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Abstract

Spectroradiometric satellite observations of the ocean are commonly referred to as “ocean color”
remote sensing. NASA has continuously collected, processed, and distributed ocean color datasets
since the launch of the Sea-viewing Wide-field-of-view Sensor (SeaWiFS) in 1997. While numerous
ocean color algorithms have been developed in the past two decades that derive geophysical data
products from sensor-observed radiometry, few papers have clearly demonstrated how to estimate
measurement uncertainty in derived data products. As the uptake of ocean color data products continues
to grow with the launch of new and advanced sensors, it is critical that pixel-by-pixel data product
uncertainties are estimated during routine data processing. Knowledge of uncertainties can be used
when studying long-term climate records, or to assist in the development and performance appraisal of
bio-optical algorithms. In this method paper we provide a comprehensive overview of how to formulate
first-order first-moment (FOFM) calculus for propagating radiometric uncertainties through a selection
of bio-optical models. We demonstrate FOFM uncertainty formulations for the following NASA ocean
color data products: chlorophyll-a pigment concentration (Chl), the diffuse attenuation coefficient at
490 nm (Kqa90), particulate organic carbon (POC), normalized fluorescent line height (nflh), and
inherent optical properties (IOPs). Using a quality-controlled in situ hyperspectral remote sensing
reflectance (Rrs;i) dataset, we show how computationally inexpensive, yet algebraically complex,
FOFM calculations may be evaluated for correctness using the more computationally expensive Monte
Carlo approach. We compare bio-optical product uncertainties derived using our test Rys dataset
assuming spectrally-flat, uncorrelated relative uncertainties of 1, 5, and 10%. We also consider
spectrally dependent, uncorrelated relative uncertainties in Rrs. The importance of considering spectral
covariances in Rys, where practicable, in the FOFM methodology is highlighted with an example
SeaWiIFS image. We also present a brief case study of two POC algorithms to illustrate how FOFM
formulations may be used to construct measurement uncertainty budgets for ecologically-relevant data
products. Such knowledge, even if rudimentary, may provide useful information to end-users when
selecting data products or when developing their own algorithms.
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Uncertainties in ocean color

1 Introduction

NASA has continually collected, processed, archived, and distributed global ocean color data since the
launch of the Sea-viewing Wide Field-of-View Sensor (SeaWiFS) in 1997. This two decades-long
multi-sensor data climatology continues to provide unprecedented synoptic-scale insight into near-
surface oceanographic processes. Some of the satellite-derived variables, such as chlorophyll-a
pigment concentration Chl (mg m), are considered as Essential Climate Variables (ECV) and are
widely used by the oceanographic community to study phytoplankton ecology, marine
biogeochemistry, and ecosystem responses to climate change (Franz et al., 2017; IOCCG, 2008;
McClain, 2009).

Following formal definitions outlined in the Guide to Uncertainty in Measurement (JCGM, 2008), we
can consider the objective of ocean color remote sensing is to measure oceanographic quantities or
measurands. We note that the measurement procedure involves a number of mathematical steps and
assumptions that derive the measurand from sensor-observed top-of-atmosphere radiances. Thus, a
derived ocean color data product is a result of measurement and should always be treated as an estimate
of the measurand which has inherent uncertainty.

Quantifying uncertainty in derived ocean color data products (i.e. measurands) is highly valuable,
allowing end-users to: assess if datasets are fit-for-purpose, assess if observed temporal change is
greater than uncertainty, assimilate uncertainties into climate models, and assess consistency among
sensors (Gould et al., 2014; Maritorena et al., 2010). Additionally, a thorough understanding of
uncertainty sources within a model can help guide the decisions of scientists when developing new
satellite algorithms.

The measurement uncertainty, (Umeasurement), in @n ocean color data product, y, can be expressed as the
following:

umeasurement (y ) = \/ujam (y ) t u:mde[ (y ) ) (1)

where Umodel(y) represents uncertainties in y due to inherent inaccuracies/limitation in the algorithm
(e.g. model coefficients), and udata(y) represents uncertainties in y due to uncertainties in sensor-
observed radiometry (data). In this paper we focus on ugata(Y), that is, the propagation of radiometric
uncertainties through bio-optical algorithms. For brevity, we shorten ugata(y) to u(y) throughout this
paper unless otherwise stated.

For the ocean color community, much of our understanding of measurement uncertainty in derived
data products is sourced from validation exercises using in situ datasets (Antoine et al., 2008; Bailey
& Werdell, 2006; Melin, 2010; Mélin et al., 2016) or from Monte Carlo-type simulations (Wang et al.,
2005). We note that advanced statistical methodologies have also emerged for predicting uncertainties
in derived ocean color products (Jay et al., 2018; Moore et al., 2009; Salama et al., 2009). While
validation studies remain critical for appraising the absolute skill of an ocean color algorithm, such
datasets themselves have their own measurement uncertainty associated with in situ observations
(including uncertainties associated with subpixel temporal/spatial/environmental variability). Monte
Carlo-type analyses are particularly useful for understanding measurment uncertainty, however, these
approaches can be computationally expensive and are impracticable to implement within pixel-by-
pixel ocean color processing.
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More recently, analytical first-order first moment (FOFM) methods have been proposed that can
directly propagate radiometric uncertainty through an ocean color algorithm to estimate derived data
product uncertainty (Lamquin et al., 2013; Lee et al., 2010; Maritorena et al., 2010; Neukermans et al.,
2009; Qi et al., 2017; Salama et al., 2009; Salama et al., 2011). These approaches are based on the law
of propagation of uncertainty according to JCGM (2008). A FOFM methodology benefits from being
computationally efficient, thereby allowing it to be implemented in pixel-by-pixel ocean color data
processing software (Lamquin et al., 2013). In addition, FOFM calculations can be used to estimate the
relative contribution of individual sources to total measurement uncertainty.

Work presented here is the first comprehensive examination of methods that can be used to estimate
uncertainties in NASA’s standard bio-optical data products. In this study we aim to demonstrate the
feasibility of using a FOFM uncertainty framework to approximate ocean color data uncertainty in
derived data products. The FOFM method, which itself is an analytical approximation, is first appraised
by comparing FOFM-derived uncertainties with Monte Carlo-derived uncertainties. We demonstrate
how this approach can be used as a method to check the correctness of FOFM calculations. Second,
using FOFM propagation theory, we estimate uncertainty in derived ocean color products given
spectrally-flat, uncorrleated relative uncertainties of 1, 5, and 10% in spectral remote-sensing
reflectances, Rrs;i (srt). We also consider spectrally dependent uncorrelated, relative uncertainties in
Rrs,i published by Hu et al. (2013). Third, we consider how inclusion of covariances affect uncertainties
estimates. A sample SeaWiFS scene of the Hawaiian Islands is used in this case study. Finally, we
demonstrate how the FOFM approach may be used to estimate measurement uncertainty budgets. In
our case study we consider two algorithms used to estimate particulate organic carbon (POC; mg m=),
a key metric used to understand oceanic biomass and the carbon cycle.

In this work, we utilize a high quality in situ hyperspectral Rys,i dataset that can be spectrally subsampled
to match the spectral characteristics of most existing and future ocean color sensors. This includes
NASA'’s Plankton, Aerosol, Cloud, ocean Ecosystem (PACE) mission that is currently under
development and will carry the first dedicated hyperspectral ocean color sensor.

2 Data and methods

2.1 Bio-optical algorithms and data products

The NASA Ocean Biology Data Archive and Active Distribution Center (OB.DAAC) distribute a
number of derived marine data products in two separate data suites: (i) the standard ocean color (OC)
data product suite and, (ii) the inherent optical properties (IOP) product suite. The OC suite comprises
established (legacy) ocean color data products that were developed during the SeaWiFS™ (1997 —2010)
and Moderate Resolution Imaging Spectroradiometer aboard Aqua (MODISA 2002 — present)
missions. The IOP suite comprises spectral component absorption and backscattering coefficients
derived using the default configuration of the Generalized Inherent Optical Properties (GIOP)
algorithm framework (Werdell et al., 2013). A selection of the OC suite and 10P suite products were
used in this study (Table 1). More comprehensive detail of the bio-optical algorithms used to derive
these data products and their associated uncertainties are given in Appendices A-E. We note that in this
study the GIOP used a spectral subset of our Rys evaluation dataset (described in section 2.3) spanning
412 — 655 nm.

2.2 Modelling bio-optical data product uncertainty

In this study we used the analytical law of propagation of uncertainty (JCGM, 2008) to propagate
radiometric uncertainties through models used to derive bio-optical quantities. We follow the notation

3



121
122

123
124

125

126
127
128
129

130

131
132
133

134
135
136
137

138

139
140

141
142

143

144
145

146
147

148
149

150

Uncertainties in ocean color

conventions outlined by JCGM (2008) where the uncertainty of a measured quantity, y, is denoted as
u(y) and is the positive square root of the variance, uz(y). We note that y is derived from a model, f,

of N input quantities, xi. Following (JCGM, 2008), for uncorrelated input quantities, u°(y) can be
calculated as:

() = Zka J u’(x,) @)

where, u(xi) is the 1-c uncertainty in the input quantity x;. For our notation of spectral properties used
in ocean color remote sensing, subscripts i correspond to wavelength. In this study, partial derivatives
of target parameters were calculated analytically, however, these could also be computed numerically.
For the situation where uncertainties of input quantities are correlated, Equation 2 is extended to:

N ( N-1 N
uZ(y):;ij ) )+2X Zﬂ——u(x x) @)

where u(xi, Xj) = u(xj, Xi) denotes the estimated error covariance associated with the quantities x; and x;.
Comprehensive details of partial derivative calculations for each bio-optical algorithm in Table 1 are
given in Appendices A-E.

Monte Carlo (MC) methods are routinely used to perform sensitivity analyses as well as quantify model
output uncertainties (Refsgaard et al., 2007). In this study, we have utilized a MC approach to appraise
FOFM calculations. As the partial derivative calculus within FOFM uncertainty estimates can be
complex, we have used MC-to-FOFM comparisons as a means of checking calculations.

The MC estimates of uncertainties in this study were computed as follows:

Q) A given bio-optical model, f, that derives an output y, that is considered a function of n
spectral remote sensing reflectance bands, Rysj, is run 5,000 times.

(i) Upon each iteration, each Rys; is perturbed by a factor Ar i which is randomly sampled from
a Gaussian distribution Ari ~N(O,u(R ), in which the mean is zero and the standard

deviation, u(Rys;i), is known or assumed. No spectral correlations are assumed.

(ili)  The MC simulation then generates a probability density function (PDF) for y. From the
PDF, the mean value, 7, and the standard deviation, s , can be computed.

We note that the MC method captures non-linear affects and thus we cannot always expect direct
agreement between si and FOFM-derived u?(y). Indeed, even if a bio-optical model contains weak

nonlinearities and MC model input uncertainties are normally distributed, the number of MC iterations
still needs to be suitably large for si to agree with u?(y).

2.3 Evaluation Ry dataset

This is a provisional file, not the final typeset article
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To evaluate our FOFM uncertainty method, we used a dataset of high quality hyperspectral Rys;i spectra
(N=1124). Hyperspectral radiometric measurements were collected in situ during three different
expeditions, representing a range of oligotrophic to mesotrophic waters: the SABOR experiment in the
Gulf of Maine/North Atlantic/Mid-Atlantic coast (July—August 2014); AE1319 in the North Atlantic
and Labrador Sea (August—September 2013); and NH1418 in the Equatorial Pacific (September—
October 2014). A HyperOCR system (Sea-Bird Scientific) deployed on a tethered profiler in “buoy
mode” was used to collect upwelling radiance, Ly,i (W m?2 pm™ sr), and downwelling irradiance, Eq,
(W m), spectra during deployments lasting approximately five minutes. During sample collection, the
instrument was allowed to drift far enough from the boat to avoid the ship’s shadow.

