J. Earth Syst. Sci. (2021)130:159
https://doi.org/10.1007/s12040-021-01661-8

Ó Indian Academy of Sciences
(0123456789().,-volV)(0123456789(
).,-volV)

Subcomponent inherent optical properties retrieval
from total absorption coefBcient and remote sensing
reCectance measured in coastal waters
SRINIVAS KOLLURU* , SHIRISHKUMAR S GEDAM and ARUN B INAMDAR
Centre of Studies in Resources Engineering (CSRE), Indian Institute of Technology Bombay,
Mumbai 400 076, India.
*Corresponding author. e-mail: srinivaskolluru.a1@gmail.com
MS received 26 September 2020; revised 16 February 2021; accepted 18 April 2021

The present study evaluates the applicability of two absorption decomposition algorithms (ADA) (Zhang
and Lin’s models) in the retrieval of subcomponent Inherent Optical Properties (IOPs) from coastal
waters. These ADAs use measured or model-derived total non-water absorption coefBcient anw ðkÞ (total
absorption coefBcient subtracted water absorption coefBcient) as input and provide absorption subcomponents – absorption due to phytoplankton a ph ðkÞ and coloured detrital matter, adg ðkÞ as outputs.
Coast Colour Round Robin match-up dataset, NASA’s bio-Optical Marine Algorithm Dataset (NOMAD)
and Kochi (Indian coastal waters) datasets that consist of coincident measurements of remote sensing
reCectance, Rrs ðkÞðsr 1 Þ and IOPs were used for the evaluation of various models. With measured anw ðkÞ
as input, both Zhang and Lin’s models demonstrated good performance with an average spectral mean
absolute percentage error (MAPE) in the range of 19–44% for the derived absorption subcomponents for
all three datasets. Quasi-Analytical Algorithm (QAA) and LS2 are two semi-analytical algorithms
(SAAs) that use Rrs ðkÞ as input and provide anw ðkÞ as output. The QAA-Zhang, QAA-Lin, LS2-Zhang
and LS2-Lin models (combination of SAA and ADA) resulted in higher average spectral MAPE (33–59%)
values for the derived absorption subcomponents as compared to other existing SAAs, owing to errors
present in both SAAs and ADAs. These results indicate that improved SAAs are required to derive
accurate a nw ðkÞ to improve the applicability of ADAs in remote sensing applications.
Keywords. Inherent optical properties; coastal waters; semi-analytical algorithms; absorption decomposition algorithms.

1. Introduction
The water quality of coastal waters worldwide is
aAected by natural processes like coastal upwelling,
sediment discharge from rivers into seas and
anthropogenic factors like the discharge of domestic and industrial sewage. The traditional method
of water sample collection and subsequent analysis

for water quality parameters is time-consuming
and tedious. Also, the traditional methods give
point data and cannot provide the spatial
distribution of water quality. Remote sensing
technique has been in use since the 1970s to study,
monitor and assess water quality of various water
bodies. Remote sensing oAers the advantage of
covering water bodies of different areas and provide
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long-term synoptic retrievals of water quality
parameters.
The concentration and composition of various
substances in the water medium govern the light
availability in the upper parts of the ocean and
play a key role in biogeochemical cycles, nutrient
availability, primary production and carbon cycle
(Zheng and Stramski 2013). Inherent optical
properties (IOPs) are optical properties of the
aquatic medium that depend on various constituents in the medium and water itself and
independent of the incident light Beld. Total
spectral absorption coefBcient (aðkÞ; m1 ) and
backscattering coefBcient (bb ðkÞ; m1 ) are the bulk
IOPs that provide information on light interaction
with various optically active substances in seawater, k is the wavelength. Except in extremely turbid waters, aðkÞ is expressed as the sum of
absorption due to water – aw ðkÞ, phytoplankton –
a ph ðkÞ, detrital material – ad ðkÞ and gelbstoA/yellow
substance – ag ðkÞ, all measured in m1 (Twardowski
et al. 2018). Owing to a similarity in the spectral
characteristics of a g ðkÞ and a d ðkÞ, they are often
combined and expressed as absorption due to
coloured detrital matter, a dg ðkÞðm1 Þ. The coefBcients a ph ðkÞ; ad ðkÞ; ag ðkÞ and a dg ðkÞ are referred to
as absorption subcomponents. The total backscattering coefBcient, bb ðkÞðm1 Þ is also expressed as the
sum of the contribution from water – bbw ðkÞ and
particulate material, bbp ðkÞðm1 Þ.
Apparent optical properties (AOPs) are properties of a medium dependent on both constituents of aquatic medium and geometric
structure of the radiance distribution. Remote
sensing reCectance, Rrs ðsr 1 Þ derived from sensor/
satellite measured radiance is an Apparent Optical Property (AOP) that can be used to obtain
information about various constituents in the
water (Mobley 1994). Ocean colour algorithms
(OC) use Rrs ðkÞ to derive optical properties and
concentrations of biogeochemical parameters like
chlorophyll-a concentration, total suspended material, coloured dissolved organic material (Gholizadeh et al. 2016).
In case 1 waters, the ocean colour is a function of
phytoplankton with dissolved organic material and
suspended sediment concentration co-varying with
phytoplankton. In case 2 waters, the ocean colour
is aAected by terrigenous particulate and dissolved
materials and do not co-vary with phytoplankton.
The OCs developed for case 1 waters often fail in
case 2 waters owing to the optical complexity
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resulting from various optically active substances
(IOCCG 2006).
Semi-analytical algorithms (SAAs) invert the
sensor/satellite-derived Rrs ðkÞ to bulk and
absorption subcomponents. One class of SAAs
(Type-1) use linear or non-linear techniques to
simultaneously estimate the bulk and absorption
subcomponents (Maritorena et al. 2002; Werdell
et al. 2013, 2018) from Rrs ðkÞ. Another class of
SAAs (Type-2) use various empirical and analytical equations in a step-wise procedure to obtain the
bulk and absorption subcomponents (Loisel and
Stramski 2000; Lee et al. 2002; Smyth et al. 2006;
Loisel et al. 2018) from Rrs ðkÞ. Quasi-Analytical
Algorithm (QAA) (Lee et al. 2002) and LS2 (Loisel
et al. 2018) are two algorithms that fall into type-2
category of SAAs.
Apart from the SAAs, another class of algorithms called Absorption coefBcient Decomposition/partitioning Algorithms (ADAs) exist. These
ADAs partition the total spectral absorption, aðkÞ
or total spectral non-water absorption coefBcients
(a nw ðkÞ ¼ aðkÞ  aw ðkÞÞ to obtain the absorption
subcomponents of a ph ðkÞ; a d ðkÞ and ag ðkÞ. With the
advancement in instrumentation, various instruments like ac-9/ac-s devices (ac Meter Protocol
Document 2011; Freeman 2012), a-sphere (Dana
and MafBone 2006) and Point Source Integrating
Cavity Absorption Meters (PSICAM) (R€
ottgers
et al. 2007) are capable of providing total absorption in multispectral and hyperspectral wavelengths. The ADAs were used in studying spatiotemporal variations of phytoplankton species
(Bricaud et al. 2012), and to retrieve chlorophyll
concentration (Chl) in complex estuaries (Zheng
and Digiacomo 2017), and to obtain phytoplankton
size classes (Zhang et al. 2015).
One subcategory of the existing ADAs use aðkÞ
or anw ðkÞ as inputs to derive the absorption subcomponents (Gallegos and Neale 2002; SchoBeld
et al. 2004; Ciotti and Bricaud 2006; Oubelkheir
et al. 2007; Dong et al. 2013; Lin et al. 2013; Matsuoka et al. 2013; Zheng and Stramski 2013; Zhang
et al. 2015). Some of these ADAs (Ciotti and Bricaud 2006; Dong et al. 2013; Matsuoka et al. 2013)
have been used in remote sensing applications to
derive the absorption subcomponents from Rrs ðkÞ
in combination with type-2 SAAs. The objective of
the present study is to evaluate the performance of
two ADAs, Zhang’s (Zhang et al. 2015) and Lin’s
(Lin et al. 2013) models in deriving absorption
subcomponents from a nw ðkÞ and Rrs ðkÞ measured

