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A B S T R A C T   

We present the “QAA-RGB”, a semianalytical algorithm that retrieves total absorption, particle backscattering, as 
well as the diffuse attenuation coefficient and the Secchi disk depth, from eighteen metre and decametre satellite 
sensors, including present and heritage Landsat's data, Sentinel 2 at 10 m and an array of commercial satellites 
such as PlanetScope, Pléiades and Worldview. The QAA-RGB is a minimal version of the Quasi-Analytical Al-
gorithm (QAA), and therefore keeps its robustness and general validity across different water types. It ingests 
remote-sensing reflectance at only three bands, centred on red, green and blue wavelengths. Retrievals of non- 
water absorption at 555 nm (anw(555)) are satisfactory, with a standard deviation of σ ~ 50% up to anw(555) < 2 
m− 1, based on in situ datasets. Careful calibration results in unbiased retrievals across all sensors. Validation to 
independent in situ data is also provided. The QAA-RGB has been implemented in the ACOLITE generic pro-
cessor, and is openly accessible to the community. Consistency of near-coincident observations from different 
satellite sensors is demonstrated.   

1. Introduction 

Since the launch of the Thematic Mapper (TM) on board Landsat 4 in 
1982 and Landsat 5 in 1984, geophysical parameter retrieval from sat-
ellite imagery is possible at 30 m spatial resolution with a 16 day track 
repeat cycle. The band configuration and signal to noise ratio are 
adequate to allow derivation of the remote-sensing reflectance (Rrs; sr− 1) 
and hence aquatic parameter retrieval, if the water is neither too clear 
nor dominated by dissolved substances (Pahlevan et al., 2018). Suc-
cessors of these early sensors were built ensuring overlap for intercali-
bration and absence of temporal gaps, with the Enhanced Thematic 
Mapper (ETM) and Operational Land Imager (OLI) on board of Landsat 7 
(1999) and Landsat 8 (2013), presently in operation. Three decades after 
the launch of TM, the European Space Agency launched a set of Landsat- 
like sensors within the Copernicus Programme, i.e. the MultiSpectral 
Imager (MSI) onboard Sentinel 2 A and B (S2A and S2B), leading to a 5 
day global revisit period with the two units in opposing phase. MSI has a 
spatial resolution of 10 m for three bands in the visible domain and one 

in the Near Infrared (NIR) and other bands at 20 and 60 m. Both Earth 
Observation programs will continue for the next decades, and hence 
interoperability of past, current, and future sensors is crucial (Pahlevan 
et al., 2019; Xu et al., 2020). In parallel, several commercial operators 
launched satellites with even finer spatial resolution, allowing for metre- 
scale acquisitions. Although these latter satellites were developed 
mostly for cartographic, rapid response, and military purposes, it was 
recently shown that there is potential for using these sensors for aquatic 
applications, e.g. mapping of near shore Rrs and turbidity (Vanhelle-
mont, 2019b, 2020; Vanhellemont and Ruddick, 2018) and bottom 
depth (Gabr et al., 2020; Poursanidis et al., 2019). 

Algorithm developers for this class of high resolution sensors (HRS) 
have often made redundant efforts by proposing empirical algorithms 
tuned with local data, with unknown applicability outside the calibra-
tion conditions, leading to algorithm proliferation and confusion among 
non-expert users. Clearly, there is a need for algorithms with known 
uncertainties that have a clearly known and ideally wide range of 
applicability, in order to monitor many, potentially disconnected, water 
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bodies with different optical characteristics that may lack in situ cali-
bration data. In the marine optics community, efforts have been directed 
in this direction, but unfortunately, knowledge transfer to the Landsat 
and inland water communities has been poor. This deficient connec-
tivity has likely been amplified by the limited spectral information 
provided by sensors that are restricted to three bands in the visible range 
for heritage Landsat satellites and the high cost of Landsat imagery 
before the opening of the archive (Wulder et al., 2012). 

The current paper aims at bridging this knowledge gap and at 
providing the water quality monitoring community with tools to more 
fully exploit high resolution satellite imagery. Good candidates for 
universal application are the so-called semianalytical algorithms, which 
are partly based on relationships that derive from radiative transfer 
theory. The Quasi-Analytical Algorithm (QAA) was developed for 
moderate resolution imagery (multispectral data) such as SeaWiFS, 
MODIS and MERIS (Lee et al., 2002). Its last update is version 6 (Lee, 
2014). Due to its transparent and modular structure, it has become the 
most popular and consolidated semianalytical algorithm within the 
marine optics community. It has been validated by independent re-
searchers (Brewin et al., 2015; Pitarch et al., 2020; Zheng et al., 2014) 
and is implemented in operational processing chains (Colella et al., 
2021; Jackson, 2020). 

Although moderate resolution imagery provides high-quality data 
over oceans, near-coastal waters and large lakes, HRS are preferred for 
many inland and near-shore waters. Moreover, they are often the only 
option due to the small spatial scales to be resolved. Adaptation of the 
QAA to HRS is hence desirable, as it was made by Lee et al. (2016) for 
Landsat 8. A similar development for the rest of the Landsat series would 
be beneficial for long-term monitoring, and the consideration of sensors 
from other agencies and companies would increase the temporal fre-
quency and spatial resolution. 

In the present paper we make a generic adaptation of the QAA that 
ingests data at three bands available in the visible domain, covering 
approximately red, green and blue wavelengths (RGB), a requirement 
that is fulfilled by all sensors of interest. Our “QAA-RGB” is calibrated to 
a common standard, namely the regular QAA that is commonly applied 
to moderate resolution imagery. This procedure is made for every HRS 
individually as the empirical coefficients in the QAA depend on the 
relative spectral response function (RSR) of the sensor. 

This article summarizes the development of the QAA-RGB and re-
ports the specific calibration for eighteen HRS, including Landsat 4, 5, 7 
and 8, Sentinel 2 at 10 m (RGB bands), as well as for a number of 

commercial sensors (Table 1). It will be shown that, despite the limita-
tions of using only three bands, the QAA-RGB is able to retrieve the bulk 
inherent optical properties (IOPs) absorption (a; m− 1) and backscat-
tering (bb; m− 1). The phytoplankton and non-algal absorption fractions 
are not retrieved due to the lack of a band at 412 nm or similar. How-
ever, the bulk IOPs are already useful: the particle backscattering (bbp; 
m− 1) is directly related to turbidity, the spectral slope of bbp, assuming a 
power-law dependence (η; unitless) can be used as a proxy for particle 
size distribution, and a can be used in combination with other variables 
external to ocean colour like temperature or salinity to derive further 
information. a and bb are combined to estimate the diffuse attenuation 
coefficient (Kd; m− 1) (Lee et al., 2013). Kd represents the attenuation of 
sunlight in the water and is relevant for phytoplankton bloom modeling 
and thermal heating in aquatic models, and can also be readily linked to 
other parameters like euphotic depth or visibility, that have many ap-
plications in coastal and inland waters. In addition, Kd relates to the 
Secchi disk depth (zSD; m), a water quality parameter that is widely 
measured, has a long historic archive in coastal and inland waters, and 
has recently gained attention from a remote sensing perspective (Lee 
et al., 2015). For these reasons, a seamless zSD retrieval across all HRS, 
derived from the QAA-RGB, is presented. 

2. Methods 

2.1. HRS overview 

The QAA-RGB is calibrated for the eighteen HRS listed in Table 1. 
The full Landsat series since Landsat 4 and both Sentinel 2 sensors are 
included. Their RSR were downloaded from the USGS and ESA websites, 
respectively. In addition, to extend the application to metre scale sen-
sors, a number of commercial and demonstration satellite sensors with 
RGB bands are also included, namely the Pléiades, PlanetScope, Rap-
idEye, WorldView and VENμS sensors. Their RSR were downloaded 
from the ACOLITE GitHub page at https://github.com/acolite. 

