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Abstract. This data paper outlines the development and the structure of a new synthetic dataset (SD) 10 

within theforwithin an extended optical domain, encompassing inherent and apparent optical properties 

(IOPs-AOPs) alongside associated optically active constituents (OACs). The bioBio-optical modeling 

benefited from knowledge and data accumulated over the past three decades, resulting on a 

comprehensive dataset of in situ IOPs, including diverse water typologies, and enabling the imposition of 

rigorous quality standards and the definition of novel . Consequently, the bio-optical relationships 15 

delineated herein that represent are valuable significant contributions to the fieldon their own. 

 Employing the Hydrolight scalar radiative transfer equation solver, we generated above-surface and 

submarine light fields across the specified spectral range at a ñtrueò hyperspectral resolution (1 nm), 

covering the ultraviolet down to 350 nmbetween 350 nm and 800 nm at 1 nm steps were generated, 

therefore facilitating algorithm development and assessment for present and forthcoming hyperspectral 20 

satellite missions. A condensed smaller version of the dataset tailored, delivered  toat twelve Sentinel-3 

OLCI bands (400 nm to 753 nm), was craftedalso produced, targeting multispectral sensor algorithm 

research. Derived AOPs encompass an array of above- and below-surface reflectances, diffuse attenuation 

coefficients, and average cosines and the Q-factor. 

 The dataset is distributed in 5000 files, each file encapsulating a specific IOP scenario, ensuring sufficient 25 

data volume for each represented water type represented. A unique feature of our dataset lies in the 

calculation of AOPs are resolved across the complete range of solar and viewing zenith and azimuthal 
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angles as per the Hydrolight default quadrants, amounting to 1300 angular combinations. This 

comprehensive directional coverage caters to studies investigating signal directionality, previously 

lacking sufficient reference data. The dataset is publicly available for anonymous retrieval via the FAIR 30 

repository Zenodo at https://doi.org/10.5281/zenodo.11637178 (Pitarch and Brando, 2024). 

1. Introduction and review 

1.1 Background 

Marine optics studies the light that is measured by an optical radiometers, whether installed in the water 

or above the surface. The optical signal is conveniently formulated in terms of apparent optical properties 35 

(AOPs), which are normalized quantities, less dependent on the intensity of the incident light than the 

radiances or irradiances from which they originate. The most notable AOP is the remote-sensing 

reflectance (Ὑ ), defined as the water-leaving radiance (ὒ ) per unit of above-water planar downwelling 

irradiance (Ὁ), and retrievable from satellite observations after atmospheric correction. Other quantities 

like diffuse attenuation coefficients and, average cosines and the Q-factor find applications in marine 40 

optics too (Mobley, 1994).  

AOPs are used linked to retrieve the concentrations of optically active water constituents (OACs), 

commonly. Such OACs have historically been marine phytoplankton and other suspended and dissolved 

substances. Phytoplankton is typically quantified in terms of the the chlorophyll concentration (C). A 

andll  the othernon-living materials solids suspended in the water can be grouped in the non-algal particles 45 

(NAP), quantified by their concentration (N), though different splits of the particulate material are 

possible, such as particles of organic and inorganic origin, for example. Dissolved substances, optically 

categorized as colored dissolved organic matter (CDOM), are not commonly given in terms of mass 

concentration units, but in terms of the absorption coefficient spectrum, commonly at 440 nm (Y, or 

ὥ ττπ). 50 

It is possible to develop eEmpirical algorithms can be developed to invert any of the OACs from measured 

AOPs by developing finding statistical relationships from between matched AOP and OAC data (IOCCG, 

2006). This approach, although sometimes operationally robust and mechanistically meaningful, hampers 

https://doi.org/10.5281/zenodo.11637178


3 

 

progress in understanding the optical influence of OACs, which is given by the inherent optical properties 

(IOPs), namely the absorption and scattering coefficients. As such, tThe IOPs can be mathematically 55 

linked to the OACs with the so-called bio-optical relationships, and to the AOPs through the radiative 

transfer equation, therefore hence being a mathematical bridge between the AOPs and the OACs (Mobley, 

1994). 

The OACs are the independent variables that drive the generation of a synthetic dataset (SD). They can 

be a single quantity like C (IOCCG, 2006;Loisel et al., 2023), typically chosen for open sea conditions, 60 

or or, alternatively, a triplet formed by C, N and Y (Nechad et al., 2015) or other combination, . The first 

case is typically chosen for open sea conditions, whereas the second is theusually the choice for optically 

complex waters. 

 More variables give more flexibility but bio-optical relationships must be established for all of them to 

derive theIn eEither case, relationships between the IOPs and the OACs must be set to model the radiant 65 

field, relationships between the IOPs and the OACs must be set. Statistical Rrelationships between C and 

IOPs have been already studied for decades (Bricaud et al., 1998;Loisel and Morel, 1998;Morel and 

Maritorena, 2001). Much less is known about N and Y, and in particular, in optically complex waters, 

where there is no known relationship between the OACs, but alsowith the additional problem that their 

bio-optical properties are much more regionally variable. Nevertheless, in the last two decades, fractional 70 

information there are notable bio-optical studies ion Australian waters (Blondeau-Patissier et al., 

2009;Cherukuru et al., 2016;Blondeau-Patissier et al., 2017), European waters (Tilstone et al., 

2012;Martinez-Vicente et al., 2010;Astoreca et al., 2012), South-African lakes (Matthews and Bernard, 

2013) and North-American coastal waters (Aurin 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 bio-optics in 75 

optically complex waters. 

Assuming an unpolarized submarine light field, IOPs consist of the wavelength (‗)-dependent absorption 

coefficient (ὥ) and the volume scattering function (VSF; symbol ‍), which can be broken down to the 

contribution of the single OACs. For the setup used in this SD, consisting of phytoplankton, NAP and 

dissolved matter, the IOPs break down as in eq. (1), which includes the contribution by seawater itself 80 

and assumes that dissolved material does not significantly scatter light in the optical domain: 
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ὥ‗ ὥ ‗ ὥ ‗ ὥ ‗ ὥ ‗

‍ɰȟ‗ ‍ ɰȟ‗ ‍ ɰȟ‗ ‍ ɰȟ‗ 
 (1) 

This breakdown in eq. (1) also assumes that that dissolved material does not significantly scatter light in 

the optical domain. One can note that, fFor radiative transfer purposes, it is the total absorption coefficient 

ὥ the relevant quantity. Instead, scattering, described by ‍,the VSF is resolved as a function of the 85 

scattering angle (ɰ). This creates a varying balance of the single contributors to scattering as their 

respective variabilities with ɰ are different. Specifically, Tthe main distinctionstrongest differences are 

regards  between water and the other particulate materials. 