J. Earth Syst. Sci. (2021)130:159
in optically complex waters. The two ADAs were
compared initially for their IOP retrieval performance with measured a nw ðkÞ as input. Four models
are formulated using the two ADAs and two SAAs,
Quasi-Analytical Algorithm (QAA) (Lee et al.
2002) and LS2 algorithms (Loisel et al. 2018) to
derive absorption subcomponents from Rrs ðkÞ. The
formulated SAA+ADAs (QAA-Zhang, QAA-Lin,
LS2-Zhang and LS2-Lin) were compared with
existing standard operational approaches of Generalized Inherent Optical Property model (GIOP)
(Werdell et al. 2013), Garver–Siegel–Maritorena
(Maritorena et al. 2002) and QAA (Lee et al. 2002)
for retrievals of aph ðkÞ and adg ðkÞ from Rrs ðkÞ.

2. Methods and data
2.1 Methods
The two ADAs used for deriving aph ðkÞ and a dg ðkÞ
from a nw ðkÞ are Zhang’s (Zhang et al. 2015) and
Lin’s (Lin et al. 2013) models. The main motive in
choosing these two models is due to the difference
in the methodology used for deriving the absorption subcomponents from a nw ðkÞ.
Zhang’s model was proposed to infer the
phytoplankton size classes, chlorophyll concentration and detrital matter from anw ðkÞ. The outputs from this model are absorption coefBcients of pico-, micro-, and nano-phytoplankton
(a phpico ; a phnano ðkÞ; aphmicro ðkÞ) and adg ðkÞ. The
contributions from the three phytoplankton size
classes can be summed up to obtain total aph ðkÞ.
The two steps of the model are: (1) Generation of a
kernel consisting of eigenvectors or shapes for the
three phytoplankton size classes and shape for
a dg ðkÞ, the eigenvector or spectral shape used to
model a dg ðkÞ. An exponentially decreasing curve
with wavelength and slope, S is used for modelling
a dg ðkÞ. (2) Using the inputs of anw ðkÞ and the kernel, a linear matrix inversion is performed to obtain
the magnitudes for each component. Finally, an
optimization technique is used to Bnd the optimal S
value by minimizing the difference between modelled and measured a nw ðkÞ. The anw ðkÞ input
required for Zhang’s model can be obtained in two
ways. (1) Measurements using ac-9/ac-s devices.
(2) Derive aðkÞ from Rrs ðkÞ. Lin’s model partitions,
the measured or derived a nw ðkÞ into absorption
subcomponents of a ph ðkÞ; a d ðkÞ and a g ðkÞ using a
non-linear model based on second-order quadratic
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equations. In addition to the absorption subcomponents, the model also outputs the slope of the
CDM, S. The non-linear models used in this ADA
were Bt using NASA bio-Optical Marine Algorithm
Dataset (NOMAD) and northern South China Sea
datasets (NSCS).
To evaluate the applicability of Zhang and Lin’s
models in remote sensing applications, anw ðkÞ
derived from remotely sensed ocean colour data is
required as input. Two SAAs of the type-2 category, QAA and LS2, are used to derive a nw ðkÞ from
measured Rrs ðkÞ. QAA (Lee et al. 2002) is a type-2
SAA that inverts Rrs ðkÞ in two steps. In the Brst
step, the bulk IOPs are derived and in the second,
aðkÞ is partitioned into absorption subcomponents.
For the present study, QAA version 6 is used (Lee
2014). LS2 (Loisel et al. 2018) is a recently updated
type-2 SAA that uses Rrs ðkÞ as input and provides
a nw ðkÞ and bbp ðkÞ as outputs. LS2 provides the bulk
IOPs at individual wavelengths irrespective of one
another and do not use spectral assumptions about
IOPs (Loisel et al. 2018). The anw derived from two
SAAs that are positive in the entire spectrum are
only used as input to Zhang and Lin’s models in
deriving absorption subcomponents. Four models,
QAA-Zhang, QAA-Lin, LS2-Zhang and LS2-Lin,
hereafter referred to as SAA+ADA models, are
formulated by combining the two SAAs and ADAs.
As both SAAs implement different empirical, semianalytical and analytical equations, the derived
a nw ðkÞ are not entirely accurate and hence may
contain errors.
In addition to QAA and LS2 models, two other
widely used operational SAAs, the Generalized
Inherent Optical Property (GIOP) (Werdell et al.
2013) and Garver–Siegel–Maritorena (GSM)
(Maritorena et al. 2002) are used in the comparison. GIOP framework allows for the construction
of SAAs with various model parameterizations for
inversion of Rrs ðkÞ according to user needs. For the
present study, the default conBguration (DC) of
the GIOP model is used. GIOP-DC and GSM
models use the Levenberg–Marquardt (LM) technique (Levenberg 1944; Marquardt 1963; Maritorena et al. 2002). Both GIOP-DC and GSM
invert Rrs ðkÞ to obtain both bulk IOPs and
absorption subcomponents simultaneously. These
two models differ in the spectral shape models used
for modelling the absorption subcomponents. The
various steps of QAA, LS2, GIOP-DC and GSM
algorithms are presented in Appendix 1. The
present study compares the performance of
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(1) Zhang’s and Lin’s models in retrieval of a ph ðkÞ
and adg ðkÞ from a nw ðkÞ, (2) GIOP-DC, GSM, LS2
and QAA models in retrieval of a nw ðkÞ from r rs ðkÞ,
and (3) QAA-Lin, QAA-Zhang, LS2-Lin, LS2Zhang, GIOP-DC, GSM and QAA models in
retrieval of aph ðkÞ and adg ðkÞ from r rs ðkÞ.