The spectra were dark and tilt-corrected, and the upper and lower 25" percentile of the Eq;i spectra were
removed from both Eq; and L. The mean of the remaining spectra was used in subsequent analysis,
providing one spectrum per deployment, and with uncertainties calculated as the standard deviation of
the same spectra used to calculate the mean (N.B. uncertainties here represent only the experimental
portion of the uncertainties, and calibration bias has not been accounted for). The Ly measurements
were extrapolated to and across the air-water interface to obtain the water-leaving radiance, Lw,i (W m"
2 sr1), which were then used to calculate remote-sensing reflectance (Rysi), defined as:

R ,=—" 4

The spectra were additionally corrected for Raman scattering following methods in Westberry et al.
(2013), which was necessary to compensate for the scattering that water molecules themselves can
contribute to Lw,, especially at the blue wavelengths in very clear waters (McKinna et al., 2016).
Finally, the Ry spectra were normalized to remove the angular effect of the sun position in the sky
relative to nadir, following methods in Lee et al. (2011). For a more detailed description of the Rys
calculations and processing, see Data and Methods section in Chase et al. (2017). All hyperspectral
Rrs,i used in this study are shown in Figure 1.

Finally, each hyperspectral Ry spectrum was spectrally sub-sampled. The resulting multiband Rys;i
dataset had sixteen 10 nm-wide spectral bands centered on: 412, 425, 443, 460, 475, 490, 510, 532,
555, 583, 617, 640, 655, 665, 678, 710 nm. This multispectral subset spanned the visible domain and
included bands from both past and present NASA sensors (e.g. SeaWiFS and MODIS).

2.4 Radiometric uncertainties

2.4.1 Spectrally flat Rys uncertainties

For NASA ocean color bio-optical algorithms, model input quantities are typically remote sensing
reflectances, Rrs; (sr™t), which are derived from measured top-of-atmosphere radiances, Lti (W m? um-
1 sr'1), via atmospheric correction (AC) algorithms. Historically, a desirable science requirements for
NASA ocean color missions has been Rys; with relative uncertainty of 5% (spectrally flat) or less
(Hooker et al., 1992; Hooker & McClain, 2000; McClain et al., 2004; PACE Science Definition Team,
2018). Whilst not directly representative of a true sensor (see section 2.4.2), treating relative
uncertainties in Rys,i as spectrally flat is still useful under circumstances where detailed knowledge of
sensor performance characteristics is limited, such as during pre-launch scoping studies, to provide
rudimentary uncertainty estimates. In this study we first consider 5% relative uncertainty in Rys; to
compare FOFM-to-MC calculations. We next use the FOFM method consider how spectrally flat
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relative uncertainties in Rys of 1, 5, and 10% impact estimated OC and IOP uncertainties. Note, we treat
spectrally flat relative uncertainties in Rys of 1, 5, and 10% as spectrally uncorrelated.

2.4.2 Spectrally-dependent Rs uncertainties

We note that on-orbit uncertainties in Lti and Rysi have previously been quantified for NASA’s
SeaWiFS and MODISA missions (Angal et al., 2015; Eplee et al., 2007; Hu et al., 2013; Hu, Feng, et
al., 2012). Whilst historically 5% has been the desired accuracy goal for Rys in the blue-green spectral
range, work by Hu et al. (2013) reported that relative uncertainties of Rys;i for SeaWiFS and MODISA
increase monotonically with wavelength, and that Rys, relative uncertainty also varies as a function of
Chl, or water-column optical complexity. To extend this study beyond spectrally flat relative
uncertainties, we utilized the relative uncertainties for MODISA Rys; estimated for the North Atlantic
Ocean (see Table 2 of Hu et al. (2013)). To estimate relative uncertainty for a given Rys; spectra, we
followed three steps: (i) linearly interpolate tabulated relative uncertainties to match the spectral
resolution of our in situ Rys; dataset, (ii) estimate Chl concentration using NASA’s standard OC
algorithm, and (iii) linearly interpolate the spectrally tabulated relative uncertainties to estimate relative
uncertainty for observed Rys;i based on the respective Chl concentration. Note, where estimated Chl
exceeded 0.2 mg m (beyond values reported by Hu et al. (2013)), we linearly extrapolated tabulated
relative uncertainties. Figure 2 shows the spectral relative uncertainties in Rys; (sensu Hu et al. (2013))
used in this study and how they vary with Chl concentration. Note, spectrally-dependent relative
uncertainties in Rrs computed as a function of Chl were treated as spectrally uncorrelated.

2.4.3 Spectrally-correlated Rys uncertainties

Our initial analyses treated Rrs spectral uncertainties as uncorrelated, which in practice is an
oversimplification. Indeed, AC algorithms utilize near-infrared bands to make assumption about the
contribution of atmospheric aerosols to L (Bailey et al., 2010; Gordon & Wang, 1994). Thus, Rys;
uncertainties are inherently spectrally correlated. While much work has been done to characterize
radiometric uncertainties of NASA sensors used for ocean color (Eplee et al., 2007; Hu et al., 2013;
Hu, Feng, et al., 2012), few studies have quantified off-diagonal elements of the variance-covariance
matrices for top-of-atmosphere radiance, Vi, and remote sensing reflectances, Vrrs, respectively. We
note that while beyond the scope of this work, parallel efforts are underway by the research community
to derive pixel-by-pixel estimates of u(Rrs;i) by propagating radiometric uncertainties through ocean
color atmospheric correction algorithms (Gillis et al., 2018).

Recently, Lamquin et al. (2013) demonstrated a methodology to estimate Vi, for MERIS data and
propagate these through ESA’s clear water branch AC algorithm and into bio-optical data products.
Critically, Lamquin et al. (2013) demonstrated that ignoring covariances can lead to overestimated data
product uncertainties. In this study, using a similar methodology to Lamquin et al. (2013) we estimate
V; for SeaWiFS and then using a numerical approximation estimate Vrrs. A full description of this
method can be found in Appendix F. We note that while our estimates of Vrrs are somewhat
rudimentary, they are still useful for demonstrating the importance of including covariance terms in
FOFM-based uncertainty estimates.

2.5 Satellite data processing

A SeaWiFS image of Hawaii captured on 1 December 2000 was used to demonstrate the FOFM
methodology when applied to ocean color imagery. SeaWiFS Level-1 data was downloaded from
NASA’s Ocean Biology Distributed Active Archive Center (OB.DAAC) Level 1 and 2 Browser
website (https://oceancolor.gsfc.nasa.gov/). Data were then processed from Level 1 to Level 2 using
NASA Ocean Color Science Software (OCSSW). These processing steps include radiometric

This is a provisional file, not the final typeset article
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calibration, geolocation, and atmospheric correction. A prototype version of OCSSW code was used
to compute u(Chl) using FOFM methodology where u(Rrsi) was estimated using an empirical
methodology described in Appendix F.

3 Results

3.1 Appraisal of methodology

The MC methodology, while computationally expensive, was expected to give robust estimates of
measurand uncertainties. Thus, MC outputs provided a benchmark to which the FOFM uncertainty
estimates could be compared with for correctness. Direct calculations of FOFM uncertainties, u(y),

were compared with MC output uncertainties, S, To compare MC and FOFM calculations we used
5% spectrally flat relative uncertainty in Rys and computed the following comparison statistics: bias,
and Type Il linear regression slope. When computing these statistics for the purpose of FOFM-to-MC

comparisons, we assume that MC-estimated uncertainties were quasi-truth. We note that variables were
log-transformed for these calculations following Seegers et al. (2018). Bias was computed as:

N _
bias =10 {Z 109,y (MC,) ;\?gm(FOFM’f)} , (5)
k=1

where N=1124 is the number of input spectra. Given that bias was computed using log-transformed
variables, it becomes interpretable as multiplicative metrics (Seegers et al., 2018). We note that our
bias calculations assume estimated OC and IOP uncertainties follow log-normal distributions; a
property that is demonstrated later in the paper (e.g. Figures 5 and 6).

The MC and FOFM estimation of derived product uncertainties were in good agreement for the
following OC products: Kqg,490, POC, and nflh. This was indicated by slope and bias and statistics (Table
2) having values of, or near to, 1.0. However, regression statistics indicated Chl uncertainties derived
using the FOFM method did not completely agree with the MC method (Table 2). To assess this
discrepancy closer, uncertainties in each component of the Chl algorithm were inspected, namely the
band ratio (BR), line height (LH), and blended components. Regression statistics indicated that FOFM
estimates of Chlpiend product uncertainties did not agree well with MC values and were typically biased
low by 29%, visualized further by the color-coded scatter plot in Figure 3a.

Derived uncertainties for 10P products generally agreed with MC simulations. Specifically, Table 2
shows FOFM estimates of uncertainties with respect to MC estimates for anw,443, @443, adg.443, and
bbp4szs Were biased low by 1%, low by 2%, low by 2% and, high by 2%, respectively. Slight
disagreement between MC and FOFM estimates of u(bep443) can be visualized in Figure 3 when
U(Dbp.a43) > 2.0x10° m™L. In addition, MC and FOFM estimates of u(ag443) showed slight disagreement
when u(aga43) > 1.0x102 m™,

These results demonstrate that while FOFM uncertainty calculations are computationally inexpensive,
they serve as approximations only, especially in the case of Chl. Indeed, while FOFM-derived
uncertainties can be expected to agree with MC-derived values for simple functions that vary linearly,
it may not be unusual for FOFM-derived uncertainties to differ from MC-derived values; particularly
when analyzing complicated non-linear problems (Mekid & Vaja, 2008; Putko et al., 2001). For
example, with the 10Ps we found slight differences in the order of 1% between MC and FOFM
uncertainty estimates. For such mathematical functions, higher order methods such as Second Order
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First Moment (SOFM) methods may be useful, however, the added mathematical complexity may be
prohibitive.

3.2 Uncertainties estimated from in situ radiometric data

3.2.1 OC product uncertainties

Using the multispectral Rys evaluation dataset, uncertainties in derived OC products associated with
5% spectrally-flat relative, uncorrelated uncertainty in Rrs were computed. Figure 4 shows histograms
of derived OC products, absolute uncertainties, and relative uncertainties. MC computations are
summarized in Table 3 while FOFM computations are provided for comparative purposes in Table 4.