The RGB bands on the different HRS are described in Table 1 in terms 
of band number, center wavelength and full width at half maximum 
(FWHM). There are clear differences in the position and width of the 
RGB bands across the sensors, which will impact algorithm coefficients 
and performance. 

2.2. The QAA-RGB 

The QAA has been widely analyzed and recalibrated in many articles 
and an exhaustive description is not needed. Briefly, the QAA is a 
sequential flow of steps, some of which are empirical relationships be-
tween Rrs and some IOPs, whereas others follow from radiative transfer 
theory. A key initial step is the linkage of a predictor (χ; unitless), 
derived from Rrs, to the non-water absorption coefficient at 555 nm, 
anw(555). The band 555 nm is chosen because it is relatively insensitive 
to pigment variability. This step is similar to the derivation of chloro-
phyll from band ratios, as done in the OCx algorithms (O'Reilly and 
Werdell, 2019). 

After anw(555) retrieval, bb(555) is derived analytically by forcing 
Rrs closure. Then, bb is extended to the whole spectral range by assuming 
a power law spectral shape, whose exponent (η) is derived empirically. 
Finally, absorption is derived at all bands by forcing closure again. This 
workflow is also used in the QAA-RGB and the required adaptations are 
described in the following subsections. 

The updated QAA (Lee, 2014) switches to 670 nm as a reference 
wavelength to start the retrieval for turbid waters when Rrs(670) >
0.0015 sr− 1. This switch is not implemented in the QAA-RGB because we 
found that a single relationship, described next, is sufficient to build a 
robust link between Rrs and the IOPs, based on the empirical evidence 
we could collect. 

Table 1 
Summary of relative spectral responses (RSR) of the RGB bands of the different 
sensors. For every sensor and band combination, the band number, band aver-
aged wavelength calculated and full width at half maximum (between brackets) 
is given.   

B G R Spatial res. (m) 

Landsat 4 1–486(66) 2–571(80) 3–660(69) 30 
Landsat 5 1–486(66) 2–570(81) 3–660(67) 30 
Landsat 7 1–479(73) 2–561(82) 3–661(61) 30 
Landsat 8 2–483(60) 3–561(57) 3–665(37) 30 
Sentinel 2A 2–492(64) 3–560(35) 4–665(31) 10 
Sentinel 2B 2–492(65) 3–559(35) 4–665(30) 10 
Pléiades 1A 1–501(80) 2–561(83) 3–650(80) 2* 
Pléiades 1B 1–505(78) 2–558(83) 3–663(80) 2* 
PlanetScope 0c 1–493(70) 2–542(100) 3–621(100) 3* 
PlanetScope 0d05 1–493(70) 2–542(100) 3–621(100) 3* 
PlanetScope 0d06 1–493(70) 2–542(100) 3–621(100) 3* 
PlanetScope 0e 1–517(70) 2–552(100) 3–663(110) 3* 
PlanetScope 0f 1–506(70) 2–546(100) 3–625(100) 3* 
PlanetScope 22 1–492(53) 2–566(40) 3–666(33) 3* 
RapidEye 1–477(70) 2–556(70) 3–658(55) 5* 
Worldview2 2–479(61) 3–548(70) 5–659(60) 1.85** 
WorldViev3 2–482(59) 3–547(69) 5–660(60) 1.24** 
VENμS_VSSC 3–492(38) 4–555(38) 7–666(28) 5.35** 

(* as resampled by the satellite operator, ** at nadir). 
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2.2.1. The χ to anw(555) relationship 
The estimation of anw(555) is made by reducing several bands to a 

certain absorption predictor χ. The multispectral QAA algorithm (Lee, 
2014) uses two blue bands, one green band and one red band (443 nm, 

490 nm, 555 nm, 670 nm) and proposes χ = log10

⎛

⎜
⎜
⎜
⎝

rrs(443)+rrs(490)
rrs(555)+5rrs (670)2

rrs (490)

⎞

⎟
⎟
⎟
⎠

, 

where rrs (sr− 1) is the below-surface remote-sensing reflectance. 
That relationship has to be modified due to the limited spectral in-

formation that is available (Table 1). We propose the following analog 
expression for the predictor χ as a function of the RGB bands: 

χ = log

⎛

⎜
⎜
⎝

2B
G + 5R2

B

⎞

⎟
⎟
⎠ (1) 

In Eq. (1), R, G and B represent above-surface Rrs at the respective 
red, green and blue bands. This expression is solely based on band ratios, 
which effectively capture the absorption influence while being quite 
immune to backscattering (Lee et al., 1998). For blue waters, Eq. (1) 
reduces to a B/G ratio like in the OCx algorithms (O'Reilly and Werdell, 
2019), and for the high range of absorption, it reduces to a B/R ratio. By 
combining in a predictive functional form several band ratios that cap-
ture the variability at different parts of the range, the range of appli-
cability is enlarged (Lee et al., 1998). 

The predictor χ is related to log10[anw(555)] through a polynomial of 
χ, i.e., P(χ) =

∑
k=0

N(pkχk), with specific coefficients for each sensor: 

log10[anw(555) ] = P(χ) (2) 

The coefficients of P(χ) in Eq. (2) are found by ordinary least squares 
regression, using matched reflectance and absorption data, as shown in 
Section 3.1. 

2.2.2. Harmonization of the blue-green ratio 
Raman scattering correction of Rrs prior to ingestion by the QAA was 

recommended (Lee et al., 2013). The effect of this step is negligible for 
turbid waters but significant in clear waters, to the point that QAA 

backscattering retrievals from satellite Rrs showed better agreement to 
in situ backscattering if Raman scattering was corrected for (Pitarch 
et al., 2020). Operationally, Lee et al. (2013) provided formulas that 
depend on the 443-to-555 ratio of Rrs, but for the HRS, the bluest band is 
positioned near 490 nm. Given this mismatch and the differences in the 
spectral responses of HRS, the B/G ratio is intrinsically different across 
them and hence, a harmonization to a common standard is needed in 
order to standardize expressions that involve the B/G ratio across sen-
sors. The same harmonization is needed for the retrieval of the particle 
backscattering slope η, estimated in the QAA with the saturating expo-

nential model η = 2
{

1 − 1.2exp
[

− 0.9 rrs(443)
rrs(555)

]}

. 

The harmonization is performed by replacing the B/G ratio in the 

algorithm with a polynomial of itself Q
(

B
G

)

that is sensor-specific. The 

polynomial coefficients are found by comparing simulated 443-to-555 

ratio to HRS B/G ratio, as shown in Section 3.2. Once Q
(

B
G

)

has been 

determined, the corresponding QAA formulas can be used without 
changing the coefficients. For example, η is retrieved in the QAA-RGB 
with the formula: 

η = 2
{

1 − 1.2exp
[

− 0.9Q
(

B
G

)]}

(3)  

2.2.3. Diffuse attenuation and Secchi disk depth retrieval 
The QAA-RGB proceeds further by estimating spectral bb, followed 

by spectral a, that is solved analytically from bb and Rrs. Here, the values 
of the pure water absorption (aw) and backscattering (bbw) are needed for 
the bands of every HRS and they are provided in Appendix A. Strictly 
speaking, the QAA only covers the retrieval of absorption and back-
scattering, but given the high relevance of the following quantities, they 
are considered here as well. 