2.2 Datasets
For comparison of various models, three datasets
covering different aquatic environments (Bgure 1)
are used. The Brst dataset is a match-up dataset
collected as a part of the Coast Colour Round
Robin (CCRR) project funded by the European
Space Agency (ESA) for studying the coastal
waters (Nechad et al. 2015). The match-up dataset consists of 348 station measurements of
Rrs ðkÞ; a ðkÞ; aph ðkÞ and adg ðkÞ at six wavelengths of
412, 443, 490, 510, 555 and 665 nm collected at two
sites, Florida and Southern California. Medium
Resolution Imaging Spectroradiometer (MERIS)
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level 2 reCectance products were used to obtain
reCectance spectra at match-up locations. ReCectance spectra from a box of 5 9 5 pixels around
match-up locations were processed to remove lowquality pixels and mean reCectance is calculated on
the remaining good-quality pixels. The ranges of
measured aph ð443Þ and adg ð443Þ are 0.017–1.457
ðm1 Þ and 0.029–0.836 ðm1 Þ; respectively. The
remaining sites in this dataset do not have concurrent measurements of Rrs ðkÞ and IOPs and
hence are excluded. The absorption measurements
for Florida are obtained from NASA bio-Optical
Marine Algorithm Dataset (NOMAD) (Werdell
and Bailey 2005) collected in 2005 and 2006. The
absorption measurements (a p ; ad and a g ) for Florida site are derived using spectroscopy. These data
were quality controlled by removing unreasonable
data and noisy data from instrument artefacts.
More information about the absorption measurements from Florida site can be found in Werdell
and Bailey (2005). In case of the Southern California site, absorption data from Plumes and

Figure 1. Locations of sampling sites in CCRR (red circles), NOMAD (black cross) and Kochi (blue squares) datasets. Examples
of sites, Chesapeake Bay, Florida, Southern California (USA) and Kochi (Indian coastal waters), show the sampling locations at
each site.
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Blooms cruises (PnB) (2005–2010) (Kostadinov
et al. 2007) and Oregon, California and Washington Line-Transect and Ecosystem (ORCAWALE)
cruise conducted in 2008 (Barlow et al. 2010) were
used. Absorption spectra from PnB cruises were
collected using vertical proBles of WET Labs ac-9
device, and pure water calibration and corrections
for temperature, salinity and scattering were
applied (ac Meter Protocol Document 2011).
Detailed information on the collection and processing of absorption measurements from the
CCRR dataset is available from Nechad et al.
(2015).
The second dataset is a subset of NOMAD
(Werdell and Bailey 2005) collected from
1999–2003 and consists of concurrent measurements of Rrs ðkÞ, ag ðkÞ; a d ðkÞ and a p ðkÞ from 237
stations (red circles in Bgure 1) at six wavelengths
412, 443, 490, 510, 555 and 670 nm. The data from
the Florida site used in the CCRR dataset is
excluded to avoid overlap between datasets. The
phytoplankton absorption coefBcient is obtained
by subtracting a d ðkÞ from a p ðkÞ. The ranges of
a ph ð443Þ and adg ð443Þ coefBcients observed in this
dataset are 0.008–1.48 ðm1 Þ and 0.004–1.73 ðm1 Þ,
respectively. This dataset stations spread across
different aquatic environments with varying optical properties like Florida, Chesapeake Bay,
French Guiana, and the southern ocean. All the
absorption coefBcients from this dataset were
derived using spectroscopy, and a quality control
procedure is followed to discard unreliable or negative absorption spectra (Werdell 2005). NASA’s
Ocean Biology Processing Group curated this
dataset with data provided by various researchers
and organizations worldwide.
The third dataset was collected during
2010–2013 from coastal waters of Kochi, India and
consists of concurrent measurements of 25 samples
of Rrs ðkÞ, a g ðkÞ; ad ðkÞ and a p ðkÞ each. This data
was generated as a part of the Satellite Coastal and
Oceanographic Research (SATCORE) program
(Lotliker et al. 2016) of the Indian National Centre
for Ocean Information Services (INCOIS), India.
Absorption measurements of aph ðkÞ and ad ðkÞ were
made by quantitative Blter pad technique (Kishino
et al. 1985; Mitchell 1990) and ag measurements
were measured by spectrophotometric method
(Kowalczuk and Kaczmarek 1996). The ranges of
a ph ð443Þ and adg ð443Þ coefBcients observed in this
dataset are 0.169–0.631 ðm1 Þ and 0.053–0.494
ðm1 Þ; respectively. ReCectance measurements

were collected by vertical proBling using SatlanticTM hyperspectral radiometer (HyperOCRII)
(Minu et al. 2014, 2016; Souda et al. 2020).
2.3 Error statistics
The statistics used for comparison of models are
mean absolute percentage error (MAPE), root
mean square error (RMSE), Bias and g% calculated as below

N 
X
100%
xi  yi 


MAPE ¼
;
 y
N
i
i¼1
sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
PN
2
i¼1 ðxi  yi Þ
RMSE ¼
;
N
PN
ðxi  yi Þ
;
Bias ¼ i¼1
N
Number of valid model  derived IOPs
g% ¼
Number of valid measured or observed IOPs
 100
ð1Þ
where x i ; y i are modelled and measured or observed
IOPs. N represents the total number of observations. In addition to the above statistical indicators, coefBcient of determination (R2), slope and yintercept of linear Bt between model-derived and
measured absorption subcomponents are also provided. A study by Seegers et al. (2018) indicated
that MAPE and bias statistics provide a more
robust measure of an ocean colour algorithm performance, as compared to r 2 , RMSE and regression
slopes. Hence, these two statistics are given higher
priority as compared to other statistical indicators.
The model-derived IOPs that lie in the range of
0.001–5 m1 , only are used for the calculation of
statistical indicators. The model-derived IOPs
exceeding in one order of magnitude compared to
the measured subcomponent IOP value are also
excluded from the statistics calculation. These two
conditions are used to avoid unrealistic statistical
values and represent the actual performance of the
models.