The range of derived Chl confirmed that the dataset spans oligotrophic (0.04 mg m®) to mesotrophic
conditions (1.28 mg m) with a median value of 0.11 mg m™. Values of u(Chl) span four orders of
magnitude and have median values of 7.00x10° mg m and 6.70x10"* mg m™ for the MC and FOFM
methods, respectively. The relative uncertainties for Chl span a single order of magnitude and have a
median values of 9.74% and 9.67% for the MC and FOFM methods, respectively. Although the
histogram of derived Chl in Figure 4 appears log-normally distributed, two distinct peaks are present;
a low peak (ranging from 0 — 0.5 mg m=) and a high peak (centered on 1.1 mg m). Since bio-optical
properties are log-normally distributed in the ocean (Campbell, 1995), the peaks observed in the
distributions of derived bio-optical variables are probably due to the limited size of the hyperspectral
Rrs dataset (N=1124), that does not uniformly span the entire range of oceanic conditions (see Fig 1A
in Chase et al. (2017))

The range of derived Kg4g90 spans an order of magnitude with a median value of 0.0291 m™. The values
of u(Kg490) also span an order of magnitude with median values of 2.68x10° m? for both MC and
FOFM calculations. The relative uncertainties for Kgq.4900 Span a single order of magnitude and have a
median value of 8.94% and 8.91% for MC and FOFM calculations, respectively. The range of derived
POC, spans two orders of magnitude with a median value of 33.1 mg m=. The values of u(POC) span
an order of magnitude and have median values of 2.44 mg m™ and 2.42 mg m™ for MC and FOFM
calculations, respectively. The relative uncertainties in POC have a of value of 7.37% and 7.31% for
MC and FOFM calculations, respectively. We note that the relative uncertainty in POC as computed
by FOFM method exhibits no spread. For uncorrelated, spectrally flat relative uncertainties,
u(POC)/POC is a function of u(Rrs,443)/Rrs 443 and U(Rrs,sss)/Rrss55. Thus, when u(Rrs,443)/Rys 443 and
u(Rrs,ss5)/Rrs 555 is fixed (e.g. at 5%), u(POC)/POC are fixed. In practice, this will not always hold true,
particularly when relative uncertainties in Rys are variable and spectrally dependent. We note that in
Figure 4 the MC-derived relative uncertainties for POC are normally distributed over a narrow range
centered on 7.37%.

The range of nflh spans three orders of magnitude with an MC-estimated median value of 2.20x107
mW cm? pm™ sr. We note that direct calculations of nflh resulted in a median value of 2.19x10° mW
cm? um srl. The values of u(nflh) span an order of magnitude with median values of 9.86x10* mw
cm? um? srt and 9.87x10* mW cm pm™ sr for MC and FOFM calculations, respectively. The
median relative uncertainty in nflh was 41.9% and 42.1% for MC and FOFM calculations, respectively
(Figure 4). We note that the range of relative errors for nflh is very large (for MC calculations: 14.8 —
1.7 x10* %), and these should be interpreted with a caution. Low values of nflh, in the order of 1x10®
mW cm2 um? srt, were derived from the evaluation dataset which in most likelihood would be beyond
the detection limit of existing ocean color sensors. Further, while the absolute uncertainties associated
with these low nflh value may also be small in magnitude, they can still manifest as large relative errors.
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3.2.2 10P product uncertainties

Using the radiometric evaluation dataset, uncertainties in derived IOP products associated with 5%
relative, uncorrelated uncertainty in Rrsi were computed following the methodology in Appendix E.
Figure 5 shows histograms of derived 10P products, absolute uncertainties, and relative uncertainties.
MC computations are summarized in Table 5 while FOFM computations are provided for comparative
purposes in Table 6.

The range of derived anw43 Spans two orders of magnitude with a median value of 0.0185 m™. Values
of u(anw,243) span an order of magnitude with median values of 2.31x10° m* and 2.26x10° m™ for MC
and FOFM methods, respectively. The median relative uncertainty in anwa443 spans a single order of
magnitude and has median values of 12.6% and 12.2% for MC and FOFM methods, respectively. The
range of agass, adga43, and bup4az all span a single order of magnitude with median values of 9.6x103
m?, 8.71x10° m?, and 1.08x10° m, respectively. Absolute uncertainties in IOPs all span two orders
of magnitude apart from u(aga4s3) which spanned a single order of magnitude. Highest relative
uncertainties of all GIOP-derived products are for ags43 (~ 20%), whereas anw,a40, 8dg,440, and bpp,440
have relative uncertainties of similar magnitude that are all less than 15%.

3.2.3 Summary of MC and FOFM comparisons

FOFM and MC estimates of OC and IOP uncertainties were generally in good agreement. This provides
confidence that our FOFM analytical formulations were correct. However, FOFM-to-MC comparisons
of Chl and IOP uncertainties, whilst similar in magnitude, exhibited a degree of scatter around the one-
to-one line. We expect that these differences may be due to the MC method’s ability to handle non-
linearity and discontinuities in the models more robustly than the FOFM approach. For example, the
Chl model has several complex features such: switching between Chlgr and Chl.y, the Chlgr model’s
selection of maximum band ratios, and the blending of Chlgr and Chl.n which may not be fully
captured by the FOFM method.

We thus found FOFM-to-MC comparisons to be useful as a “quick acceptability checking” of FOFM
calculations. In practice, however, one should not always assume the two methods will closely agree
as the MC model may handle non-linearities and discontinuities more robustly than the FOFM method.
The FOFM and MC calculations also indicate that for normally distributed radiometric input
uncertainties, the estimated output uncertainties for OC and IOP were log-normally distributed (as per
Figures 5 and 6). Such highly dynamic and variable nature of uncertainties in ocean color data products
highlights the need for these estimates to be done on a pixel-by-pixel basis, rather than single scene-
wide estimate, further justifying the need for simplified, computationally inexpensive approach (i.e.
FOFM).

We note that our FOFM uncertainty formulation for the GIOP currently does not consider uncertainty
in spectral shape models (i.e. u(a,) and u(b;p .))- Indeed, we believe that this may be why there were

some noticeable differences when comparing FOFM and MC methods, for example: when u(bop,443) >
2.00x10* m™ (Figure 3h). In a cursory study, we re-ran both FOFM and MC calculations with the
shape models parametrized as spectral constants (i.e. having no uncertainties). This resulted in
improved FOFM-to-MC comparisons (results not shown) and further highlighted how of spectral shape
uncertainties impact our FOFM uncertainty estimates. As part of future work, we thus plan to extend
our current GIOP FOFM uncertainty formulation to include the spectral shape uncertainties.

Additionally, we note that u( . .) and u( b;p ,), computed as functions of Chl and a red-green Ris; ratio,
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respectively, are also correlated. Thus, an improved GIOP FOFM uncertainty formulation should also
consider covariances between spectral shape models.

3.2.4 GIOP model misfit uncertainties

In this analysis we used our high-quality evaluation Rrs dataset to approximate GIOP model misfit
uncertainties. Our assumptions in this exercise were: (i) the uncertainties in our Rrs dataset are small,
and (ii) the least squares residual of the optimal solution (model misfit) are thus due to an imperfect
model.

In this analysis we first, computed the error-covariance matrix, Errs, for each Rys observation as follows:
(i) employ the Levenberg-Marquardt non-linear least squares optimization to iteratively find an optimal
solution for the free variables x4, Xdg, and X, which correspond to Chl concentration, adg,4o0, and bop 440,
respectively (see Appendix E for further detail). We note that in the standard implementation of the
GIOP, the cost function (Chi-squared) is unweighted. (ii) feed the optimal set of X4, Xdg, and Xp back in
the forward reflectance model to compute a best-fit spectral sub-surface remote sensing reflectance,

rr:‘f,’d. (iii) calculate the spectral residual, &rs;i, between rrf‘fdand sensor-observed subsurface remote
sensing reflectance. (iv) set the diagonal elements of Errs as the square of &rs,i.

Next, by substituting Errs for Vrrs in Equation E13 the parameter error-covariance matrix, Ex, can be
computed as:

E =J'E_(J")"

rrs
Where J is the Jacobian matrix of the forward model (see Appendix E for derivation). Finally, the
estimates of parameter uncertainties due to model misfit were estimated as the square root of the
diagonal elements of Errs. The model-misfit uncertainties are summarized in Table 9 and compared to
parameter uncertainties due to Hu spectrally-dependent radiometric uncertainties (as per Table 7).

We found that estimated GIOP model misfit uncertainties were 60-t0-90% smaller than those imparted
by radiometric uncertainty. Thus, by combining the two during pixel-by-pixel processing, it would be
possible to more completely estimate Umeasurement(y) for 10Ps. However, we accept that our FOFM
model-data misfit approach is approximate only and does not consider all uncertainties in the GIOP
model formulation.

3.3 Comparing product uncertainties due to various radiometric input uncertainties

In order to evaluate the impact of different Rys uncertainty values on derived product uncertainties,
using the FOFM method we: (i) propagated spectrally flat, uncorrelated Rys relative uncertainties of 1,
5, and 10% through OC and IOP models, and (ii) propagated spectrally-dependent, uncorrelated u(Rys
) through OC and 10P models by linearly interpolating/extrapolating tabulated data published by Hu
etal. (2013), referred to as “Hu uncertainties” (see Figure 2). Summary results of this analysis are given
in Tables 8 and 9. As expected, introducing spectrally flat, uncorrelated Rrs uncertainties of lower and
higher value than the previously evaluated 5%, resulted in respectively lower and higher uncertainties
in data products, while the distribution of uncertainties kept the same shape as for the 5% run (Figure
6). For the product uncertainties derived using the “Hu Rys uncertainties”, both the shape of the
distribution and median values changed from the 5% run (Figure 6). These results demonstrate the
importance of considering spectral dependence in radiometric uncertainties. Notably, considering
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spectrally flat 5% relative uncertainties in Rys for a data product such as nflh, which utilizes red-end
bands, may result in significant underestimation of likely data product uncertainties.

Spectrally flat relative uncertainty in Rrs (e.g. 5% in the blue-green region) is a commonly used
accuracy goal for ocean color missions. However, we know from on-orbit data that sensors such as
SeaWiFS and MODIS have largely not achieved their desired accuracy goals over the full spectral
range (Hu et al., 2013), particularly at red wavelengths. In lieu of any knowledge of a sensor’s
radiometric uncertainty characteristics (e.g. during design trade studies), one might decide to utilize
desired relative radiometric accuracy goals to approximate ocean color data product uncertainties.
However, our results have shown spectrally flat (5%) and spectrally-dependent (Hu) relative Rys
uncertainties lead to different estimates of OC and IOP uncertainties. Indeed, for improved uncertainty
estimates, we recommend the use of more representative spectrally-dependent u(Rrs )/Rys, if known.

3.4 Application to satellite chlorophyll image

The potential impact that spectrally-correlated uncertainties in Rrs have upon ocean color data product
uncertainties was evaluated using a scene of the southern Hawaiian Islands captured on 1 December
2000 (Figure 7). We have estimated on a pixel-by-pixel basis the covariance matrix of remote sensing
reflectances, Vrrs, as per the methodology described in Appendix F. Estimates of u(Chl) were then
calculated both with- and without the off-diagonal terms in Vrrs to demonstrate the impact of
incorporating covariance terms (if known) when estimating uncertainties.

The sample SeaWiFS Chl image (Figure 7a) shows clearest waters occurred southeast of Island of
Hawaii (largest island) with two large eddies to the west. Regions of elevated Chl concentration are
also visible along the northeast coast of the Island of Hawaii, and also adjacent to coastal waters of
four islands (Maui, Lanai, Molokai, and Kahoolawe) to the northwest of Hawaii. Derived Chlpiend
ranges from 1.83x10° — 0.498 mg m™ with a median of 0.066 mg m. When the off-diagonal terms in
Vrrs Were considered, the estimated values of u(Chl) ranged from 1.30x10% — 0.075 mg m= with a
scene-wide median of 5.20 x10° mg m™3 (Figure 7b) and the relative uncertainties spanned 0.84 — 38.6
% with a median of 7.89% (Figure 7c). When the off-diagonal terms in Vrrs were not considered (i.e.
set to zero), estimated values of u(Chl) ranged from 1.30x10°3—0.109 mg m-3 with a scene-wide median
of 5.50 x10 mg m (Figure 7d) and relative uncertainties spanning 0.85 — 46.1 % with a median of
8.27% (Figure 7e). Note, these image statistics were computed with standard NASA level-2 quality
control flags applied to remove the effect of: land, clouds, sunglint, land, atmospheric correction
failure, product failure, and straylight contamination .

