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National Aeronautics and Space Administration's (NASAS)current atmospheric
correction (AC) algorithm for ocean color utilizes two bargland their ratio in the near
infrared (NIR) to estimate aerosol re ectance and aerosolype. The algorithm then
extrapolates the spectral dependence of aerosol re ectane to the visible wavelengths
based on modeled spectral dependence of the identi ed aerosl type. Future advanced
ocean color sensors, such as the Ocean Color Instrument (Ofthat will be carried on
the Plankton, Aerosol, Cloud, and ocean Ecosystem (PACE) tallite, will be capable of
measuring the hyperspectral radiance from 340 to 890 nm at 5¥m spectral resolution
and at seven discrete short-wave infrared (SWIR) channels40, 1,038, 1,250, 1,378,

1,615, 2,130, and 2,260nm. To optimally employ this unprecdented instrument
capability, we propose an improved AC algorithm that utiles all atmospheric-window
channels in the NIR to SWIR spectral range to reduce the uncexinty in the AC process.
A theoretical uncertainty analysis of this, namely, multimd AC (MBAC), indicates that the
algorithm can reduce the uncertainty in remote sensing re etance (Rs) retrievals of the
ocean caused by sensor random noise. Furthermore, in optidly complex waters, where
the NIR signal is affected by contributions from highly re etive turbid waters, the MBAC
algorithm can be adaptively weighted to the strongly absoring SWIR channels to enable
improved ocean color retrievals in coastal waters. We progte here a description of the
algorithm and demonstrate the improved performance in oceacolor retrievals, relative to
the current NASA standard AC algorithm, through comparisonvith eld measurements

and assessment of propagated uncertainties in applying th&1BAC algorithm to MODIS
and simulated PACE OCI data.

Keywords: ocean color, atmospheric correction, PACE, aeros ol, turbid waters

INTRODUCTION

Ocean color retrieval algorithms require an atmosphericrection (AC) process to separate
the radiometric contribution of the atmosphere from the oneagiven the radiance measured
at the top of atmosphere (TOA). The National Aeronautics amp@& Administration (NASA)
standard approach to the AC is a two-step process: the atmosphdrsuaface contributions are
rst removed using minimal assumptions about the water optigebperties (Gordon and Wang,
1994; Franz et al., 2007; Ahmad et al., 2010; Bailey et 40, XMobley et al., 20)6and the
resulting spectral water-leaving radiances are then usedéowater column optical properties and
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constituent concentrations (e.ggordon et al., 1988; O'Reilly geometry, thus rendering the e ectiveness of the NIR-SWIR
et al., 1998; Morel and Maritorena, 2001; Hu et al., 201Z&witching questionable.

Werdell et al., 2013 AC involves nding a solution to a set of One way for reducing the uncertainty in ocean color retrigva
deterministic models, enabling the removal of atmospheritipa using the SWIR bands is to use more spectral information to
and surface e ects from the TOA signal. The primary challengeeduce sensor random noise impact produced by low SBE

is determining the contribution of aerosols (a primary soei@f et al. (2000, 20074)sed a spectral matching technique to t the
uncertainty in the AC) to the atmospheric path radiance, whichmeasured TOA signal with an aerosol lookup table (LUT) for
is highly variable and, thus, must be inferred from obseorat bands>860nm and demonstrated improved retrieval of ocean
This approach takes advantage of the strong absorption @& ectance in turbid and shallow waters from MODIS-Aqua
water in the Near Infrared to Shortwave Infrared (NIR-SWIR)and Airborne Visible/Infrared Imaging Spectrometer (AVIRIS
(longward of 700 nm) to separate the atmospheric and oceanithey also showed a sensitivity study indicating that SWIRdsa
signals (Gordon and Wang, 1994; Wang et al., 2009; Ahmadre sensitive to variations in aerosol size distributioreduding

et al., 201)) This AC process aims for retrievals that meetsome ne-mode dominant types, although the sensitivity is
ocean color requirements (i.e., 5% uncertainty on watevitep weaker than that of the visible-NIR spectral regime. Other
radiance at 443 nm) over the open ocean and in the absence wiethods that utilize more spectral information for the AC,
strongly absorbing aerosols (i.e., dust, organic, andistadoon)  such as machine learning techniques (i.e., neural netwank)
(Gordon and Wang, 1994; Mobley et al., 2D1& coastal and coupled atmosphere—ocean simultaneous retrievals, havenshow
optically complex waters, the water-leaving radiance real® promising results Gordon et al., 1997; Chomko and Gordon,
often fail in meeting that requirement due to non-negligthl 1998, 2001; Chomko et al., 2003; Stamnes et al., 2003; Jamet
water-leaving radiance in the NIR bands used for the AC, wittet al., 2005; Brajard et al., 2006; Schroeder et al., 200%; Spu
water-leaving radiance often underestimated or even megat et al., 2007; Kuchinke et al., 2009; Steinmetz et al., 20&1; H
value. Iterative AC techniques have been developed to modei al., 2012; Frouin and Gross-Colzy, 2016; Fan et al., 2017;
the ocean re ectance in the NIR, which mitigate the problemGossn et al., 20)9 Some of these algorithms were more
e ectively in moderately turbid and productive waterSi¢gel successful over the open ocean, while others were speci cally
et al., 2000; Bailey et al., 2).1Although this iterative approach tuned for coastal cases, and they often require the use of-a bio
has been used in the NASA standard processBgil¢€y et al., optical ocean model with inherent assumptions about the marin
2010, it has been shown that such methods can fail in highlyoptical properties.

turbid waters (Vang et al., 2012; Goyens et al., 201Gther Cloud detection and masking in turbid waters can also be
methods, based on the SWIR bands, have been shown e ectighallenging. Extremely turbid waters are masked as cloudmnwh
in separating the aerosol signal from the TOA signal over lyigh a simple NIR threshold technique is used, as is the case for the
turbid waters, due to the increased water absorption at thesstandard NASA processingVang and Shi (2006proposed an
longer wavelengthsShi and Wang, 2007; Wang and Shi, 2007improved cloud masking in coastal regions using SWIR channels
2012; Jiang and Wang, 2014; Vanhellemont and Ruddick, 2016ther cloud masking methods that utilize more spectral bands
Pahlevan et al., 20).7The SWIR-based methods has limitations,have shown improved discrimination between clouds and water
however, for two reasons: (1) the signal-to-noise ratio RPN in highly turbid conditions (Nordkvist et al., 2000

