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Abstract12

We recently found a significant bias while validating frequently used ocean color algorithms13

retrieving the spectral diffuse attenuation coefficient (Kd(λ)) and the attenuation coefficient for14

photosynthetically available radiation (Kd(PAR)) [1]. Here we compute new coefficients for15

existing algorithms for Kd(λ), so as to remove the observed bias at Kd(490), and evaluate the16

impact on global and regional estimates of net primary production (NPP) using two different17

primary production models. The new parametrization results in improved retrieval of Kd(490)18

by both the empirical and the semi-analytical algorithms. Match-ups between BGC-Argo floats19

and Remote Sensing Reflectance (Rrs) for six different satellite sensors no longer have a small-20

value bias, and show a reduced RMSE and error ratio. The new coefficients are validated using21

measurements not included in the training dataset and are found to perform significantly better22

at a different wavelength (412nm) than the one used for the new parametrization (490nm) and23

perform reasonably well in Case-2 waters. Since the new coefficients presented here were devel-24

oped with a dataset encompassing a larger proportion of the ocean’s variability, they are better25

suited to compute Kd(λ) in regions that were not present in the original algorithm’s dataset26

and are therefore appropriate for global Kd(λ) estimation. Using the new Kd parameterization27

results in a global increase of NPP of ≈ 37% in both models used, mostly driven by the previous28

overestimation of Kd(λ) (underestimation of light penetration) in the clear, subtropical gyres.29

Subtropical gyres show the largest increase (79%) in the VGPM model, with the presence of30

a strong seasonal cycle in the difference. High Kd(λ) areas are less affected by the new pa-31

rameterization (no increase in NPP in VGPM, ≈ 20% in CbPMv2). Although the subtropical32
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gyres are not very productive regions of the ocean, their large surface area and the magnitude33

of the bias in Kd(λ) between the old and new parameterization causes the observed significant34

difference in global NPP estimates. Our results suggest that the oceanic carbon uptake is larger35

than previously thought, which will be most relevant to the oceanic carbon dioxide budget once36

humanity slows the increase of atmospheric CO2.37

1 Introduction38

Accurately retrieving the spectral diffuse attenuation coefficient of downwelling irradiance (Kd(λ))39

from Remote Sensing Reflectance (Rrs) estimated with Ocean Color radiometry measured on board40

satellites is of importance when trying to quantify the penetration of solar radiation from the surface41

to depth. Diffuse attenuation coefficients (Kds) are Apparent Optical Properties (AOPs) that convey42

information on the optical properties of the water while being moderately affected by external43

environmental conditions impacting the light field (such as solar angle, clouds, passing waves and44

more) [2]. As such, Kd(λ) constrains bio-physical processes such as heating, carbon fluxes, photo-45

chemistry and is used as an input in many physical or assimilative biogeochemical models [3] as well46

as primary production models [4].47

Because Kd varies as a function of the Inherent Optical Properties (IOPs) of a water body48

(mostly absorption (a) and back-scattering (bb), [5]), many algorithms were developed to retrieve49

Kd from Rrs, either through explicit empirical fits to in-situ data (Standard level-2/level-3 product50

from NASA/ESA [6, 7]), development of implicit neural-network (NN) based algorithms [8], or51

using semi-analytical algorithms that first retrieve IOPs and then use them to compute Kd[9, 10].52

These algorithms were all tuned to data from either Case-1 and/or Case-2 waters and share a53

common characteristic: they were constrained and validated with a small number of in-situ data54

points that are not representative of the global ocean, or with radiative-transfer model runs using55

a range of input data assumed to represent the global ocean, but whose distribution does not56

match the spatial distribution of optical properties in the ocean. In a previous study[1], building57

on previous work[11], we compiled a novel global database of radiometry data at three different58

wavelengths and for PAR obtained with sensors onboard BGC-Argo profiling floats and matched59

them to coincident observations from six different satellite sensors (MODIS-Aqua, MODIS-Terra,60

VIIRS-SNPP, VIIRS-JPSS, OLCI-S3A, OLCI-S3B). Results showed a strong bias in the clearest61

ocean waters for all three evaluated algorithms (empirical, NN, and semi-empirical) with Rrs-derived62

Kd(λ) and Kd(PAR) consistently over-estimated, resulting in an underestimation of the depth to63

which light penetrates. This persistent bias was attributed to the fact that the in-situ data-sets64

used to validate the algorithms lacked sufficient observations representing the clearest waters of the65

global ocean where extremely low Kd values are found.66

Since the clearest waters of the world represent a significant portion of the surface area of the67

global ocean, the goal of this current study is to recompute coefficients of an empirical Kd(490)68

algorithms and a Kd(λ) algorithm using the more globally representative BGC-Argo-float database69

ranging from very clear oligotrophic waters to Case-2 coastal waters. As these data do not represent70

all ocean regions equally, we take into account the number of data points collected and their distri-71
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bution within and across different biogeochemical regions in the recomputation of the coefficients.72

We then quantify the impact of the revised parametrization of the attenuation coefficient (Kd) from73

one algorithm on the estimation of Net Primary Productivity (NPP) using three different net pri-74

mary production algorithms. We find all NPP models to exhibit a significant difference at the global75

scale when using the new parametrization of the Kd algorithm. Since NPP represents an essential76

mechanism for sequestering carbon dioxide from the atmosphere into the ocean, earth-system carbon77

budgets will likely need to be re-adjusted for the detected bias. We have elected to stay away from78

Kd(PAR) algorithms ([7, 12]) as those depend on the depth where we want the product at, and as79

one can get an accurate estimate of those from Kd(λ) as recently validated with data from profiling80

float (e.g. [11, 13]).81

2 Methods82

2.1 Float match-up data-set83

We use the same match-up data-set compiled in our previous study [1] available on the Zenodo84

repository1. It contains match-ups of Kd between six different contemporary ocean color satellite85

sensors and BGC-Argo floats measuring radiometry. Match-up criteria are based on previously86

published protocols [14].87

2.1.1 Kd(λ)88

The details of the method behind the match-up between BGC-Argo float radiometry and satellite89