These results demonstrate how a FOFM method can be utilized in operational processing code to
estimate uncertainties in derived bio-optical data products. The FOFM method was straightforward to
implement within 12gen code and did not add any appreciable processing overhead. Whilst our
estimation of Vrys is rudimentary (Appendix F), it allowed us to consider the covariance terms in the
FOFM derivation of u(Chl). Critically, we demonstrated that the inclusion of off-diagonal covariance
terms from Vrrs led to lower estimates of both u(Chl) and u(Chl)/Chl when compared to the same
calculations performed with off-diagonal elements of Vres set to zero; a result consistent with findings
of Lamquin et al. (2013). Additionally, this example was done with an operational processing code,
demonstrating easiness of implementing a FOFM method within day-to-day ocean color processing.

3.5 POC algorithm case study

Recall from Equation 1, we broadly defined measurement uncertainty as having two sources: data
uncertainty and model uncertainty. Throughout this paper we have focused heavily on deriving data

11
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uncertainties (i.e. propagation of radiometric uncertainty) which is useful if one is trying understand
how a specific sensor’s noise characteristics may impact derived data product uncertainties. However,
this information alone does not provide a complete picture of a measurement uncertainty; model
uncertainty also needs to be considered. We thus wish to demonstrate how with knowledge of model
uncertainties one can draw more complete conclusions about biogeochemically-relevant data product
uncertainties. As such, we present a case study in which we estimate POC measurement uncertainty
for two different algorithms: (i) Stramski et al. (2008a) and (ii) Rasse et al. (2017).

Our motivation here is to solely demonstrate how one might develop algorithm uncertainty budgets
(data and model uncertainty as per Equation 1) using a FOFM framework. Our calculations, however,
are limited by: (i) the representativeness of our in situ Rys dataset which does not encompass all optical
water-types found in the World’s oceans, (ii) our spectral u(Rrs) values which are estimated from data
published by Hu et al. (2013) for a MODIS-like without co-variance terms, and (iii) our knowledge of
model uncertainties, such as coefficients uncertainties, which is limited to those reported in literature
and/or our best-guess estimates. We hence caution the reader should not use our reported numbers as
a basis for algorithm selection.

3.5.1 POC measurement uncertainty estimates

In this exercise, we performed rudimentary calculations to estimate measurement uncertainty budgets
for two POC algorithms: (i) NASA’s standard POC algorithm (Stramski et al., 2008a) and (ii) the 10P-
based model of Rasse et al. (2017). Conveniently for this exercise, both POC models have a power law
formulation:

POC=a X" [6]
poc

where X in Stramski et al. (2008a) is a blue-to-green reflectance ratio (Rrs443/Rrs555, as per Appendix
C) and the coefficients apoc and bpoc have the values of 203.2 and -1.034, respectively. For the approach
of Rasse et al. (2017) X is bpp,547 and the coefficients apoc and bpoc have the values of 141,253 and 1.18,
respectively. Note, in this case study we use GIOP-derived estimates of bpp,547 as inputs to the Rasse et
al. (2017) model.

First, let us consider the model uncertainty component due to imperfect model coefficients. For both
POC algorithms, with the coefficients apoc and bpoc and their assigned uncertainties of Umodel(apoc) and
Umodel(Dpoc), respectively, we can estimate the model variance for POC as:

b )+l

o
model \™ poc

2 2
u? ., (POC) :(X b”"”) Ul (apoc)+(amX " log( X )) u
) [7]
(apacbpchbm_l) uri]odel(X)
In the third term on the right-hand side of Equation 7, we set Umodel(X)=0 and Umodel(X)=Umodel(Dbp,470)
for Stramski et al. (2008a) and Rasse et al. (2017), respectively. We have also assumed the covariance
of the coefficients apoc and bpoc, Which are determined by regression fit, is zero. For the Rasse et al.
(2017) model, the reported model coefficient uncertainties Umodel(@poc) and Umodei(bpoc) are 45,534 and
0.046, respectively. For the Stramski et al. (2008a) model values of Umodel(poc) and Umodel(bpoc) Were
not reported. We did, however, estimate these model uncertainties by reanalyzing the original
published dataset of Stramski et al. (2008b) and considering the likely uncertainty introduced by not
accounting for the effect of filter pad absorption of POC (Novak et al., 2018). Following this cursory

.. .. . . . 12
This is a provisional file, not the final typeset article



479
480

481
482
483

484

485

486

487
488
489
490

491

492
493
494

495
496
497
498
499
500
501

502
503
504
505
506

507

508
509
510
511
512

Running Title

analysis (results not shown), we estimated Umodel(8poc) and Umodel(bpoc) for the Stramski et al. (2008a)
model to be approximately 2.20 and 0.015, respectively.

Next, we considered the data uncertainty component. The Stramski et al. (2008a) model’s data
uncertainty FOFM calculus was formulated in Appendix C. For the Rasse et al. (2017) model, we first
estimated Udata(Pop,547). TO do S0, bup,547 was calculated from GIOP-derived bpp,440 as:

(440’
bbp,47o = bbp,44o X Lﬁ J . [8]
The variance in bpp,470 due to data uncertainty was then estimated as:
(ob, .\ (b, \° ob, .. ob
2 b — bp 470 2 b + bp,A70 2 + 2 bp 470 bpA70 2 b 1 9
udata( bp,470) Labbp’AMOJ udata( bp,440) L ag J udata (g) abbpyzmo ag udata( bp 440 g) [ ]

For this exercise, we used GIOP-derived values of Ugata(bop,547) and u(y). The correlation between
derived values of brp,547 and y was used to estimate the covariance term u(bpp,s47, ) as -1.64x10° m'?
nm. Using, the GUM methodology the variance in the Rasse et al. (2017) POC model due to data
uncertainty was then estimated as:

2
udata poc~ poc data \"bp 470

2
b -1
(PCX?):(a b (b, o)™ ) 2 (b ) [10]
We finally estimated the measurement uncertainty budgets for both POC models using our Rys
evaluation dataset and with Hu spectrally-dependent, uncorrelated radiometric uncertainties (results
are shown in Tablel0).

In our rudimentary measurement uncertainty budget for the Stramski et al. (2008a) POC algorithm, we
found the contribution of data (radiometric) uncertainty was larger than model uncertainty. Conversely,
for the Rasse et al. (2017) POC algorithm, the contribution of model uncertainty was larger than data
uncertainty. Whilst these POC algorithm uncertainty budgets may not be fully representative due to
the assumptions we partook here, the exercise nonetheless demonstrates an important point: that data
and model uncertainties should both be considered if one wishes to use uncertainties as a means of
benchmarking/comparing ocean color algorithms.

From an algorithm development perspective one can also use FOFM method to explore the relative
contribution of individual uncertainty sources to the combined measurement uncertainty. We have
graphically displayed the estimated component uncertainty contribution for each POC algorithm using
pie charts (Figure 8). Such information may assist algorithm designers identify and minimize
uncertainty sources within a model.

3.5.2 Summary of POC case study

Our brief example demonstrates the benefits of using the FOFM method for analytically estimating
measurement uncertainty in POC. From an ecological perspective, this is particularly useful if one is
trying to understand the variability in observed patterns, and distinguish real change from variation in
uncertainty. Additionally, it allows for sensitivity analysis, thereby providing a guideline for improving
model parameterization. The case study demonstrates how an uncertainty budget can provide additional

13
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information to end-users regarding data product quality, potentially informing algorithm selection,
and/or guiding new algorithm development. Although ocean color algorithms are typically
benchmarked based upon validation matchup metrics (Seegers et al., 2018), we expect model selection
and development may be better guided by considering how data and model uncertainties manifest in
derived data products.

This case study highlights a challenge if one wishes to compare/benchmark legacy ocean color
algorithms based on their measurement uncertainty; one must have reasonable and complete
knowledge of both data and model uncertainties to do so. Whilst we have demonstrated that it is
possible to estimate and propagate random radiometric uncertainties using the FOFM framework,
estimating model uncertainties remains a challenge. This is because model component uncertainties
(e.g. model coefficient uncertainties) of legacy ocean color algorithms were not routinely reported. To
address this, re-analysis of the structure of legacy ocean color algorithms using high quality bio-optical
datasets, such as NASA’s bio-Optical Marine Algorithm Dataset (Werdell & Bailey, 2005), may be
necessary. Without such knowledge, it remains a challenge to formulate complete measurement
uncertainty budgets for legacy ocean color algorithms.

4 Conclusions

In this paper we demonstrated a FOFM-based method for estimating uncertainties in a selection of
NASA OC and I0OP products, namely: Chl, Kg49, POC, nflh, anw 440, @440, 8dg,a40, and bpp 440, due to
sensor-observed radiometric uncertainty. Using a high quality hyperspectral Rrs dataset, subsampled to
our target wavelengths, we first appraised the FOFM methodology by comparing FOFM-derived
uncertainty estimates with uncertainties estimated from MC simulations with an assumed relative
spectrally flat, uncorrelated uncertainty in Rrs of 5%. Our analyses showed that OC and I0P
uncertainties estimated using the FOFM method generally agreed with MC simulations. Collectively,
the FOFM-to-MC comparisons provided a basis for checking the correctness of the FOFM
formulations, that are often algebraically complex. Further, we demonstrated that the FOFM
formulation, which is computationally inexpensive, can be applied in routine pixel-by-pixel data
processing for estimating uncertainties in derived ocean color data products.

This manuscript has primarily focused on propagating radiometric uncertainties through bio-optical
models (udata(y) in Equation 1). In practice, the combined measurement uncertainty in derived ocean
color data products is expected to be larger once model uncertainties are included. In this study, we
have broadly assumed that coefficients within the bio-optical algorithms themselves are errorless,
which is not the case. Indeed, most coefficients in bio-optical algorithms that have been derived
empirically using in situ oceanographic datasets, which themselves have inherent uncertainties due to
measurement method and environmental variability. The GIOP, for example, makes assumptions about
spectral shapes of 10Ps, utilizes an approximate forward reflectance model (Gordon et al., 1988), and
employs a model to convert Rys,i to rrsi (Lee et al., 2002). Thus, there are a number of GIOP model
components whose uncertainties, if characterized, may improve the overall estimate of IOP
measurement uncertainty. Our case study of POC algorithms also highlighted how the addition of
model (e.g. coefficient) uncertainties can further inform end-users, and may potentially guide algorithm
development and/or selection.

Although this work represents a first step towards implementing pixel-by-pixel uncertainty estimates
in NASA operational ocean color processing code, we recognize that continued effort is required. For
example, strategies for quantifying uncertainties in look-up-table (LUT) based models, such as the two-
band particulate inorganic carbon (PIC) algorithm (Balch et al., 2005) and bidirectional reflectance
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distribution function (BRDF) correction (Morel et al., 2002), are needed. Globally, there are a multitude
of ocean color algorithms maintained by various researchers and/or institutes and formulating
uncertainty estimates must be a collective effort. While the community continues to innovate new bio-
optical algorithms, we strongly encourage model developers to characterize uncertainties as a matter
of routine.