3. Results
3.1 Comparison of absorption decomposition
algorithms
The performance of two ADAs, Zhang and Lin
models, in the retrieval of accurate absorption
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Table 1. Statistical indicators calculated for Zhang (Zhang et al. 2015) and Lin (Lin et al. 2013)
model-derived and measured absorption subcomponents from the CCRR dataset.
Zhang et al. (2015)
k (nm)
a ph

a dg

412
443
490
510
560
665
412
443
490
510
560
665

Lin et al. (2013)

MAPE
(%)

RMSE
(m1)

Na

Bias
(m1)

MAPE
(%)

RMSE
(m1)

Na

Bias
(m1)

19.91
15.81
20.71
29.81
53.43
21.61
16.41
21.31
32.81
34.82
48.42
77.77

0.0402
0.0341
0.0290
0.0283
0.0165
0.0102
0.0402
0.0331
0.0265
0.0244
0.0194
0.0114

348(0)
348(0)
347(0)
344(0)
340(0)
323(0)
348(0)
348(0)
348(0)
348(0)
348(0)
348(0)

0.0078
0.0045
0.0052
0.0059
0.0048
0.0032
0.0081
0.0007
0.0033
0.0038
0.0055
0.0065

23.18
23.68
27.45
21.51
24.72
17.60
21.29
25.03
34.37
31.19
23.17
50.55

0.0464
0.0441
0.0427
0.0309
0.0187
0.0097
0.0525
0.0440
0.0330
0.0281
0.0198
0.0096

348(37)
348(37)
347(36)
344(34)
340(32)
323(23)
348(37)
348(37)
348(37)
348(37)
348(37)
348(37)

0.0269
0.0286
0.0231
0.0124
0.0051
0.0032
0.0315
0.0254
0.0168
0.0125
0.0054
0.0030

The statistics in bold indicate the lowest value of the two models. Na indicates the total number of
positive observed or measured IOP at a speciBc wavelength and the value in brackets indicates the
number of invalid IOPs derived from the model.

subcomponents from a nw ðkÞ is assessed using various statistical indicators. For the CCRR dataset
(table 1 and Bgure 2), the absorption subcomponents derived using Zhang’s model are 100% valid.
For Lin’s model, around 7–10% of the derived
absorption subcomponents are invalid. The MAPE
values of the absorption subcomponents, a ph ðkÞ
and a dg ðkÞ derived using Zhang’s model were 4–7%
lower in the 412–490 nm range compared to Lin’s
model. In the 510–665 nm range, absorption subcomponents derived from Lin’s model resulted in
4–30% lower MAPE values than Zhang’s model.
Zhang’s model exhibited lower RMSE values for
the derived absorption subcomponents at all
wavelengths except 665 nm. Similar to MAPE and
RMSE statistics, Zhang’s model’s bias values were
lower than Lin’s model for both aph ðkÞ and adg ðkÞ.
Zhang’s model-derived a dg ð665Þ exhibited higher
bias as compared to Lin’s model (Bgure 2B). A
possible reason for lower MAPE values exhibited
by Lin’s model in 510–665 nm can be related to its
lower number of valid IOP retrievals. Further,
higher MAPE values in longer wavelengths is
attributable to the difBculty faced by the algorithm
in partitioning a nw at these wavelengths. This difBculty can be due to the smaller magnitudes of the
observed absorption coefBcients of subcomponents
at longer wavelengths (Zheng and Stramski 2013).
From these statistics, it can be observed that
Zhang’s model is capable of providing a higher

number of valid IOP retrievals with good performance (lower RMSE and lower bias) at most of the
wavelengths for the CCRR dataset.
In the case of NOMAD (table 2 and Bgure 3),
MAPE values for Zhang’s model-derived aph are
22–30% lower compared to Lin’s model in the
412–510 nm range. At 555 and 670 nm, Lin’s model
derived aph obtained 7–8% lower MAPE values
compared to Zhang’s model. At all wavelengths
(except 670 nm), Zhang’s model-derived adg
obtained 9–18% lower MAPE values compared to
Lin’s model. At 670 nm, Lin’s model resulted in a
3% lower MAPE value for a dg compared to Zhang’s
model. As compared to the other wavelengths,
Zhang’s model-derived a dg at 670 nm exhibited
higher deviation from measured a dg (Bgure 3B).
Both models resulted in 100% valid absorption
subcomponent retrievals at all wavelengths. The
bias values for Lin’s model-derived aph are higher
than Zhang’s model, and the deviation from measured values decreased toward longer wavelengths
(Bgure 3A). Overall, with lower bias and MAPE
values, Zhang’s model exhibited better performance in retrieval of a ph and a dg at most of the
wavelengths than Lin’s model.
For the Kochi dataset (table 3 and Bgure 4), at
all wavelengths, Zhang’s model-derived aph exhibited 2–30% lower MAPE values than Lin’s model.
The bias and RMSE values for Zhang’s model are
also lower than Lin’s model for the derived aph
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Figure 2. Comparison of Zhang (blue squares) and Lin (red circles) model-derived and measured (A) aph and (B) adg at 412, 443,
490, 510, 555 and 665 nm from the CCRR dataset. Slope and y-intercept are coefBcients from the linear Bt between model-derived
IOP and measured IOP values. Additional statistics are presented in table 1.
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Table 2. Statistical indicators calculated for Zhang (Zhang et al. 2015) and Lin (Lin et al. 2013) model-derived and measured
absorption subcomponents from NOMAD.
Zhang et al. (2015)
k (nm)
a ph

a dg

412
443
490
510
555
670
412
443
490
510
555
670

1

a

MAPE (%)

RMSE ðm Þ

N

28.93
19.99
19.62
23.36
51.02
12.69
11.78
14.67
18.56
20.03
22.96
30.58

0.0668
0.0555
0.0488
0.0357
0.0274
0.0077
0.0666
0.0590
0.0429
0.0356
0.0228
0.0066

237(0)
237(0)
237(0)
237(0)
237(0)
237(0)
237(0)
237(0)
237(0)
237(0)
237(0)
237(0)

Lin et al. (2013)
Bias ðm Þ

MAPE (%)

RMSE ðm1 Þ

Na

Bias ðm1 Þ

0.0007
0.0056
0.0108
0.0079
0.0073
0.0010
–0.0005
–0.0073
–0.0089
–0.0083
–0.0063
–0.0023

52.05
51.12
52.28
46.06
43.74
5.43
29.49
31.52
33.35
33.56
31.91
27.59

0.0536
0.0509
0.0403
0.0304
0.0177
0.0056
0.0671
0.0472
0.0317
0.0261
0.0166
0.0047

237(0)
237(0)
237(0)
237(0)
237(0)
237(0)
237(0)
237(0)
237(0)
237(0)
237(0)
237(0)

–0.0242
–0.0238
–0.0156
–0.0105
–0.0026
0.0000
0.0315
0.0203
0.0104
0.0076
0.0036
0.0003

1

The statistics in bold indicate the lowest value of the two models. Na indicates the total number of positive observed or measured
IOP at a speciBc wavelength and the value in brackets indicates the number of invalid IOPs derived from the model.