From a and bb, Kd is estimated at all HRS bands: 

Kd = a+m1

(

1 − γ
bbw

bb

)

(1 − m2e− m3a)bb (4)  

where m1 (unitless), m2 (unitless) m3 (m) and γ (unitless) are known 

Table 2 
List of all datasets used in this article, detailing dataset name or PI and references, number of samples (N), date range, included variables, some basic statistics in the 
form of percentiles for absorption, covered geographic areas and the usage in the present study.a, b  

Dataset and references N Date range Variables anw(555) percentiles: 
p10-p50-p90 (m− 1) 

Area(s) Usage 

Lee 869 Undisclosed Rrs
a Not applicable Undisclosed  - Obtain relationships between SeaWiFS/ 

Satlantic Rrs and high resolution sensor 
Rrs  

- Harmonize the B/G ratio to the SeaWiFS 
reference  

- Fine tune the sensor-specific zSD to the 
SeaWiFS reference 

PACE Schaeffer (Casey et al., 2020) 
a.r.t. 

398 Jan 2010 – Nov. 
2011 

Rrs
a, 

anw(555) 
0.1374, 0.2712, 
0.9105 

Northern Gulf of 
Mexico estuaries, USA  

- Calibrate the anw(555) vs. χ relationship 

PACE Mouw (Casey et al., 2020) a.r. 
t. 

71 May 2013 – May 
2016 

Rrs
a, 

anw(555) 
0.0101, 0.0294, 
0.0805 

Lake Superior, USA  - Calibrate the anw(555) vs. χ relationship 

PACE Craig (Casey et al., 2020) a.r.t. 43 Feb. 2009 – 
Mar. 2010 

Rrs
a, 

anw(555) 
0.0362, 0.0683, 
0.1166 

Coastal northwestern 
Atlantic ocean  

- Calibrate the anw(555) vs. χ relationship 

Valente19 (Valente et al., 2019) 317 Mar. 1999 – 
Oct. 2006 

Rrs
b, 

anw(555) 
0.0033, 0.0285, 
0.2045 

Multiple areas, mostly 
coastal  

- Calibrate the anw(555) vs. χ relationship 

PACE BIOSOPE (Casey et al., 2020) 
a.r.t. 

15 Nov. 2004 – 
Dec. 2004 

Rrs
a, 

anw(555) 
0.0011, 0.0029, 
0.0270 

Southeastern Pacific 
ocean  

- Compare to the calibrated anw(555) vs. χ 
relationship 

CNR-ISMAR (Pitarch et al., 2016) 15 Mar. 2015 – 
Apr. 2015 

Rrs
b, 

anw(555) 
0.0072, 0.0155, 
0.0639 

Western Adriatic sea  - Compare to the calibrated anw(555) vs. χ 
relationship 

CNR-IREA (Bresciani et al., 2018;  
Bresciani et al., 2013; Manzo 
et al., 2015) 

35 Sep. 2014 – Jul. 
2017 

Rrs
a, 

anw(555) 
0.0477, 0.1701, 
0.4076 

Mantua and Iseo lakes, 
northern Italy  

- Compare to the calibrated anw(555) vs. χ 
relationship 

a.r.t.: and references therein. 
a Hyperspectral. 
b At SeaWiFS/Satlantic bands. 
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constants (Lee et al., 2013). 
Now, we specifically focus on the Secchi disk depth zSD (Pitarch, 

2020), a very popular parameter in coastal and inland water monitoring 
that in some places has been recorded for multiple decades (Capuzzo 
et al., 2015). zSD is derived from Kd using the following equation (Lee 
et al., 2015): 

zSD,b =

log
(

|0.14− Rrs(λm) |
0.013

)

2.5Kd(λm)
(5)  

where λm is the band where the spectral minimum of Kd is located. This 
derivation is analytical and unifies the zSD derivation for HRS, thereby 
avoiding empirical formulas driven by regional data. 

The subscript “b” in Eq. (5) has been intentionally included to indi-
cate that the retrieval still includes a small bias caused by the RSR dif-
ferences of each HRS. The harmonization described above, i.e. the 
sensor-specific χ to anw(555) calibration (Eq. (1)) and the blue to 
green ratio adjustment to a common standard (Eq. (3)), gives a seamless 
IOP and zSD retrieval regardless of the sensor. Still, the retrieved zSD may 
slightly differ between sensors. Firstly, there can be residual differences 
caused by the association of the estimated anw(555) to the green band, 
which may be not exactly centered at 555 nm and generally covers a 
rather broad spectral range. Secondly, a coarse spectral sampling can 
lead to an overestimation of the minimum Kd and subsequent underes-
timation of zSD. Therefore, in order to remove potentially remaining 
biases, a polynomial of the biased estimate, S(zSD, b), is proposed to 
obtain the unbiased estimate: 

zSD = S
(
zSD,b

)
(6) 

The coefficients of S(zSD, b) are found by comparing QAA-RGB and 
QAA zSD retrievals and regressing the former to the latter (Section 3.3). 

2.3. In situ data 

In the previous section, the procedure to retrieve IOPs and derived 
quantities from RGB data has been described. It has been shown that, 

despite the highly analytical approach, calibration is needed in some 
steps. This section describes the data that were gathered for that pur-
pose. An overview is given in Table 2. The reader will notice that the 
word “simulated” is profusely used throughout this document, but this 
term refers to the generation of satellite-comparable Rrs from in situ Rrs 
by convolution to the RSR. All Rrs used in this paper were measured in 
situ. 

Simulated HRS data were generated by convolving hyperspectral Rrs 
with the RSR of each sensor. Indeed, this procedure requires Rrs to be 
hyperspectral because the convolution involves continuous spectral in-
tegrals. Additionally, matched anw(555) data are needed in order to 
calibrate the χ predictor in Eq. (2). 

Insufficient data sharing in the community has led to a lack of open 
field data for algorithm development and testing. The lack is more 
pronounced for datasets containing matched radiometry and IOPs. 
However, NASA's open access approach has led to the recent release of 
the PACE datasets (Casey et al., 2020). These include hyperspectral Rrs 
and other optical variables in a similar file format. Rrs is however not 
resampled to the same bands, the composition of the absorption budget 
varies among datasets and moreover, Rrs and IOPs are not matched in a 
single file. This makes the pre-processing time consuming, and has to be 
repeated separately for every dataset. Therefore, we prioritized the data 
mining to datasets with a decent amount of Rrs − anw(555) matchups. 
anw(555) was further restricted to samples where all absorption com-
ponents were measured from discrete water samples. After screening 
and matching up, the retained datasets were Schaeffer (N = 398), Mouw 
(N = 71) and Craig (N = 43). The BIOSOPE dataset (N = 15) was used as 
well, though only for validation. 

All Rrs in these datasets are comprehensively plotted in Fig. 1, 
alongside with a station map. Table 2 displays some basic metrics. It is 
derived that PACE data are mostly limited to green-brown waters. More 
data that cover the blue-green range are needed, but unfortunately, no 
more open access coincident hyperspectral Rrs and anw(555) could be 
found. For this reason the Valente19 dataset (Valente et al., 2019) was 
considered. This dataset, which is the result of a large collective effort, 
contains in situ Rrs resampled to some typical multispectral sensor 

Fig. 1. A comprehensive view of all remote 
sensing reflectance datasets used in this 
article, projected onto the CIE1931 (x,y) 
colour space. See Pitarch et al. (2019) for a 
precise explanation on the generation and 
interpretation of the spectral projection onto 
the CIE1931 scale. The optical water types 
used for classification within the OC-CCI 
project (Jackson et al., 2017) have been 
included to highlight the range covered by 
each dataset. Outliers evidence uncommon 
spectral shapes, likely caused by measure-
ment errors. A station map is included.   
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bands. Valente19 is conveniently organized by combining all data in a 
spreadsheet, which allows easy selection of data verifying given criteria. 
We chose IOPs and AOPs from their “±6 nm“version, which aggregated 
spectral data within this interval. The requirements of having Rrs data at 
the six SeaWiFS bands (412/443/490/510/555/670 nm) and absorp-
tion from discrete samples that could be added up to calculate anw(555) 
led to a dataset of N = 317 matchups. 