Because of the technical difficulties in measuring angularly-resolved scattering, most Commonly, optical 

theory deals with angular integrals of the VSF, that are much more commonly measured with commercial 90 

instrumentation. If itthe VSF is integrated across the backward hemisphere, one obtains the backscattering 

coefficient (ὦ), whereas if one integrates across all directions, one obtains the scattering coefficient (ὦ). 

The total light attenuation along a direction is quantified with the beam attenuation coefficient (ὧ ὥ

ὦ),. ὧ is arguably the most measured IOP in all optics history and its bio-optics has been studied for many 

decades, as opposed to ὦ and especially ὦ, whose measurements are much scarcer and more recent. ὧ 95 

keepsing the same additive property for each constituent, as shown inhence eq. (2).: 

ὦ ‗ ὦ ‗ ὦȟ ‗ ὦȟ ‗

ὦ‗ ὦ ‗ ὦ ‗ ὦ ‗

ὧ‗ ὧ ‗ ὧ ‗ ὧ ‗ ὥ ‗

 (2) 

Given a certain constituent, whether phytoplankton or NAP, its VSF is normalized by its scattering 

coefficient to obtain the phase function (PF) as in eq. (3): 

‍ ȟὼ ὴὬ ÏÒ ὔὃὖ (3) 100 

As shown by eq. (3), the This normalization removes the variation of scale due to particle concentration 

so that the PF is a specific characteristic of the given particle type. For radiative transfer calculations, the 

PF must be set a priori for each OAC. That can be a measured phase function (He et al., 2017), but more 

commonly from a family of simulated functions after electromagnetic scattering calculations (Morel et 

al., 2002;Fournier and Forand, 1994). In particular for the later case, Mobley et al. (2002) arranged an 105 
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mathematical equation to select, one PF from the whole Fournier-Forand PF family based ongiven the 

backscattering ratio, defined as in eq. (4): 

" ȟȟὼ ὴὬ ÏÒ ὔὃὖ (4) 

Despite the fact that the bio-optical modelling for this datasetSD decomposes scattering considers the 

separate phytoplanktonic and non-algal parts individually, their scattering and attenuation coefficients 110 

cannot be measured separately Ionly nstead, there is literature on bio-optical relationships involving their 

ñparticleò aggregates as in eq. (5):  can be measured for scattering: 

ὦ ‗ ὦȟ ‗ ὦȟ ‗

ὦ ‗ ὦ ‗ ὦ ‗

ὧ ‗ ὧ ‗ ὧ ‗

 (5) 

Consideration of particle scattering and backscattering will be needed in a part of the bio-optical 

modelling, as well as in the comparison to in situ data. 115 

Bulk For absorption and attenuation are also commonly measured, that, after removing the water 

baselines, become, comparison of model to data is often made for  the ñnon-waterò aggregates, which 

includes the dissolved and particulate contributionscomponents, as in eq. (6): 

ὥ ‗ ὥ ‗ ὥ ‗ ὥ ‗

ὧ ‗ ὧ ‗ ὧ ‗ ὧ ‗
 (6) 

 120 

In order to develop new updated bio-optical relationships and remote sensing algorithms, there is a need 

for large datasets of concomitant OAC-IOP-AOP datasets data across a range of data values, seasons and 

geographical locations, with fully characterized uncertainties. However, but despite a broader 

accessibility to field- and laboratory-based IOP instrumentation, current data availability and quality is 

notare below what was expected twenty-five years ago, when instrumentation became commercially 125 

available. Open access OAC-IOP-AOP measurements datasets are scarce, strongly concentrated in some 

areas and without characterized uncertainties. 

Studying the relationships between the IOPs and AOPs allows to build semianalytical models of ocean 

color: these are simplified algebraic expressions of a desired AOP as a function of the IOPs, and they are 
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needed to make retrieval of IOPs from AOPs feasible. Given the absence of publicly available matched 130 

IOP-AOP data across a range of water types, and with characterized uncertainties 

 Given this absence of data, it has been a common choice to develop synthetic datasets (SDs) for optical 

studies (IOCCG, 2006;Nechad et al., 2015;Loisel et al., 2023). SDs fill the gaps in the data ranges, and 

tTheir IOP-AOP relationships can be considered error-free, as they are derived from the solution of the 

radiative transfer equation, yet this exact relationship does not confer validity to the SD per se, as the 135 

IOPs resulting from bio-optical modelling could be unrealistic, which has solid physical foundation. SDs 

have a history of applications to algorithm the development of algorithm,s of ranging levels ofvarying 

complexity, from the semianalytical algorithms (Lee et al., 2002) to a complex neural networks for the 

MERIS Case 2 water algorithm (Doerffer and Schiller, 2007).  If different As such, SDs are very powerful 

to develop simplified IOP-AOP relationships. In a pioneering work, Gordon et al. (1988) proposed that 140 

the underwater irradiance reflectance (R) could be modelled as a second-degree polynomial of a 

parameter ñXò that, translating to todayôs notation, was equivalent to . They used Monte Carlo 

modelling to generate a synthetic dataset of matched IOPs and the irradiance reflectance R. This approach 

has been followed since then by many authors, proposing other analytical expressions and changing the 

fitted variables, but essentially the approach remains the one by Gordon, with variations. If different sun-145 

view geometries are considered for the output AOPs given an IOP setup, the bidirectional aspects of the 

AOPs such as the diffuse attenuation coefficient (Lee et al., 2013) or the reflectance can be studied (Morel 

and Gentili, 1993, 1996;Morel et al., 2002;Park and Ruddick, 2005;Lee et al., 2011) can be studied and 

analytical models for these variations can be proposed. 