As we enter the hyperspectral world of PACE, it is credible to expect an evolutionary leap in remote
sensing observation of ocean processes; detailing the phytoplankton diversity, its physiological
preferences, and ecology from space. This, parallel to the increase in computational power of the day-
to-day data processing, will allow for more complex algorithms; algorithms which will need detailed
evaluation of uncertainty budgets, to understand what is real, and what is hidden under the dashed line.
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10 Tables

Table 1. Bio-optical ocean color data products

Uncertainties in ocean color

Product name Product suite Symbol Units Reference
. . : Hu, Lee, et al. (2012);
- * 3
Chlorophyll-a pigment concentration oC Chl mg m O'Reilly et al. (1998)
Chlorophyll-a derived from band ratio Chlgg mg m3 O'Reilly et al. (1998)
Chlorophyll-a derived from line height Chly mg m® Hu, Lee, et al. (2012)
Diffuse attenuation coefficient at 490 nm (o] K490 m? Mueller (2000)
Particulate organic carbon ocC POC mg m3 Stramski et al. (2008a)
Normalized fluorescent line height oc nflh mw cm? um? srt Behrenfeld et al. (2009)
Absorption coefficient of total non-water 1
components 443 nm 10P Anw,443 m Werdell et al. (2013)
Absorption coefficient of phytoplankton at |oP asuss mt Werdell et al. (2013)
443 nm
Absorption coefficient of colored 1
dissolved and detrital matter at 443 nm 1oP Adgass m Werdell et al. (2013)
Particulate backscattering coefficient at 0P Dop mt Werdell et al. (2013)

443 nm

*Note that NASA’s standard Chl product is a dynamic blend of Chlgrand Chly

Table 2. Log-normal statistics comparing Monte Carlo (MC) and first-order first-moment (FOFM)
uncertainty calculations for Rrs with spectrally flat, uncorrelated 5% relative uncertainty

Derived product uncertainty /61
Product Bias Slope )
Chl (all) 0.95 096 2
Chlgr 1.00 1.00 763
Chl 0.99 1.00
o 764
Ch|b|ended* 073 072
Kaa00 0.99 100 765
POC 0.99 1.00 766
nflh 0.99 1.00
767
Anw,443 0.99 1.00
agass 0.98 100 68
Adgad 0.98 1.00 769
bip.ass 0.99 098

*Blended LH and BR Chl product span 0.134 —0.165 mg m3,
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773  Table 3. OC products and associated uncertainties derived via MC method with 5%, uncorrelated

774 relative uncertainty in Rys

Derived value Absolute uncertainty

Relative uncertainty

[0)
Product Range Median Range Median Range( 8 Median
Chl (mg m) 3.96x102 - 1.27 0.110 2.56x105 - 0.231 7'003"10' 1.73-18.2 9.74
K sso () 2 01102 - 0.131 2.912x10' 1.19x10'32— 1.36x10" 2.683x10' 592105 804
POC (mg m®) 18.8 - 203.4 33.1 1.37-14.6 244 7.11-7.60 7.37
nflh 5.25 x10°-2.74 2.20 x10 3.18 x10* - 4.47 9.86x10" 148-17
(mwW cml')2 pm? sr- X102 3 10 4 10% 41.9

775

776  Table 4. OC products and associated uncertainties derived via FOFM method with 5%,

777  uncorrelated relative uncertainty in Rys

Derived value Absolute uncertainty

Relative uncertainty

[0)
Product Range Median Range Median Range( ) Median
Chl (mg m) 3.96 x102-1.28 0.110 3.89x10° - 0.230 6'703)(10_ 0.26 - 18.7 9.67
Kaa90 (M) 2.01x102-0.131  2.91x10? 1f§§f;{ 2.68x10°%  5.86-10.2 8.91
POC (mg m) 18.8 — 203.4 33.1 1.37-14.9 242 7.31* 7.31
nfih 2.05x10° — 2.19Ex10 3.21x10% — 15.1-3.24
(mW Cm{; s 2.73x10° 3 4.43x10° 9.87x10* X10° 421

778  *Relative uncertainties in POC computed using FOFM method were constant over the dynamic range

779

780  Table 5. 10P products and associated uncertainties derived using MC method with 5%,

781  uncorrelated relative uncertainty in Rys

Derived value Absolute uncertainty

Relative uncertainty (%)

Product Range Median Range Median Range Median
anw(443) (m?) 9.40x10° - 0.127 0.0185  1.79x10°-1.13x102? 2.31x10° 8.16-19.4 12.6
a,(443) (m?) 5.80x10°-9.43x102 9.60x10° 1.63x10°-9.68x10° 2.04x10°  10.0-29.2 21.4
agg(443) (m?) 3.50x10°-3.72x102% 8.71x10° 6.66x10“—-5.90x10° 1.07x10° 7.92-19.9 145
bop(443) (m?)  4.18x10“-4.00 x10° 1.08x10° 8.98x10°-2.25Ex10* 1.34x10* 5.57-34.1 13.8
782
783
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Table 6. IOP products and associated uncertainties derived using FOFM method with 5%,
uncorrelated relative uncertainty in Rys

Derived value

Absolute uncertainty

Relative uncertainty (%)

Product Range Median Range Median Range Median
w43 (M) 9.42x10° - 0.127 0.0185 1.79x10°-1.03x102 2.26x10° 8.12-19.1 12.2
asaa3 (MY) 5.86x10°-9.45x102 9.63E-3 1.64x10*-8.73x10° 2.00x10°  9.02-28.6 20.8
aggaez (M?)  3.51x10°-3.70x102 8.73E-3 6.51x10*-5.63x10° 1.05x10°  7.93-18.9 14.1
Dopass (M)  4.16x10% - 4.01x10° 1.00E-3 9.00x10°-2.11x10* 1.33x10* 5.25-34.1 13.9

Table 7: GIOP model-misfit uncertainties estimated using the evaluation Rs dataset.

Absolute uncertainty (m™)

Relative uncertainty

Difference between absolute data and absolute

(%) model misit uncertainties* (%)
Product Range Median Range Median Median
atw,4411; (m 35?1‘)}?;{ 4.87x10 1;;50‘ 3.15 77
e (m 3;2;}?;5 asaxiot  SXC 468 77
adg,411; (m 1202725()};)043— 1.4321x10' Ofig_ 286 86
bbp"‘i‘; (m fo;(jf;[ 5.22x10° 1;__’578‘ 452 61

*Difference between median absolute model uncertainties in Table 9 relative to radiometric uncertainties (column
RU: Hu inin Table 8)

Table 8: Median OC data product uncertainties computed as relative uncertainties (RU) in Rrs

vary.
Median absolute uncertainties Median relative uncertainties (%)
RU:1% RU:5% RU:10% RU:Hu RU: 1% RU:5% RU:10% RU:Hu
Product
chl (g‘g M 1soxaos 8700 g 46x102  esOx10° 196 9.67 19.35 8.29
Koo (1)  5.37x10¢ 20810 535109 507100 178 8.91 17.8 17.3
Ponf_%mg 4.84x100 242 4.84 4.38 1.46 7.31 14.6 13.1
nfih 9.87x10°
(mwem? 197x10%¢ T 1.97x10°  4.47x10° 841 421 84.1 197.6
pum? srt)
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Table 9: Median IOP data product uncertainties computed as relative uncertainties (RU) in Rrs

vary.
Median absolute uncertainties Median relative uncertainties (%6)
RU:1% RU:5% RU:10% RU:Hu RU: 1% RU:5% RU:10% RU:Hu
Product

amass (1) 452x104 22810 4500009 276x10° 245 122 24.5 15.1
agass (M?)  4.00x10™ 2'003’(10" 4.00x10°  2.42x1073 4.15 20.8 416 23.8
aggaez (M) 2.11x10* 1'053)(10_ 2.11x10°  1.33x10° 2.82 14.1 28.2 15.9
Dopass (M) 2.67x10° 1'33:(10_ 2.67x10*  1.73x10* 2.78 13.9 27.9 17.9

Table 10: Simplified random uncertainty budgets for two POC models. Median absolute
uncertainties and median relative uncertainties were computed using our Rysevaluation dataset
with Hu spectrally-dependent, uncorrelated radiometric uncertainties and basic knowledge of
model coefficient uncertainty. We note that these data are intended to illustrate how one might
formulate measurement uncertainty budgets. These data are not intended for algorithm
comparison purposes.

Median derived . . . 3
. Median absolute uncertainty in mg m
Algorithm value . ; 2
3 (median relative uncertainty in %)
(mg m”)
data
model measurement
Stramski et al.

(2008a) 33.1 4.40 (13.1) 0.94 (2.85) 4.50 (16.6)
Rasse et al. (2017) 37.8 6.96 (18.4) 17.30 (45.8) 18.6 (49.2)
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11  Figure captions
Figure 1: Hyperspectral remote-sensing reflectances (n=1124) used in this study.

Figure 2: Relative uncertainties of Rys varying with Chl concentration. Original data taken from Hu
et al. (2013) and interpolated to the multispectral resolution used in this study.

Figure 3: Scatter plot comparisons of data product uncertainties estimated (FOFM) with those
estimated from Monte Carlo (MC) simulations. (A-D) OC products Chl, Kga9, POC, and nflh,
respectively. Note that the scatter plot of Chl uncertainty is color coded with respect to the method use
to derive the output product (line height: purple, band ratio: green, blended: yellow). (E-H) IOP
products anw,443, 89,443, adg 443, and bpp 443, respectively.

Figure 4: (A-D) histograms of derived Chl, Kq4(490), POC, and nflh, respectively. (E-H) histograms of
FOFM-estimated uncertainties in derived Chl, Kq(490), POC, and nflh, respectively. (I-L) histograms
of FOFM-estimated relative uncertainties in derived Chl, K4(490), POC, and nflh, respectively
computed using 5% spectrally flat, uncorrelated uncertainty in input Rrs. Note: FOFM-estimates of
POC relative uncertainties in this study were constant. Dashed curves represent MC results, solid blue
bars represent FOFM results

Figure 5: (A-D) histograms of derived anw443, adg 443, 84443, and bpp 443, respectively. (E-H) histograms
of FOFM-estimated uncertainties in derived anwa43, adga43, agas3, and bppaas, respectively. (I-L)
histograms of FOFM-estimated relative uncertainties in derived anw.443, adga443, ag443, and bpp as3,
respectively computed using 5% spectrally flat, uncorrelated uncertainty in input Rrs. Dashed curves
represent MC results, solid blue bars represent FOFM results.

Figure 6: Upper row are histograms of derived OC data products uncertainties estimated using the
FOFM method. Bottom row are histograms of derived IOP data product uncertainties estimated using
the FOFM method. The four histograms in each subplot correspond to four different input u(Rys):
spectrally flat Rys relative uncertainties of 1% (dashed black), 5% (blue) and 10% (orange) as well as
spectrally dependent relative uncertainties taken from (Hu et al., 2013) outlined in green dashed line.

Figure 7: Derived data products for a SeaWiFS image of waters surrounding the Hawaii Islands
captured on 1 December 2000. (a) Chl concentration derived using OCI algorithm, (b) u(Chl) computed
with covariances included, (c) relative uncertainty in Chl computed with estimated Rys covariances
included, (d) u(Chl) calculated without estimated Rys covariances included, and (e) relative uncertainty
in Chl computed estimated Rys covariances included.