Rrs are available in [1]. In brief, float-retrieved Kd (herein Kfloat
d (λ) is calculated from downwelling90

irradiance (Ed(λ)) using an iterative least-squares regression of Ed(λ) with depth. This method is91

preferred to the standard method of extrapolating Ed to the surface to obtain Ed(λ, 0
−) and linearly92

regressing Ed(λ) with depth as it avoids introducing bias through the extrapolation. Different93

techniques for Kd retrieval were evaluated and showed no significant difference in the fidelity of94

the retrieval [1]. Before retrieving Kfloat
d (λ), all Ed(λ) profiles were quality controlled following95

a published protocol [15] which removed effects of passing clouds, wave focusing, and other bias-96

inducing effects.97

2.2 Regional biome-based weighting and statistical metrics98

Float coverage and satellite match-ups in the global ocean are unevenly distributed with a substantial99

proportion of the floats (≈ 70%) in the Western Mediterranean, Eastern Mediterranean and the100

Southern Ocean (Table 1). Given that the goal of this study is to recompute the algorithms for the101

global ocean, it is important not to create an additional source of bias by over-fitting the coefficients102

towards specific regions.103

In order to perform this biome-weighting, two parameters need to be taken into account 1)104

the surface area of each biome (Areai) - available from [16] for biomes 1:17 and computed for the105

1https://www.zenodo.org/record/7015427#.Y5cv3OzMJ-U
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Mediterranean biomes (Table 1) and 2) the number of match-ups in each biome (N(Areai)) - from106

the float match-up database. An individual weight (Wi) for each specific match-up can then be107

computed following:108

Wi =
Areai

N(Areai)
(1)

Weights for each region are listed in Table 1. Biomes 2 (North Pacific Subtropical Seasonally109

Stratified) and 17 (Southern Ocean Ice) have less than 15 match-ups (3 and 2 respectively) across all110

sensors and are therefore not considered in the rest of this study as their very high individual weight111

would bias the computation of the new coefficients and because they likely have high uncertainties112

relative to the central tendency in their own region. They are therefore assigned a N/A weight113

(Table 1).114

In order to ensure that the updated algorithms are representative of the global ocean, we used a115

Monte-Carlo type sub-setting according to the following method: For each sensor, the total number116

of match-ups in each biome was computed. Within each biome, a certain number of match-ups117

were extracted in order to obtain a subset that was representative of the percentage of the ocean118

covered by each biome. The number of match-ups selected in each biome was based on the largest119

possible amount of match-ups in the biome that had the largest discrepancy between the proportional120

surface area and the number of actual match-ups. For example, in the case of MODIS-Terra and121

Kd(490), Biome 4 had the largest discrepancy with only 17 match-ups and a coverage of 12.29% of122

the ocean. Therefore we selected all 17 match-ups and sub-sampled the other biomes in accordance123

with the proportional surface area listed in Table 1, for a total number of 135 match-ups. This was124

repeated 100 times (each time picking random match-ups from each biome), in order to compile a125

”proportional dataset” for each sensor that was proportionally representative of the global dataset.126

Statistical metrics were computed over the total proportional dataset for each sensor.127

Statistical metrics on the whole (unweighted) dataset, not taking into account uneven coverage,128

are found in the Supplementary material for comparison purposes (Table S1).129
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Table 1: Area and proportion of the global ocean represented by each Oceanic biome based on [16]
and with the two Mediterramean biomes added. The total number of match-ups for the full data-set
is reported (with all sensors combined), and the individual weight for each float-Satellite match-up
is reported based on the number of match-ups in one specific biome, as well as its relative area as
described in equation 1. Biomes 1,2,3,5 and 17 have less than 15 match-ups and were therefore
considered ”empty” for the rest of this study, so as not to skew the fitting coefficient of the new
parametrization for attenuation algorithms.

Biome Name Biome Number Area (106 km2)
Proportion of
total area (%)

Number of
match-ups

Individual weight
of match-ups

North Pacific Ice 1 4.59 1.37 0 N/A
North Pacific Subpolar
Seasonally Stratified 2 12.84 3.85 3 N/A

North Pacific Subtropical
Seasonally Stratified 3 6.83 2.04 0 N/A

North Pacific Subtropical
Permanently Stratified 4 41.05 12.29 170 0.072

West pacific Equatorial 5 11.69 3.50 0 N/A

East Pacific Equatorial 6 14.89 4.46 102 0.044
South Pacific Subtropical
Permanently Stratified 7 52.71 15.79 434 0.036

North Atlantic Ice 8 5.48 1.64 225 0.007
North Atlantic Subpolar
Seasonally Stratified 9 10.06 3.01 690 0.004

North Atlantic Subtropical
Seasonally Stratified 10 5.97 1.79 22 0.081

North Atlantic Subtropical
Permanently Stratified 11 17.46 5.23 436 0.012

Atlantic Equatorial 12 7.41 2.22 23 0.097
South Atlantic Subtropical
Permanently Stratified 13 18.06 5.41 704 0.008

Indian Ocean Subtropical
Permanently Stratified 14 35.94 10.76 16 0.673

Southern Ocean Subtropical
Seasonally Stratified 15 29.69 8.89 380 0.023

Southern Ocean Subpolar
Seasonally Stratified 16 39.63 11.87 305 0.039

Southern Ocean Ice 17 18.68 5.59 2 N/A

Western Mediterranean 18 0.73 0.22 2493 8.8 ×10−5

Eastern Mediterranean 19 1.86 0.56 2969 1.9 ×10−4

2.3 Updated algorithms for Rrs-retrieval of Kd(λ)130

2.3.1 Empirical algorithms used for the operational products.131

Two different algorithms computing Kd(490) evaluated in [1] and their associated coefficients are132

here re-parameterized. The first is the operational level-2 and level-3 product for Kd(490) of both133

NASA and ESA. Although two distinct products, both are based on the same empirically-derived link134

between in-situ Kd(490) measurements and blue-to-green Rrs band ratio [6], originally developed for135