on SWIR bands is low for current ocean color sensors [i.e., NASAIs planning to launch the Plankton, Aerosol, Cloud, and
MODIS (Moderate Resolution Imaging Spectroradiometer) andcean Ecosystem (PACE) satellite in 2022. The PACE satellit
VIIRS (Visible Infrared Imaging Radiometer Suite)] and (Bt will host a state-of-the-art hyperspectral ocean color sensor
approach generally requires discrete switching from the NIRthe Ocean Color Instrument, OCI). OCI will measure the
AC bands to SWIR bands over coastal waters, thus producingyperspectral radiance at the TOA from 340 to 890 nm at 5-nm
spatial inconsistency or artifacts in the retrievals. Foaraple, spectral resolution and at seven discrete channels in theRSWI
Shi and Wang (2007utilized 1,240 and 2,130 nm for MODIS 940, 1,038, 1,250, 1,378, 1,615, 2,130, and 2,260 nm, bftwbic

to perform the AC using the 2-ban@ordon and Wang (1994) are water vapor bands (940 and 1,378 nm) and ve are window
AC approach. The algorithm switches from NIR to SWIR basedbands (i.e., no major gas absorption features). In fact, Ol w
on a turbidity index threshold $hi and Wang, 2007; Wang and host the rst instrument with a set of SWIR bands primarily
Shi, 2007; Wang et al., 2009Verdell et al. (2010have shown designed for the ocean AC. The SWIR bands will have su cient
the e ectiveness of the 2-band SWIR AC approach, but wittradiometric performance (i.e., high SNR with low systematic
increased uncertainties in the ocean color retrievals dulw  bias) to enable their use for AC over open oceans as well aatoast
SWIR SNR of MODIS-Aqua. Still, other studies have shownvater conditions (prahim and McKinna, 2018 The analysis
failure in the NIR-SWIR switching method due to the NIR senso throughout the manuscript assumed the following SNRs for OCI
saturation at moderate to high turbidity (i.e2,35g m 3) where (420 at 1,038 nm, 280 at 1,250 nm, 220 at 1,615nm, and 76 at
the NIR bands on MODIS-Aqua saturate at TOA radiance®,260 nm, excluding 2,130 nm as cloud band), for the typical
>2.8-3.45 mW cm? mm 1 sr ! for 748nm and>1.9-2.45 ocean scene, which are based on current best estimategisince
mW cm 2nmm 1 sr 1for 869 nm and improper cloud masking design is currently subject to slight changes. The AC algori
(Aurin et al., 2013 A recent study by.iu et al. (2019)ndicated proposed here attempts to exploit the unprecedented capabilities
that the turbidity index, responsible for the switching, e of OCI to improve the quality of ocean color retrievals froneth
with the aerosol size distribution, optical depth, and obsggv PACE mission.
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MULTIBAND AC ALGORITHM

The heritage aerosol correction algorithm utilizes two @sn 1.3 i—a 005 010 015 gy —" _
either in the NIR or SWIR spectral range by calculating a band E —" 1
ratio of the Rayleigh@ surface) and gas corrected re ectance F ]
namely, epsilon, as follows: c 1.2 a4 E
Q F ]
(9 D 3 E
"p- &9 1 a, 1.1¢ ]
a( 1) ) @
where sand | correspond to the short and long wavelength 1,0; f
either in the NIR or SWIR range (e.g., for MODIS; D 748nm E ]
and | D 869nm)and ,. /isthe aerosol re ectance de ned as: 0.9 E 1

[La. /CLla. /] 0.00 0.02 0.04 0.06 0.08 0.10 0.12

a. /D . , 2 pa (869 nm)

Fo is the extraterrestrial solar irradiance and is the cosine | T'GURE L IAgraphof multiple-scattering epsilon74g D 1748/ g60) VS.
rggg for solar zenith,"o D 36 , view zenith," D 30 , relative azimuth angle,

of the solar zenith angle. Since the aerosol radiance teren is| o5 120 | and relative humidity (RHP 80% from MODIS LUT phmad and
strong function of the viewing/illumination geometry, theJT Franz, 2018).
is generated as a function of the solar and sensor zenithean
and relative azimuth angle. NASAs current approach to edtma
the aerosol re ectance term is by nding the best match of
the observed single scattering epsilon value to the modglesin extinction coe cients () vary along the “vertical” axis. This
scattering epsilon value. Since the LUT is calculated fot afse parametrization of the LUT allows one to readily calculate th
deterministic aerosol models based Ahmad et al. (201Q)the aerosol re ectance at any grid point. One advantage of this
algorithm interpolates the single scattering aerosol reaece approach over the current NASA standard algorithm is that it
from the LUT to match the observed re ectance. Accountingprovides a mathematical framework for the aerosol re ec&anc
for multiple scattering interactions between the aerosotl an determination that facilitates the application of standardogrr
molecules, is crucial when extrapolating the re ectance tgropagation techniques.
shorter wavelengths. Given the aerosol type estimated from The multiband AC (MBAC) algorithm is based on this multi-
the single scattering epsilon in the longer wavelengths, thecattering epsilon approach bynmad and Franz (2018)but
multiple scattered aerosol radiance is then estimated thhou it utilizes all the spectral window channels (i.e., not a ette
a polynomial relationship derived through vector radiativeby strongly absorbing gases such as water vapor, oxygen, and
transfer simulations@ordon and Wang, 1994and this multi-  carbon dioxide) available at which the water absorption ghttd
scattering estimate of aerosol path re ectance is then usé¢ldd  separate the aerosol signal (i.e., black-pixel). MBAC deteFsin
aerosol correction. the best aerosol model by tting the magnitude and the spettru
The process of deriving single scattering epsilon and thenf the aerosol re ectance at all window NIR to SWIR bands
converting it into multiple scattering radiance is unneaeys (e.g., excluding 940- and 1,378-nm channels for OCI). The
since currently computationally feasible multiple scattgri aerosol re ectance at each wavelength is stored in a LUT as a
tables can be easily generated and irreversible since therepblynomial function of the geometry (not shown in Equation
no 1-1 relationship between multiple and single scattering for simplicity), aerosol optical depth, relative humiditynca
when dierent aerosol types are mixedthmad and Franz ne-mode fraction:
(2018) proposed an alternative approach, where the aerosol
model and optical properties determination is done in multiple
scattering space. It is based on themad et al. (2010aerosol
models, for which the TOA re ectance due to aerosols can be Cc ,RHf 4 3)
described by three parameters: relative humidity (RH), Arayat
exponent @), or the analogous ne-mode fractionf), and  \yhere a, b, and c are the tting coe cients stored in the
op_tical thickness of the aerosols)(in the model atmosphere. ger0s0l LUT. For any spectral band in the NIR-SWIR range at
Briey, for any relative humidity suite, the dependence Ofyhich the water-leaving radiance can be assumed negligite, t
multiple-scattering epsilort'. / D (éie)g) on (869) would atmospheric path radiance can be derived from the observed
look like the x—y plot shown in Figure 1 Here,r refers to TOA radiance. Assuming a proper correction for absorbing gase
TOA aerosol re ectance and the subscript numbers refer tqdiscussed in the section Correction for Absorbing Gases) a
wavelength bands. Rayleigh scattering has been done, aerosol re ectance ean b
In Figure 1, the aerosol optical depth J varies along determined and the aerosol optical depth can then be estimated
the “horizontal” axis, and the Angstrom exponen&)(and by solving the quadratic equation, as