(Bgure 4A). MAPE values for Zhang’s modelderived adg are 3–25% lower compared to Lin’s
model-derived a dg . As observed in statistics for a ph ,
lower RMSE and bias values were obtained for
Zhang’s model-derived a dg at all wavelengths
compared to Lin’s model (Bgure 4B).
Zhang’s model resulted in a higher number of
valid adg retrievals than Lin’s model (table 3). Like
NOMAD and CCRR datasets, Zhang’s model
exhibited lower biases and MAPE values for both
absorption subcomponents at most wavelengths
than Lin’s model.
3.2 Performance evaluation of semi-analytical
algorithms in the retrieval of anw ðkÞ
from Rrs ðkÞ
This subsection compares the performance of four
SAAs, GIOP-DC, GSM, QAA and LS2, in deriving
a nw ðkÞ from Rrs ðkÞ of three datasets. For the CCRR
dataset (Bgure 5A), QAA resulted in lower MAPE
values at most wavelengths than LS2, GIOP-DC
and GSM models. On the contrary, the RMSE
values from QAA are higher at all wavelengths
than the rest of the models. The higher RMSE
values of QAA is owing to a higher number (g%) of
valid anw ðkÞ retrievals as compared to other models. Compared to QAA, a nw ðkÞ retrievals from LS2
model have higher MAPE and lower RMSE values.
In the case of bias, higher negative bias values are
observed in the 410–490 nm wavelength region for
QAA, LS2 and GIOP-DC models. The MAPE
values for all the models lie in the range of 19–56%.

The average spectral MAPE (average of MAPE
values across all wavelengths) of all models lies in
the range of 25–27%.
For NOMAD (Bgure 5B), QAA, GIOP-DC and
LS2 models exhibited similar MAPE values in the
range of 21–23% in the retrieval of anw for 412–490
nm. Highest MAPE values in the range 35–46%
were observed at 670 nm for all models. MAPE
values for the derived anw ðkÞ from all models lie in
the range of 23–46%, with average spectral MAPE
values in the range of 28–30%. GIOP-DC and QAA
models resulted in 94–99% valid a nw retrievals in
410–555 nm range. GSM model-derived anw are
10–15% invalid in the 410–555 nm range. LS2
model-derived a nw are *99% valid in 410–490 nm,
and the number of valid a nw retrievals decreased in
510–670 nm range. For all models, a higher number
of invalid retrievals of anw are observed at 670 nm
as compared to the rest of the wavelengths.
For the Kochi dataset (Bgure 5C), QAA and LS2
derived anw exhibited lower MAPE values at all
wavelengths compared to GIOP-DC and GSM
models. However, the range of observed MAPE
values for the Kochi dataset (42–78%) is higher
compared to the CCRR dataset (19–56%) and
NOMAD (21–46%). In the case of g%, GSM modelderived anw are 100% valid at all wavelengths,
except 443 nm. GIOP-DC and QAA models
derived a nw coefBcients are 92–100% valid. LS2
model-derived a nw have lowest valid retrievals in
the range of 68–92%. Biases for all models derived
a nw at all wavelengths lie in the range of –0.33 to
–0.1 m1 . This range is relatively higher compared
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Figure 3. Comparison of Zhang (blue squares) and Lin (red circles) model-derived and measured (A) aph and (B) adg at 412, 443,
490, 510, 555 and 670 nm from the NOMAD dataset. Slope and y-intercept are coefBcients from the linear Bt between modelderived IOP and measured IOP values. Additional statistics are presented in table 2.
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Table 3. Statistical indicators calculated for Zhang (Zhang et al. 2015) and Lin (Lin et al. 2013)
model-derived and measured absorption subcomponents from the Kochi dataset.
Zhang et al. (2015)
k (nm)
a ph

a dg

412
443
490
510
555
670
412
443
490
510
555
670

Lin et al. (2013)

MAPE
(%)

RMSE
ðm1 Þ

Na

Bias
ðm1 Þ

MAPE
(%)

RMSE
ðm1 Þ

Na

Bias
ðm1 Þ

34.92
32.00
30.44
28.50
35.35
18.35
49.51
50.88
47.20
44.59
39.78
36.66

0.1578
0.1373
0.0891
0.0714
0.0682
0.0336
0.1587
0.1310
0.0896
0.0756
0.0512
0.0302

25(0)
25(0)
25(0)
25(0)
25(1)
25(1)
25(0)
25(1)
25(2)
25(2)
25(2)
25(1)

–0.1432
–0.1193
–0.0689
–0.0510
–0.0486
0.0094
0.1442
0.1120
0.0693
0.0557
0.0313
–0.0155

45.82
34.26
43.58
47.97
64.55
28.32
52.41
61.18
65.31
64.61
64.38
40.64

0.2014
0.1442
0.1401
0.1346
0.1266
0.0782
0.1631
0.1553
0.1307
0.1188
0.0982
0.0430

25(0)
25(0)
25(0)
25(0)
25(0)
25(0)
25(1)
25(2)
25(6)
25(7)
25(7)
25(5)

–0.1855
–0.1306
–0.1218
–0.1135
–0.1012
–0.0466
0.1518
0.1397
0.1109
0.0979
0.0766
0.0227

The statistics in bold indicate the lowest value of the two models. Na indicates the total number of
positive observed or measured IOP at a speciBc wavelength and the value in brackets indicates the
number of invalid IOPs derived from the model.

to CCRR (Bias range: –0.02 to 0.13) and NOMAD
datasets (Bias range: –0.1 to 0). Based on the
statistics from the three datasets and at all wavelengths, QAA and LS2 models resulted in better
performance with lower errors compared to GIOPDC and GSM models.
3.3 Performance evaluation of SAA+ADA
models in the retrieval of a ph ðkÞ and adg ðkÞ
from Rrs ðkÞ
The performance of the four SAA+ADA models,
QAA-Zhang, QAA-Lin, LS2-Zhang and LS2-Lin
models, in deriving aph ðkÞ and adg ðkÞ from Rrs ðkÞ is
compared with GIOP-DC, GSM and QAA models.
For the CCRR dataset (Bgure 6A), the average
spectral MAPE for aph ðkÞ and a dg ðkÞ derived by
QAA-Zhang (46% and 56%), QAA-Lin (48% and
33%), LS2-Zhang (59% and 44%), LS2-Lin (59%
and 35%), QAA (32% and 37%), GIOP-DC (31%
and 47%) and GSM (41% and 45%) indicate that
the SAA+ADA models resulted in *10% higher
MAPE values for both the absorption subcomponents compared to the existing SAA’s (Bgure 6A).
The average spectral RMSE values for a ph ðkÞ and
a dg ðkÞ derived by QAA-Zhang (0.09 and 0.10 m1),
QAA-Lin (0.08 and 0.09 m1), LS2-Zhang (0.10
and 0.09 m1), LS2-Lin (0.07 and 0.06 m1), QAA
(0.06 and 0.09 m1), GIOP-DC (0.03 and 0.06
m1) and GSM (0.04 and 0.06 m1) indicate a