CZCS with ”blue” defined as the wavelength closest to 490nm and ”green” the sensor’s wavelength136

between 547nm and 565nm. NASA’s version2 is computed as follows, with the Ai coefficients tuned137

to each specific sensor, and Kw(490) = 0.0166m−1 being the value used for the diffuse attenuation138

2https://oceancolor.gsfc.nasa.gov/atbd/kd_490/
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at 490nm due to seawater.139

Kd(490)
NASA = Kw(490) + 10

A0+Σ4
i=1Ai

(
log10

(
Rrs(λblue)

Rrs(λgreen)

))i

(2)

ESA’s version also uses Kw(490), five Ai coefficients, and a blue-to-green reflectance ratio based on140

[7].141

Kd(490)
ESA = Kw(490) + 10Σ

4
i=0Ai((log10(

Rrs(490)
Rrs(560) ))

i

(3)

For the sake of comparison, NASA’s and ESA’s empirical products (applied to their respective142

sensors) will be grouped together in the statistical metrics and referred to as Kd(490)
NASA/ESA.143

2.3.2 Semi-Analytical algorithm based on IOP retrieval.144

Kd(λ) retrieval from the semi-analytical algorithm (herein Kd(λ)
QAA) was first published in 2005 [9]145

and refined in 2013 [10]. It is based on the relationship between Kd(λ), IOPs, and the solar zenith146

angle (θ). It was constrained using Hydrolight simulations using the synthetic IOCCG data-set [17].147

The IOPs for absorption (a(λ)) and backscattering (bb(λ)) at any wavelength are retrieved from148

Rrs(λ) using the Quasi-analytical algorithm (QAA) [18] version 6 3 with ηw(λ) = bbw(λ)/bb(λ):149

KQAA
d (λ) = (1 + 0.005θ)× a(λ) + (1−A1 × ηw(λ))×A2 ×

(
1−A3 × e−A4×a(λ)

)
× bb(λ). (4)

Pure water absorption values are retrieved from [19] and pure water backscattering is corrected for150

the effect of salinity following [20]. Here we recompute the value of the Ai coefficients based on the151

match-ups at 490nm and keep the coefficient relating to the sun angle (0.005 in equation 4). For152

other wavelengths the coefficients should be the same (as in Lee’s paper [10]).153

2.4 Independent validation data-sets154

Recomputed Kd(λ)s (Kd(λ)
Rrs

NewCoeffs) were independently evaluated with existing in-situ and syn-155

thetic data-sets commonly used in global Kd algorithms development. The NOMAD (NASA bio-156

Optical Marine Algorithm Data set) data-set [21] is an in-situ data-set spanning oligotrophic to157

eutrophic waters and has been used to develop the operational empirical Rrs-retrieved Kd(490)158

level-2/level-3 product from NASA4 and contains about 800 simultaneous Ed(λ) and Rrs(λ) mea-159

surements. The COASTLOOC data-set consists of oligotrophic to eutrophic measurements in Euro-160

pean waters and contains 195 pairs of reflectance below the surface (R(0−, λ)) and Kd(λ). R(0−, λ)161

was converted to Rrs with Rrs = 0.133 × R(0−, λ) following [22]. The International Ocean Color162

Coordinating Group (IOCCG)’s synthetic data-set, originally designed to develop and validate in-163

version algorithms [2, 17] was also used, where data points simulate natural variability over a wide164

range of Case-1 and Case-2 waters. One thousand paired Rrs(λ), Kd(λ) and associated IOPs such165

as a(λ) and bb(λ) are available from this dataset. All three of these data-sets are independent and166

have varying ranges different from the newly-compiled float database [1]. Therefore, they should be167

3(https://www.ioccg.org/groups/Software_OCA/QAA_v6_2014209.pdf),
4https://seabass.gsfc.nasa.gov/wiki/NOMAD
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able to assess the robustness of the new coefficients across a different dynamic range than they were168

derived with (higher percentage of high values, strong bias towards specific biomes).169

Since coefficients for the KQAA
d (490) algorithm are recomputed using Kd(490)

float, applying the170

same coefficients to assess the accuracy of retrieval at another wavelength (such as 412nm to retrieve171

Kd(412)) provides an additional independent validation for the performance of the new formulation.172

2.5 Cost functions used for each algorithm173

New coefficients were computed for the twoKd(λ)
Rrs and theKd(PAR)Rrs algorithms by minimizing174

the following cost function:175

χ =

N(match−ups)∑
i=0

Wi ∗
∣∣Kd(λ, i)

Rrs

NewCoeffs −Kd(λ, i)
float

∣∣
Uncertaintyi

(5)

where Wi is the individual biome-weight of each match-up (see equation 1), Uncertaintyi for176

a given match-up defined as the maximum value between a minimum constant uncertainty (0.005)177

due to sensor specificity and a percentage (10%) of Kd(λ)
Rrs : Uncertaintyi = max(0.005m−1, 0.1 ∗178

Kd(λ)
Rrs) and Kd(λ)

Rrs

NewCoeffs is derived from equations 2, 3, and 4, depending on the algorithm179

evaluated. The set of coefficients Ai, i = 1 : 5 resulting in the smallest cost function χ is considered180

as resulting in the best retrieval for our data-set and are termed the ”new coefficients” (available181

in Table S2). The uncertainty formulations is designed to have an absolute error at low values and182

proportional error at larger values as will be expected as a result of uncertainties that are both183

instrumental and environmental.184

185

Unlike Kd(490)
NASA/ESA, Kd(490)

QAA was initially developed [9] with one single set of coeffi-186

cients for all satellite sensors. To ensure that using a ”sensor-specific” set of coefficients (found in187

Table S2) for each satellite wasn’t resulting in a bias in Kd(490) retrieval between different sensors,188

we tested the retrieval of Kd(490)
QAA for each sensor using level-3 gridded Rrs from each sensor for189

the month of July 2020. The same method of retrieving the IOPs from Rrs using QAA and subse-190

quently computing Kd was used for each sensor. The idea was to assess how each sensor-pair would191

retrieve Kd with their own input data (Rrs), and if using the sensor-specific coefficients resulted in192

a different distribution between sensors-pairs than when using the same coefficients for all sensors193