New and forthcoming hyperspectral satellite ocean color sensors, such as NASAôs PACE or ESAôs 150 

CHIME are fostering research on Other applications of SDs are related to algorithm development and 

testing. Matched values of the variable of interest and the input data to be retrieved from (usually an AOP) 

are used as training data to develop an algorithm. This can be from a simple analytical expression, like 

the retrieval of non-water absorption at a green band from Ὑ  in the quasi-analytical algorithm (Lee et 

al., 2002). At the other end of the algorithm complexity, Doerffer and Schiller (2007) elaborated their 155 

MERIS Case 2 water algorithm using an ad-hoc synthetic dataset. 
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Hyperspectral datasets can be used to develop inherently hyperspectral algorithms, that may potentially 

retrieve additionalmore information from the oceans than classical multispectral sensors. For this reason, 

iIt is considered importantthen timely to produce a hyperspectral SD, that covers relevant spectral ranges 

of the aforementioned sensors, for a globally representative range of water types.  160 

In the absence of hyperspectral ocean color data,An important application of hyperspectral SDs is to 

address the questioncan help to understand of and they are also useful to study how much information is 

embedded in some key bands of multispectral sensors. In this respect, Talone et al. (2024) used a 

preliminary version of this SD to propose a hyperspectral Ὑ  reconstruction scheme from AERONET-

OC data, in order to validate satellite derived hyperspectral radiometric products, confirming the validity 165 

of the reconstruction in large portions of the visible spectrum with constrained uncertainties. 

1.2 Existing synthetic datasets 

The usage of nNumerical models for computing light fields has have been used for common practice for 

several decades already (Mobley et al., 1993). In a pioneering work, Gordon et al. (1988) proposed that 

the underwater irradiance reflectance (Ὑ) could be modelled as a second-degree polynomial of a 170 

parameter ñXò that, translating to todayôs notation, was equivalent to . To verify their hypothesis and 

to calculate the polynomial fit, they used Monte Carlo modelling to generate a synthetic dataset of 

matched IOPs and ὸὬὩ ὭὶὶὥὨὭὥὲὧὩ ὶὩὪὰὩὧὸὥὲὧὩ Ὑ. This approach has been followed since then by many 

authors, proposing other analytical expressions and changing the fitted variables, but essentially the 

approach remains the one by Gordon, with variations. Some researchers authors have developed internal 175 

codes (DôAlimonte et al., 2010) while some others have released them to the public (Chami et al., 

2015;Rozanov et al., 2014). By far, the most popular code in the marine optics community has been 

Hydrolight (formerly from Sequoia Scientific, Inc., now from Numerical Optics, Ltd.), which is available 

upon purchase. Its popularity is due toarises from, on one hand, the convenient data input management of 

data input, which allows the simulation of every possible case study in ocean optics with relative ease, 180 

and the data output, which includes the full array of radiometric quantities and AOPs needed. Its 

prevalence in the field is such that all datasetSDs reviewed in this paper, as well as the one presented here, 
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were generated with Hydrolight. It is therefore of importance that support and further development of 

Hydrolight is ensured for the future. 

Most of previously developed were developed to fit a given investigation and were not released to the 185 

public.  This article only considers those SDs that were publicly released. Only their main characteristics 

will be mentioned, especially those relevant forto the new synthetic datasetSD that we are presenting. 

1.2.1 The IOCCG dataset 

The first and the most cited of the datasetSDs in this small review is the IOCCG datasetSD (IOCCG, 

2006). The release of this datasetSD came at a time where the study of bio-optical relationships and the 190 

development of algorithms was at its all-time peak high (e.g., Twardowski et al., 2001;Loisel and Morel, 

1998;Morel and Maritorena, 2001;Lee et al., 2002). It is a datasetSD for testing and development of in-

water algorithms in open and oceanic waters. . 

As such, tThe single independent variable of thethat drives IOP variability is the chlorophyll concentration 

(C), for concentrations betweenranging from 0.03 and to 30 mg m-3. Phytoplankton absorption Bbio-195 

optical modelling uses a database of real Pphytoplankton absorption spectra (ὥ ) spectra measured in 

the fieldis the only actually measured IOP that is used, coming from a database of in situ absorption 

spectra (ὥ ). Given a C value, a random ὥ  is chosen within the database, and it is scaled by a factor, 

so that the scaled ὥ ττπ verifies the an average relationship of the latter to C given by Bricaud et al. 

(1995), given by ὥ ττπ ὃττπὅ . Notably, the chosen ὥ  belongs to a subset of ὥ  spectra 200 

associated to C values within a short narrow range of the given C. This choice implies assuming that ὥ  

spectra that are related to very different concentrations are not only different in magnitude, but also in 

shape. 

The rest of bio-optical relationships are set after (mostly) published relationships, with the addition of 

some randomness, that tries to models some the spread around the mean relationship, attributed to natural 205 

causes, that areand not captured by these average equations. While that choice is a positive feature of the 

datasetSD, many parameterizations appear arbitrary. 

The volume scattering function VSF is modelled after splitting the particulate matter in phytoplankton 

and all non-algal (non-pigmented) particlesNAP. The former scatters light following a Fournier-Forand 
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phase function of fixed ὄ πȢπρ, whereas the latter scatters light according to the average Petzold 210 

phase function, ὄ πȢπρψσ. This is identified as a major limitation for this dataset, as there are a 

number of concerns on the Petzold phase function that will be detailed below. 

Radiances were generatedare available from 400 nm to 800 nm every 10 nm for the nadir view direction, 

and for two sun zenith angles (0 and 30 º). 

1.2.2 The Coastcolour CoastColour dataset 215 

The Coastcolour CoastColour synthetic datasetSD (Nechad et al., 2015) was generated in the framework 

of an ESA project, aimed at the evaluation of algorithms in for coastal waters. The project included the 

compilation of large amounts of in situ data, but the patchiness in the geographical and data range 

distributions and the disparity of measurement techniques, without quantified uncertainties, made evident 

the need of a synthetic datasetSD that focused in such areas and associated data ranges. 220 

The datasetSD is driven by three OACs: phytoplankton, NAP and CDOM. The non-water substances 

were divided into phytoplankton, ñmineral particlesò and CDOM. This, in principle, ignores the 

contribution of non-algal particles of biological origin, but in practice, their ñmineral particlesò 

compartment de facto stands for ñnon-algal particlesò. 5000 triplets of their respective concentrations 

(C,N,Y) were randomly generated. Although not documented in their paper, these three constituents show 225 

some degree of linear crossed correlation, which a feature that is seen in in situ datasets when these 

variables span across a large range. This choice also mechanistically avoids the generation of many 

unrealistic Ὑ  spectra coming from unrealistic (C,N,Y) triplets. The OACs are related to the IOPs 

according to some bio-optical relationships. The non-water substances were divided into phytoplankton, 

ñmineral particlesò and CDOM. This, in principle, ignores the contribution of non-algal particles of 230 

biological origin, but in practice, their ñmineral particlesò compartment de facto stands for ñnon-algal 

particlesò. 

