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Abstract: Despite the limited coverage of coral reefs in the world’s oceans, they play a crucial role
in global marine biodiversity and providing essential ecosystem services. This study explores the
influence of chlorophyll-a (Chl-a) concentration in the water column on the estimation of bottom
reflectance (rb) in coral reefs monitored by the Allen Coral Atlas coral reef monitoring system, using
satellite imagery from a Sentinel-2 MSI sensor. We conducted a comprehensive analysis, considering
Chl-a global distribution and variability, and its combined effect with water column depth over rb

calculation. Our results demonstrated that the impact of Chl-a on rb estimation becomes significant
when the water column depth exceeds 3 m. While suggesting the optionality of using regional Chl-a
values, our study highlights potential overestimations of Chl-a in optically complex environments,
such as along the Brazilian coast. This research contributes to refining coral reef monitoring systems
and underscores the importance of accurate Chl-a assessments for robust environmental evaluations.

Keywords: chlorophyll-a; bottom reflectance; water column correction; coral reefs; ocean color;
remote sensing

1. Introduction

Shallow coral reefs cover a small portion of global oceans but support upwards of
25% of global marine biodiversity [1–4]. Reefs also support coastal protection, food, and
recreation for neighboring human populations as well as being a global-scale food and
recreational source [5–7]. Despite their significance, coral reef ecosystems face increasing
threats such as extensive exploitation, resulting in their global deterioration [8].

Mapping and monitoring coral reefs plays a major role in developing and implement-
ing effective management strategies [9]. Reef bottom reflectance (rb) provides information
needed to monitor changes in benthic composition and state [10]. Multispectral remote
sensing continues to be a growing tool for assessing changes in bottom reflectance, but
to account for the interference of water in pursuit of the seafloor signal, it is necessary
to separate the components of the bottom reflectance from water column scattering and
absorption processes.

The Allen Coral Atlas coral reef monitoring system utilizes Sentinel-2 L2A/B satellite
imagery to detect changes in benthic color reflectance and to assign detected changes in
benthic reflectance to potential coral bleaching. Estimating benthic reflectance requires
an effort to minimize the water column signal by estimating the optical properties of the
water column. Several algorithms have been implemented to obtain these water column
properties, such as absorption and backscattering coefficients, which are highly dependent
on the concentration of chlorophyll-a (Chl-a) in seawater (Figure 1). Despite a known
dependence of the Allen Coral Atlas coral reef monitoring system on water column Chl-a,
the beta version of the Atlas system employed a fixed global Chl-a value of 0.5 mg·m−3.
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Figure 1. Methodology flowchart used by the Allen Coral Atlas’ to calculate the rb from Sentinel-2 
satellite data. For symbol definitions see Table 1. 

Table 1. Definition of terms, units, and abbreviations. 

 Units Definition 
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bbp(λ) m−1 Backscattering coefficient of suspended particles 
bbt(λ) m−1 Backscattering coefficient of the total, bbw + bbp 
bbw(λ) m−1 Backscattering coefficient of pure seawater 
Chl-a mg·m−3 Chlorophyll-a concentration 
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Figure 1. Methodology flowchart used by the Allen Coral Atlas’ to calculate the rb from Sentinel-2
satellite data. For symbol definitions see Table 1.

Table 1. Definition of terms, units, and abbreviations.

Units Definition

acdom(λ) m−1 Absorption coefficient of chromophoric dissolved organic mater
anap(λ) m−1 Absorption coefficient of non-algal particles
aph(λ) m−1 Absorption coefficient of phytoplankton pigments
at(λ) m−1 Absorption coefficient of the total (aw + acdom + aph + anap)
aw(λ) m−1 Absorption coefficient of pure seawater
bbp(λ) m−1 Backscattering coefficient of suspended particles
bbt(λ) m−1 Backscattering coefficient of the total, bbw + bbp
bbw(λ) m−1 Backscattering coefficient of pure seawater
Chl-a mg·m−3 Chlorophyll-a concentration