Since Valente19 provides multispectral Rrs, their data cannot be 
convolved to the RSR in order to produce simulated RGB data. Instead, 
RGB data was generated from the Valente19 Rrs using neural networks 
(NNs) that ingest Rrs at the SeaWiFS bands. These NNs were trained with 
an independent and large hyperspectral Rrs dataset (N = 869), encom-
passing the highest dynamic range (Fig. 1), kindly provided by 
Zhongping Lee. The NNs were found to produce simulated HRS RGB 
data that best agreed to the RGB data directly generated from convo-
lution of hyperspectral Rrs, compared to other methods (see Appendix 
B). The procedure is rather complex and since it is only used to generate 
the calibration dataset, it can be skipped by readers who are only 
interested in the QAA-RGB explanation. 

A few independent matchup datasets were used to independently 
evaluate the anw(555) retrieval. Firstly, the PACE BIOSOPE cruise data 
across ultra-oligotrophic Pacific waters, present in fragments within the 
“Bricaud” and “Lewis” datasets, was unified. Despite its small size (N =
15), it was regarded interesting to evaluate the detection ability at the 
low concentration end. 

An internal “CNR-ISMAR” dataset (N = 15), collected in the western 
Adriatic Sea during a single campaign was used to provide further 
validation in coastal waters. Multispectral radiometry was obtained 
using Satlantic OCR-507 radiometers (Pitarch et al., 2016). It was con-
verted to the HRS RGB bands by using similar NNs to those produced for 
the Valente19 dataset, but adapted to the Satlantic bands. anw(555) data, 
on the other hand, are used for the first time in this article. 

Given the great potential of this algorithm for inland water moni-
toring, an evaluation using lake data would provide further confidence 
on the universal applicability. Our CNR-IREA colleagues Claudia 

Giardino and Mariano Bresciani kindly provided N = 35 matchups for 
northern Italy lakes Mantua (Bresciani et al., 2013; Manzo et al., 2015) 
and Iseo (Bresciani et al., 2018). Radiometry in this dataset was 
measured with well-established hyperspectral radiometers (ASD and 
TriOs). 

2.4. Validation statistics 

Agreement of retrievals by different sensors (x and y) is assessed with 
the following statistical metrics: 

Median absolute signed difference: 

δa = p50(y − x) (7) 

Median percent signed difference: 

δr = 200⋅p50

(
y − x
y + x

)

(8) 

Median absolute unsigned difference: 

Δa = p50(|y − x|) (9) 

Median percent unsigned difference: 

Δr = 200⋅p50

(⃒
⃒
⃒
⃒
y − x
y + x

⃒
⃒
⃒
⃒

)

(10)  

here, p50 is the 50-th percentile or median of a given sample. 

3. Results 

Because the same procedure is performed for eighteen HRS (Table 1), 
the detailed account for all of them would be unnecessarily repetitive. 
The procedure is fully described here for the Thematic Mapper on board 
Landsat 4 only, and the coefficients for all HRS are reported in the Ap-
pendix A. 

Fig. 2. Left panel: χ parameter derived from simulated Landsat 4 RGB data (Eq. (1)) vs. in situ non-water absorption at 555 nm, anw(555). Dots were used to calibrate 
the average polynomial curve (green), shown with its 95% confidence interval. The diamond-shaped markers indicate data that were not used for calibration. Right 
panel: Retrieval errors and one standard deviation (σ) with respect to the validation dataset (grey lines and shaded area) with the independent dataset (diamonds), 
plotted on top. Low data density and likely high measurement errors for anw(555) < 5⋅10− 3 m− 1 prevents from extending the shaded area beyond this limit with 
confidence. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 
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3.1. The anw(555) vs. χ relationship 

From Rrs in the calibration datasets of Table 2, simulated Landsat 4 
Rrs were generated and the χ predictor was computed (Eq. (1)), which 
was associated to log10[anw(555)] (Fig. 2, left), N = 892. A tight rela-
tionship was found and a functional predictor in the form of a third 
degree polynomial was fitted (Table A1) with r2 = 0.94. The errors 
around this fitting curve followed a near-Gaussian distribution with a 
standard deviation (σ) in logarithmic scale equivalent to 50% in linear 
absorption units. 

The polynomial fit was evaluated using a Monte Carlo procedure. For 
each of 1000 iterations, random 50%–50% calibration-validation sub-
sets were used to compute and evaluate the polynomial fit, respectively. 
The shaded band around the central curve in the left panel of Fig. 2 
represents the 95% confidence interval of the regression, calculated as 
twice the standard deviation for the 1000 fits. The error envelope in the 
right panel of Fig. 2 represents one standard deviation of the relative 
errors between each iteration's curve and the respective validation 
subset. This latter envelope indicates that the bulk 50% spread found for 
the regression is fairly constant across the dynamic range. 

The BIOSOPE and CNR matchups were not used in the calibration, 
and are plotted on each panel for independent comparison, showing a 
general agreement with the results obtained using the other datasets. 

Apart from the differences caused by measurement errors and 
different methodologies, the dot spread in Fig. 2 is caused by optical 
diversity in the form of a variety of specific phytoplankton absorption 
spectra, spectral slopes, different composition of the absorption budget, 
etc. Still, the data cloud and the fit show that the link between the χ 
predictor and anw(555) is satisfactory from the clearest waters until at 
least anw(555) = 2 m− 1. In the lower absorption range, it is well known 
that the B/G ratio that dominates χ is very sensitive to absorption var-
iations (Lee et al., 1998), so the dot spread is mostly caused by the 
difficulties in measuring very small anw(555) with accuracy. In the 
higher absorption range, no signs of loss of sensitivity are visible, but it is 
a well-known fact that Rrs in the visible range loses sensitivity to 
turbidity for extremely turbid waters (Luo et al., 2018). If the data range 
reached much higher absorption values, it is very likely that at some 
point the data cloud would spread and “bend upwards”, therefore losing 
predictability from χ. This could probably be avoided with the inclusion 
of a NIR band in Eq. (1), or using blended approaches (Shi and Wang, 
2017, 2019). This would require datasets from very highly absorbing 
waters with hyperspectral Rrs that covered the HRS NIR band. Unfor-
tunately, such data are lacking even in the datasets used here. For 
example, Rrs in the Schaeffer dataset, that covers the turbid range, are 
only provided up to 735 nm. Therefore, for the time being we choose to 
stick to the empirical evidence we could collect and simply advise to 
raise a flag if anw(555) > 2 m− 1. This value is not directly convertible to 
other parameters because many different water constituents can be 
combined to sum up to it. In the Coastcolour simulated dataset (Nechad 
et al., 2015a; Nechad et al., 2015b), anw(555) = 2 m− 1 results in a total 
suspended matter concentration (TSM) of about 200 g m− 3 for sediment- 
dominated waters. If coloured dissolved organic matter (CDOM) is 
dominant, then we obtain aCDOM(443) of about 3 m− 1. If absorption is 
dominated by phytoplankton, then the chlorophyll concentration (CHL) 
is in the range of 200 mg m− 3. Nevertheless, these values are only 
roughly indicative as there is significant specific absorption variability 
worldwide and only the limitation anw(555) < 2 m− 1 applies. 

Derived coefficients for all eighteen HRS are shown in Table A1, 
highlighting the impact of the differences between the RSR. Note the 
high similarities between Landsat 4 and 5 and between Sentinel 2A and 
2B, due to the fact that they carry instruments with the same design, 
though slight differences in the measured RSR led to differences in these 
coefficients. 

3.2. Harmonization of the blue to green ratio 

To establish the relationship between the B/G ratio of HRS used in 
the QAA-RGB to the 443-to-555 ratio used in the QAA, Lee's Rrs dataset 
was convolved to the SeaWiFS bands and to the RSR of each HRS. The B/ 
G ratios were computed using the 443 nm and 555 nm SeaWiFS bands, 
and the HRS B and G bands, respectively. 