Bio-optical modelling relationships are based on average parameters and regression equations from 

literature, without randomization strategies to mimic ignoring the natural variability. For example, 

phytoplankton absorption was is modelled by simply applying the average ñAò and ñEò power law 235 

coefficients by Bricaud et al. (1995) at 440 nm for a given chlorophyllC, which ignores phytoplankton 
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diversity and makes all 5000 modelled Ὑ  to have the same average pigment features. Furthermore, all 

spectral slopes as well as the ñmineral particlesò specific absorption and scattering coefficients at 

reference bands are set constant. Overall, these bio-optical choices create an optical uniformity that results 

in artificially ficti tiously tight relationships between various IOPs or between IOPs and AOPs, as well as 240 

their ratios. This bio-optical modelling can, potentially misleading the users about the performance of any 

algorithm that is evaluated. 

  

Following the IOCCG approach, angular scattering wasis modelled by assuming a Fournier-Forand phase 

function for phytoplankton and the average Petzold phase function for NAP, with fixed backscattering 245 

ratios for both. 

The datasetSD delivers the absorption coefficient divided in the total non-water component and the 

phytoplankton absorption. To separate CDOM and NAP absorption, the users need to generate CDOM 

spectra with from the reported value at a given wavelength and the CDOM spectral slope. 

Following the IOCCG approach, angular scattering was modelled by assuming a Fournier-Forand phase 250 

function for phytoplankton and the average Petzold phase function for NAP, with fixed backscattering 

ratios for both. 

AOPs were generated with Hydrolightare given from 350 nm to 900 nm every 5 nm, for the sun zenith 

angles 0, 40º and 60º, and the single nadir-viewing angle for radiances. 

1.2.3 Loiselôs dataset 255 

Loiselôs datasetSD (Loisel et al., 2023) is mainly characterized by its intention effort to compensate the 

disproportionate in situ data density from coasts and continental shelfs with respect to the open oceans, 

which instead represent cover a much larger area. According to them, this issuesSuch disproportion in 

other datasets may have a biasing effect when synthetic datasets are used to developing optical algorithms 

based on AOP vs. IOP relationships, especially when the underlying goal is to represent a broad range of 260 

IOPs encountered within the global ocean. In this regard, Loiselôs SD benefits from satellite-retrieved 

IOPs over the global oceans were organized in histograms, which were used as guides to ñtrimò the 
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histograms of the in situ data histograms, so that the data distributions in the datasetSD would closely 

match the global ones. 

Bio-optical modelling follows the IOCCG approach with modifications. IOP variability is driven by 265 

chlorophyll concentration only. Bio-optical modelling follows the IOCCG approach with modifications, 

thus choosingand  phytoplankton absorption is taken randomly from a pool of real spectra, and then 

scaledand giving some randomness to the relationships to mimic the bio-optical variability found in 

nature(1995). The CDOM and NAP spectral slopes were are given random values within a largewide 

uniform distributions. This choice is preferrable to assigning them a fixed values, althoughyet which 270 

might have beensome level of constrain ned with available in situ data pools appeared possible instead. . 

Angular scattering of phytoplankton was is modelled with a fixed Fournier-Forand phase function of 

ὄ πȢπρ. There is, however, evidence (Whitmire et al., 2010) that ὄ  varies across an order of 

magnitude. In Hydrolight, ὄ  is used to choose the phase function, which, for a given ὦ , implicitly 

determines ὦȟ  and therefore, the amplitude of the signal. This detail is important when one seeks to 275 

replicate relationships of ὦ  to other IOPs that are found in measured data. 

 NAP scattering was is modelled as a spectral power law. Its angular scattering incorporates one 

innovation respect to the previous datasetSDs by dropping the Petzold phase function and using instead 

a Fournier-Forand function of ὄ πȢπρψ, with such ὄ  close to the average Petzold value, but with 

a more realisticn angular variation that better resembles measured VSFs much more closely (Sullivan and 280 

Twardowski, 2009). 

Output AOPs are given between the range 350 nm ï 750 nm in steps of 5 nm. Several versions of the 

datasetSD are available for various combinations of inelastic scattering being or not considered. Notably, 

this datasetSD provides the data output at several depths. Simulations are made for the sun zenith angles 

0,  285 

30º and 60º, and the single nadir-viewing angle for radiances. All data is are compiled in a single netCDF 

file for each type of simulation. 
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1.3 Creating a new dataset 

The This brief review of existing synthetic datasetSDs has identified limitations in bio-optical modeling, 

emphasizing the critical need for meticulous refinement in order to derive meaningful radiance outputs 290 

from radiative transfer simulations. Such issues  that can be summarized in: 

(1) Overly simplified bio-optical parameters: spectral slopes, specific absorption or scattering at a 

reference wavelength, are often set as static values, typically derived from averaging mostly 

coming from datasets averages, thereby masking the optical diversity inherent within them. In this 

new datasetSD, we address this limitation by considering the variability of each optical parameter 295 

across available datasets and exploring their prediction predictability  as a function of other 

parameters. 

(2) An absence of constraints between absorption and scattering for of a given water constituent 

(OAC) such as phytoplankton or non-algal particles (NAP): it is evident that absorption and 

scattering of a given AOC should must exhibit statistical correlations due to their association with 300 

the same type of particles, but it seems is the rule that both properties are modelled independently, 

potentially resulting in absorption-scattering pairs that do not accurately reflect the characteristics 

of naturally occurring particles. In this datasetSD, we address this issue by leveraging in-situ data 

to constrain the modeling of both phytoplankton and NAP. This approach ensures that the 

corresponding absorption-scattering pairs align with all experimental evidence in statistical terms. 305 

(3) Re-useExtrapolation of bio-optical relationships: a published relationship between two quantities 

is applied to different ones. For example, the average relationship between chlorophyll and particle 

scattering by Loisel and Morel (1998) has been used to model phytoplankton scattering, which is 

only a fraction of the total scattering. 