(in this case the specific ones derived for MODIS-Aqua). Statistical metrics were computed for194

both cases ”same coefficients” and ”sensor-specific coefficients” and are found in the Supplementary195

(Table S3).196

2.6 Net Primary Production (NPP) models197

To evaluate the impact of the revised Kd(490)
QAA algorithm, we implemented it into two commonly198

used, global NPP models. We chose to evaluate solely Kd(490)
QAA, as the new parametrization199

yields similar performance to Kd(490)
NASA/ESA and is more adapted to a global ocean with both200

Case-1 and Case-2 waters. The first model is the Vertically Generalized Production Model (VGPM).201

The VGPM is a chlorophyll-based model that relies on chlorophyll a (Chl a) concentration, day202
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length, the maximum possible rate of primary production at a given location (derived from Sea203

Surface Temperature (SST)), and a light-dependent function [23].204

The Carbon-based Productivity Model (CbPM) computes phytoplankton biomass from partic-205

ulate back-scattering (bbp) and estimates growth rate (µ) from the observed chlorophyll to carbon206

ratio [24] compared to the median mixed layer irradiance. The updated version (CbPMv2) is used207

here [4], which attenuates light spectrally throughout the water column.208

There are notable differences regarding the input of Kd(490)
QAA between these models and how209

it is used; in both, monthly gridded Kd(490)
QAA
NewCoeffs / Kd(490)

QAA
Original computed using QAA-210

retrieved a and bb from Rrs are used as inputs. In VGPM, Kd(490) is converted into Kd(PAR)211

using Morel’s algorithm [7] for a layer of thickness 1/Kd(490) m. In CbPMv2, Kd(490) is used to212

compute a spectral Kd(λ).213

Monthly mapped level-3 ocean color climatology from MODIS-Aqua were downloaded from214

the NASA Ocean Biology Distributed Active Archive Center (OB.DAAC)5 for the whole mission.215

Monthly mixed-layer depths for 2021 required as input in the CbPM model were calculated from216

the data-assimilative HYCOM model output (using a density threshold of 0.03 kg.m−3 criteria)217

and were downloaded from the Ocean Productivity webpage6. Monthly nitrate climatological pro-218

files were downloaded from the World Ocean Atlas select [25] (WOAselect) and nitracline depths219

were defined as the depth at which nitrate concentration (NO3) > 0.3µM per [4]. Climatology of220

Kd(490)
QAA
NewCoeffs and Kd(490)

QAA
Original were computed using L3 Rrs data from NASA’s OB.DAAC221

to use as inputs in the NPP models. The new coefficients chosen to compute Kd(490)
QAA
NewCoeffs222

were the ones recomputed for MODIS-Aqua.223

224

When performing the annual assessment, monthly data (for the whole 20-year climatology) were225

averaged for each pixel. We compare the models by performing a single modification; either we use226

Kd(490)
Rrs

NewCoeffs or Kd(490)
Rrs

Original, all other inputs were kept exactly the same. When computing227

the average percent difference over a given month, the sum of the difference was divided by the228

number of pixels with existing NPP data either in the whole ocean (for the global comparison) or229

in regions with either low (Kd(490) < 0.026m−1) or high (Kd(490) > 0.1m−1) Kd(490) (for the230

regional analysis). All results reported here were weighted to account for the latitudinal changes in231

the pixel area.232

5https://oceancolor.gsfc.nasa.gov/l3/order/
6http://sites.science.oregonstate.edu/ocean.productivity/index.php
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3 Results233

3.1 Kd(490) retrieval234

(a)
(b)

(c)
(d)

Figure 1: Comparison of KRrs

d retrieval for the full match-up data-set (with all sensors grouped
together) from two different algorithms with the newly computed vs. the original coeffi-
cients. (a) Kd(490)

Rrs

NASA/ESA compared to Kd(490)
float. (b) Error ratio of Kd(490)

Rrs

NASA/ESA

to Kd(490)
float.(c) Kd(490)

Rrs

QAA compared to Kd(490)
float. (d) Error ratio of Kd(490)

Rrs

QAA to

Kd(490)
float. New coefficients are listed in Table S2. The blue vertical line in (b) and (d) is

0.026, the minimum value of Kd(490) in the NOMAD dataset.

Overall, for most satellite sensors the new coefficients resulted in an improvement for both algorithms235

(Kd(490)
NASA/ESA and Kd(490)

QAA) with a bias closer to one and a lower ADP (Table 2), at the236

exception of OLCI-S3A for Kd(490)
NASA/ESA.237

Kd(490)
QAA
NewCoeffs performs similarly to Kd(490)

NASA/ESA
NewCoeffs for all measured statistical metrics238

and has a slope closer to one. The bias for the low values of Kd(490) < 0.026 m−1 is no longer239

present although there appears to be a larger error ratio for some of the higher Kd(490) values240

than with Kd(490)
Rrs

Original (Figure 1). The number of match-ups with an error ratio (normalized241

difference between Kd(490)
Rrs and Kd(490)

float ) larger than ±25% when comparing the new vs.242

original coefficients decreased from 25% to 17% for Kd(490)
NASA/ESA and from 60% to 17% for243
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Table 2: Statistics for Kd(490)
Rrs vs Kd(490)

float for each of the six studied satellite sensors. For
each sensor, a sub-sample was extracted at random to create an ensemble that has a proportion
of data points from each biome consistent with the area covered by each biome. 100 ensembles
(with random data points from each biome extracted every time) were added together to recreate
a dataset representative (in proportion) of the ocean. Statistical metrics were computed on this

proportional dataset. Bias is the median of the ratio between KRrs

d and Kfloat
d , Average Percent

Difference (ADP) is as defined in [9], Root Mean Square Difference (RMSE) as defined in [8] and
the slope between the log of the values is retrieved after performing a robust (bi-square weighting
function) linear fit using the Matlab integrated function fitlm.