Fig. 3 shows that the HRS B/G ratio is indeed different from the 443- 
to-555 ratio across the whole range, but that a second degree polynomial 
fits well across the encountered range and allows for a numerical pre-
diction of the deviation. For most HRS, a second degree curve sufficed. 

Fig. 3. Blue to green ratio of simulated Landsat 4 data vs. 443-to-555 ratio, 
using Lee's dataset. A second degree polynomial was fitted (Table A2) to correct 
for this deviation (Eq. (3)). (For interpretation of the references to colour in this 
figure legend, the reader is referred to the web version of this article.) 

Fig. 4. Biased Secchi disk depth (zSD,b) from simulated Landsat 4 data vs. zSD 
from simulated SeaWiFS data, using Lee's dataset. A linear fit, forcing zero 
intercept, was fitted (Table A3) to correct for this deviation (Eq. (6)). 
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Coefficients for all of them are given in Table A2. 

3.3. Secchi disk depth fine tuning 

To establish a reference zSD, Lee's Rrs dataset was resampled to the 
SeaWiFS bands, the QAA was applied and zSD was calculated (Eqs. 
(4–5)). For full consistency, the anw(555) vs. χ relationship in the QAA 
was recalibrated using the data in Section 2.3. This led to a replacement 
of the original QAA coefficients of the second-degree polynomial 
(− 0.469,-1.366,-1.146) with new ones (− 0.189,-1.252,-1.191). Lee's Rrs 
dataset was also resampled to the RSR of the different HRS, the QAA- 
RGB was applied and the “biased” quantity zSD,b was retrieved (Eq. (5)). 

The agreement between QAA's zSD and QAA-RGB's zSD,b is very high, 
within 5–10% for most HRS (see Fig. 4 for Landsat 4), which validates 
the calibration and harmonization procedures described in the previous 
sections. This agreement is remarkable given the very coarse sampling of 
the spectrum provided by the three RGB bands (Table 1). Moreover, the 
relationship between both quantities can be well modelled with a linear 
or a quadratic polynomial, except Pléiades and PlanetScope, which 
require higher degree functions. This modeling was applied as a bias 
correction to zSD,b (Eq. (6)). For Landsat 4, a linear model with zero 
intercept and a slope of ~1.059 was fitted to the data (Fig. 4). Co-
efficients for all HRS are given in Table A3. 

This bias correction is no longer valid for high zSD values, as the 

spectral Kd minimum shifts towards wavelengths that are shorter than 
Landsat 4's blue band at ~490 nm. In these cases, the zSD estimation 
shows a pattern of increasing underestimation and a decreased sensi-
tivity. In the absence of atmospheric correction errors, this occurs at 
about zSD = 40 m, which can be set as an upper bound for the zSD 
retrieval, except for the PlanetScope 0e, whose suboptimal band char-
acteristics reduce this limit to about 30 m. Nevertheless, these upper 
bounds are irrelevant in practice, as the real limitation for HRS in very 
clear waters is the signal to noise ratio. 

4. Validation 

In an effort to increase the confidence in the QAA-RGB performance, 
this section provides two validation tests: (1) a retrieval consistency 
check respect to the QAA, and (2) a comparison to independent in situ 
IOP data. 

4.1. Retrieval consistency respect to the QAA 

This section shows evidence that the QAA and the QAA-RGB re-
trievals are consistent. A large Rrs dataset was pooled together by 
merging the Lee, Schaeffer, Mouw, Craig, Valente19, BIOSOPE and 
CNR-IREA datasets. It was resampled to both SeaWiFS and two chosen 
HRS, namely Landsat 8 and Sentinel 2A, after which the QAA and the 

Fig. 5. Comparison of non-water absorption (anw), particle backscattering (bbp) and diffuse attenuation coefficient (Kd) between the QAA (horizontal axes) and the 
QAA-RGB for Landsat 8 (vertical axes). Source data are the same hyperspectral Rrs for both, resampled to the respective sensor bands. Comparison is made between 
closest bands. Eqs. (7–10) define the statistical metrics that are embedded in the plots. 
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QAA-RGB were respectively applied. 
Retrievals at the HRS bands (B,G,R) are compared to the respective 

retrievals at the SeaWiFS closest bands (490/555/670 nm). Figs. 5 and 6 

show the comparison of anw, bbp and Kd for Landsat 8 and Sentinel 2A, 
respectively. These show good agreement, with lowest differences for 
the green and largest for the red bands. Results at the blue and red bands 

10-3 10-1 101

anw(490) (m-1)

10-3

10-1

101

a
nw

(B
) 

(m
-1

)

10-3 10-1 101

anw(555) (m-1)

10-3

10-1

101

a
nw

(G
) 

(m
-1

)

10-3 10-1 101

anw(670) (m-1)

10-3

10-1

101

a
nw

(R
) 

(m
-1

)

10-4 10-2 100

bbp(490) (m-1)

10-4

10-2

100

b
bp

(B
) 

(m
-1

)

10-4 10-2 100

bbp(555) (m-1)

10-4

10-2

100

b
bp

(G
) 

(m
-1

)

10-4 10-2 100

bbp(670) (m-1)

10-4

10-2

100

b
bp

(R
) 

(m
-1

)

10-2 10-1 100 101

Kd(490) (m-1)

10-2

10-1

100

101

K
d(B

) 
(m

-1
)

10-2 10-1 100 101

Kd(555) (m-1)

10-2

10-1

100

101

K
d(G

) 
(m

-1
)

10-2 10-1 100 101

Kd(670) (m-1)

10-2

10-1

100

101

K
d(R

) 
(m

-1
)

a=0.0052 m-1

r=8.0 %

a=0.0040 m-1

r=5.0 %

N=1748

a=-0.011 m-1

r=-2.3 %

N=1728

a=0.0029 m-1

r=5.5 %

N=1747

a=0.0002 m-1

r=2.2 %

N=1748

a=-0.014 m-1

r=-9.5 %

N=1141

a=0.046 m-1

r=32.3 %

a=0.0003 m-1

r=3.4 %
a=0.0003 m-1

r=3.2 %

a 0

r=1.6 %

N=1715

a=0.0004 m-1

r=5.2 %

a=0.0073 m-1

r=6.8 %

a=0.0025 m-1

r=3.2 %

N=1748

a 0

r=1.2 %

N=1746

a=0.036 m-1

r=5.6 %

a=0.0030 m-1

r=7.4 %

a=0.0050 m-1

r=3.8 %

a 0

r=0.6 %

N=1747

Fig. 6. Same as Fig. 5, but for Sentinel 2A.  

0.3 3 30

zSD (m) from QAA

0.3

3

30

z S
D

 (
m

) 
fr

om
 Q

A
A

-R
G

B
, S

en
tin

el
 2

A

0.3 3 30

zSD (m) from QAA

0.3

3

30

z S
D

 (
m

) 
fr

om
 Q

A
A

-R
G

B
, L

an
ds

at
 8

a=0.26 m

r=4.1 %

a=0.14 m

r=1.7 %

N=1748

a=0.21 m

r=3.8 %

a 0

r 0

N=1748

Fig. 7. Left panel: comparison of the Secchi disk depth (zSD) between the QAA (horizontal axes) and the QAA-RGB for Landsat 8 after bias correction (vertical axes). 
Source data are the same hyperspectral Rrs for both, resampled to the respective sensor bands. Eqs. (7–10) define the statistical metrics that are embedded in the 
plots. Right panel: same as left panel but for Sentinel 2A. 

J. Pitarch and Q. Vanhellemont                                                                                                                                                                                                             



Remote Sensing of Environment 265 (2021) 112667

9

are influenced by spectral mismatch between the HRS and SeaWiFS, 
which becomes more relevant at low turbidities. Agreement is slightly 
better for Sentinel 2A than for Landsat 8 due to the former's narrower 
spectral responses. 