(4) Limited validation of bio-optical models: some statistical relationships are presented without 310 

evidence. In situ using accessible in situ data is crucial. With new open-access datasets, there 

arises an  offer an opportunity to assess historical bio-optical relationships while also fostering the 

development of new ones, and such potential . To our opinion, such data has not been yet fully 

utilizeddeveloped. 
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(5) Limited spectral coverage of the blue-UV: in view of present and future satellite missions, it is 315 

desirable to generate datasetSDs that at least cover the range from 350 nm. 

(6) Limited directional AOP output: published datasetSDs focus on the nadir viewing direction, for a 

few sun zenith angles. However, the light field is inherently directional, and ignoring directionality 

introduces errors in remote sensing algorithms. In consonance with a renewed impetus of optical 

studies that address the problem of directionalityHere, we it is aimed at generating a fully 320 

directional datasetSD, accounting for all possible sun and view geometries, in consonance with a 

renewed impetus view of optical studies that address the problem of directionality. 

2. Spectral IOPs data mining and reductionIn situ data and bio-optical modelling 

The generation of bio-optical relationships needs support by in situ data, and a high quality is required, 

to be confident enough that the relationships that are found within the data are neither biased nor spurious. 325 

Unfortunately, processing details are often lacking, and data are seldom provided with an uncertainty 

estimate. It was nevertheless is, however, assumed that the practitionersdata providers, based on their 

experience, followed best practices . Indeed,as most of these data come were collected in the framework 

of optical studies funded after the funding of projects by space agencies that involve related studies, and 

we believe that the groups that were involved were confident enough in the quality of the data before 330 

sharing. Still, data was selected based on the usage of appropriate instrumentation and processing, when 

such information was available. Furthermore, selection criteria was rather aggressive, based on shape and 

fitness indices, overall providing confidence on the final retained data. 

1.4 In situ data 

1.52.1 Phytoplankton absorption 335 

Phytoplankton absorption ὥ  is the only IOP that is not modelled as a simple analytical function due to 

itshas a  complex spectral shape, which determines the small scale spectral features of derived related 

radiometric variableAOPs. For this reason, it is important to select high-quality ὥ  data, suitable as input 

for radiative transfer simulations. Since the purpose of these data is to feed the simulations, they do not 

need to be geo-referenced nor matched to any other variable. However,For this datasetSD, it was required 340 
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that ὥ  data was collected sampled at or close to the surface of the water column, as bio-optical 

relationships involving phytoplankton seem to vary depending on the vertical layer (Bricaud et al., 

1995;Loisel and Morel, 1998). In terms of spectral range, a condition for data selection was imposed that 

ὥ data should be giveninclude has to be given at at least the range from 350 nm to 800 nm, which was 

a quite limiting requirement for the lower limit, as in most cases, ὥ  is provided down to 400 nm or 380 345 

nm.  

Data were searched from the database SeaBaSS, providing many spectra, though a significant amount of 

them with anomalous spectral patterns. A first screening of the data identified many noisy and biased 

spectra. As a first baseline correction, the residual NIR value, which was estimated as the average ὥ  

between 780 nm and 800 nm, was subtracted. Then, aA PANGAEA search was performed. It delivered 350 

many excellent spectra instead, collected in seven Polastern cruises (Soppa et al., 2013a;Liu et al., 2019b, 

c;Bracher, 2019;Bracher et al., 2021k;Bracher et al., 2021f;Bracher and Taylor, 2021), one Sonne cruise 

(Bracher et al., 2021l) and one Heincke cruise (Bracher et al., 2021c). The PACE dataset (Casey et al., 

2020) was also used, in particular by data from the PI Schaeffer and from the Biosope cruise. In this latter 

case, the spectral range requirement was relaxed, allowing a maximum wavelength coverage of 750 nm, 355 

in order to keep some necessary low-end ὥ  that were very necessary for their representativity of the 

lowest ὥ  in the worldthe clearest waters. At the Then, to increase the high end of the range, Dr. A. 

Castagnaôs dataset on Belgian coastal and inland waters (Castagna et al., 2022) was used. Their published 

ὥ  was only available until from 380 nm, so ADr. Castagna kindly made reprocessed available the ὥ  

spectra especially processed for this investigation down to 350 nm especially for this investigation, though 360 

expressing some methodological concerns about the data accuracy in the UV. Finally, a new CNR small 

dataset from a recent cruise (publication in preparation) has was also been included in the global dataset. 

Data quality among databases varied greatly, from generally poor within SeaBaSS to the carefully 

produced Castagnaôs spectra. In terms of selection and processing and selection, As a first baseline 

correction, the residual NIR value, which was estimated as the average ὥ  between 780 nm and 800 nm 365 

(between 740 nm and 750 nm for Biosope), was subtracted. Given the high amount of data in total, it was 

preferred to apply rather aggressive filter selection criteria. Spectra were smoothed with an 11 nm 
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rectangular moving window to eliminate random noise introduced by the spectro-photometers. A relative 

noise parameter was calculated as the standard deviation of the difference between the unfiltered and the 

filtered ὥ , divided by a guess of the chlorophyll concentration based on ὥ φφυ (details below)after 370 

Bricaud et al. (1995). Spectra were retained if this noise parameter was lower than 0.002, except for the 

Biosope dataset, where the threshold was relaxed and raised at to 0.004 in order to keep some low-end 

ὥ  that were very necessary for their representativity of the lowest ὥ  in the world. Additionally, the 

absolute value of the second derivative with respect to the wavelength, ὥ , was calculated as a measure 

of spectral noise.  and spectra with The the 90th percentile of ὥ  between 350 nm and 800 nm was 375 

stored. Only spectra having this percentile lower than 0.0032 were selected. 

Further exclusion selection criteria were applied based on the spectral shapes. We defined the following 

indexes: 

 

ά ÍÉÎὥ ‗ɴ συπ ÎÍȟτυπ ÎÍ

ὓ ÍÁØὥ ‗ɴ συπ ÎÍȟτυπ ÎÍ

ὓ ÍÁØὥ ‗ɴ υυπ ÎÍȟυφπ ÎÍ

Ὅ ÍÁØὥ ‗ɴ φυπ ÎÍȟχππ ÎÍ ÍÉÎὥ ‗ɴ φυπ ÎÍȟχππ ÎÍ

 (771) 

Therefore, the following selection thresholds were applied to the indexes in eq. (7), that which were 380 

chosen based on experience so that clearly anomalous spectra would be discarded yet trying not to 

penalize natural variability. These were ά ȾὍ  πȢρ, ὓ ȾὍ φ and ὓ Ⱦὓ ς. In 

particular, the thresholds involving the UV discarded many spectra that raised excessively in the UV, 

likely consequence of insufficient bleaching of the filtered sample, or that tended to zero or even negative 

values instead. At the green range, it was assumed that the spectrum shall present a valley or at least a 385 

value that is not much larger than the chlorophyll peak. . 

