV to green
wavelengths, revealing lower water absorption in the UV and blue regions than predmaistyented
thanks to meticulous sample preparation and precise measurements. In other spectral regions, data frc
various authors are merged, sometimes overlapping spectrally and sometini@genai, the WOPP
pure water absorption data can be considered the state of. theraxdmprehensive insights, readers are
directed to the project report.

When marine salts are dissoliadvater the iongdissociatend create a staldelutionwhose absorption
can be related to that of pure water proportionally te#fiaity (w ), wavelength dependent. Temperature
affectsabsorption in a similar manntdroughuy , thus leading to:

® MY & Y w Y Y w Y19
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Bothw andw can be empirically determinedo the WOPPpure watemerged absorption, a shift to

an average oceasalinity of S=35 PSU was made with e9), using they coefficientprovidedby
Roettgers et a(2014)for artificial seawater.

Scattering by pure water finds explanation vittle SmoluchowskEinsteinfluctuationtheory oflight
scattering(Zhang and Hu, 2021according to whicha certainvolume of wateican be seen as made of
smaller subvolumesthat contain, on average, the same number of water molecdimsever,the
instantaneousumberssary among thendue to random thermal motions at the molecular level, resulting

in microscopic density fluctuations that induce scattering. In the presence of solutes such as salts, thi
effect is magnified, as fluctuations in the spatial arrangement of dissolved ions lead to variations in the
overall refractive indexFor common ocean salinitiesgatteringis augmentedby approximately 30%
respect to fresh wateRecent work by Zhang and HR021) provides a comprehensive review of this
theory, offering the most precise estimates to date (likely withirt%2 Nevertheless, rigorous
experimental validation remains imperative. The formulas provided as supplementary material in their
paper were employed to compute seawater scattering, assuming a temperature of T=20°C and a salini
of S=35 PSUas forthe absorption data.

4.Results of the synthetic dataset
4.1 Modelled IOPs

The bicoptical modelling detailed in the sectiBmgeneratd the I0Ps thatleterminethe resulting light

field and related AOPs, given the boundary conditions. Thesephical relationships have been
individually assessed and consistency with literature and with new data has beeniarthatezbction
However the overall result of the bioptical modelling can be testbgl checking the crossed relationship
between differencommonly measuretDPsat specific wavelengthg€ompared tan situ data, in order

to verify that the relationships that are foun
In situ datasets were searched that contained IOP data at the reference wavelength of 748 nm.
following publicly availabledata were used®ACE data including th&iosopecruise data from the

clearest ultraoligotrophic waters of the sethcific gyre, plus some stations in coastal upwelling water
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off Perg andMouwds dat a i (Caseyatkak, 202Qhe NOMAD rdatase(Werdell and
Bailey, 2005) Ca s t a o Belg@arscoastal and inland waté@astagna et al., 2022peasurements

in coastal European watgfiglassicotte et al., 2023neasurements iSvabard (Petit et al., 2022and a
recenly publisheddatasein European seg&ibordi and Berthon, 2024)n addition, two datasets not yet
publicly available were queried to the authors, who kindly sent theaséoin this articledata from the
Persian Gulf(Moradi and Arabi, 2023)and from Australian water¢BlondeauPatissier et al.,
2009;BlondeatPatissier et al., 2017;Cherukuru et al., 2016;0ubelkheir et al., 2023;Brando et al., 2012)

Castagnao s bOusinee sucldatisewadsconsideringinique and relevané was inferred

through semanalytic closure from absorption aid (Lee et al., 2011)

Figure 10: IOP crossrelationship comparison between théSD and various in situ datasets.

Fig. 10 presentgelationships among various I0Ps at the referemaeelength 0440 nm.The upper
panels study the three navater absorptiomomponents withliespect to particle backscattering and the
two lower panelgompare the different absorption compartmeBecause twgivenlOPs are expected
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