NASA / ESA Kd(490)
MODIS-Terra MODIS-Aqua VIRRS-SNPP VIIRS-JPSS OLCI-S3A OLCI-S3B

Coefficients Old New Old New Old New Old New Old New Old New
Bias 1.17 1.00 1.18 1.00 1.08 0.98 1.07 0.99 1.02 0.93 1.17 1.00
ADP (%) 21.76 14.39 22.79 14.53 15.84 14.74 15.81 14.41 16.71 18.79 16.88 9.72
RMSE 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.02 0.01 0.01
r 0.87 0.87 0.88 0.88 0.87 0.87 0.91 0.91 0.74 0.74 0.95 0.97
Slope 0.95 1.00 0.95 0.99 0.98 1.01 0.98 1.00 0.98 1.01 0.96 1.00

QAA-based Kd(490)
MODIS-Terra MODIS-Aqua VIRRS-SNPP VIIRS-JPSS OLCI-S3A OLCI-S3B

Coefficients Old New Old New Old New Old New Old New Old New
Bias 1.26 1.01 1.38 0.98 1.37 0.98 1.34 0.96 1.33 0.96 1.43 1.00
ADP (%) 29.67 14.77 38.55 16.03 37.82 14.06 34.88 14.27 33.47 14.17 38.90 12.59
RMSE 0.01 0.01 0.02 0.01 0.02 0.01 0.01 0.01 0.02 0.02 0.01 0.01
r 0.86 0.86 0.86 0.85 0.88 0.87 0.91 0.91 0.78 0.77 0.94 0.94
Slope 0.93 0.99 0.91 1.00 0.90 1.00 0.91 1.01 0.92 1.00 0.90 1.00

Kd(490)
QAA.244

3.2 Independent validation245

Since the float data-set was used in the derivation of the new coefficients there isn’t complete246

independence between the two. We note, however, that the number of degrees of freedom in the247

data-set is much larger than the number of fitting coefficients computed, and hence they may be248

considered as, de-facto, independent.249

In any case, the new coefficients were also validated in two additional ways. First, we used250

the same float data-set but assessed the performance of the QAA-based algorithm at a different251

wavelength, 412 nm. Since the coefficients were re-computed and fitted only using the 490 nm,252

Kd(412)
QAA retrieval using those same coefficients is independent (as the Kd(412)

Rrs /Kd(412)
float

253

match-ups were not used in the derivation of the new coefficient). There is a very significant254

improvement in retrieval for Kd(412), with a smaller bias, a smaller ADP by 29%, a smaller RMSE,255

and a slope closer to 1 (Figure 2), with the small-value bias significantly better as only 28 % of256

the new coefficient values have an error ratio of ±25% now (compared to ≈ 70% for the original257

coefficients).258

The second way in which the new coefficients were independently assessed was by application to259

other data-sets of Rrs-Kd(490) match-ups used to derive and assess Kd algorithms. The NOMAD,260

COASTLOOC, and synthetic IOCCG data span conditions from Case-1 to Case-2 waters and have261

a different statistical distribution than the float matchup database [1]. Performance in Kd(490)-262

retrieval of those three databases decreases to some extent with the new coefficients: they result263
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in a higher ADP and RMSE (Figure 2) and a larger absolute bias. The new coefficients tend to264

underestimate Kd(490). There are no significant differences in retrieval performance with the new265

coefficients when considering the full in-situ datasets or when selecting only data points correspond-266

ing to a Case-2 water type from the IOCCG, NOMAD and COASTLOOC datasets : in both cases267

the new coefficients perform less well. Note, however, that we have not weighted the performance268

metrics by the area of the oceans they are representing.269

(a) (b)

(c) (d)

Figure 2: Comparisons between Kd(λ)
QAA and Kd(λ)

inSitu for independent databases not used in
the computation of the new coefficients. (a) Kd(490)

QAA versus Kd(490)
InSitu with the original

(Old) and the New coefficients. Shown here are NOMAD, COASTLOOC and the synthetic IOCCG
database comparisons for the full data-sets. (b) Kd(490)

QAA versus Kd(490)
InSitu with the original

(Old) and the New coefficients on Case-2 waters from the COASTLOOC and the synthetic IOCCG
databases. (c) Kd(412)QAA versus Kd(412)float for the Original (orange) and the New (blue)
coefficients. (d) Error ratio of Kd(412)QAA/ Kd(412)float for the Original (orange) and the New
(blue) QAA coefficients.

3.3 Impact of new coefficients on Global Primary production quantifica-270

tion271

3.3.1 Annual comparison272

Annual percentage differences between using Kd(490)
QAA
Original or Kd(490)

QAA
NewCoeffs (the difference273

between the two Kd(490)
QAA will be referenced to as Kd(490)

QAA
Diff ) as inputs in each of the two274

primary production models were computed; for VGPM (hereafter called ∆NPPV GPM ), the overall275

difference for the annual time series NPP shows a seasonal signal in areas with low Kd(490) (Fig-276

ure 3), and to a lesser extent in areas with high Kd(490). For the low Kd(490) areas (defined as277
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Kd(490) < 0.026 m−1), we note a higher-than-average difference between original and new coeffi-278

cients, with a relative annual mean difference value of ≈ 79.2 %, and an absolute annual production279

difference of 7.88 Pg C.yr−1. The percent difference is larger in the summer months for each hemi-280

sphere, with a maximum increase in late Spring and early Fall for the North Hemisphere. For the281

high Kd(490) values (defined as Kd(490) > 0.1m−1), the annual difference is significantly lower, with282

an average of ≈ - 10%. The spatial pattern of difference in NPP retrieved from the VGPM model is283

correlated with the pattern of Kd(490)
QAA
Diff . The extent of ∆NPPV GPM is similar to Kd(490)