similar trend as observed in average spectral
MAPE values (Bgure 6B). Among the seven models, lower bias values are exhibited by a ph ðkÞ
derived from QAA, QAA-Zhang and GIOP-DC
models.
LS2-Zhang and LS2-Lin model-derived a dg have
lower RMSE values as compared to the other
models derived adg (Bgure 6C). QAA-Lin and LS2Lin models resulted in the lowest number of valid
IOP retrievals with a range of 19–25% for both
IOPs. QAA-Zhang and LS2-Zhang models resulted
in a slightly higher number of valid retrievals for
both IOPs with an overall range of 25–65%. Except
at 665 nm for QAA, the existing SAAs (GIOP-DC,
GSM and QAA) resulted in a higher number of
valid IOP retrievals than SAA+ADA models. The
number of valid absorption subcomponent retrievals significantly aAects retrieval performance and
results in lower statistical error values.
For the NOMAD dataset, a ph ðkÞ derived from
GIOP-DC and QAA exhibited lower MAPE values
and a higher number of valid retrievals than
SAA+ADA models (Bgure 7A and D). Average
spectral MAPE values for aph ðkÞ derived by QAAZhang (47%), LS2-Zhang (45%), QAA-Lin (56%)
and LS2-Lin (49%) models are higher than GIOPDC (41%) and QAA (35%) models. QAA-Lin’s
model-derived adg exhibited lowest MAPE values
at most of the wavelengths. Average spectral
MAPE values for a dg derived from LS2-Zhang,
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Figure 4. Comparison of Zhang (blue squares) and Lin (red circles) model-derived and measured (A) aph and (B) adg at 412, 443,
490, 510, 555 and 670 nm from the Kochi dataset. Slope and y-intercept are coefBcients from the linear Bt between model-derived
IOP and measured IOP values. Additional statistics are presented in table 3.
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Figure 5. Spectra of statistical indicators calculated for model-derived and measured a nw ðkÞ from LS2, QAA, GIOP-DC and
GSM models for (A) CCRR, (B) NOMAD, and (C) Kochi datasets. The description of the statistical indicators is presented in
equation (1).

Figure 6. Spectra of statistical indicators (A) MAPE, (B) RMSE, (C) Bias, and (D) g% calculated for model-derived and
measured a ph ðkÞ and adg ðkÞ from CCRR dataset.

QAA-Lin and LS2-Lin’s models are lower than
GIOP-DC and GSM models and lie in the range of
28–34%. In the case of g%, GIOP-DC and QAA
derived aph retrievals are [75% valid in 412–555
range (Bgure 7D). At 670 nm, GIOP-DC derived
a ph are 64% valid and QAA are 30% valid only,

indicating a substantial decrease compared to the
rest of the wavelengths.
GIOP-DC and QAA derived adg coefBcients are
[92% valid at all wavelengths. GSM modelderived aph and adg have g% in the ranges of
72–87% and 77–86%, respectively. The g% for
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Figure 7. Spectra of statistical indicators (A) MAPE, (B) RMSE, (C) Bias, and (D) g% calculated for model-derived and
measured a ph ðkÞ and adg ðkÞ for NOMAD dataset.

Figure 8. Spectra of statistical indicators (A) MAPE, (B) RMSE, (C) Bias, and (D) g% calculated for model-derived and
measured a ph ðkÞ and adg ðkÞ for Kochi dataset.

absorption subcomponents derived from QAAZhang (30–58%), LS2-Zhang (45–72%) and LS2Lin (25–47%) are higher compared to QAA-Lin
(20–23%) model. Overall, g% values for
SAA+ADA model derived absorption subcomponents are significantly lower than GIOP-DC, GSM
and QAA models. A possible reason for lower
average spectral MAPE values in derived adg from
LS2-Zhang, QAA-Lin and LS2-Lin’s models can be
attributed lower valid retrievals.