Finally, Other than these thresholds, 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 for inclusion. 

All the filtering procedures led to the selection of 3025 high quality ὥ  spectra, representing a very wide 390 

range of values and water types. 
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1.5.12.2 CDOM absorption 

CDOM absorption at 440 nm (ὥ ττπ or ὣ) is one of the three independent variables of the bio-optical 

modelling. Its value is therefore given. Still, such value needs to be propagated to the whole The full 

spectrum is covered by assuming a spectral variation, modelled here as the usual exponential shape. The 395 

value of the spectral slope Ὓ and its potential relation to ὥ ττπ must be determined after bio-optical 

modelling from. For this sake, a pool of in situ CDOM absorption spectra were collected. CDOM is stored 

by filtering seawater with 0.2 mm pore size filters. A and absorption is measured through light 

transmission, as the scattering of the sample can be considered negligible. The most common 

measurement instrument is a bench spectrophotometer, where water is poured in a cuvette of a given path 400 

length, usually between 1 cm and 10 cm. In clear waters, because of the short path length that makes 

resulting data very noisy, a liquid waveguide capillary cell (LWCC) system like UltraPathTM (World 

Precision Instruments, Inc.) is preferred, as . Ttheyit allow haves a much larger path lengths, up to 2 m, 

therefore obtaining proper optical densities for a given sample, even in the clearest waters. In this article, 

only open access CDOM data measured with UltraPath were selected in open ocean waters, whereas in 405 

complex coastal and inland waters, cuvette-based measurements were accepted as well. Therefore, the 

pooled CDOM data consists consisted of the PACE datasets Schaeffer, Biosope and Mouw, Castagnaôs 

measurements, as well as a large PANGAEA dataset based on several Polarstern cruises (Bracher et al., 

2021a;Bracher et al., 2021b;Bracher et al., 2021i;Bracher et al., 2021h) and some smaller campaigns in 

coastal areas (Juhls et al., 2019;Hölemann et al., 2020;Bracher et al., 2021g;Pykäri, 2022). In all cases, 410 

data had to be provided at the range from 350 nm to 750 nm and close to the surface.  

CDOM sSpectra were fitted to a decreasing exponential function with a given offset, ὥȟ

ὥ ‗ Ὡ  ὥȟ  using non-linear least squares, with a bi-square weighting function to 

minimize the effect of outliers. Then, the offset was removed: ὥȟ ὥȟ ὥȟ . Notably, fits 

were made in linear scale, as making them in logarithmic scale would artificially raise the weight of 415 

spectral regions where CDOM is less relevant. Fits were required thatAn excellent fit between model and 

data was required (ὶ πȢωωυ), to exclude eventual anomalous shapes that did not verify the exponential 
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assumption. Then, tFinally, the offset was removed: ὥȟ ὥȟ ὥȟ . In total, The result of this 

procedure was 1168 (ὥ ‗ ȟὛ) spectra were retainedpairs. 

 420 

1.5.22.3 NAP absorption 

As with CDOM, NAP absorption spectra (ὥ ) are not introduced directly in the radiative transfer 

simulations but modelled as exponential functions. Data selection again prioritized high quality as the 

data quantity was sufficient to derive the statistical relationships. Here, aA PANGAEA search delivered 

data from various Polarstern cruises (Gonçalves-Araujo et al., 2018;Liu et al., 2019a, d;Wiegmann et al., 425 

2019;Bracher et al., 2021j;Bracher et al., 2021e, d;Bracher and Liu, 2021;Soppa et al., 2013a, b) and one 

Heincke cruise (Bracher et al., 2021d). From the PACE database, ὥ  from the cruise Biosope and the 

PIs Mouw and Schaeffer was were included. Castagnaôs measurements were also included, as well as 

recent CNR data. 

As for CDOM, aAn exponential shape was fitted, ὥ ȟ ὥ ‗ Ὡ  ὥ ȟ  in 430 

linear scale, and then the offset was removed, ὥ ȟ ὥ ȟ ὥ ȟ . Tand the condition ὶ

πȢωωυ was imposed, . and then tThe offset was removed thereafter, ὥ ȟ ὥ ȟ ὥ ȟ . , 

still recognizing that at least a part of ὥ ȟ this offset might be physically realistic and not only due to 

residual scatter errors. In such a case, it would be needed to seekpursue bio-optical relationships between 

ὥ ȟ the offset and other variables, in order to generate its value for the dataset. In the absence of 435 

sufficient knowledge, we adopted the classical approach of removing the offset, as previous datasetSDs 

(IOCCG, 2006;Nechad et al., 2015;Loisel et al., 2023). The result of this procedure was 1349 

(ὥ ‗ ȟὛ ) pairs.leading to a total of 1349 valid spectra. 

1.5.32.4 CSIROôs datasetParticle backscattering 

In situ particle backscattering ὦ  is not a Hydrolight input parameter in the configuration that was used, 440 

but it was needed for the determination of the bio-optical relationships of the particulate fraction, as it 

will be detailed below. In addition, it is desirable to collect a comprehensive dataset of ὦ  matched to 
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fractionated absorption components to check the consistency of crossed relationships in the synthetic 

dataset respect to those found in natural waters.  