Figure 8: Pie charts here demonstrate how individual uncertainty sources contribute to estimates of
measurement uncertainty. Here we consider: (A) a blue-green band-ratio POC algorithm and (B) an
IOP-based POC algorithm. We note that these examples are intended to illustrate how one might
visualize source contributions measurement uncertainty. These plots are not intended for algorithm
comparison purposes.
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844 12 Figures

845  Figure 1: Hyperspectral remote-sensing reflectances (N=1124) used in this study.
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848  Figure 2: Relative uncertainties of Rys varying with Chl concentration. Original data taken from
849 Huetal. (2013) and interpolated to the multispectral resolution used in this study.

254~ 0.03 mg Chi m~3
—#— 0.05mg Chl m™3
—4— 0.10 mg Chim~3

—#— 0.15 mg Chl m~3
1 --®- 0.20mg Chim~3

[ N
w o

=
o

relative uncertainty [%]

400 450 500 550 600 650 700
wavelength [nm]

850
851

852
853

25



Uncertainties in ocean color

854  Figure 3: Scatter plot comparisons of data product uncertainties estimated (FOFM) with those
855 estimated from Monte Carlo (MC) simulations. (A-D) OC products Chl, Kg49, POC, and nflh,
856  respectively. Note that the scatter plot of Chl uncertainty is color coded with respect to the method
857  use to derive the output product (line height: purple, band ratio: green, blended: yellow). (E-H) IOP
858  products anw,443, 4443, adg443, aNd bop 443, respectively.
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861

862  Figure 4: (A-D) histograms of derived Chl, K449, POC, and nflh, respectively. (E-H) histograms of
863 FOFM-estimated uncertainties in derived Chl, Kg49, POC, and nflh, respectively computed using
864 5% spectrally flat, uncorrelated uncertainty in input Rys. (I-L) histograms of FOFM-estimated

865  relative uncertainties in derived Chl, Kq49, POC, and nflh, respectively. Note: FOFM-estimates of
866  POC relative uncertainties in this example was invariant. Dashed curves represent MC results,

867  solid blue bars represent FOFM results
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870  Figure 5: (A-D) histograms of derived anw 43, adg 443, 8443, and bop,a43, respectively. (E-H)
871  histograms of FOFM-estimated uncertainties in derived anw,443, adg 443, g443, and bop 443,
872  respectively computed using 5% spectrally flat, uncorrelated uncertainty in input Rys.. (I-L)
873  histograms of FOFM-estimated relative uncertainties in derived anw.443, dg,443, 84,443, and Dop 443,
874  respectively. Dashed curves represent MC results, solid blue bars represent FOFM results.
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878

879  Figure 6: Upper row are histograms of derived OC data products uncertainties estimated using the
880 FOFM method. Bottom row are histograms of derived IOP data product uncertainties estimated
881  using the FOFM method. The four histograms in each subplot correspond to four different input
882  u(Rrs): spectrally flat Rys relative uncertainties of 1% (dashed black), 5% (blue) and 10% (orange)
883  as well as spectrally dependent relative uncertainties taken from (Hu et al., 2013) outlined in green
884  dashed line.
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896
897

898  Figure 7: Derived data products for a SeaWiFS image of waters surrounding the Hawaii Islands
899  captured on 1 December 2000. (a) Chl concentration derived using OCI algorithm, (b) u(Chl)
900 computed with covariances included, (c) relative uncertainty in Chl computed with estimated Rys
901 covariances included, (d) u(Chl) calculated without estimated R covariances included, and (e)
902 relative uncertainty in Chl computed without estimated Rys covariances included.
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906

907  Figure 8: Pie charts demonstrate how individual uncertainty sources contribute to estimates of total
908 measurement uncertainty. Here we consider: (A) a blue-green band-ratio POC algorithm and (B)
909 an IOP-based POC algorithm. We note that these examples are intended to illustrate how one might
910 visualize source contributions to measurement uncertainty. These plots are not intended for
911  algorithm comparison purposes.
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Appendix A: Chlorophyll concentration and uncertainty

NASA’s standard chlorophyll-a pigment (Chl; mg m=) algorithm is a combination of a blue-to-green
maximum band ratio algorithm (Chlgr) (O'Reilly et al., 1998) and a chlorophyll index (line height)
algorithm (Chlx) (Hu, Lee, et al., 2012). During pixel-by-pixel processing, both Chlgr and Chl are
computed.

A.1 Band ratio Chl model
Chlgr is returned as the solution when Chlgr > 0.2 mg m™ and is computed as follows:

ChlBR =107 [Al]
which has the derivative:
Chl,, 2
—8% =10g(10)10 A2
a g(10) [AZ]

where a is a polynomial function. The order of the polynomial, N=4, and the coefficients a; are
sensor dependent. Specifically, a is expressed as:

4 )
a=YalLR] [A3]
=1
and has the derivative (assuming the coefficients, ai, have no uncertainties):
oa 4 X i-1
_8LR = Zt;zail:LR:I . [A4]
The log-ratio, LR, term is:
(R )
LR =log, | -2~ [A5]
( Rrs,gJ

where Rrsh and Rrs g are remote sensing reflectances centered on blue and green sensor bands,
respectively.

The partial derivatives of Eq. A5 are:

LR 1 1

= , A6
R, log(l0) R [A6a]
and
R
TLR =- L ’;"’ . [A6b]
1 R’_SMg log(10) Rrs’g
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In this analysis, we consider the Chlgr formulation known as “OC4” tuned for the SeaWiFS sensor
where the green reference band, Ag, is centered on 555 nm and the blue band is selected as follows:
R - maX{R 5,443 rv 490 Vs 510} [A7]
The fourth order polynomial coefficients a;j were determined empirically from a comprehensive in

situ data set of coincident Chl and Rrs()) data (Werdell & Bailey, 2005). For OC4, the coefficients ao,
ai, az, as, a4, have values of 0.3272, -2.9940, 2.7218, -1.2259, and -0.5683, respectively.

The variance in Chlgr is thus estimated as:

2 2
(ochl. ) (ochl. ) oChl,, 8ChI

) =| ] e S s, e St 1) o
rs,b 75,555 7s,b

75,555

where U(Rrsp) and u?(Rrssss) are the variances of Rys,» and Ryssss, respectively and the u(Rrs,,Rrs,555)
is the error covariance of Rrs,n and Ryrssss. The partial derivatives in Eq. A8 are computed as:

Chl,, _Chl,, fa LR [A9a]
R fa TLRIR

rs,b rs,b

and

TChl,, Chl, fa TLR

[A9b]
1-[Rrs,555 ﬂa ﬂLR 1.[Rrs,555
A.2 Line height Chl model
Chlpy is returned as the solution when Chln < 0.15 mg m™ and is computed as follows:
Chl,, =10, [A10]
which has the derivative:
ﬂChl
" = log(10)10° [A10]
where,
b =-0.4909 +191.5690LH [Al1]
which has the derivative:
o _ 191.6590 . [A13]
TLH

The LH term has the form:
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with the following partial derivatives:

and

The variance in Chl.y can then be estimated as:

(6Chi

OR
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) (555 - 443)
LH = Rrs,555 - |: 75,443 + (670 _ 443)( 75,670 B Rrs,443) ’ [Al4]
NLH _ (555-443) [Al54]
TR ... (670-443)
VLo _,, [A15b]
ﬂRrS,SSS
TLH _ (555-443) [A15¢]
TR .,  (670-443)
Vo (ocht, (ocn,
R + LH 2 R + LH 2 R [
J u ( rs,443) LaRm’SSSJ u ( rs,555) L@Rmﬁ?OJ u ( rs,670)

W*(Chl,,)) = i L1

rs, 443

4 o OChl,, OChL,,

OR

rs,443

oChl,, 8Chl

u(R

+2
OR

rs,555

+2

oChl,,, 6Chl,,,

u(R_,..R ) [Alf]

rs, 443

R R

75555 7 1,670 )

75,4431 rs,555) aR aR

rs,670

75,4437 7 Trs,670

where U?(Rrs 443), U(Rrs;555) and U?(Rrs670) are the variances of Rrs 43, Rrssss, and Rys 670, respectively.
The term u(Rys 443, Rrs;s55) IS the error covariance of Rys 43 and Ryssss, U(Rrs443, Rrse70) IS the error
covariance of Rrs 443 and Rys 70, and (Rrs 555, Rrs,670) 1S the error covariance of Ryssss, and Rrse70. The
partial derivatives in Eq. A16 are computed as:

and

A.3 Blended Chl product

NChl,, Chi, b TLH

R

16 9LHIR

75,443 75,443

Chl,, _Chl,, 6 TLH

R

16 9LHR

75,555 75,555

Chl,, _Chl,, b TLH

TR

16 9YLH TR

75,670 75,670

[Al7a]

: [A17b]

[A17c]

For intermediate conditions where Chl g > 0.15 mg m= and Chlgr < 0.2 mg m, Chlis and Chlgr values
are blended together and returned as the solution (Hu, Lee, et al., 2012). The blending is performed as

follows:
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(0.20- Chl ) (Chl, -0.15)
Chl, =Chl, ——L~+ ~—LiH - Al8
blend M0.2-0.15 Bk 0.2-0.15 [ ]
The variance in Chlpieng is estimated as follows:
(och, Y’ (ocn, Y (och, |\
u (Chlblend) L bl"”dJ uz(Rrs,443) +L a h[e”dJ uz(RrsAgO) + L a h[e”dJ u (Rrs 510)
Rrs,443 Rrs,490 Rrs,510
(och, N’ (ocn, '
+ k b/endJ 1/[2 (Rrs 555) + L b/endJ u2 (Rm 670 )D
a]zrs,555 ' aIers,670 ’
OChl,, . OChl 8Chl oChl
+ 2 aR blend aR _ — ""blend (Rrr R 490) aR blend aR _— — "“blend (RrY 4431 510 )D
rs,443 75,490 rs,443 rs,510
+ 2 aChl aChlbl = (Rrs 4437 " s 555) + 2 aChlble"d aChlb[ = (RIS 4437 " Vs 670)D
aRrs 443 a]ers 555 a13}3,443 a173}’5670
+ 2 aChl aChlblend (Rrs 4907 " Trs 510) + 2 aChlble"d 6Chlbl = (Rrs 490 " s 555)D
aRrs ,490 8Rr5 510 aRrSAQO 6Rr3 555
+ 2 aChl aChlble . (Rrs 4907 7 s, 670) + 2 aChlbl"”d aChlbl = (Rrs 510" rs 555 )D
aRrr 490 aR}? 670 aRrs 510 8R}& 555
a(jhlblend a(jhlble nd (R R ) + 2 aC:’hlhlena’ a(:’hlhle nd (R )
75,510 " 15,670 7S, ’ rsG 0
OR 10 OR, 70 ” ' OR s55  OR 520 > ' [A19]
Where U?(Rys,i) terms are variances and U(Rys;, Rrs;j) terms are error covariances. The partial
derivatives in Equation A19 are:
OCH,,, . 1 [ ,0CH,, &CHE,  &(Chl,Chl,) o 6CH, | o
0R_, 02-015| ~ OR_, OR_ oR oR_,
and
Chl? Chl
Ny = pepy A [A214]
rS,i Rrs i
Chl , Chl Chl Chl
ﬂ( LH BR) — ChlLH ﬂ BR ChlBR ﬂ LH [A21b]
ﬂRrs,i ﬂRrs,i 1-[Iars,i
TChl, Chly _ . TCHL, . ChHI,,
1-[Rrs,i H ﬂRrs,i . ﬂRrs,i
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Appendix B: Diffuse attenuation coefficient and uncertainty