a »aRHf Da ,RHf Cb ,RHf a
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q
b saRHf C b gegRH,f > 4 C ggoRH,T a geo, RH,f 9 gg9)

a D869nm, RH, f D 4
2 Cc ggo RH,f

For consistency with the system vicarious calibration pdore,  relative humidity and ne-mode fraction. Note that the geetny
which is performed relative to one wavelength in the NIRjs omitted from Equation 6 for simplicity; however, it depends
(e.g., 869nm for MODIS), the optical depth is estimated abn the solar and viewing zenith and relative azimuth angles.
that wavelength. DOFis the degree of freedom of the observed signal. Assuming
For an observed aerosol re ectance, the optical depth casach band in the NIR and SWIR is an independent observations,
be calculated for each aerosol model sBH(f) as shown DOFis the number of bands from the shortest band in the NIR,

in Figure 2 s to the longest band in the SWIR,. 2( ) is the squared
The algorithm then calculates the aerosol optical depth angheasurement uncertainty (variance assuming gaussianorand
re ectance spectrally for all aerosol models as: noise) of the sensor, as determined from the sensor-speci saoi

RH.f modelforggiven radiance .Ievel. .
a ,RHf D————" | geRH,f , (5) SW( ) is a spectral weight (SW) that is set to change the
869 RH, f relative weighting in the cost function for the spectral bails
di erent environmental conditions. For example, settiSyVv. /
where  ,RH,f is the aerosol extinction coe cient for to 1 in all bands will minimize the cost function to t the aerdso

each aerosol model. Then, the spectral aerosol re ectangg ectance to all NIR/SWIR bands. The method will then be
for each aerosol model seRKl,f) is recalculated from the skewed to bands with better radiometric performance (ifee, t
polynomial equation. NIR). And when the weight is set 0 for NIR bands, the cost
The MBAC algorithm ts the aerosol re ectance in the NIR fynction will be skewed toward longer wavelengths in the SWIR
and SWIR for all models calculated in the previous step. HOWevehere the ocean signal is still negligible. In this implementat
since multiple solutions can exist, especially at Iow_optle@ItU _we vary the SW, adaptively, as a function of the number of
over the open ocean, we constrain the model selection to densi iterations in the itérative sche,me Bhiley et al. (2010which is

only those models with the two relative humidities brackgtihe . . .
observed RH (as obtained from ancillary meteorological datafUrrently used in the standard NASA AC algorithm to estimate

The maximum likelihood method is used to nd the closestany non-negligible water-leaving re ectance contribution
solution by minimizing the cost function: the NIR bands. The Bailey algorithm works by modeling the

ocean re ectance in the NIR based on a bio-optical model for
$2 RHI D 1 X' opse | a SRHf SW( ), (6) productive waters. The aIgo'rithm is initiated by a rst guexfs
' DOE 5 2() ' the NIR ocean re ectance [i.eRs(NIR) D 0], where the AC
° is performed, and then th&s(NIR) is estimated based on a

where s / is the observed aerosol re ectance angbio-optical model that is propagated to the TOA to perform

RH.f is the aerosol re ectance from the LUT for eachanother AC and this process is repeated until the changes in
the retrieved ocean re ectance #2%. Similarly, the MBAC

algorithm performs the AC at every iteration while bio-optical
model parameters and the SW are tuned until the convergence
x10~2 criterion of 2% change in ocean re ectance is met. Thus, more

2

a

g —— RH = 75%, f = 30% iterations indicate more di culty in tting the bio-opticalmodel
§ 49 __ RH = 75%, f = 50% possibly due to a higher optical complexity in turbid waters. The
= ||--- rE=80% 5 =30% SW is then calculated &88W. / D exp( Q / [iJm;X—Z%]),
=, |77~ RH=80%,f="50% 4 wherei is the number of iterations in the current step angax
< 3 is the maximum number of iterations set in the Bailey aldamit
§ (operationallyimax D 11). Note that the actual number of
N 9 iterations is reduced by 2 since the algorithm always perform
gl at least two iterations in the AC: the rst one with Rayleigh
o correction only (to estimate glint), and the second one foe th
T - aerosol correction.Q / is an empirically estimated value that
§ determines the slope of the exponential function for a given
= i i i sensor by processing various scenes to inspect for imagachstif
0.1 0.2 0.3 We adopted an exponential function for the SW to ensure a
Aerosol Optical Depth 7,(\ = 869nm) quick transition toward the SWIR bands once non-negligibl&N
ocean signal is detected since the SWIR bands will have ah e ec
FIGURE 2 | The aerosol re ectance as a function of the aerosol optical deth only when the weight on the NIR bands is largely reduced. This i
at 869 nm for aerosol models with relative humidity RHD 75% and 80% and because measurement uncertainty on the NIR is nea”y anrorde

for ne-mode fraction f D 30% and 50%.

of magnitude lower than the SWIR bands (at least for MODIS
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and VIIRS sensors). Higher value of the sld@e / > 10 leadsto wheren is the number of models to be mixed such thestarts

a quick switching to the SWIR bands in coastal waters, iridgd  from minimum 2 and ends with the maximum 2. However,

for low/moderate turbidity, while smaller values5 give more there is no strong justi cation to mix all models since a mike

dependence on the NIR AC in the same water conditions. Foof all the models is not what happens in the atmosphere. A more

MODISA, Q / D 7 for NIR bands and 0 for SWIR bands, as thisphysical description is to nd the mostimmediate models ardun

provides for a smooth transition from open ocean AC, where wehe observations, of which?,i,; and 2,,» can be used as a

want an equal SW on all bands to a smaller weight on the NIR inveight to the aerosol re ectance, wharés 2.