Specifically, ὦ  at 440 nm or near wavelength was searched. The availability of such data is very limited 445 

and the quality is essentially unknown. Here, a best effort exercise was made by collecting all available 

data, of an open source or not. These were found from NOMAD (Werdell and Bailey, 2005), the PACE 

datasets Biosope and from the PI Mouw (Casey et al., 2020), and from Castagnaôs dataset (Castagna et 

al., 2022). In this latter case, ὦ  was not available, but since such data are considering especially 

important for their very high values, ὦ  was inferred through semi-analytic closure from absorption and 450 

Ὑ  (Lee et al., 2011). Finally, data Data collected in Australian waters by CSIRO researchers (Blondeau-

Patissier et al., 2009;Blondeau-Patissier et al., 2017;Cherukuru et al., 2016;Oubelkheir et al., 2023;Brando 

et al., 2012) was also included here. CSIROôs dataset contains several IOPs and OACs at reference 

wavelengths, that were used to develop some of the bio-optical relationships that were used to produce 

the synthetic dataset. In what regards Particlesuch as  ὥ ττπ, ὥ ττπ, ὥ ττπ, backscattering 455 

specifically, ὦ υυυ, is only provided at the reference wavelength 555 nm  and and with an estimated 

of its spectral slope (–). Also, the chlorophyll concentration (ὅ) and the total suspended matter 

concentration (Ὕ) contained in the dataset. For this specific dataset, the slope was not only used to shift 

ὦ  from 555 nm to 440 nm, but also for a part of the bio-optical modelling, detailed below. Importantly, 

specific NAP absorption at 440 nm, ὥᶻ ‗ . For this specific dataset, the slope was not only 460 

used to shift ὦ  is also provided, alongside with the chlorophyll and NAP concentrations, overall making 

this dataset unique for advanced bio-optical modelling. For this specific dataset, the slope was not only 

used to shift ὦ from 555 nm to 440 nm, but also for a part of the bio-optical modelling, detailed below. 

 

1.63. Bio-optical modelling 465 

Assuming an unpolarized submarine light field, IOPs consist of the absorption coefficient and the volume 

scattering function (VSF; symbol ‍), which can be broken down to the contribution of the single OAC: 
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ὥ‗ ὥ ‗ ὥ ‗ ὥ ‗ ὥ ‗

‍ɰȟ‗ ‍ ɰȟ‗ ‍ ɰȟ‗ ‍ ɰȟ‗ 
 (2) 

This formulation implies the assumption that dissolved material does not significantly scatter light in the 

optical domain. 470 

Commonly, optical theory deals with angular integrals of the VSF. If it is integrated across all directions, 

one obtains the scattering coefficient, whereas if one integrates across the backward hemisphere, one 

obtains the backscattering coefficient: 

ὦ‗ ὦ ‗ ὦ ‗ ὦ ‗

ὦ ‗ ὦ ‗ ὦȟ ‗ ὦȟ ‗
 (3) 

Given a certain constituent, whether phytoplankton or NAP, its VSF is normalized by its scattering to 475 

obtain the phase function (PF): 

‍ ȟὼ ὴὬ ÏÒ ὔὃὖ (4) 

It can be a measured phase function (He et al., 2017), but more commonly from a family of simulated 

functions after electromagnetic scattering calculations (!!! INVALID CITATION !!! (Morel et al., 

2002;Fournier and Forand, 1994);2002) 480 

For radiative transfer calculations, the PF must be a priori established for each OAC. The backscattering 

ratio is used to constraint the PF to a first order (Mobley et al., 2002): 

" ȟȟὼ ὴὬ ÏÒ ὔὃὖ (5) 

With this information, a phase function must be assigned to each type of particle, consistent with the 

given data, such as " . It can be a measured phase function (He et al., 2017), but more commonly from a 485 

family of simulated functions after electromagnetic scattering calculations (Morel et al., 2002;Fournier 

and Forand, 1994) 

Despite being the bio-optical modelling more accurate if the particulate material is decomposed into the 

phytoplanktonic and the non-phytoplanktonic parts (some discussion below), scattering meters do not 

measure the separate contributions of phytoplankton and NAP. Instead, their ñparticleò aggregates are 490 

measured: 

ὦ ‗ ὦ ‗ ὦ ‗

ὦ ‗ ὦȟ ‗ ὦȟ ‗
 (6) 
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This aggregation is therefore made when the bio-optical modelling of scattering is about to be evaluated 

against in situ data. 

The bio-optical modelling of the The various terms of the absorption and scattering budgets will be 495 

modelled as a function of the OACs will be explained with high detail in the following sub-sections. 

Readers interested in a comprehensive summary can find all sequential steps summarized as detailed in 

the next sections and summarized in Table 1. 

 

Table 1 Summary of the bio-optical modelling 500 

ὥ ‗ ὥ ‗  from a quality-controlled database, adjusted by a factor to verify ὥ φχπ

ὃφχπὅ  ȟ!φχπ πȢπρωπωσȟ%φχπ πȢωυυφψ, 

 A φχπ=0.019093, Eφχπ=0.95568 

ὧ ‗ 

‍ ‍ ɰ  

ὧ ‗ ὧ φφπ
φφπ

‗
 

ὲ πȢτ
ρȢφ ρȢςᴘ

ρ ὅȢ
 

ᴘ« 5לπȟρ 

‍ ‍ ɰ ὊͯὊὄ  

ὄ ᴺﬞὔ‘ȟ„ 

‘ πȢππςπȢπρπȢππςÅØÐπȢυφÌÏÇὅ  

 „ πȢππρσ ÌÏÇὅ πȢππρ 

ὥ ‗ ὥ ‗ ὔὥᶻ ττπὩ  

ÌÏÇὥᶻ ττπN ﬞὔ‘ȟ„ 

‘ ὥ Ὡ  

ὥ πȢρψψφȟὦ ρȢπυυȟὧ ρȢςχ 

 „ πȢςφςχ 
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Ὓ

ᴺ

ὟπȢπρȟπȢπσυ ÉÆ ὥל ττπ τρπ Í   

,Î ﬞ. πȢσπψὼ υȢρπρȟπȢπυυψὼ πȢρρφτ ÉÆ ὥ ττπɴ τ ρπȟπȢπφ Í

ﬞὔπȢπρρȟπȢπρφ ÉÆ  ὥ ττπ πȢπφ Í

 

ὧ ‗, 

‍ ‍ ɰ  
ὧ ‗ ὧ ττπ

‗

ττπ
 

‎  « ﬞὔ‘ȟ„ 

‘ πȢχȟ„ πȢσ 

ὧττπ ὥ ττπὦ ττπ 

ὦ ττπ
ὦȟ ττπ

ὄ
  

ὄ ᴺלὟπȢπρȟπȢπς 

ὦȟ ττπ Ὕὦ ττπὦ ττπ 

Ὕ ὔ πȢπχὅ 

ὦᶻ ττπ ὦᶻ υυυ
ττπ

υυυ
 

–N ὄόὶὶ‌ȟὧȟὯ 

‌ πȢψυτȟὧ τȢυψφȟὯ ρȢρπψ 

ÌÏÇὦᶻ υυυN ﬞὔ‘ȟ„ 

‘ άÌÏÇὥᶻ ττπὲ 

ά πȢφψστȟὲ πȢωτψσ 

 „ πȢςφςχ 

‍ ‍ ɰ ὊͯὊὄ  

 