NASA'’s standard algorithm for the deriving diffuse attenuation coefficient at 490 nm, Kg,400 (M™), is
based on blue-to-green reflectance ratios (Mueller, 2000). The algorithm was empirically developed
using a high quality in situ dataset of coincident Kq(490) and Rrs(A) data (Mueller, 2000; Werdell &
Bailey, 2005) and is computed as follows:

K, . =0.0166+10° [B1]

d,490

which has the derivative with respect to y of:

ﬂKd490 c
— 440 = |og(10)L
Tc 0g(10)10 [B2]

where y is a polynomial function. The order of the polynomial, N=4, and the coefficients b; are sensor
dependent. Specifically, y is expressed as:

4 )
c=> b[LR] [B3]
i=0
and has the derivative (assuming the coefficients, bi, have no uncertainties):
oc 4 i-1
—=>ib|LR| . b4
ok - bl LR] [b4]

In this study, we consider the Kq490 algorithm tuned for SeaWiFS such that the blue and green remote
sensing reflectances, Rrsp and Rysg, that are centered on 490 nm and 555 nm, respectively. Also, the
fourth order polynomial coefficients bo, b1, b2, b3, and bs are -0.8515, -1.8263, 1.8714, -2.4414, and -
1.0690, respectively. Thus, the log-ratio, LR, term is:

LR =log,, (%} [B5]

75,555

The partial derivatives of Eq. B5 are:

LR 1 1

R ., log10)R ' [B6a]
and
IR o1 Rw [B6b]
TR, o log(10) R ...
The variance in Kg.490 can thus be estimated as:
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(oK, .\ (oK, .\’ 0K, 0K
2 - d 490 2 d,490 2 d 490 d,490
u ( d,490) - L R J u (Rrs,490) +L J u (Rrs,555) + 2 R R u(RysAg() ' Rm’555) [88]
75,490 75,555 75,490 75,555

where U(Rrs490) and u(Rrsss5) are the variances of Rys490 and Ryssss, respectively and u(Rrs 490, Rrss55) IS
the error covariance of Rys 490 and Rrssss. The partial derivatives in Eg. B8 are computed as:

ﬂKd,490 _ 1”<d,4go flc LR

= [B9a]
1-[Rrs,490 T[ c ﬂLR 1.[Rrs,490
and
ﬂKdAQO — ﬂK(;1,490 fc LR [B9b]
ﬂRrs,sss e LR ﬂRrs,sss
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Appendix C: Particulate organic carbon

NASA'’s Particulate Organic Carbon (POC) algorithm as defined by Stramski et al. (2008a) computes
near-surface particular organic carbon concentration (mg m-) as follows:

POC=a BR™ [C1]
poc

Where, apoc and bpoc are constants with values of 203.2 and -1.034, respectively. The BR term is a
blue-green reflectance ratio with the numerator and denominator being remote sensing reflectances
centered on 443 and 555 nm, respectively.

R
BR - Rrs,443 [CZ]
75,555
The derivative of Equation C1 with respect to BR is:

1POC _

a b BR"™ [C3]
TI B R poc~ poc

And Equation C2 had the following partial derivatives:

1BR _ 1 ’ [C4]
ﬂRm,443 Rrs,555
and
R
T[BR - _ 75,443 - [C5]
ﬂ Rrs 555 (Rrs ,555 )
The variance of POC is estimated as:
, (aroc) (aroc) 8POC 8POC
u (POC) = L J u (Rrs,443) + LaiJ u (Rrs,555) +2 o ﬁiu(Rrs,443’Rrs,555) [C5]
rs,443 Rrs 555 Rrs 443 Rrs 555

where U?(Rrs 443) and U?(Rrsss5) are variances of Rys 443 and Rrssss, respectively. U(Rrs 443 Rrssss) is the
error covariance of Rys443 and Rrsss5. The partial derivatives in Eq. C5 are computed as:

POC _ 1POC 1BR [C6a]
ﬂRrS,443 B8R 11Rrs,443
and
POC _ 1POC 1BR [C6b]
ﬂRrS‘555 TIBR ﬂRrS,SSS
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Appendix D: Normalized fluorescent line height

NASA’s algorithm for normalized fluorescence line height, nflh (mW cm um? srt), is a measurement
of chlorophyll fluorescence emission under natural sunlight (Behrenfeld et al., 2009). The algorithm
uses spectral values of normalized water leaving radiances, nLw. Values of nflh are calculated as the
difference between the observed nLwezg and a linearly interpolated nLwezs from two adjacent bands
(nLwes7 and nLwvsg). Currently, the algorithm is implemented for MODIS only as:

70 11
nflh = nLwg,, - nLw,, (aj -nlw,,, (EJ [D1]
We note that nLw; is related to Rys; as follows:
nLWi = F('),iRrs,i [D2]

Where, Fo; is the spectral extraterrestrial solar irradiance (Thuillier et al., 2003).
The variance in nflh is estimated as (assuming that Fo has no uncertainties):

) [ onin ), (onin ), (o,
u (nﬂh) = LaR J u (Rrs,667) + L aR J u (Rrs,678) + L aR J u (Iers,748)D
75,667 75,678 75,748
+9 onflh  Onflh W(R . R..) onflh  onflh W(R R (D3]
a]er‘s‘,667 8]ers,678 ™ - aRrs,667 a]ers,748 ” -
onflh onflh
+ 2 aR 8R u(Rrs,678’ rs,748)

75,678 rs,748

where U(Rrse67), U(Rrs678), and u(Rrs74g) are the uncertainties in Ryses7, Rrs678, and Rys 748, respectively.
The term u(Rrs667, Rrs,678) IS the error covariance of Rrses7 and Rrse7s, U(Rrs,667, Rrs748) 1S the error
covariance of Ryse67 and Rys 748, and (Rrs 678, Rrs,748) IS the error covariance of Ryse67, and Rys 74s. The
partial derivatives in Eq. D3 are:

onflh 70
- ;ﬂ - _[a] Fyoer [D4a]
75,667
Infih
ﬂ:ﬂ = FZ),G?S ! [D4b]
rs,678
and
onflh (11
R = _[Qj E)’m . [D4c]

75,748
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Appendix E: Inherent optical properties

The Generalized Inherent Optical Properties (GIOP) is a semianalytical algorithm used to derive
standard 10P data products as distributed by NASA’s OB.DAAC. Comprehensive discussion of the
GIOP can be found elsewhere (Franz & Werdell, 2010; McKinna et al., 2016; Werdell et al., 2013),
however, below we briefly overview the algorithm.

E.1 The forward model

At the core of the GIOP is a forward reflectance model that simulates the spectral sub-surface remote-
sensing reflectance, rrs;, as a function of the water-column’s inherent optical properties (IOPs). The
default configuration of the GIOP uses the quasi-single scattering approximation of Gordon et al.

(1988) to model the subsurface spectral remote-sensing reflectance, rr:‘f_’d, as a function of IOPs:

e = gt g [E1]
and
bbi
u=—"ti [E2]
l ai + bb,i

where, aj is the total spectral absorption coefficient, by, is the total spectral backscattering coefficient,
and go and g: are constants with default values of 0.0949 and 0.0794, respectively. The coefficient a;
can be expressed as the sum of absorbing constituent matter present:

ai = aw,i + xfaf,i + xdgadg,i [E3]

where, the aw,i is the spectral absorption coefficient of pure water. The two remaining spectral
absorption coefficient terms on the right-hand side of Equation E3 are expressed as a product of a
normalized spectral absorption coefficient («*) and its magnitude (x). The subscripts ¢, and dg
denote the constituents phytoplankton and colored dissolved and detrital matter, respectively.
Similarly, by, can be expressed as:

b =b +xb [E4]

b,i bw,i p bpi

where the subcomponents of water and particulate matter are denoted by the subscripts w and p.
Because pure water IOPs and the spectral shapes of other constituent matter can be parameterized at

runtime, r”‘"d becomes a function of three free variables:
d _
rr:? - f(xf’xdg’xp) [ES]
A mathematical solution method (default: non-linear least squares optimization) is then employed to
find the optimal set of X, Xdg, and xp such that rrj‘f,’d best matches the sensor-observed sub-surface
remote-sensing reflectance, rr:‘?d. A “best match” is achieved once some distance metric (e.g. chi-

squared) falls below a predefined threshold. We note that rr:‘jd is computed from above-water remote

sensing reflectance, R . according to Lee et al. (Lee et al., 2002):
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b. Rrs i
A [E6]
T 052+17R_,

Importantly, the GIOP’s structure can be varied at runtime to assign the forward reflectance model, the
normalized shapes of the IOP subcomponents (a;i , a;gi and b;P .), and the mathematical solution

method. We note that the spectral shape coefficients are normalized at 443 nm.
E.2 Bio-optical models
In the GIOP, the normalized shape components Appr Ay, and b, are parameterized on a per-pixel

basis using bio-optical models. Below we briefly describe the bio-optical models used in the default
configuration of the GIOP.

The spectral shape a;i is modeled per-pixel using the methodology of Bricaud et al. (1998).

Specifically, . isa function of Chl as derived in Appendix A and the spectral vectors Ajand Bi:

i
a,, = %55 AChI®™ [E7]
where, the scaling coefficient is:
t=A,,Chl™™ [E8]

The subscript 440 denotes that the scaling coefficient is computed at or near 440 nm. The resulting

a;i is chlorophyll-specific, hence the scaling factor x, has the physical value of chlorophyll

concentration (Chlgiop). The spectral shape a;g,i is modeled using an exponential function of the form:
Ay, = exp{—S Rli= 440)} [E9}

where, Sqq is treated as a constant with a default value of 0.0183 sr! (Werdell et al., 2013). The
normalized spectral shape has a value of 1.0 at or near 440 nm. Accordingly, the scaling factor Xqgq is
equivalent to adg,44o.

The normalized particulate backscattering coefficient, b;p .» Is modeled per-pixel using a power law:

. _[440)’
b= ) [E10]

bp,i .
Pt i

The normalized spectral shape has a value of 1.0 at or near 440 nm. The power law exponent, g, is
calculated following Lee et al. (2002):

§=20-24¢ [E11]

where
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\
n= -0.9( chint J [E12]
and rs,550 IS centered on or near 550 nm.

E.3 Inverse solution method

The GIOP has a number of built-in inverse solution (spectral matching) methods that an end-user can
select at runtime, these including: Levenberg-Marquardt (LM) optimization, Nelder-Mead (amoeba)
optimization, and linear matrix inversion (LMI). In this study, we have chosen to use a LM solution
method as is it is the current default in NASA’s implementation of GIOP. The cost function is an Chi-
squared sum of squares metric. When computing the Chi-squared metric, the following Rrs,i bands were
included: 412, 425, 443, 460, 475, 490, 510, 532, 555, 583, 617, 640, 655, 665 nm.