more turbid waters. In the open ocean, NIR bands will dominate This process is repeated for the second set of RH in the case

the cost function; thus, the AC will be similar to the standar that the ancillary RH falls between two values in the aerosdl L

approach, while in turbid waters, the AC will depend more on theto estimate 5 ,RHo, fmix . Finally, a linear interpolation of the

SWIR bands. The slop& / will primarily impact the number two estimated aerosol re ectance is calculated as follows:

of iterations required in the convergence; thus, it is natically

important to have an exact optimal value. What really matters a »RHopsfmix D (1 WrpH) a »RH1, Tmix

is the bio-optical model used in thigs convergence in the rst C WH 4 RH, fnix (11)

few iterations where the AC is aected by the modeled NIR

re ectancg. After thre_e or four iterations, the_bio-optiaabdel The nal a ,RHypsfmix should t through the observed

becomes irrelevant since the cost function will be mostlyv@® 550l re ectance in the NIR and SWIR channels, while the

toward the SWIR bands. With every iteration, anew coStflTct  ¢yiaholated re ectance to the visible channels based on the
will be calculated with new aerosol models, and the NIR-SWIR, j el mixtures are used for the aerosol correction.

ocean radiance will be estimated until the convergencerait To demonstrate how the tting of the spectral information

in Bailey et al. (20105 met. If the bio-optical model does not improves the determination of the aerosol spectral dependence

converge in sediment-dominant waters, the SW in those casgs. show in Figure 3 an example of two retrievals of the
will skew all of the cost function toward the SWIR bands, thus,oq50] re ectance for a 50% ne-mode fraction case ands@ar

improving the AC. _ mode dominant aerosol case, 10% ne-mode fraction, at 77.5%

At each iteration of the AQ, the following steps are perform_edRH using the 2-band and the 6-band MBAC algorithms. The
ZA;ZUT'n?h a smooth unimodal shape to the cost function, 5 ysis is done by propagating an assumed ocean re ectance for
H,f, the minimum of the function at which the best cpi5r.4 p 0.03mg m3, from The International Ocean-Color
solution exists can be calculated as: Coordinating Group (IOCCG) report 10 for MODIS bands, to
2 the TOA and adding the RayleighC(glint) and the aerosol
r$° RHf DO ™ re ectance at one geometry (solar zenith D 25 , view zenith,

" D 26, relative azimuth angl€) D 90) (IOCCG, 201). We
ssume an optical depth of 0.2 at 869 nm for the two aerosol cases
he summation of all these signals at TOA is the total radéanc

(re ectance), of which we add sensor rando@ systematic

noise (as described in the section Error Assessment). Tagdv

simulate the expected measurement uncertainty for these spec
observations. The Rayleig@ @lint) re ectance is then removed
from the total signal, and the resultant signal is the noised
observed TOA re ectance (blue curve), which is the summmatio
of the water and aerosol re ectance at TOA needed for thes@ro
correction algorithms. We also show the true (input) aerosol
re ectance that we aim to retrieve, shown as the black curte.

minz2 T D min:f 2 f ( fin12 99 (9)  red and green curves show the retrieved aerosol re ectaooe f

the observed (noised) re ectance, for the 2-band standa@ A
and the 6-band MBAC algorithm, respectively.

The observed aerosol re ectance typically falls in-between gjnce the 2-band algorithm aims to match the spectral
the two closest aerosol reectancea ,RHi,fmin1 and dependence of the aerosol as a two-band ratio in the NIR,
a ,RHi,fmin2 from the model set, and are chosen based oryyirapolating that information to the visible (and SWIR) will
the 2ying f and Zpn, f, similar to the current operational gepend on the radiometric quality of these two NIR bands and
algorithm. Since the ne-mode fractions in the table areatéte  the |inear mixing of the aerosol types in the LUT necessary for

values with a relatively coarse step, an interpolation or e visible correction. As can be seen fr@igure 3 the spectral

smoothing scheme of the aerosol re ectance is necessary. Ofependence of the retrieved aerosol re ectance using then2-ba
way of doing this is to weight all of the aerosol models Withi”algorithm (red curve) is similar to the observed re ectarfbkie

the set for all ne-mode fractions with the . curve) within the NIR range, which is expected. However, that

P max._ 2 does not necessarily retrieve the correct re ectance irnvibible
115 a RH ,  (10) andSWIR, ofwhichthe retrieval departs from the input referen

a ,RHl,fmix D max,_ 2 H i
nD11= “n re ectance (black curve) in both ne-mode fraction cases tbe

For the sake of simplicity in the operational code
implementation, the 2-d partial derivate can be converte
into 1-d minimization problem by nding the minimum of the
cost function for a given RH set (i.&kH;) from National Centers
for Environmental Prediction (NCEP). However, ideallyettost
function minimization could be done for optical depth, ne-
mode fraction, and relative humidity [i.er., 2 RH(f D 0].
The cost function will be minimized for a set of ne-mode
fractions of aerosols. The smallest twévalues in the set will be:

2n1 f D min:f 2 fg (8)

2
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0.04
-¢- input model
0.06 1 £c‘ —e =~ observed (noised) reflectance
‘“;‘ =®= 2 —band retrieval 0.03 1 ;;;’;~\
N =®= 6 — band retrieval S
s 0.04 1 2 ”:.“*.
SY 0.02 1
0.02 1 5 0.01 4 S
*1\\\
) SN
0.00 T T T T T 0.00 T T T T T
443 667 869 1240 2130 443 667 869 1240 2130
Wavelength (nm) Wavelength (nm)

FIGURE 3 | Example to demonstrate the aerosol re ectance retrievals fioMODISA using the 2-band (red curve) and 6-band (green curvejgorithms. The input model
re ectance (black curve) is before adding noise; meanwhilehe observed re ectance (blue curve) is the noised re ectancefter removing the RayleighC glint
re ectance (i.e., the observed re ectance is the aerosolC water signal). The left panel is for aerosol with 50% ne-modéraction and the right panel is for 10%
ne-mode fraction, and in both cases for 0.2 optical depth at 89 nm. Solar zenith"o D 25 , view zenith," D 26 , relative azimuth angle0 D 90 .