In the case of the Kochi dataset, LS2-Zhang and
QAA derived aph in 412–555 nm obtained lower
MAPE values in the ranges of 51–61% and 47–60%
as compared to GIOP-DC (64–71%), GSM
(55–92%), QAA-Zhang (79–89%), QAA-Lin (95–
97%), LS2-Lin (82–84%) models (Bgure 8A). Following the trend observed in MAPE statistics, bias
values (Bgure 8C) for aph ðkÞ derived from LS2Zhang (–0.08 to –0.19 m1 ) and QAA (–0.08 to
–0.24 m1 ) are lower compared to GIOP-DC (–0.11
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to –0.28 m1 ), GSM (–0.12 to –0.36 m1 ), QAAZhang (–0.13 to –0.34 m1 ), QAA-Lin (–0.15 to
–0.42 m1 ) and LS2-Lin (–0.15 to –0.35 m1 )
models (Bgure 8C). GIOP-DC, GSM, QAA and
QAA-Zhang model-derived a ph coefBcients are
[90% valid (Bgure 8D) at most of the wavelengths.
Lowest g% values are observed in aph derived from
QAA-Lin (36%) and LS2-Lin (16%) models. A
possible reason for observed lower MAPE values
for aph ðkÞ derived from LS2-Zhang model can be
owing to slightly lower g (60–76%), as compared to
QAA and GIOP-DC models.
MAPE values for adg derived from all models are
relatively lower in 412–510 nm as compared to
555–670 nm range (Bgure 8A). QAA-Lin model
derived a dg obtained lowest average spectral
MAPE of 36% as compared to GIOP-DC (69%),
GSM (61%), QAA (56%), QAA-Zhang (43%), LS2Zhang (54%) and LS2-Lin (62%) models. All adg
retrievals from SAAs are [84% valid at all wavelengths (Bgure 8D). Similar to g% values observed
in model-derived aph , QAA-Lin (28%) and LS2-Lin
(16%) model-derived adg obtained lowest g% compared to rest of the models.
Summarizing various comparisons, Zhang and
Lin’s models resulted in 93–100% valid IOP
retrievals when measured a nw ðkÞ is used as input
(tables 1–3). The average spectral MAPE values
obtained for Zhang’s model in deriving aph ðkÞ and
a dg ðkÞ from anw ðkÞ of CCRR (26% and 38%),
NOMAD (25% and 19%) are lower compared to
Kochi dataset (29% and 44%). Similarly, for Lin’s
model, average spectral MAPE values for a ph ðkÞ
and a dg ðkÞ derived from a nw ðkÞ of CCRR (23%
and 30%) and NOMAD (41% and 31%) datasets
are lower compared to Kochi (44% and 58%)
(tables 1–3). Overall, Zhang’s model exhibited
lower errors compared to Lin’s model in deriving
absorption subcomponents from measured a nw ðkÞ.
The comparison of ADAs indicate that Zhang’s
model is capable of deriving absorption subcomponents with reasonable accuracy (20–30%) when
provided with measured anw ðkÞ inputs.
For the CCRR dataset, the average spectral
MAPE values for a ph ðkÞ and adg ðkÞ derived using
SAA+ADA’s lie in the range of 46–59% and
33–56%, respectively, and are higher compared to
GIOP-DC (31% for a ph ðkÞ and 47% for a dg ðkÞ) and
QAA (32% for aph ðkÞ and 37% for adg ðkÞ) models.
For NOMAD, the average spectral MAPE values
for a ph ðkÞ and a dg ðkÞ derived from SAA+ADAs lies
in 45–56% and 28–45%, respectively. These ranges
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encompass the MAPE values observed for GIOPDC (41% for a ph ðkÞ and 38% for a dg ðkÞ) and QAA
(35% for aph ðkÞ and 32% for adg ðkÞ) models. For the
Kochi dataset, average spectral MAPE values
observed for aph ðkÞ and adg ðkÞ derived using
SAA+ADAs fall in the ranges of 57–94% and
36–62%, respectively. As observed in the NOMAD
dataset, average spectral MAPE values for a ph ðkÞ
and a dg ðkÞ from GIOP-DC (66% for a ph ðkÞ and
69% for a dg ðkÞ) and QAA (55% for aph ðkÞ and 56%
for a dg ðkÞ) models fall in these ranges. However,
the g% that inCuence the statistics of all models
are lower for SAA+ADAs compared to SAAs
(Bgures 6–8). Overall, the errors in anw ðkÞ derived
from QAA and LS2 models partially contribute to
higher errors and a lower number of valid retrievals
from SAA+ADAs than SAAs alone.
4. Discussion
The results presented in the previous sections
indicate that Zhang and Lin’s models are capable
of deriving absorption subcomponents with reasonable accuracy (20–30%), if accurate measured
a nw ðkÞ is provided as output. When coupled with
QAA and LS2 models, the four SAA+ADAs
(QAA-Zhang, QAA-Lin, LS2-Zhang and LS2-Lin)
exhibited higher MAPE values and a lower number
of valid retrievals for both absorption subcomponents as compared to existing SAAs. The observed
higher errors are partially due to the error present
in a nw ðkÞ that is used as input to ADAs in
SAA+ADA combinations.
Both Zhang and Lin’s models used the NOMAD
dataset to evaluate the absorption subcomponent
retrieval capability; however, the present study
results are not directly comparable because of the
following reasons. For the present study, stations
that contain Rrs ðkÞ and concurrently measured
subcomponents are extracted from NOMAD. Further, some stations from the Florida site from
NOMAD were excluded as they overlap with the
CCRR dataset, resulting in a Bnal subset of 273
samples. Zhang’s model was proposed to invert
a nw ðkÞ to derive pico-, nano- and micro-phytoplankton absorption coefBcients along with adg ðkÞ.
Hence, Zhang’s study uses a subset of the NOMAD
dataset with 270 samples that contain all these
parameters. Lin’s model was developed to partition
a nw ðkÞ into absorption subcomponents only; hence,
a higher number of samples (N = 1100) are available. Further, in Lin’s study, the NOMAD dataset
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is divided into two subsets (with 550 stations in
each subset), wherein one subset is used to calibrate and the other to validate the model. As all
three studies use different subsets of NOMAD
data, results from them are not directly
comparable.
The performance of QAA, GIOP-DC and GSM
algorithms in retrieving IOPs from optically
complex waters such as coastal, estuarine and
turbid waters is limited (Shi and Wang 2019). To
improve the IOP retrieval performance in optically complex waters, QAA was regionally tuned
or modiBed (Le et al. 2009; Yang et al. 2013;
Mishra et al. 2014; Shi and Wang 2017, 2019;
Jiang et al. 2019). However, most of these algorithms required Rrs ðkÞ measurement in wavelengths greater than 700 nm. The CCRR dataset
used in the present study consists of Rrs and
corresponding IOP measurements up to 683 nm
only, hence, QAAv6 is used. In the case of LS2
and other inversion algorithms, the IOP retrieval
performance in longer wavelengths (green to red)
reduces. The reduction in the performance is due
to dominant pure water absorption in longer
wavelengths leading to an accurate estimation of
a nw that results in unacceptable uncertainties and
larger statistical errors (Loisel et al. 2018).
The present study evaluates the capability of
ADAs in deriving absorption subcomponents from
Rrs ðkÞ by combining them with two SAAs (QAA
and LS2). The results indicate that for remotesensing applications, the existing SAAs derive
a nw ðkÞ with good accuracy; however, higher accuracies are required in optically complex waters for
application of ADAs in deriving accurate absorption subcomponents. Few existing studies (Bricaud
et al. 2012; Zheng and Digiacomo 2017) combined
other ADAs with SAAs, to derive chlorophyll-a
concentrations from various aquatic environments
and study spatio-temporal variations of phytoplankton size classes. However, the present study is
carried out with a different purpose, i.e., to quantify the error propagated in deriving absorption
subcomponents from Rrs ðkÞ using ADAs.

concentration of these water constituents is
essential in understanding the water quality of
coastal waters. Algorithms that use remote sensing data as input and provide IOPs as outputs are
useful for studying regional, basin and global scale
ocean biogeochemical processes. In the present
study, we assessed the performance of two
absorption decomposition algorithms, Zhang and
Lin’s models, in the retrieval of absorption subcomponents from both measured anw ðkÞ and
a nw ðkÞ derived from QAA and LS2 models. With
measured a nw ðkÞ as input, both Zhang and Lin’s
models derived the absorption subcomponents
with an overall average spectral MAPE in the
range of 19–41% (CCRR and NOMAD datasets).
In the case of a nw ðkÞ derived from QAA and LS2
models, the average spectral MAPE values
increased by nearly 10–23% for both the IOPs.
The four models, QAA-Zhang, QAA-Lin, LS2Zhang and LS2-Lin models, resulted in higher
MAPE values and a lower number of valid IOP
retrievals than existing SAAs, GIOP-DC, GSM
and QAA. These results indicate that although
the absorption decomposition algorithms can
derive the absorption subcomponents with lower
errors in optically complex waters (CCRR and
NOMAD datasets), their applicability is presently
limited in remote sensing applications for optically complex coastal waters. The high MAPE
errors of the derived absorption subcomponents
from QAA-Zhang, LS2-Zhang, QAA-Lin and LS2Lin models can be partially attributed to erroneous input a nw ðkÞ derived from QAA and LS2.
With an improvement in algorithms using analytical methods (Twardowski and Tonizzo 2018),
it is possible to obtain lower errors in deriving
a nw ðkÞ from Rrs ðkÞ, thereby reducing the errors in
the derived subcomponent IOP errors from
absorption decomposition algorithms. Further
studies using other ADAs and SAAs can be pursued to evaluate new SAA+ADA combinations
for deriving accurate absorption subcomponent
using ADAs from optically complex waters.
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Appendix
Code availability
The Quasi-Analytical Algorithm and Garver–
Siegel–Maritorena model (GSM-01) used in the
study are openly accessible at http://www.ioccg.
org/groups/Software˙OCA/QAA˙v6.xlsm
and

The steps of Quasi-Analytical Algorithm Version-6
(QAA-V6) (Lee et al. 2002; Lee 2014) are represented below (table A1).
The steps of LS2 (Loisel et al. 2018) are mentioned below (table A2).