QAA
Diff ,284

with a smaller relative difference in the productive areas characterized by a large Kd(490) and a285

large NPPV GPM (such as the high latitudes of the northern hemisphere) and the highest difference286

in the areas with low Kd(490) such as the subtropical gyres (Figure 3). When summing all data287

points within the climatology and weighting by each 1° pixel area, ∆NPPV GPM is 35.53%, that is288

the use of Kd(490)
QAA
NewCoeffs results a ≈ 35% increase in the estimate of global primary production289

(increasing from 38.32 Pg C.yr−1 to 53.86 Pg C.yr−1).290

The effect of changing Kd(490) in CbPMv2 is different than of VGPM. ∆NPPCbPM has an aver-291

age yearly difference in primary production of 38.66 %; production increased from 55.66 Pg C.yr−1
292

(using Kd(490)
QAA
Original) to 77.18 Pg C.yr−1 (using Kd(490)

QAA
NewCoeffs). The maximum percentage293

difference is in the Southern Ocean and the North Atlantic (Figure 3). Regions of low Kd(490) show294

a difference of 38.71%, an increase of 7.19Pg C.yr−1, consistent with the results from VGPM. In295

High Kd(490) areas (> 0.1m−1), ∆NPPCbPM is also smaller on average (19.32%).296
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(a)

(b)

(c)

Figure 3: Difference in annual average NPP when using the original vs. the new coefficients as
inputs in Kd(490)

QAA using different Primary Production models. The left side is a map of the
annual average percentage difference (%) and the right side is time series across months for regions
with low Kd(490)

QAA(< 0.026), high Kd(490)
QAA(> 0.1) and for the overall region. Separation

within each region is made for the North and South hemisphere to better represent seasonality. (a)
Vertically Generalized Production Model (VGPM). (b) Carbon-based Productivity Model version 2
(CbPMv2). (c) Legend for the yearly climatology.

4 Discussion297

In this work, we set as our goal to derive new coefficients for existing algorithms for Kd(λ) so that298

they would be less biased globally. The use of weights in the fitting was designed so that the size of299

each biome and the number of match-ups within said biomes are taken into account. Additionally,300

we assumed a specific uncertainty for the fit (proportional to Kd except at low values) and minimized301
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a cost function based on absolute difference. This, of course, means that the fit is different from302

that which would be derived by weighing all match-ups equally, assuming the same uncertainty for303

all points and minimizing a cost-function based on root-mean-square.304

A bias for small values of Kd(490) had already been identified in previous studies, albeit with305

different cutoff values (0.03m−1in [8] and 0.026m−1 in [1]) but had not been addressed as it repre-306

sented a minimal proportion of the in-situ or simulated data-sets evaluated. However, a significant307

area of the ocean is characterized by clear waters with low Kd(λ). Using the new coefficients we308

find the area where Kd(490)
QAA
NewCoeffs < 0.026m−1 during the climatology to represent 33% of the309

ocean (versus 0% with the original coefficients) and Kd(490)
NASA/ESA
NewCoeffs < 0.026m−1 represents 38%310

of the ocean (versus 24% for the original coefficients). Although primary production and carbon311

export are lower in these clear-water regions, the large areas they represent means that this bias is312

likely to have a significant impact on the quantification of physical and biological processes.313

4.1 Improvement matching Kd for the BGC-Argo data-set314

Using the new Kd coefficients resulted in significant improvement in the statistical metrics of match-315

ups between floats and satellites at the global scale, but the improvement varied depending on the al-316

gorithm and the sensor. Kd(490)
NASA/ESA showed the smallest improvement, but it was still signifi-317

cant at the individual sensor level. The Austin and Petzold algorithm upon whichKd(490)
NASA/ESA

318

is based was designed to work on clear Case-1 open-ocean waters so it is not surprising that it per-319

forms relatively well on the float data-set that is exclusively comprised of open-ocean measurements.320

The fact that there remains a bias (although of decreased amplitude) for low values when using321

the newly computed best-fit coefficients (Figure 1) is likely due to two factors: 1) The small values322

have a relatively low weight in the overall cost function, meaning that the cost function will try to323

minimize the bias for larger Kd values in priority (since they represent larger under-sampled ocean324

regions) and 2) the coefficients in the NASA/ESA algorithm are related to the blue/green band325

ratio of Rrs. The ratio might not be able to encompass the variability in Kd that is due to other326

parameters than the blue/green ratio (which is directly linked to the Chlorophyll a content of a327

water body [26]) such as the presence of high concentrations of Colored Dissolved Organic Matter328

(CDOM), Total Suspended Matter (TSM), and the effect of solar angle among others. Therefore,329

there would be limitations in the algorithm design itself, rather than in the coefficient recalculation330

per-se. Additionally, the blue/green spectral ratio follows an asymptotic shape, meaning that once331

it reaches a certain value of Kd(490), the ratio will no longer be influenced by changes in Kd(490)332

[9]. The limitations of the NASA/ESA empirical algorithms are well documented and it is widely333

accepted to be only suitable for Case-1 relatively clear open ocean waters [8, 9, 27].334

On the other hand, the semi-analytical algorithm generating Kd(λ)
QAA was developed to work335

on a wide variety of waters and at all visible wavelengths, which means that the original range for336

which it was designed is much larger than for Kd(490)
NASA/ESA. However, no data used in either337

the computation of its original coefficients or the validation had values of Kd(490) below 0.026m−1
338

[1, 9, 10] which likely caused the bias for small Kd values when the original coefficients were used.339

This bias was mostly resolved here, resulting in the number of match-ups with an error ratio greater340
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than 25% going from 60% to 17 %, which shows that using IOPs and solar angle might be a more341

robust way to retrieve Kd(λ) than the link between Kd(490) and a reflectance ratio associated with342

chlorophyll change when aiming to accurately retrieve the full range of variability found in nature.343

Although the small value bias appears to be resolved by the use of the new coefficients, the larger344

values in our data-set (Kd(490) > 0.1m−1) are more under-estimated than previously. Again, this345

appears to be due to the fact that they do have a lower weight in the final computation.346

The limited geographical area covered by the data in NOMAD (Gulf of Mexico, Eastern Coastal US,347