other hand, the 6-band algorithm ts the spectral informatiior ERROR ASSESSMENT
the whole NIR-SWIR range and thus is less a ected by the sens% .
Igorithm

noise as more spectral information improves the chance toet th h | in th orithm i q
right model. This is also demonstrated as the 6-band alborit Tt ed.aerots'o dLUTt.'n It N MB’:‘C a%OIE m 1S prelz-f:otrﬁputeth
retrievals (green curve) overlap with the input referencedelo fat |sc|ret\_|ze tOp lt;:atwprop(;r_ 1es (t) € a:jero:f:,o S{. us, d €
re ectance (black curve) throughout the whole spectrum. sThi Intérpolation step between di erent ne-mode Iractions an
demonstration, however, is qualitative; thus, a more th relative humidity increases the uncertainty in the retaéwof

’ ’ ’ ’ the remote sensing re ectance. To assess the algorithnm, eveo

analysis is shown in the section Error Assessment, incythie . : .
method to add noise to the re ectance. m_trodu_ce a setof aerosol optlcal_prope_rtles that are not pattief
discretized LUT. We do so by simulating the aerosol re ectan
set for an RH of 77.5%, which falls between the 75% and 80% RH
CORRECTION FOR ABSORBING GASES in the operational LUT. The aerosol properties and re ectance
are then calculated using the model setAdfmad et al. (2010)
Ocean color bands are designed to avoid detection in spectrgle 10 ne-mode fractions), but with an RH of 77.5%. To de ne
regions contaminated by strongly absorbing gases such gfe uncertainty in the AC, we estimate the root mean squared
water vapor, oxygen, methane, and carbon dioxide. Howevegrror (RMSE) inl , for the normalized water-leaving radiance.
due to the imperfect spectral response of the detectors (i.ane do so by assuming a reference ocean re ectance from IOCCG
broad bandwidth and out-of-band response), the measured TOAeport 10 for case | clear waters with chlorophyll concentmati
radiance is modulated by strongly absorbing gases. AC resjui Chlor-a, 0.03 mg m3 (IOCCG, 201). That reference re ectance
a correction for strongly absorbing gases as well as broadiy then propagated to the TOA assuming di erent aerosol types
absorbing gases, such as ozone and nitrogen dioxide thatynosand optical thicknesses for di erent geometries to perform the
absorb in the visible. The current NASA algorithm uses theuncertainty analysis. The aerosol models are basedfonad
method of Gordon (1995)that was implemented for SeaWiFS et al. (2010pperational LUTsFigure 4 shows the polar plot of
and then extended to all ocean color sensors. The methotl w at 443nm for all view geometries in the LUT, where 0
corrects for strongly absorbing gases, primarily for watqgrora relative azimuth is specular re ection plane, and for thre&so
by correcting the epsilon ratio using an empirical polynomialangles, 10, 20, 30, and 60
function for a given column gas (water vapor) concentratiol a The aerosol models encompass all aerosol types, as de ned in
air mass. To avoid this step in our proposed AC algorithm, weAhmad et al. (201Q)from ne-mode to coarse-mode dominant
generate a LUT of transmittances of all strongly absorbiageg cases with equal weights, and the aerosol re ectances were
that include oxygen, water vapor, methane, and carbon dxidcalculated for optical depth ranging from 0.05 to 0.35 at
using HITRAN 2012 LBL absorption databaseo(hman et al., 869nm. The uncertainty level in the retrievals is generally
2013; Ibrahim et al., 20)8The water vapor LUT is a function smaller than the scale midpoint at 0.0015 and increases with
of column water vapor following the ATREM method &fao  increasing solar angle from 10 to 60rhere are some hotspots
et al. (2000) The other gases are corrected based on ancillaip the geometry plot that indicated a higher uncertainty in
or climatology column concentrations, while the transraitte  the retrievals. These regions could be due to the decreased
is adjusted for air mass per pixel. MODIS and VIIRS sensorsensitivity of the aerosol models, where the algorithm nds
have strong out-of-band e ects from absorbing gases inthéfSW it dicult to determine the type due to the ambiguity in
range; thus, the LUT correction method allows for a properthe phase function of aerosols at certain scattering angles,
correction to utilize all window SWIR bands (i.e., excluglimater geometry midpoint interpolation errors, but further analyss
vapor bands) in the MBAC algorithm. needed. The uncertainty in the aerosol re ectance at 443 nm,
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FIGURE 4 | (A-D)are the algorithm uncertainty in water re ectancel \, at 443nm as a function of the viewing geometry for solar zeth angles of 10, 20, 30, and
60 , respectively. The simulations are done for all aerosol meds with relative humidity RHD 77.5% at optical depth at 869 nm from 0.05 to 0.35, and the retieval is
done using models with RHD 75% and 80%.
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FIGURE 5 | The normalized density histogram of the percentage differee for the aerosol re ectance and optical depth retrievals 8443 and 869 nm, respectively,
and the Angstrom coef cient for all cases of different aerosbtypes, optical depths, and geometries.

optical depth retrievals at 869 nm, and the Angstrom coe cientcoe cient retrieval shows a mean bias 0f1.9% with a standard
expressed as a percent dierence are shown Figure5 deviation of 15%. The small bias and standard deviation eigic
for all simulated cases of 1,037,400 (i.e., 12 solar angle that the algorithm can well-retrieve the optical depth; howeve
35 sensor angle 19 azimuth angle 10 models 13 thereisamore signi cantuncertainty in the Angstrom codent
optical depth). retrievals with tendency to retrieve coarser aerosol types t
The mean bias in the aerosol re ectance at 443nm@04% the input data. This could be an inherent error due to the
and the standard deviation is 3.5%, while optical depth resiev de nition of the Angstrom coe cient that assumes a power
is 0.05% with a standard deviation of 1.35%, and the Angstroraw relationship of the aerosol spectral dependence from d43 t
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869 nm. Since we are including all cases of aerosol types widmd the Gaussian random noise is generated as:

equal representation, the uncertainty is overestimatedthia

cases at the extreme ends of the aerosol's LUT, there colddgse LnoiseD N .0, /, (14)
errors in the retrievals because of the necessity to extatgod
models that are not in the table. However, these extreme efds
the LUT are intentionally added to reduce that necessitytifigr
extrapolation since these aerosol conditions are rarelges
based on AERONET dataAfimad et al., 2010 Finally, note
that the uncertainty increases at the highest two valuesnef