Table A1. Steps of QAA-v6 model.
Step
1

QAA-v6
r rs ðkÞ ¼ Rrs ðkÞ=ð0:52 þ 1:7Rrs ðkÞÞ
pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
g þ ðg 0 Þ2 þ4g 1 r rs ðkÞ
, where g0 = 0.0895 and g1 = 0.1245
u ðkÞ ¼ 0
2g
1

If Rrs ð670Þ \ 0.015 sr 1 (QAA-v5)
2

v¼

r rs ð443Þþr rs ð490Þ
r ð670Þ
r rs ð55x Þþ5ðr rs
Þr ð670Þ
rs ð490Þ rs

2
a ðk0 Þ ¼ að55x Þ ¼ a w ðk0 Þ þ 10ðh0þh1vþh2v Þ

3

k0 Þxaðk0 Þ
bbp ðk0 Þ ¼ bbp ð55x Þ ¼ uð1u
ðk0 Þ  bbw ð55xÞ

4




443Þ
g ¼ 2:0 1  1:2exp 0:9 rr rsrs ðð55x
Þ

5

bbp ðkÞ ¼ bbp ðk0 Þ

6

a ðkÞ ¼ ð1  u ðkÞÞðbbw ðkÞ þ bbp ðkÞÞ=uðkÞ

7, 8

0:2
f ¼ 0:74 þ 0:8þr rs ð443
Þ=r rs ð55xÞ

(else)
a ðk0 Þ ¼ a ð670Þ


1:14
Rrs ð670Þ
¼ a w ð670Þ þ 0:39 Rrs ð443
ÞþRrs ð490Þ

k0 Þxaðk0 Þ
bbp ðk0 Þ ¼ bbp ð670Þ ¼ uð1u
ðk0 Þ  bbw ð670Þ

k0 g
k

0:002
n ¼ eSð442:5415:5Þ ; S ¼ 0:015 þ 0:6þr rs ð443Þ=r
rs ð55xÞ

9, 10

ð443Þ
w ð443Þ
a g ð443Þ ¼ að412Þfa
 aw ð412Þfa
nf
nf

a dg ðkÞ ¼ a g ð443ÞeSðk443Þ ; aph ðkÞ ¼ a ðkÞ  adg ðkÞ  a w ð443Þ
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Table A2. Steps of LS2 model.
Step
1
2

3

4
5
6
7
8
9

Description of each step of the LS2 model
Rrs ðkÞ and solar zenith angle (SZA), hw are inputs to the model.
Use hw to calculate lw using lw ¼ cos½a sinðsin hs =nw Þ with n w = 1.34 (refractive index of water).
hK d ðkÞi1 , the average attenuation coefBcient of downwelling irradiance (m1) is either calculated using a neural network
algorithm (Jamet et al. 2012; Loisel et al. 2018) or can be supplied with in-situ measurements. The number ‘1’ in subscript
indicates calculation of coefBcient between the surface and Brst attenuation depth, z 1 . z 1 is the depth at which
downwelling reduces to 37% of its surface value.
Chlorophyll concentration estimated using OC4v4 (O’Reilly and Maritorena 2000) to obtain a rough estimate of the
particulate scattering coefBcient, bp ðkÞ from (Morel and Loisel 1998; Morel and Maritorena 2001). Total scattering
coefBcient, bðkÞ is calculated as bw ðkÞ + bp ðkÞ where bw ðkÞ is scattering of pure water calculated based on temperature and
salinity (Zhang et al. 2009).
gw ¼ bw ðkÞ=bðkÞ
a ¼ hK d i1 =½a 1 ðg; lw Þ þ a 2 ðg; lw ÞRrs þ a 3 ðg; lw ÞR2rs þ a 4 ðg; lw ÞR3rs 
The values of a14 are provided in look-up tables (Loisel et al. 2018).
a nw ðkÞ ¼ a ðkÞ  aw ðkÞ. a w ðkÞ can either be supplied or obtained from the literature (Pope and Fry 1997; Mason et al.
2016).
bb ¼ hK d i1 ½bb1 ðg; lw ÞRrs þ bb2 ðg; lw ÞR2rs þ bb3 ðg; lw ÞR3rs 
The coefBcients bb13 are provided in look-up tables.
bbp ðkÞ ¼ bb ðkÞ  bbw ðkÞ. Here bbw ðkÞ ¼ bw ðkÞ=2. bw ðkÞ is calculated in step-3.
Calculate kðkÞ based on the ratio of bb ðkÞ and aðkÞ calculated in step-7 and step-5. Use kðkÞ and input Rrs ðkÞ to calculate
Raman scattering contribution corrected remote sensing reCectance from a look-up table. Use Raman scattering corrected
Rrs ðkÞ in step-1 and repeat the process until a convergence in successive estimates of IOPs is achieved.

Table A3. Description of steps in GIOP-DC and GSM models.
Step
1

2
3

4

Description of each step of the GIOP-DC model. DC indicates default conBguration
Initiate algorithm by providing initial guess values for variables ½Chl; a dg ðk0 Þ and bbp ðk0 Þ where k0 is reference wavelength
usually set to 443 nm. [Chl] is chlorophyll concentration. These are the variable optimized in this model. A
Levenberg–Marquardt optimization technique (Levenberg 1944; Marquardt 1963) is used to Bnd optimal values of these
variables.
Calculate a ph ðkÞ by using the spectral shape model provided by (Bricaud et al. 1995), exponential shape model for a dg ðkÞ
with slope of 0.018 nm1 and hyperbolic model for calculating bbp ðkÞ with dynamic slope from (Lee et al. 2002).
Calculate bulk IOPs, aðkÞ and bb ðkÞ by adding subcomponent IOPs and pure water absorption and backscattering
coefBcients. The pure water absorption and backscattering coefBcients are taken from (Pope and Fry 1997) and (Zhang
and Hu 2009).
b ðkÞ
Calculate r rs ðkÞ ¼ g0 u ðkÞ þ g1 u ðkÞ2 ; u ðkÞ ¼ aðkbÞþb
; g 0 ¼ 0.0949 and g 1 = 0.0794 are coefBcients from (Gordon et al.
b ðkÞ

1988).
5

0:5r rs ðkÞ
Convert r rs ðkÞ to Rrs ðkÞ using (Lee et al. 2002) relation; Rrs ðkÞ ¼ 11:7r
.
rs ðkÞ

6

Find optimal values of variables in step-1 by minimizing the sum of squares of differences between measured Rrs ðkÞ and
0

modelled Rrs ðkÞ from step-5.
7
The outputs from the model are optimal values of variables speciBed in step-1. The spectral shapes for subcomponent
speciBed in step-2 are used to reconstruct subcomponent and bulk IOPs.
GSM GSM model follows the same procedure of GIOP-DC with the following major differences. The spectral shape model used
for modelling a ph ðkÞ is speciBed in (Maritorena et al. 2002), the value of a dg ðkÞ slope used is 0.0206 nm1 and slope of
bbp ðkÞ used is 1.03773.
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The steps involved in Generalized Inherent
Optical Property – Default ConBguration (GIOPDC) (Werdell et al. 2013) and Garver–Siegel–
Maritorena (GSM) (Maritorena et al. 2002) models
are presented in table (table A3).
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