Pacific gyre and Mediterranean Sea) and COASTLOOC (Mediterranean Sea, Eastern and Coastal348

North Artlantic) means that they can almost be considered as a regional dataset. Given that we349

tried to recompute coefficients that work for the whole ocean, it is not surprising that a ”regional”350

algorithm performs better than a global one in the specific region it was developed. The fact that351

there is little difference in the retrieval for the full datasets versus for the Case-2 water types using352

the new coefficients suggests that the modified algorithm is able to accurately retrieve Case-2 waters353

even though it wasn’t derived with such data. However, we see a large variability in the new354

coefficients that were computed between sensors (Table S2). This leads to the conclusion that there355

may be too many coefficients tuned in this algorithm, resulting in several ”solutions” when trying356

to determine the best coefficients that allow to compute Kd(λ) from a(λ) and bb(λ). Future work357

could explore if adjusting the number of coefficients and/or its explicit formalism could improve this358

algorithm .359

Using sensor-specific coefficients versus one set of coefficients as inputs in Kd(490)
QAA did result360

in slight differences between sensor-pairs (Table S3). Metrics indicate that using sensor-specific361

coefficients might result in slightly different retrieval of Kd(490), which means that when using362

different satellite sensors to retrieve Kd(λ), using the globally-derived coefficients (found in Table363

S2) might ensure a consistent retrieval between sensors.364

4.2 Quantification of the bias in NPP365

To assess the impact of the new algorithm, two different satellite-based primary production models366

were evaluated. The objective here was not to compare the performance of those models and367

assess which one was the closest to reality but to quantify how the change in Kd(490) computation368

propagates to a change in primary production obtained from each individual model. VGPM’s369

NPP, by design, is correlated with Kd(490) [23] (Figure S4). Since the largest difference between370

Kd(490)
QAA
NewCoeffs and Kd(490)

QAA
Original occurs for small Kd(490) values (Figure 1), the oligotrophic371

gyres show the highest ∆NPPV GPM due to the underestimation of the euphotic depth. High372

Kd(490) areas even show a small decrease in NPP ( −0.62 Pg C.yr−1), consistent with the pattern373

in Kd(490)
Diff .374

Another notable feature in areas characterized by low Kd(490), visible in the outputs of both375

VGPM and CbPMv2 , is the presence of a seasonal cycle in ∆NPP . Between summer (higher376

∆NPP ) and winter (lower ∆NPP ), there are differences of ≈ 50% for VGPM and ≈ 20% for377

CbPMv2 (Figure 3).378

The seasonal cycle in difference can also be attributed to the change in Kd(490) in those olig-379
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otrophic waters, where Kd(490) is strongly correlated with Chl a. In winter there is higher Chl380

a (associated with a higher biomass of phytoplankton and/or photo-acclimation), resulting in a381

larger Kd(490). On the other hand, summer is characterized by stratified, nutrient-limited waters,382

supporting a smaller amount of biomass of high-light adapted cells, effectively leading to a lower383

Kd(490) [28]. Since smaller Kd(490)
QAA values have a larger bias than higher values, there are larger384

∆NPPV GPM and ∆NPPCbPM in the summer than in winter. This effect is not as pronounced for385

the high Kd(490) areas (defined here as Kd(490) > 0.1m−1) for VGPM (≈ - 10 %) since the bias was386

smaller originally, and the reparametrization shows a slight overestimation of high Kd(490) values,387

which explains why there is a small decrease in yearly NPP in those regions.388

CbPMv2 shows a very different spatial pattern than VGPM models, with ∆NPPCbPM maximal389

in regions associated with deep winter mixing. The design of the CbPMv2 model explains why it390

behaves in a different manner: since NPP is integrated with depth until the bottom of the mixed391

layer, the larger the layer, the larger the change in the amount of light (here our ∆Kd(490)) will392

have an effect (as it will propagate through the layer). It is important to note that those areas393

with a very large mixed layer resulting in a large percentage change in NPP are in fact not very394

productive, as they are limited by light availability. Therefore even if the percentage change is very395

high ( Figure 3), the magnitude of the effect of ∆Kd(490) is small in those areas ( high Kd(490) areas396

show an overall increase of 1.70 to 2.03 PgC.yr−1 when changing the coefficients and the maximum397

median monthly difference for the Southern hemisphere is in August and has an amplitude of 70%),398

which explains why ∆NPPCbPM (38.71 %) is not much larger than ∆NPPV GPM (35.53 %), despite399

having areas where annual average percentage differences reaching ¿ 150% in the North Atlantic and400

in the Southern Ocean (notably due to deep convective mixing in the North Atlantic Ocean).401

Subtropical gyres represent 41% of the global ocean surface [29]. Numerous studies have at-402

tempted to quantify NPP in the gyres either with in-situ measurements [29] or using models [30,403

31] or both [32]. Estimates have historically ranged from 125 - 450 mgC−2 d−1 [32]. Our findings404

show the largest discrepancy between the new and original Kd coefficients for the VGPM model405

happens in the subtropical gyres (characterized by very clear waters with small Kds), and that it406

has a non-negligible impact on the overall global primary production. Our results also indicate that407

the subtropical gyres are responsible for a higher proportion of the global productivity of the ocean408

and that their role has been previously underestimated. Updating the Kd coefficients and applying409

them to the gyres’ NPP estimates results in a net annual production change ranging from 7.19410

Pg C.yr−1 (CbPMv2) to 7.88 Pg C.yr−1 (VGPM). In the context of a changing climate, with the411

warming of the surface ocean and the associated decrease of vertical mixing, subtropical gyres are412

expected to increase in area [33] and their NPP is expected to decrease [34]. It is thus important to413

monitor how NPP changes in these areas with un-biased algorithms.414

5 Summary415

This study derived new coefficients for the computation of the spectral and planar diffuse atten-416

uation of exiting algorithms, making them more consistent globally. Using these new coefficients417

within commonly-used diffuse attenuation models (NASA/ESA, QAA) improves their performance418
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in optical water types ranging from Case-1 to Case-2. Previously computed attenuation coefficients419

were significantly over-estimated, resulting in an under-estimation of the depth to which light pene-420

trates in oligotrophic waters, particularly in the subtropical gyres. The effect of the newly-computed421