The result of the analysis shown igures 6A,Bindicates that

the geometrically averaged uncertainty in re ectante,y, is
closer to 0.0016 levels for the 6-band MBAC algorithm, while
it is slightly higher near 0.0021 levels for the 2-band AC for
MODIS-Aqua noise levels. The improvement in the uncertainty
mode fractions (ie.f D 0.95 andf D 0.80). Since most of between the two algorithms is shownkigure 6Cas the ratio Qf
the aerosol absorption is in the ne-mode aerosols, these twé w(6 bgnq) t_o thel w(2 0 ban_q) AC. The average reduction
models are more absorbing than others; thus, the di erence i N uncertainty is nea.rlyrq 24% usmﬁ theh6-band MB'AI‘C _fO; theh
the single scattering albedo #s0.05 in the blue wavelengths, 6-SDI§_'ICI%TCS®ZOE owgver,hw en the Zar(r;télana ¥S'S or the
which can induce more than 3% errors in the aerosol re eceanc, > IS done using the exp(_ecte per orma:ce,
at TOA by linear mixing Abdou et al., 1997; Ahmad etal., 2010 the average reduction in the uncertainty approaches 29% as

Additionally, NIR and SWIR bands used in the cost functioe ar :/lhOO\S/InSmAFlgure .6D' t;helvzgfgvelly m%des.t wn&nrgvtergetnt tfr?r
less sensitive to ne-mode aerosols; thus, ne-mode domtina -Agqua using the algorithm 1s attributed to the

cases will be erroneously observed as coarser aerosold wr{i]‘édﬁcﬁg perf?rm,z\a/lrg:glgf tsrllf/lFSQWIhR rad:ome;nc dettehctlon._Trr:te
is the case for the operational algorithm. The only method ta '9 L( ) for channels reduces the weig

reduce that uncertainty is by inferring the aerosol propestas n th.e cost fun(_:tlon n qletermllnlng t.he best aerosol models,
shorter wavelengths while minimizing the impact of the marin relative to the higher radiometric quality of the NIR bandhe

re ectance. For example, observations in the UV could improv%/lgﬁc alg?“thdm’ h()tvyever,fshows mgre |tm|:t)kr]ov_ement f?jr St‘.rllleR
the MBAC algorithm when non-absorbing ne-mode aerosols ype of radlometric performance due 1o e increase

: - of the SWIR detectors relative to its NIR channels, although
are present over coastal (absorbing) waters where the UV|S|gnt e visible performance is kept the same as MODIS for relat?ve
is negligible. OCI will measure in the UV, which will be a subjec P P

of future work comparison. It is apparent that the merit of the MBAC algorithm

' will prevail when the estimated aerosol re ectance at the NIR
Random Noise bands is compromised. In fact, that is the case for nearly 10%
The uncertainty in the TOA radiance measurements due t@' (e global ocean, where the non-negligible re ectancenfro
sensor random noise will impact the retrieval uncertainty ofthe turb|d/cqastal ocean leads t_o systematic underesitmaind
the ocean re ectance through in uence on the AC process. Thé)ften negative re e(_:tan_ce retr_levals du_e to over_corret:ti(_)r .
uncertainty propagation of the sensor noise is simulated hergeg)sols. l(\:/lolre details will be discussed in the section Appoieati
using the Monte Carlo method, where the sensor noise at a givéfl ©¢€an Color Instrument.
SNR value is generated for 300 iterations for all aerosolatsets Systematic Errors

mentioned above. We performed the sensitivity analysis using . :
o have a complete understanding of the potential sources of
the NIR 2-band AC (standard approach) and a 6-band MBAG ncertainty for the MBAC algorithm, we also performed an

(ie., fof MODIS 7.48’ 859, 869, 1’240’.1'640’ and 2‘13.0 nre). T nalysis to understand the impact of systematic uncertainty
theoretical analysis for MODIS-Aqua is done for the six bands

. : on the retrievals. Systematic errors in measurements ang ve
however, we drop 1,640nm in our real retrievals because i

defective detect t that band. Th . del h sch cult to characterize post-launch due to the lack of an acate
etective detectors at that band. 1he NoISe mode! here 8Sabsolute calibration apparatus on-orbit. Typically, a solarsgr
on the MODIS model with the noise-equivalent radiance of:

is used as a calibration reference; however, due to the irateed
degradation of the di user, the absolute calibration with igfn
degree of certainty cannot generally be achieved. Thugdban
] ] ] color community depends on a system vicarious calibration,
where Co( ) and Cy( ) are linear t coe cients of the noise \yhich aims to remove any systematic bias due to the sensor
model from Xiong et al. (201Q)and § ) is the spectral- o aigorithm errors. For all ocean color sensors processed
dependent spatial weight to bring all bands to a common spatiagy NASA GSFC, we use the vicarious calibration method by
resolution since MODIS land bands have ner spatial resolutio Fran7 et al. (2007using the MOBYin situ measurements as
than ocean bands. We also performed an analysis at PACE-Ogtound truth. The vicarious calibration procedure reduchs t
radiometric performance levels, where the MODIS noise mod&ystematic uncertainty to 0.5% for all bands relative tog66-
was scaled to OCI noise levels such that the noise equivalegiy band for MODIS sensors. However, the absolute calibration
radianceNEL L, response to the dynamic range is consistent fopt 869 nm and SWIR bands is assumed to be 2%. Typically,
both instruments. systematic errors will depend on the environment and geometry
The random noise for each iteration is generated as follows: at which the instrument is observing the Earth. Systematis bi
can be in uenced by various observing conditions and sensor
NEL L( ) (13) Characteristics, such as the operating temperature, ingtnim
Le( ) polarization sensitivity, stray light, and optical or elextic

NELL. /D [Co. /CCi. / L. /] S. 1, (12)

D
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FIGURE 6 | (A,B) are the algorithmC random uncertainty in water re ectance,1 , at 443 nm as a function of the viewing geometry for solar zethi angles of 30 ,
using six bands MBAC and two NIR bands AC, respectively(C,D) are the ratio between the re ectance uncertainty using six bads AC with MODIS-Aqua noise
levels, and PACE OCI noise levels. The simulations are doner fall aerosol models with relative humidity RED 77.5% at optical depth at 869 nm from 0.05 to 0.35,
and the retrieval is done using models with RHD 75 and 80%.