For zSD (Fig. 7 for Landsat 8 and Sentinel 2A), median unsigned 
differences between the QAA and the QAA-RGB are very low (<0.3 m, 
~4%), while median signed differences are negligible, thanks to the 
residual bias correction. The agreement degrades for the most trans-
parent waters zSD > 40 m as anticipated. 

4.2. Assessment with independent in situ data 

In the preceding section, the QAA-RGB has been demonstrated to be 
in agreement with the QAA. In this section, a comparison of QAA-RGB 
outputs from simulated Landsat 4 Rrs to independent in situ IOP data 
from the Valente19 dataset is made. This time, a comparison to real data 
carries along increased mismatches, impacted by the low levels of 
standardization and the lack of uncertainty characterization of in situ 
IOP measurements. 

As in the previous section, retrievals at the HRS bands (B,G,R) are 
compared to the respective retrievals at the SeaWiFS closest bands (490/ 
555/670 nm). Results in Fig. 8 shows good overall agreement. For anw, 
the lowest differences are found at the blue and green bands. In the red 
band, the retrieval is consistent for anw > ~0.02 m− 1. Here, retrieval is 

hampered by the steep increase in the absorption coefficient, especially 
for HRS whose red band extends beyond 700 nm. It should be noted that 
anw(555) was used for calibration, but neither anw(490) nor anw(670) 
were. Similar relative differences with general overestimation are 
observed for bbp. Kd retrievals compare very well to in situ data except 
for very low values at the red band. In this latter case, in situ Kd mea-
surements are problematic because downwelling irradiance is subject to 
the opposing effects of a very high attenuation and Raman scattering, 
which leads to strong depth-dependence of Kd and hence variability 
depending on the depths that are used for its estimation. 

5. Implementation in ACOLITE 

The Dark Spectrum Fitting algorithm (DSF, Vanhellemont and Rud-
dick, 2018) as implemented in ACOLITE (Vanhellemont, 2019a) is a 
commonly used atmospheric correction algorithm for aquatic applica-
tions of high resolution sensors, such as turbidity mapping and ba-
thymetry retrieval. The QAA-RGB has been implemented in Python and 
integrated in ACOLITE. Hence, ACOLITE now allows for the retrieval of 
bulk absorption and backscattering properties, Kd and Secchi disk depth 
from the HRS it can process. With the open availability of ACOLITE and 
the QAA-RGB, a community-based evaluation is expected to follow in 
the coming years. 

This section presents a demonstration of QAA-RGB retrievals over 

10-3 10-2 10-1 100

anw(490) (m-1)

10-3

10-2

10-1

100

a
nw

(B
) 

(m
-1

)

10-3 10-2 10-1 100

anw(555) (m-1)

10-3

10-2

10-1

100

a
nw

(G
) 

(m
-1

)

10-3 10-2 10-1 100

anw(670) (m-1)

10-3

10-2

10-1

100

a
nw

(R
) 

(m
-1

)

10-3 10-2

bbp(490) (m-1)

10-3

10-2

b
bp

(B
) 

(m
-1

)

10-3 10-2

bbp(555) (m-1)

10-3

10-2

b
bp

(G
) 

(m
-1

)

10-3 10-2

bbp(670) (m-1)

10-3

10-2

b
bp

(R
) 

(m
-1

)

10-2 10-1 100 101

Kd(490) (m-1)

10-2

10-1

100

101

K
d(B

) 
(m

-1
)

10-2 10-1 100 101

Kd(555) (m-1)

10-2

10-1

100

101

K
d(G

) 
(m

-1
)

10-2 10-1 100 101

Kd(670) (m-1)

10-2

10-1

100

101

K
d(R

) 
(m

-1
)

a=0.0030 m-1

r=-7.5 %

N=319

a=0.0017 m-1

r=12.3 %

N=317

a=0.086 m-1

r=113.9 %

a=0.0006 m-1

r=23.2 %

N=119

a=-0.013 m-1

r=-12.8 %

N=337

a=-0.147 m-1

r=-24.9 %

N=207

a=0.185 m-1

r=30.3 %

a=0.002 m-1

r=54.5 %

N=119

a=0.002 m-1

r=55.0 %

a=0.0008 m-1

r=23.1 %

N=119

a=-0.0072 m-1

r=-5.6 %

N=294

a=0.047 m-1

r=93.6 %

N=180

a=0.0042 m-1

r=27.0 %

a=0.019 m-1

r=19.0 %

a=0.011 m-1

r=20.0 %

a=0.0008 m-1

r=24.5 %

a=0.017 m-1

r=13.8 %

a=0.0009 m-1

r=23.5 %

Fig. 8. Comparison of non-water absorption (anw), particle backscattering (bbp) and diffuse attenuation coefficient (Kd) between in situ data from the Valente19 
dataset and QAA-RGB retrievals from matched Rrs (vertical axes). Comparison is made for closest bands. Eqs. (7–10) define the statistical metrics that are embedded 
in the plots. 

J. Pitarch and Q. Vanhellemont                                                                                                                                                                                                             



Remote Sensing of Environment 265 (2021) 112667

10

selected areas. Over the Belgian port of Zeebrugge, we used three near- 
coincident images from Landsat 8, Sentinel 2B and PlanetScope, taken 
on 2020-09-15 (Fig. 9). RGB composites and the retrieval of Kd and zSD 
are provided. These results show a good correspondence between the 
three sensors. 

An intercomparison among these satellite products was performed. 
Output data were reprojected to the 30 m Landsat 8 grid and compared 
to Landsat 8 outputs for 1000 random sampling points. It results that Kd 
and zSD are in good agreement for these near-coincident images: 6%- 
15% for the signed differences and 13%-20% for the unsigned differ-
ences. These differences include those caused by strong tidal forces, ship 
movement, horizontal advection and top-of-atmosphere calibration. 

Application to older Landsat sensors is demonstrated in Fig. 10, 
showing absorption and backscattering from a Landsat 5 image on 1984- 
05-10 over lake Erie near Toledo, and from an image over the Mississippi 

river delta on 1999-11-27. Similar ranges of absorption are retrieved, 
while the backscatter in Lake Erie is significantly higher. Notable are the 
spatial features of the surface sediments, that impact the retrieved IOPs, 
and are well resolved using these high resolution sensors. 

6. Conclusions 

We have presented the QAA-RGB, a three band (Red/Green/Blue) 
adaptation of the QAA to high resolution optical satellite sensors. The 
QAA-RGB performs semianalytical retrieval of absorption and back-
scattering, and derived properties, such as Kd and zSD, from historic and 
current high resolution optical satellite imagery. Small lakes and rivers 
can now be monitored with a consolidated algorithm specifically 
adapted to metre and decametre sensors, after the application of an 
appropriate atmospheric correction algorithm. Calibration of the QAA- 

Fig. 9. RGB composites (top), and QAA-RGB retrievals of Kd for the green band (middle) and zSD (bottom) for the turbid waters around Zeebrugge, Belgium on 2020- 
09-15 from PlanetScope (left, 10:31 UTC) Landsat 8 (middle, 10:46 UTC) and Sentinel 2B (right, 11:06 UTC). The images were taken during flood tide, and some 
horizontal advection and resuspension of sediments has occurred in the time between images. Stable sediment plumes are caused by monitoring poles installed in the 
seabed. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 
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RGB using in situ measurements showed a satisfactory performance 
across a wide dynamic range and high consistency with the classic QAA 
and independent in situ measurements. The calibration presented here 
may be updated in the future if additional open access datasets are made 
available to the community. This contribution aims at aligning de-
velopments in the ocean optics community and the needs of the Landsat 
and inland water communities. The QAA-RGB is not intended as a 
correction to or a replacement of any existing algorithm, but as a clear 
approach for IOP retrievals from spectrally limited sensors. A major 

conclusion is that, even for semianalytical algorithms, adaptation to a 
new sensor leads to new coefficients even if its bands and those of the 
reference sensor are close. 