Db

Distribution function that relates the vertically averaged diffuse
attenuation coefficient for upwelling radiance from bottom reflectance

to at and bt

Dc

Distribution function that relates the vertically averaged diffuse
attenuation coefficient for upwelling radiance from water-column

scattering to at and bt
rrs sr−1 Below-surface remote sensing reflectance
rrs

b sr−1 Below-surface remote sensing reflectance from bottom reflection
rrs

c sr−1 Below-surface remote sensing reflectance from water column scattering

rrs
deep Below-surface remote sensing reflectance when the water depth

is infinite
rb Bottom reflectance
Rrs sr−1 Above-surface remote sensing reflectance
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Here, we aimed to determine the effects of Chl-a on rb estimation. To achieve this,
we addressed two key questions: (1) What is the global distribution and variability of
water column Chl-a over coral reefs? (2) How does the variability of Chl-a affect the
estimation of rb on coral reefs? In answering these questions, we sought to improve the
Allen Coral Atlas coral reef detection system while also providing general insight on Chl-a
estimation that might assist in other oceanographic programs. Our findings contribute to
improving our understanding of the current state and the changes underway in coral reef
ecosystems worldwide.

2. Materials and Methods

In this study, we target coral reefs gathered within the 214 globally distributed re-
gions of the NOAA-CRW Regional Virtual Stations (https://coralreefwatch.noaa.gov/
product/vs/data.php (accessed on 24 March 2023)). These regions encompass numerous
geographic locations, capturing the diversity and associated challenges present in coral
reef environments worldwide.

Our analysis specifically centers on coral reefs classified as the benthic “coral/algae”
category in the Allen Coral Atlas. It is important to note that this category only includes
coral reefs to a maximum depth of 10 m, as this is the maximum depth that can be accurately
monitored with multispectral satellite imagery [11].

2.1. Satellite Data

We utilized a time series of Sentinel-2 L2A/B satellite data spanning from 1 January
2019 to 31 December 2022. Sentinel-2 MSI provides data with a spatial resolution of 10 m,
20 m, and 60 m. The data were acquired and processed through Google Earth Engine (GEE).
GEE retrieves the data from Sentinel Hub and performs the atmospheric correction imple-
menting sen2cor (https://step.esa.int/main/snap-supported-plugins/sen2cor/ (accessed
on 24 March 2023)), which also generates a Scene Classification Map (SCL) band with a
20 m resolution. Utilizing information from the SCL and the QA60 (Quality Assessment
60-m resolution) bands provided with the Sentinel-2 imagery, we identified clouds and
cloud shadows and masked them out. The QA60 band offers indicators related to cloud
probability and atmospheric conditions (https://sentinel.esa.int/web/sentinel/technical-
guides/sentinel-2-msi/level-1c/cloud-masks (accessed 24 March 2023)). Additionally,
the SCL band categorizes pixels into various land cover classes, including water bodies
and clouds, thereby aiding in cloud detection (https://custom-scripts.sentinel-hub.com/
custom-scripts/sentinel-2/scene-classification/ (accessed on 24 March 2023)). Leveraging
this information, we implemented the maskS2clouds() function from Google Earth Engine
(GEE) (https://developers.google.com/earth-engine/datasets/catalog/COPERNICUS_S2
_SR (accessed on 24 March 2023)) to generate clean, cloud-free imagery. The maskS2clouds()
function internally resamples the cloud and shadow masks derived from the QA60 and
SCL bands to match the resolution of the target bands, ensuring accurate application of the
masks to all bands.

2.2. Chl-a Calculation

Chl-a is a central component in the computation of rb. The areas monitored by the
atlas are located in the tropical oceans. Generally, tropical reefs occur in highly oligotrophic
oceanic water, systems where the water column nutrients are characteristically low [12].
Therefore, to compute the satellite-derived Chl-a from the above-surface remote sensing
reflectance (Rrs) we tested the implementation of the approach described by [13]:

Chl-a = 10(−0.4909+191.659×ω) (1)

where ω is the weighted relative difference between Rrs(443) and Rrs(555), computed
as follows:

ω = Rrs(560)− 0.46 × Rrs(443)− 0.54 × Rrs(670) (2)

https://coralreefwatch.noaa.gov/product/vs/data.php
https://coralreefwatch.noaa.gov/product/vs/data.php
https://step.esa.int/main/snap-supported-plugins/sen2cor/
https://sentinel.esa.int/web/sentinel/technical-guides/sentinel-2-msi/level-1c/cloud-masks
https://sentinel.esa.int/web/sentinel/technical-guides/sentinel-2-msi/level-1c/cloud-masks
https://custom-scripts.sentinel-hub.com/custom-scripts/sentinel-2/scene-classification/
https://custom-scripts.sentinel-hub.com/custom-scripts/sentinel-2/scene-classification/
https://developers.google.com/earth-engine/datasets/catalog/COPERNICUS_S2_SR
https://developers.google.com/earth-engine/datasets/catalog/COPERNICUS_S2_SR