cross-talk. The behavior of the errors on a per-pixel basisioan The bias is generated for the number of iterations in the
be easily predicted; thus, it remains unknown; however, th#1C analysis for each bandJ( 1,1) is uniform distribution
bias can be reduced through prelaunch characterization andf random numbers from 1 to 1, whileL. ,, m/ is Lower
derived correction algorithms (e.qg., polarization corfestof the ~ Cholesky factorization of the covariance matrix such that:
instrument, correction for out-of-band response, estimatiand
correction for straylight). The spectral correlation of greatic Cov. n, M/ DL. o, W/ D. ny /L . n, m/ (16)
bias can play an important role in determining the uncertainty
of the retrievals. For example, the spectral correlation & thL . n, m/ isthe conjugate value of the matrix aBd ,, m/is
two-band ratio algorithm will su er when the systematic bims the diagonal matrix. The Cholesky matrix allows the gerierat
random and independent at the two bands. Since such a specti@fl random errors with inter-bands correlation speci ed ineh
covariance in bias cannot be directly measured on-orbit, wgovariance matrix. The bias levels are then re-adjusted toma
assume a conservative scenario in our analysis by assuminghg level of the instrument.
10% correlation inter-bands, although the spectral cotieta In Figures 7A,B the uncertainty,l , at 443nm is due to
between bands could increase/decrease depending on theapecdlgorithm C randomC systematic errors for the 6-band MBAC
distance. We ran the MC analysis assuming a random bias and NIR 2-band AC, respectively. The average uncertainty for
the levels mentioned above for MODIS-Aqua observations. Ththe 2-band AC is 0.0036, while for the 6-band MBAC algorithm,
covariance matrixCov. n, m/, of the system errors is equal the average uncertainty is 0.0024, with an improvement of 33%
to 0.1 for o -diagonal elements and 1 for diagonal ones. Theover the 2-band standard algorithm as shown Higure 7C
correlated random bias is then calculated as follows: For the OCI con guration, at higher SNRs, the improvement
is only slight at 37% relative to the MODIS-Aqua con guration
in Figure 7D. This can be attributed to the dominant impact of
systematic uncertainty over random noise; however, in pcagcti
Bias.iterations /D U( 1,1) L. n, m/ (15) OCI is expected to have lower systematic errors at 1.6% Jevels
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FIGURE 7 | (A,B) are the algorithmC random C systematic uncertainty in water re ectance,1 , at 443nm as a function of the viewing geometry for solar zeth
angles of 30 , using six bands MBAC and NIR two bands AC, respectively(C,D) are the ratio between the re ectance uncertainty using 6-bads AC with
MODIS-Aqua noise levels and PACE OCI noise levels. The simtitens are done for all aerosol models with relative humiditigH D 77.5% at optical depth at 869 nm
from 0.05 to 0.35, and the retrieval is done using models witfRH D 75 and 80%.

which is not simulated here. Additionally, the high SNR onIBC and coastal turbid waters (with high total suspended materia
SWIR will have a more signi cant impact when retrieving in TSM). The open ocean re ectance was simulated with Hydrolight
coastal waters, when the NIR signal is contaminated by norassuming Chlor-aD 0.03 mg/n? and TSMD 0g m 3 while
negligible water-leaving radiance. turbid waters assume TSM 10 g m 2 that has been propagated
to the TOA for each atmospheric composition and geometry
[more details are inbrahim and McKinna (2019) The retrieval
APPLICATION TO OCEAN COLOR was done with the 2-band NIR-only algorithm and the SWIR-
INSTRUMENT only MBAC algorithm. The uncertainty is calculated for the
aerosol set as in the section Error Assessment except for one
Unlike MODIS or VIIRS, the SWIR detection assembly on OCIspeci ¢ geometry in the operational LUTs (i.e., solar zenith,
will include channels specically tuned for good radiometri "o D 25, view zenith,' D 26 , relative azimuth anglé) D 90 ).
performance over the relatively dark ocean. This signi cant-or an OCl-like instrument, the SWIR MBAC algorithm shows
advancement will provide an opportunity to improve oceana slight reduction in the uncertainty as compared to the 2-
color observations in complex water environments (i.e. stala band NIR AC over open ocean conditions. In contrast, over
ocean) due to the increased sensitivity to the aerosols as=l |efurbid waters, the non-negligible water-leaving radiantehe
to the water signal. With the MBAC algorithm, the combined NIR bands shows a large uncertainty (systematic bias) in
utilization of all SWIR channels (excluding water vapor band the re ectance retrievals from the 2-band NIR AC, which is
and NIR channels will o er an improved AC over coastal waterssubstantially reduced using the SWIR MBAC algorithm. As
and open ocean by utilizing more spectral bands to reducgreviously discussed, the S8 ), inthe cost function is based
the e ect of sensor noise and with adaptive weighting towardon the NIR iteration scheme d3ailey et al. (201(p reduce the
the bands that are less in uenced by non-negligible waterimpact of contaminated NIR bands in the AC over productive
leaving radiance. waters. The algorithm sequentially iterates over a bioagbti
Figure 8 shows the spectral uncertainty, , for proxy OCI  model until a convergence criterion is met. The SW is directl
wavelengths from the UV to red wavelengths for open oceadependent on the convergence process such that the weight on
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FIGURE 8 | The spectral uncertainty,l , for a proxy OCI wavelengths from the UV to red wavelengths fmpen ocean and coastal turbid waters. The uncertainty is
calculated at one speci ¢ geometry (i.e., solar zenitig D 25 , view zenith," D 26 , relative azimuth angle0 D 90 ). The analysis assumes a 2% systematic bias at
NIR and SWIR bands.

the contaminated NIR bands is quickly (exponentially) regldc SWIR calibration for MODIS is necessary for reliable retaisy

with increasing di culty in the bio-optical model t. The SW The SW map shows lower values (i.e., closer to 0) near the coast
is proportional to the number of iterations; thus, it trangat where the Bailey NIR iterative algorithm was triggered, sthu
linearly. At the maximum of the iterations range, the SW is serelying more on the SWIR bands with each increased iteration
to zero on the NIR bands; thus, the algorithm transitionsont The SW is, however, higher over more clear water over the
a full SWIR MBAC. This adaptive weight allows for a smoothopen Atlantic waters; thus, the algorithm relies on both the
transition in the processing between clear waters and pradecct NIR and SWIR bands. We believe that the MBAC algorithm
waters; thus, it does not require switching between two oreno should be validated in the more common moderate turbid
algorithms. This allows for producing more consistent protfic waters and highly productive waters. That scene includasmeg
while maximizing the information content from all obseriats  with high turbidity such as the upper bay regions and inland

at all bands. rivers as well as shallow water regions such as Pamlico $Sound
highly productive waters such as middle Chesapeake Bay region
APPLICATION TO MODIS RETRIEVALS highly absorbing waters such as Long Island Sound, and the less

productive to more clear waters in the open Atlantic waters.
The MBAC algorithm has been implemented into NASAsTesting the MBAC algorithm over a large dynamic range of
L2gen processing code. L2gen (Level-2 generator) within th&ater conditions and more complex atmospheric conditions
SeaDAS software package is the multi-sensor Level-1 to-Levéle., including the large range of Angstrom coe cients fro
2 processing code developed and maintained by NASAs Oce&garse to ne aerosols) provides more insight.
Biology Processing Group (OBPG) that is capable of retrggvin ~ We also show irFigure 10the aerosol's Angstrom coe cient
ocean color products from TOA radiances for a host of sensorgetrieval over these coastal regions for both the operatiand
L2gen supports multiple AC methods and variations that can b#&e MBAC algorithm.