The algorithm is integrated in ACOLITE and is hence openly avail-
able to the community, and can applied to the free Landsat and Sentinel 
2 archives to provide data from the mid-1980s to the present. The al-
gorithm is simple, and hence can be easily implemented in any pro-
gramming language or platform, including cloud computing 
environments. 

Fig. 10. Application of the QAA-RGB to imagery from Landsat 5 over Lake Erie near Toledo (top row, 1984-05-10) and Landsat 7 over the Mississippi river mouth 
(bottom row, 1999-11-27). From left to right: RGB composite, QAA-RGB absorption and QAA-RGB backscatter in the green band. Note the differences in the colour 
bars. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 
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Code availability 

The QAA-RGB has been coded in Python and integrated into the 
ACOLITE generic processor, retrievable at https://github.com/acolite/. 
MATLAB scripts are available at doi:https://doi.org/10.5281/zenodo. 
4923880. 
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Appendix A. QAA-RGB coefficients 

This Appendix provides all model coefficients for every HRS in tables.  

Table A1 
Coefficients of the “P” polynomial in Eq. (2) that links the χ parameter to log10[anw(555)].  

Sensor p3 p2 p1 p0 

Landsat 4 − 0.10419 − 0.23184 − 1.10221 − 1.08595 
Landsat 5 − 0.10249 − 0.23418 − 1.10967 − 1.08523 
Landsat 7 − 0.08258 − 0.26497 − 1.15697 − 1.14697 
Landsat 8 − 0.06989 − 0.24566 − 1.17869 − 1.15467 
Sentinel 2A − 0.08409 − 0.35707 − 1.33678 − 1.09651 
Sentinel 2B − 0.0699 − 0.34549 − 1.34071 − 1.09689 
PHR 1A − 0.2255 − 0.43238 − 1.30193 − 1.13823 
PHR 1B − 0.29946 − 0.59577 − 1.36584 − 1.06297 
PlanetScope 0c − 0.50593 − 0.74629 − 1.5122 − 1.30412 
PlanetScope 0d05 − 0.52847 − 0.77675 − 1.51752 − 1.30208 
PlanetScope 0d06 − 0.51825 − 0.75991 − 1.51414 − 1.30413 
PlanetScope 0e − 0.7746 − 0.80376 − 1.46749 − 1.27228 
PlanetScope 0f − 0.67964 − 0.74304 − 1.45322 − 1.28734 
PlanetScope 22 − 0.06047 − 0.26792 − 1.2441 − 1.08911 
RapidEye − 0.07515 − 0.27579 − 1.19543 − 1.18533 
WorldView 2 − 0.12796 − 0.3797 − 1.25527 − 1.17702 
WorldView 3 − 0.1223 − 0.3755 − 1.25754 − 1.13707 
VENμS VSSC − 0.11458 − 0.39764 − 1.32554 − 1.08491   

Table A2 
Coefficients of the “Q” polynomial of the blue-to-green ratio to ensure compatibility with the formulas involving the 443-to-555 ratio.  

Sensor q4 q3 q2 q1 q0 

Landsat 4 0 0 0.14173 0.400392 0.064038 
Landsat 5 0 0 0.149681 0.390775 0.068354 
Landsat 7 0 − 0.00564 0.202401 0.47588 0.037058 
Landsat 8 0 0 0.167207 0.548575 0.022365 
Sentinel 2A 0 0.010022 0.226931 0.540187 − 0.02085 
Sentinel 2B 0 0.009593 0.238763 0.539832 − 0.02551 
PHR 1A 0 0.020095 0.611234 − 0.05321 0.126072 
PHR 1B 0 0.020095 0.611234 − 0.05321 0.126072 
PlanetScope 0c 0.622116 − 2.05399 3.708664 − 2.25303 0.658542 
PlanetScope 0d05 0.623035 − 2.05764 3.714245 − 2.25686 0.659462 
PlanetScope 0d06 0.623035 − 2.05764 3.714245 − 2.25686 0.659462 
PlanetScope 0e 1.078401 − 3.59734 6.227313 − 4.06846 1.072136 
PlanetScope 0f 0.873197 − 2.83881 5.026056 − 3.22297 0.868836 
PlanetScope 22 0 0.00954 0.125348 0.565848 0.011577 
RapidEye 0 − 0.00564 0.216527 0.578923 − 0.00475 
WorldView 2 0 − 0.00255 0.322795 0.54172 − 0.03806 
WorldView 3 0 0.004014 0.345076 0.508684 − 0.04121 
VENμS VSSC 0 0.035071 0.151045 0.644829 − 0.06704   
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Table A3 
Coefficients of the “S” polynomial for the residual bias removal of the Secchi disk depth retrievals between the QAA-RGB 
and the QAA.  

Sensor s3 s2 s1 s0 

Landsat 4 0 0 1.058675 0 
Landsat 5 0 0 1.049492 0 
Landsat 7 0 0 1.061503 0 
Landsat 8 0 0 1.047961 0 
Sentinel 2A 0 0.002532 1.023179 0 
Sentinel 2B 0 0.002628 1.025141 0 
PHR 1A 0 0.008802 0.977379 0 
PHR 1B 0 0.012123 0.920493 0 
PlanetScope 0c 0.00169 − 0.01957 0.900316 0 
PlanetScope 0d05 0.001695 − 0.02016 0.905782 0 
PlanetScope 0d06 0.00169 − 0.01974 0.901322 0 
PlanetScope 0e 0.00303 − 0.03536 1.026617 0 
PlanetScope 0f 0.00208 − 0.02245 0.925919 0 
PlanetScope 22 0 0 1.029139 0 
RapidEye 0 0 1.076275 0 
WorldView 2 0 0.004488 0.961 0 
WorldView 3 0 0.004075 0.975182 0 
VENμS VSSC 0 0.003201 0.992756 0   

Table A4 
Absorption coefficient of pure water. Directly sampled from hyperspectral tables by selecting data at 
the center wavelength of each sensor. Source until 550 nm is from Mason et al. (2016). From 550 nm: 
Pope and Fry (1997).  

Sensor B G R 

Landsat 4 0.01336 0.07104 0.41 
Landsat 5 0.01336 0.0695 0.41 
Landsat 7 0.011955 0.06236 0.4138 
Landsat 8 0.01274 0.06236 0.371 
Sentinel 2A 0.01545 0.0619 0.429 
Sentinel 2B 0.01545 0.06144 0.429 
PHR 1A 0.021575 0.06236 0.34 
PHR 1B 0.02546 0.06098 0.4214 
PlanetScope 0c 0.015965 0.04882 0.27708 
PlanetScope 0d05 0.015965 0.04882 0.27708 
PlanetScope 0d06 0.015965 0.04882 0.27708 
PlanetScope 0e 0.038495 0.057614 0.29736 
PlanetScope 0f 0.02668 0.05224 0.2834 
PlanetScope 22 0.01545 0.06526 0.431 
RapidEye 0.011575 0.06006 0.3944 
WorldView 2 0.011955 0.05425 0.4022 
WorldView 3 0.01254 0.053245 0.41 
VENμS VSSC 0.01545 0.0596 0.431   

Table A5 
Backscattering coefficient of pure water. Directly sampled from hyperspectral tables by selecting data 
at the center wavelength of each sensor. Source is from Zhang et al. (2009).  