E.4 Uncertainty propagation

For non-linear least squares, the variance-covariance matrix of derived best-fit parameters, Vx, can be
estimated using the Jacobian matrix, J, and the variance-covariance matrix of model inputs, Vrs as:

VvV =J'v. (I, [E13]

For the GIOP, the uncertainties of x4, Xdg, and xp can thus be estimated as the square root of the diagonal
elements of Vx. The matrix V_ is the variance-covariance matrix of rrs. The matrix J is computed as:

or.. or.. oOr._ .
J — { 7S, 7S, rS,I :| [E14]

Ox, axdg )

where the i wavelength element of each column can be expressed as:

fir.,. _ -[g, + Zglui][bh,ia;,i]

, E15a
Tx, [bb,i + ai]2 [ ]
ﬂrr”- _ _[go +2g1ui][lzb,iadg,i] 1 [E15b]
T, [5,,+al

and

.. _ [g, +2gu]lap,,] _ [E15c]

Tx, [, + al

The diagonal elements of V_are equal to the square of uncertainties in sensor-observed sub-surface
remote sensing reflectances, uz(rm), and the off-diagonal elements of V_, ”(’”m"?-s,-)’ are the

covariances between »_.and T i The elements uz(rm) are computed as:
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2

o oo )
)| SEE | k) [E16]

rs,i

and the off-diagonal can be computed as:

r.,, Tr

ulr r )=—2L 2L y(R R E17
i )R MR R, ) [E17)

where, u(Rrs,, Rrsj) is the covariance (if known) of above-water remote sensing reflectances Rys, and
Rrsj. The partial derivative term in E16 is:

a"m,« _ 0.52 . [El8]
OR.; [052+17R ]

We note that for the approximation of u(xs), u(Xdg) and u(xp), computed from Eq. E13, the spectral
shapes coefficients a;i, a;g,-’ and bljpi are treated as uncertainty free. In practice, however, we note
that a, and bzpi have inherent uncertainties due to their dependence of Chl and Rys;, respectively. We

remind the reader that in this study we have focused on propagation of data (radiometric) uncertainties
and not on the impact of model (spectral shape) uncertainties. We have nonetheless still included
relevant FOFM uncertainty formulations for spectral shape models in the following section.

E.5 Uncertainty in spectral shapes

For b;pl_, variance of the spectral shape, uz(b;pl_), is driven by variance in the power law exponent,
u?(y), which can be computed as:

(a0 ) (a0 ) o0 o
u’(g) = La—gJ ”2(rrs,44o) + LG—QJ ”2(””,550) +2 8rg 8rg ”(’3’3,440”%,550)' [E19]

rrs ,440 75,550 75,440 rs,550

The partial derivatives in Eq. E19 have the following form:

g _Tg n [E20a]
ﬂ’”m,440 Tin ﬂrrs,440
9 _Tg n [E20b]
ﬂrm’550 ﬂn ﬂrrs,550
where,
g9
Y- o4e [E21]
n
I _ 09 [E22]
i, rs,440 z rs,440
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and
ALY T [E23]
1.[Vrs ,550 (rts ,555 )
Finally, (&, ) is computed as:
. (440)( 440\
)= )T ) =

and spectral uncertainty in the derived backscattering coefficient, u(bhp ), s

u? (b,

D i

* 2 * 2 * *
)= (xpu(bbpyi)) + (bbp,,-”(xp)) + 2prbp’iu(xp,bbpyi) [E25]

where the term u(xp,b;p ,)is the covariance between x, and b;p .- When estimating u(bop,443) the first

and third term in the right-hand side of E25 reduces to zero as b;p 3Nas a constant value of 1.0 and

thus no variance, hence u(xp,b* ) is zero. We have not estimated/parameterized ”(xp'b;pi) in this

bp 443
study.
For a;i, uncertainty of the spectral shape, uz(a;i), is driven by u(Chl) and is computed as:
(oa: (N
2(a.)=] ==L 2(Chl E26
O Tl [E26]
where,
da,, 0.0550A4ChI"™" .
r _ 0.05504 e acmit 0 [ 0.055) (£27]
OChl t OChl ’ OChI\ t
The term in Eq. E27 are expressed as:
B-1
A g -1]ach” [E28]
oChl ! !
and
6 0055_ & 0055 _ 0.055-B, +1] (E20]
B 440'1 B 440 )
oChl t  OChl 4, Chl" A, Chl”
Spectral variance in the derived phytoplankton absorption coefficient, *(a Fi) is:
44
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uz(aﬂ) = (xfu(a;l.))z + (a;iu(xf))2 + 2xfa;iu(xf, a;i) . [E30]

where the term u(x, a;l_)is the covariance between x4 and a;i. When estimating u(aga43) the first and

*

2 -
a3 has a constant value of 0.055 m*“ mg

third terms in the right-hand side of E30 reduces to zero as a

" and thus no variance, hence u(x,,a,.) is zero. We have not estimated/parameterized u(x_,a,.) in this

study. We also note the spectral coefficients A and B and the scaling constant 0.055 each would have
asscociated uncertainties, however, quanitifying these model coefficient ucertainties was beyond the
scope of this work.

The spectral variance in the absorption coefficient of colored dissolved and detrital matter, uz(adgi),
can be estimated as:

) - 2 . \2 . .
u (adg'i)—(adgyiu(xdg)) +(xdgu(adg'i)) +2xdgadg'iu(xdg,adg'i . [E31]

We note that in the default parametrization of the GIOP, Sqq is treated as a constant, thus there is no
variance in a;g .» and the first and last terms therefore reduce to zero.

45



1204

1205
1206
1207
1208
1209
1210
1211
1212
1213
1214
1215
1216
1217
1218
1219
1220

1221
1222
1223
1224
1225
1226
1227
1228
1229
1230
1231
1232
1233

1234

1235
1236
1237

Uncertainties in ocean color

Appendix F: Approximating correlated uncertainties due to sensor noise

For this study, we have statistically estimated the spectral covariance matrix for SeaWiFS remote
sensing reflectances Vrrs due to radiometric uncertainty in Lt. The objective was to appraise the impact
of spectral covariance terms in the analytical FOFM uncertainty framework, not to exactly quantify the
covariances for any given sensor. We accept that it does not encompass a wide variety of viewing
geometries, scan angles, water types, and aerosol conditions. In addition, we have not considered the
uncertainties in ancillary datasets such ozone concentration, and wind speed. This methodology
followed two steps: (i) statistically derive Vrrs from a number of SeaWiFS images captured over the
South Pacific Gyre, and (ii) numerically estimate the Jacobian matrix, Jit, describing how small
changes in L affect derived Rrs. The SPG was selected as atmospheric and oceanic gradients in this
region can be considered quasi-homogenous at local horizontal scales, thus local variability in Lt can,
to a first order, be attributed to sensor noise. We have used SeaWiFS MLAC data distributed by
NASA’s Ocean Biology Distributed Active Archive and Center (OB.DAAC) and processed these using
NASA’s I12gen code which is distributed as part of the SeaDAS data processing and visualization
software package (https://seadas.gsfc.nasa.gov/). Following JCGM (2008) we have applied correction
factors, including vicarious calibration and temporal degradation gains, in an attempt to reduce
systematic effects.

First, we followed a similar approach to Lamquin et al. (2013) to statistically estimate the covariance
matrix of top-of-atmosphere radiances, V... A selection of 1,928 SeaWiFS MLAC level-1 files
spanning the years 1999 — 2010 were processed using 12gen. Each L1 MLAC file was encompassed,
in part or whole, a 1° x 1° region centered on 26°S, 122°E in the SPG. The derived level-2 (L2) data
products were: Lt , Rrs,i and Chl. The quality of each level-2 file was then assessed by examining the
proportion of a file flagged as: CLDICE, HIGLINT, or PRODFAIL (probable cloud or ice
contamination, sunglint: reflectance exceeds threshold, and failure in any product, respectively). This
reduced the number of L2 files to 188. Next for each of the 188 L2 SPG extract files were manually
inspected in SeaDAS v7.5, and depending on their size, one-to-three 5x5 pixel subsets were extracted
where Chl and Rys 510 appeared to be quasi-homogenous, resulting in a total of 212 L2 5x5-pixel subset
files. Finally, the covariance matrix of Lt was computed for each 5x5 pixel subset from which a median
average Vit was generated. Using Vi the correlation matrix Rt was then computed. Figure F1 shows
estimated Vit and Rut.

107! 1.0
412 412
0.9
443 L N 443 =
£ i T £ 082
= 490 '; < 490 %
;g 510 » TE g 510 07 S
10~ =
T 555 = @ 555 062
e R v . =
> 670 i £ 2 670 1 \ 05 @
= L ; = I ’ S
765 - 2 765 T { ¥
. ! 0.4
865 [ 865
103

412 443 490 510 555 670 765 865 412 443 490 510 555 670 765 865
wavelength [nm] wavelength [nm]

Figure F1: Left-hand side: estimated variance-covariance matrix of SeaWiFS top-of-atmosphere
radiances, Vit. Right-hand side: estimated correlation matrix of SeaWiFS top-of-atmosphere
radiances, Riz.
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In this study, we approximated the per band top-of-atmosphere radiance uncertainty u(Lt,i) as 0.5% of
total Ly;:

u(L,)=0.005" L. [F2]

Next, we estimate a scaled top-of-atmosphere covariance matrix, V’t, on a pixel-by-pixel basis
which has diagonal elements of »*(L ) and can be computed as:o

Vi =SR S, [F3]
where the matrix S is a diagonal matrix with elements equal to ]/u (L))

A comprehensive method to propagate radiometric uncertainties through NASA’s standard
atmospheric correction algorithm was beyond the scope of this study. We instead used a numerical
approach to approximate the covariance matrix of sensor-derived remote sensing reflectances, Vrs.
We first numerically estimated the Jacobian matrix, J v, or partial derivatives of Rysi (412 — 670 nm)
with respect to L, (412 — 865 nm)

aRrs,412 aRrs,412 aRrs,412
aLt,412 , aLt,443 ’ aLz,%s
aRrs,443 aRrS,443 IR .3
3, = aLt,4l2 , aLz7443 ’ aLz,sss . [F4]
aRrs,67O aRrs,670 M
i oL, ’ aLz,443 o a‘Lz,865 i

To generate Jit, for the SeaWiFS MLAC image captured on 14 March 2007 and centered on the SPG,
a subset of the image was extracted (25°S—27°S; 121.3°W -123.3°) with mean solar zenith angle (osol2)
of 24.5° (1-6501,=0.69°) and mean sensor zenith angle (csenz) 0f 23.9° (1-0senz=1.9°). The subset was
then processed using 12gen to derive Rysi Next, the scene was reprocessed, however, this time Lt 10 was
perturbed by a 0.1% of the average scene-wide value of Lt412. The perturbation process was performed
eight times, once for each spectral band. Finally, the partial derivatives in J.: were approximated
numerically using a finite difference method, for example:

aRrS,443 ~ R}:v,443 B Rrs,443 [F5]
aLt,443 DLt,443

where, R ,,. is the derived remote sensing reflectance at 443 derived when Li443 was perturbed by a
small value ALt443. Finally, Vrrs can be estimated as:

vV, =J . ViJl. [F6]

Rrs
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1262  An example Vrrs matrix and example of u(Rr,is) spectra are shown in Figure F2. These data were
1263  derived for the test SeaWiFS MLAC scene captured on 14 March 2007 over the SPG. All elements of
1264 Vs are positive. We note that the estimated relative uncertainties (Figure F2) are of similar in shape
1265 and magnitude to those reported by Hu et al. (2013) for low-Chl waters.
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1266
1267  Figure F2: Left-hand side: estimated variance-covariance matrix of SeaWiFS remote sensing
1268  reflectances, Vrrs, for a scene of the central SPG captured on 14 March 2007. Right-hand side:
1269  Solid blue line is depicting the average Rys spectrum (log-scaled) for the SPG image with error bars
1270  that correspond to u(Rys,i). Dashed line depicts relative uncertainty in Rys.
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