ὥ ‗ ὥ ‗ ὣὩ  
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Ὓ

ᴺ

ὟπȢπρȟπȢπςυ ÉÆ ὥל ττπ πȢπς Í   

ﬞ. πȢπππτπρφρὼ πȢπρχυπψȟπȢπππσπρςὼ πȢππρψψρ ÉÆ ὥ ττπɴ πȢπςȟυ Í

ὟπȢπρτσȟπȢπρχ ÉÆ  ὥל ττπ υ Í

 

 

 

1.6.13.1 Optically active constituents 

It is set as a goalintended to generate a datasetSD that covers the widest possible range of optical water 

types. As such, Tthe historic case 1 assumption is inappropriate, and an IOP definition based on a single 

index such as chlorophyll concentration (C) is therefore not adopted. Instead, a generic three-variables 505 

model is used, in which variability is driven by: the chlorophyll concentration (C), the NAP concentration 

(N), and CDOM absorption at 440 nm (Y) C, N and Y separately. However, if C, N and Y shall not be 

were completely independent because, if that were the case, the bio-optical modelling would generate 

unrealistic IOP combinations. Instead, C, N and Yfor a hypothetical large dataset that contains such 

variables, they are may be expected that theyto have a certain degree of general relationship, tighter for 510 

the smaller values, that are found in the ocean, and more scattered for the higher values. 

Here, the partial relationship between the three variables in logarithmic scale was modelled with the 

generation of 5000 triplets, following three Burr type XII random probability density functions, ὼN

"ÕÒÒaȟÃȟË, related by a cross correlation matrix among them with the off-diagonal elements ” πȢψȟ

” πȢχυȟ” πȢφ. Then, the derived random numbers were transformed to the actual (C,N,Y), 515 

variables with ὢ ρπ , where ὢ is either C, N or Y, and ὼ is their logarithmic counterparts. This isese 

parameters are summarized in Table 2. FinallyBecause the Burr distribution does not have an upper 

bound, it generated, very few outliers ὅ ρπππ άὫ ά ȟὔ ςπππ Ὣ ά  ÁÎÄ ὣ ρππ ά  (~0.2 % 

or less) that were considered excessive. Such realizations and were re-generated with a log-normal 

distribution, with the mean and standard deviation calculated from the rest of the dataset. 520 

Table 2 Parameters of the probabilistic modelling of the optically active constituents 

 Burr distribution parameters Scale coefficient 

Formatted:  Heading 2



23 

 

Variable a c Kk d 

Chlorophyll concentration (C) 3 3 2 3 

Non-algal particles concentration (N) 3 4 1 4 

CDOM absorption coefficient at 440 nm (Y) 2 6 1.3 4 

 

 

Figure 1: Upper panels: histograms of the water constituents chlorophyll concentration (C), non-algal 525 
particles concentration (N) and CDOM absorption at 440 nm (Y). Lower panels: relationships between 

among them. For the relationship case between C and Y, the relationship average regression curve by Morel 

(2009) in oceanic waters is added for comparison. 

In Fig. 1, the outcomes of OAC generation are depicted, showcasing a broad spectrumranges. The 

intentionally skeweddata distributions were are formulated skewed, to mirroring histograms observed in 530 

a broad range comprehensive global datasets: frequencies of data surge from the lower values, peak at 
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levels commonly encountered in global oceans, and gradually taper off at higher extremes. Some degree 

of Concerning Regarding interrelationships, there is observable correlation, which, in the case of C and 

Y, shows general agreement with the empirical case 1 curve identified by Morel (2009) serving as a 

typical benchmark. However, aAs values ascend, the connection diminishes, consistent with expectations 535 

for coastal waters. 

1.6.23.2 Phytoplankton absorption and scattering 

Phytoplankton absorption ὥ  was modelled using data from the pool described in section 2.12.12.1.1. In 

order to generate phytoplankton diversity, it was important to ensure that, each time, a real ὥ  spectrum 

was used. A similar approach to the ὥ  generation in the IOCCG datasetSD was followed, but first, it 540 

was found appropriate to revisit the relationship between C and ὥ . Matched data (Valente et al., 

2022;Castagna et al., 2022) at several wavelengths (Fig. 2) revealed a tight linear relationship in log-log 

scale, though with some scatter, a part of which is attributable due to pigment variation. Following 

Bricaud et al. (1995), aA power-law model (eq. (8)) was regressed at each wavelength: 

ὥ ‗ ὃ‗ὅ  (887) 545 

Table 3 Output variables  and statistical metrics of the regression between matched chlorophyll 

concentration and phytoplankton absorption of the merged datasets Valente et al. (2022) and Castagna et 

al. (2022) at several bands. 

‗ ὲά 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 

r2 0.85688 0.84553 0.84846 0.88033 0.89645 0.92553 

 

Table 3 presents the regression outcomes, including the two model parameters (A,E), data number (n), 550 

the root mean square in percent units and the coefficient of determination (ὶ). A comparison to results 

from previous publications (Churilova et al., 2023;Bricaud et al., 1995;Zibordi and Berthon, 2024) is 
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made in Fig. 3., showing some discrepancies respect to the first three references but a high agreement 

with recent results by Zibordi and Berthon (2024). 

Our results show that the 670 nm band has the highest capability for predicting C given ὥ . It is important 555 

to emphasize that this calculationour modelling does not model generate ὥ  for a specific C; rather, it 

associates each ὥ  with its characteristic "C", from inversion of eq. (87). This facilitates enables to the 

sorting of the 3025 ὥ  spectra based on "C", dividing them into 55 pools of specific "C" sub-ranges, 

each containing 55 spectra. Consequently, for a given C value from the (C,N,Y) triplet, a random ὥ  

spectrum from the corresponding pool is selected. Subsequently, the spectrum is adjusted by a factor so 560 

that ὥ φχπ equals the predicted ὥ φχπ from C, after eq. (887). This methodology guarantees 

consistency between ὥ  and empirical evidence for a given C while ensuring a broad diversity in ὥ  

spectral shapes. 
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565 

 

Figure 2: Matched C and ╪▬▐ data (Valente et al., 2022;Castagna et al., 2022) at six wavelengths. A linear fit 

in log-log form is displayed on top. 