applied to a variety of ocean color sensoBo(don and Wang, The operational algorithm shows an increased Angstrom
1994; Ruddick et al., 2000; Wang et al., 2009; Ahmad et aD; 200ver turbid or shallow regions near the coast that can be
Bailey et al., 2010; Ibrahim et al., 20.18 attributed to the failure in the NIR iterative algorithm toitigate

Figure 9 shows the Chlor-a retrieval from MODISA the non-negligible water-leaving radiance in the NIR bands.
observations for both the operational algorithm and the MBACThis artifact in the aerosol properties typically leads to the
algorithm (748, 859, 869, 1,240, and 2,130nm, excludingvercorrection of aerosol radiance and the potential reale
1,640 nm for Aqua because of bad detectors), the averagenpercef negative radiances. However, using the adaptive SW in the
di erence (APD), and the SW at NIR over the East Coast ofMBAC algorithm, it quickly damps that NIR contamination by
the United States. Qualitatively, there is general agreémedecreasing the weight of the NIR bands in the cost function,
between the two algorithms for the Chlor-a product and thrbug and thus, the Angstrom coe cient is reduced to a range that
the APD histogram. This agreement con rms the feasibilify o agrees better with the surrounding pixels. Notice that the
implementation in an operational environment. Di erences aresouthwesternmost part of the scene shows an increase in the
evident, however, in coastal waters such as the turbid Qleeg@ Angstrom coe cient with the MBAC algorithm, which could
Bay (39.5-37 N, 75.5-76 W) or the shallow Pamlico Sound be a more realistic retrieval or an artifact due to a bias ia th
(35 N, 76 W) as shown in the APD gure. There are some SWIR calibration. However, this could indicate that the MBAC
apparent artifacts in the upper part of the scene from the MBAGlgorithm is sensitive to ne-mode as much as coarse-mode
retrievals that could be due to strong NIR/SWIR calibrationaerosols. Better quantitative evidence is further disclisséhe
artifacts at the edge of the scan; however, a further assessih  next section.
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FIGURE 9 | MODISA chlor-a retrieval of a scene over the east coast of the®Jusing the operational 2-bands and the MBAC algorithm, the eerage percent difference
(APD), and the NIR Spectral Weight (SW) map used in the MBAC netvals.

VALIDATION data. Table 1 below shows the spectral uncertaintyRs( ),

R2, and the mean bias in the retrievals comparedinositu
Using NASAs SeaBASS dataseino$itu Rs measurements, we observations for MODISA for both the operational and the
performed match-up to MODIS retrievals at eight bands in theMBAC algorithm. The retrieval uncertainty, Rs( ), for the 6-
visible spectral range near 412, 443, 488, 531, 547, 555, 66and MBAC algorithmis reduced as compared to the operational
and 678 nm, using both the 2-band operation algorithm and thealgorithm, especially in the green wavelengths at 531, 547, a
MBAC algorithm for MODIS-Aqua. Many of the SeaBASS dat&b55 nm, where the uncertainty is reduced by 52, 55, and 29%,
points are coastal, however less frequent than AERONET-Of&spectively. There is a slight increase in uncertainty an®@78
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FIGURE 10 | MODISA retrieval of the aerosols' Angstrom coef cient of a scee over the east coast of the US using the operational 2-bandred the MBAC algorithm.

TABLE 1 | A summary of statistical indicators to match-ups of MODISA teievals within situ Rs from the SeaBASS dataset.

Wavelength N In situ Ryrs range Operational Algorithm MBAC Algorithm
(nm) (sr 1
1Rys (sr l) R2 Mean Bias ( sr 1) 1Rys R2 Mean Bias ( sr l)
Grh

412 331 0.00078-0.01783 0.0020 0.74 0.00089 0.0020 0.71 0.000012
443 486 0.00126-0.02289 0.0014 0.73 0.00044 0.0014 0.71 0.000029
488 506 0.00146-0.02587 0.0013 0.74 0.00053 0.0011 0.76 0.00017
531 95 0.00137-0.02759 0.0021 0.77 0.00050 0.0011 0.91 0.00013
547 51 0.00102-0.02799 0.0029 0.68 0.00079 0.0013 0.90 0.00018
555 353 0.00002-0.01196 0.0014 0.76 0.00058 0.0010 0.83 0.00040
667 380 0.00013-0.00286 0.0005 0.72 0.00007 0.0003 0.85 0.00008
678 12 0.00078-0.01783 0.0004 0.78 0.00004 0.0005 0.69 0.00006

which could be due to the lack of high-qualitysituobservations the ocean blue re ectance is small. Thus, retrievals in the
at longer wavelengths. The coe cient of determination, hewer, blue bands are slightly noisier due to the impact of low-SNR
is slightly lower for 412 and 443 for the MBAC algorithm SWIR bands due to the spectral extrapolation of the selected
relative to the operational one. There is a more signi cantaerosol models.

correlation for the green channels, 531, 547, and 555, ukiag A further investigation into a proper estimation of systencati
MBAC algorithm. Overall, the uncertainty is reduced using th uncertainty and its spectral correlation is necessary to ig@v
MBAC algorithm due to the decreased mean bias in retrievalsincertainties that are similar tim situ validation. It is important
Because of the extrapolation of the aerosol information ftben  to note that the validation analysis has been done with atiahi
NIR/SWIR to the visible, at shorter wavelengths, the rettisv SWIR vicarious calibration followingranz et al. (2007)The
uncertainty will increase speci cally in coastal waters whe reduction of systematic bias is essential to provide redisBAC
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retrievals, which will require a thorough assessment ofSdR  MBAC algorithm relative to the 2-band algorithm, especially in

calibration in a future study. the green spectral range where the reduction in the uncettasn
nearly 50% at 531 nm. An improvement in the system vicarious
calibration of the SWIR bands for current ocean color sensors

CONCLUSION shall increase the value of the MBAC algorithm in producing
more consistent products.

The MBAC algorithm shows several potential merits over NASAs

current operationalGordon and Wang (1994R-band ratio

aerosols correction algorithm. The utilization of multitds from AUTHOR CONTRIBUTIONS
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