Kd(490) on different NPP algorithms suggests that NPP was underestimated in the gyres by as much422

as 38% (CbPMv2 model) to 79.20% (CbPMv2 model). This results in a global bias in NPP. As ex-423

plained in [1], the underlying reason for the bias in attenuation was the lack of training data for424

algorithms from clear ocean regions and thus efforts should be made to continue to gather data rep-425

resentative of all areas of the oceans. BGC-Argo floats have been proven to be a very valuable tool426

for validation of global satellite products and here for their improvement and further deployments427

should be encouraged, as many regions of the globe are still under-sampled (e.g. the equatorial428

Pacific Ocean, [1]).429

6 Supplementary430

Table S1: Statistics for Kd(490)
Rrs vs Kd(490)

float for each of the six studied satellite sensors as

well as for the full data-set. Bias is the median of the ratio between KRrs

d and Kfloat
d , Average

Percent Difference (ADP) is as defined in [9], Root Mean Square Difference (RMSE) as defined in
[8] and the slope and intercept value are retrieved after performing a robust (bisquare weighting
function) linear fit using the Matlab integrated function fitlm.

NASA / ESA Kd(490)
MODIS-Terra MODIS-Aqua VIRRS-SNPP VIIRS-JPSS OLCI-S3A OLCI-S3B

Coefficients Old New Old New Old New Old New Old New Old New
Bias 1.13 0.97 1.12 0.96 1.06 0.95 1.04 0.97 1.09 1.00 1.19 1.05
ADP (%) 20.53 16.74 19.76 16.52 17.33 16.69 17.10 16.12 18.47 16.46 22.08 16.76
RMSE 0.01 0.02 0.01 0.02 0.01 0.02 0.01 0.01 0.01 0.01 0.01 0.01
r 0.90 0.90 0.89 0.87 0.88 0.88 0.92 0.92 0.83 0.83 0.91 0.91
Slope 0.96 1.00 0.96 1.01 0.98 1.01 0.99 1.01 0.97 1.00 0.95 0.98

QAA-based Kd(490)
MODIS-Terra MODIS-Aqua VIRRS-SNPP VIIRS-JPSS OLCI-S3A OLCI-S3B

Coefficients Old New Old New Old New Old New Old New Old New
Bias 1.27 1.01 1.37 0.99 1.36 0.98 1.34 0.96 1.33 1.00 1.39 1.00
ADP (%) 29.74 14.87 38.58 16.07 38.19 14.55 34.59 14.70 34.11 14.34 38.70 12.88
RMSE 0.01 0.01 0.02 0.01 0.02 0.01 0.02 0.01 0.02 0.02 0.01 0.01
r 0.87 0.87 0.86 0.85 0.86 0.86 0.91 0.90 0.75 0.75 0.94 0.94
Slope 0.93 0.99 0.91 1.00 0.90 1.01 0.91 1.01 0.92 1.00 0.90 1.00

Figure 4: Difference in annual average Kd(490) when using the original vs. the new coefficients as
inputs.

17

Jo
urn

al 
Prep

rin
t



Table S2: New coefficients that resulted in the smallest cost function for each of the two algorithms
evaluated, and for each satellite sensor. If interested in code used to derive coefficients, see data
availability section for link to GitHub repository. Original coefficients can be found in [1]

Kd(490)
NASA/ESA Kd(λ)

QAA

A0 A1 A2 A3 A4 A1 A2 A3 A4
MODIS-Terra -0.9688 -2.1177 2.4232 -3.3654 -1.5287 0.7589 0.9845 0.5973 11.5902
MODIS-Aqua -1.0437 -0.1871 -7.8081 15.5137 -12.8250 2.7842 0.0000 -3.4312 -35.2503
VIIRS-SNPP -0.9331 -1.6787 1.0895 -2.1979 -1.0046 0.1502 -0.8199 1.2391 -3.1546
VIIRS-JPSS -0.7693 -2.2239 1.7810 -2.4596 -1.0182 3.0194 0.0000 -2.4206 -35.2523
OLCI-S3A -0.9365 -1.6523 0.9479 -1.5629 0.0889 0.3224 0.6513 0.7598 4.0967
OLCI-S3B -0.9633 -0.7257 0.7890 -4.1177 0.0561 -0.2756 -1.5233 1.6874 -3.1597
Global N/A N/A N/A N/A N/A 2.6188 1.2322 1.2351 38.8292

Table S3: Statistical metrics of the distribution of Kd(490)
QAA derived from monthly level-3 Rrs

data for July 2020 for each sensor-pair. In the top part are the metrics for when using a single set
of coefficients derived for Modis-Aqua available in Table S2 and in the bottom part are the metrics
when using the individual coefficients derived for each specific sensor available in Table S2.

Aqua vs.
Terra

Aqua vs.
Viirs

Aqua vs.
OLCI-S3A

Aqua vs.
OLCI-S3B

Viirs vs.
Terra

Viirs vs.
OLCI S3A

Viirs vs.
OLCI-S3B

Terra vs.
OLCI-S3A

Terra vs.
OLCI-S3B

OLCI S3A vs.
OLCI S3B

Using 1 set of Modis-Aqua coefficients.
Bias 1.004 0.859 0.876 0.886 1.170 1.023 1.035 0.876 0.886 1.010
ADP 6.692 17.965 16.440 15.402 19.107 9.226 9.093 15.761 14.737 6.704
RMSE 0.143 0.522 0.582 0.581 0.120 0.428 0.223 0.225 0.214 0.136

Using the Individual sensor coefficients.
Bias 1.063 1.039 0.866 0.981 1.037 0.833 0.956 0.813 0.929 1.141
ADP 12.761 9.437 17.446 13.419 9.685 21.523 12.194 26.254 9.737 18.197
RMSE 0.616 0.918 0.565 1.037 0.364 0.964 0.437 0.488 0.039 0.619
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