Sensor B G R 

Landsat 4 0.001482 0.000753 0.000412 
Landsat 5 0.001482 0.000759 0.000412 
Landsat 7 0.001576 0.000811 0.000409 
Landsat 8 0.001522 0.000811 0.000425 
Sentinel 2A 0.001407 0.000817 0.000399 
Sentinel 2B 0.001407 0.000823 0.000399 
PHR 1A 0.001304 0.000811 0.000439 
PHR 1B 0.001261 0.000829 0.000404 
PlanetScope 0c 0.001396 0.000937 0.000531 
PlanetScope 0d05 0.001396 0.000937 0.000531 
PlanetScope 0d06 0.001396 0.000937 0.000531 
PlanetScope 0e 0.001142 0.000868 0.00049 
PlanetScope 0f 0.00125 0.000908 0.000517 
PlanetScope 22 0.001407 0.000781 0.000397 
RapidEye 0.001604 0.000842 0.000417 
WorldView 2 0.001576 0.000895 0.000415 
WorldView 3 0.001535 0.000901 0.000412 
VENμS VSSC 0.001407 0.000848 0.000397 
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Table A6 
“α” parameter for the Raman scattering correction. Linearly interpolated from Lee et al. (Lee et al., 
2013) to the center wavelength of each sensor.  

Sensor B G R 

Landsat 4 0.010065 0.016775 0.0178 
Landsat 5 0.010107 0.016757 0.017803 
Landsat 7 0.009116 0.016442 0.01783 
Landsat 8 0.009687 0.016699 0.017853 
Sentinel 2A 0.010879 0.016856 0.017908 
Sentinel 2B 0.010839 0.016818 0.017914 
PHR 1A 0.010668 0.016106 0.01754 
PHR 1B 0.011112 0.015975 0.017568 
PlanetScope 0c 0.0105 0.01471 0.016955 
PlanetScope 0d05 0.010501 0.01471 0.016955 
PlanetScope 0d06 0.010501 0.01471 0.016955 
PlanetScope 0e 0.011534 0.014905 0.017409 
PlanetScope 0f 0.011288 0.014899 0.017392 
PlanetScope 22 0.010785 0.017008 0.017912 
RapidEye 0.008888 0.016312 0.01783 
WorldView 2 0.009215 0.015899 0.017825 
WorldView 3 0.009584 0.015861 0.017829 
VENμS VSSC 0.010998 0.016612 0.017928   

Table A7 
“β1” parameter for the Raman scattering correction. Linearly interpolated from Lee et al. (Lee et al., 
2013) to the center wavelength of each sensor.  

Sensor B G R 

Landsat 4 0.011143 0.01 0.01 
Landsat 5 0.01111 0.01 0.01 
Landsat 7 0.011645 0.01 0.01 
Landsat 8 0.011243 0.01 0.01 
Sentinel 2A 0.010752 0.01 0.01 
Sentinel 2B 0.010772 0.01 0.01 
PHR 1A 0.011072 0.01 0.010063 
PHR 1B 0.010832 0.01 0.010071 
PlanetScope 0c 0.011065 0.010194 0.010067 
PlanetScope 0d05 0.011065 0.010194 0.010067 
PlanetScope 0d06 0.011065 0.010194 0.010067 
PlanetScope 0e 0.010879 0.010162 0.010026 
PlanetScope 0f 0.011003 0.010182 0.010032 
PlanetScope 22 0.010664 0.01 0.01 
RapidEye 0.011742 0.010002 0.01 
WorldView 2 0.011509 0.01 0.01 
WorldView 3 0.011294 0.01 0.01 
VENμS VSSC 0.010416 0.01 0.01   

Table A8 
“β2” parameter for the Raman scattering correction. Linearly interpolated from Lee et al. (Lee et al., 
2013) to the center wavelength of each sensor.  

Sensor B G R 

Landsat 4 − 0.04764 − 0.07816 − 0.0808 
Landsat 5 − 0.0478 − 0.07809 − 0.0808 
Landsat 7 − 0.04369 − 0.07674 − 0.08083 
Landsat 8 − 0.04596 − 0.07812 − 0.08085 
Sentinel 2A − 0.05106 − 0.07903 − 0.08091 
Sentinel 2B − 0.05089 − 0.07886 − 0.08091 
PHR 1A − 0.05043 − 0.0752 − 0.07995 
PHR 1B − 0.05227 − 0.07456 − 0.07983 
PlanetScope 0c − 0.04963 − 0.06864 − 0.07769 
PlanetScope 0d05 − 0.04964 − 0.06864 − 0.07769 
PlanetScope 0d06 − 0.04964 − 0.06864 − 0.07769 
PlanetScope 0e − 0.05421 − 0.06944 − 0.07971 
PlanetScope 0f − 0.05319 − 0.06944 − 0.07961 
PlanetScope 22 − 0.05052 − 0.07963 − 0.08091 
RapidEye − 0.04272 − 0.07625 − 0.08083 
WorldView 2 − 0.04403 − 0.07431 − 0.08083 
WorldView 3 − 0.04554 − 0.07413 − 0.08083 
VENμS VSSC − 0.05128 − 0.07789 − 0.08093  
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Appendix B. Neural network description and performance 

Neural networks (NNs) were trained to generate high resolution sensors (HRS) Rrs data from multispectral Rrs (SeaWiFS-like). For this method to be 
practical, NNs should return HRS-equivalent Rrs that are more exact than Rrs obtained by simpler means, such as linearly interpolating the multi-
spectral Rrs and then convoluting these spectra with the RSR, or by simply selecting the bands 490/555/670 nm of a multispectral sensor (bands 3, 5 
and 6 for SeaWiFS), which are the closest to the HRS RGB bands, and assuming them equivalent. 

The MATLAB® Neural Network fitting tool (MATLAB, 2021) was used to create two-layer feed-forward NNs with sigmoid hidden neurons and 
linear output neurons. NNs were trained with Lee's hyperspectral Rrs dataset resampled to SeaWiFS and HRS bands as respectively the input and target 
datasets (Fig. B1). Ten hidden neurons were chosen and the NN parameters were fitted with the Levenberg-Marquardt method.

Fig. B1. Flow chart describing the neural network calibration.  

To assess the performance of the NN and other resampling methods, the hyperspectral datasets other than Lee's, namely Schaeffer, Craig, Mouw, 
BIOSOPE and CNR-IREA, were resampled to SeaWiFS and to the HRS bands. The HRS resampled data was then used as reference for comparing three 
different methods: (1) NN outputs from SeaWiFS inputs, (2) linearly interpolated SeaWiFS data, and then resampled to the HRS RSR, and (3) the 
closest SeaWiFS bands (3, 5 and 6). We present a graphical explanation with a flow chart in Fig. B2.

Fig. B2. Flow chart of three different methods to generate high resolution-sensor data from SeaWiFS-equivalent data, and the comparison to the “true” data.  

Performance of the three methods is presented in Fig. B3 for Landsat 4. In terms of Rrs, NN provide significantly better results in the green and red 
bands. For the blue band, the linear interpolation method provides slightly lower noise, likely due to the dense coverage by SeaWiFS in the blue 
spectral region. In terms of anw(555) after QAA-RGB application, the NN introduce an RMS error of 10.4%, or 0.039 m− 1 in absolute units, significantly 
lower than the other two methods. 
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Fig. B3. First three columns: comparison between the “true” Landsat 4 Rrs generated by resampling hyperspectral Rrs to Landsat 4 (horizontal axis) and three 
different methods to convert SeaWiFS-equivalent Rrs to Landsat 4 data. Last column: same comparison in absorption units, after application of Eq. (1) of the QAA-RGB 
(main manuscript body). Vertical axis in upper row: using the neural network developed with Lee's dataset. Vertical axis in mid row: filling the spectral gaps by 
linearly interpolating the SeaWiFS- equivalent Rrs between 412 and 670 nm and then convolving to Landsat 4. Vertical axis in lower row: selecting the closest 
SeaWiFS bands to the Landsat 4 bands, namely bands 3, 5 and 6. RMS errors in absolute and relative units for the pooled datasets and each band are included. 
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