Oceans 2024, 5 213

In [13], the authors demonstrated the strong correlation between satellite-derived
Chl-a and in situ Chl-a over a wide range of concentrations (0.03–10 mg·m−3) when applied
to MODIS-Aqua satellite data. It has been demonstrated that MODIS-Aqua reflectance
is in good agreement with Sentinel-2 L2A/2B MSI reflectance [14]. Thus, we believe this
algorithm (Equations (1) and (2)) can be implemented to estimate Chl-a for the Allen Coral
Atlas coral reef monitoring system, based on Sentinel-2 L2A/2B MSI data.

The computation of Chl-a was exclusively conducted for pixels within the regional
polygons that contain coral reefs. Initially, an image collection was assembled for each
region, consolidating data from 1 January 2019 to 31 December 2022, masking clouds
and shadows (see Section 2.1). Subsequently, a mask assembling the areas correspond-
ing to the coral/algae class from the benthic maps available on the ACA website (https:
//allencoralatlas.org/atlas/#1.00/0.0000/-145.0000 (accessed on 24 March 2023)) was gen-
erated for each region. Only pixels falling within the coral/algae category were used for
subsequent computation.

Bands 2 (490 nm), 3 (560 nm), and 4 (665 nm) were selected and independently aver-
aged, followed by the calculation of Chl-a for each of the remaining pixels. To mitigate the
influence of outliers, pixels exhibiting Chl-a values surpassing 100 mg·m−3 were systemati-
cally excluded, as they deviate from the anticipated Chl-a in the ocean [15]. Moreover, the
global mean and standard deviation of Chl-a were computed, establishing a threshold as
the global mean plus one standard deviation. Pixels exceeding this threshold were masked.

Finally, for each region, the mean Chl-a (mChl-a) was computed by spatially averaging
the pixel values.

2.3. Bottom Reflectance Calculation

rb was calculated from above-surface remote sensing reflectance (Rrs) following the
methodology proposed by [16]. Their model requires assessing the below-surface remote
sensing reflectance (rrs) and isolating the signal of its contributors: the water column
scattering (rrs

c) and the bottom reflectance (rrs
b). rrs were derived from Rrs(λ) as defined

by [17].

rrs(λ) =
Rrs(λ)

0.52 + 1.7Rrs(λ)
(3)

Furthermore, rrs can also be expressed as the summation of the water column con-
stituent and the bottom constituent (Equation (4)).

rrs(λ) = rrs
b(λ) + rrs

c(λ) (4)

rrs
c(λ) = rdeep

rs

(
1 − e−Dc(at+bb)H

)
(5)

rrs
b(λ) =

1
π

rb(λ)e
−Db(at+bb)H (6)

In Equations (5) and (6), at indicates the total absorption of the water column, bb
represents the total backscattering of the water column, and H denotes the depth of the
water column under consideration. For our calculations, we used the satellite-derived
depth from the Allen Coral Atlas calculated implementing the methodology described
by [18].

Furthermore, Dc stands as an empirical parameter accounting for the under-water pho-
ton path elongation due to scattering effects within the water columns ([19]; Equation (7))
and Db is the light attenuation of the bottom reflectance ([19]; Equation (8)). Lastly, rdeep

rs
represents rrs in infinitely deep water, and it was derived from the total absorption (at) and
total backscattering (bb) of the water column (Equation (9)).

Dc = 1.03(1 + 2.4
bb

at + bb
)

0.5
(7)

https://allencoralatlas.org/atlas/#1.00/0.0000/-145.0000
https://allencoralatlas.org/atlas/#1.00/0.0000/-145.0000
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Db = 1.05(1 + 5.5
bb

at + bb
)

0.5
(8)

rdeep
rs =

(
0.089 + 0.125

bb
at + bb

)
bb

at + bb
(9)

Hence, by rearranging Equation (6), rb was formulated as follows:

rb(λ) =
rrs

b(λ) ∗ π

e−Db(at+bb)H
(10)

at entails the summation of the absorption from three distinct constituents: the absorption
coefficient of pure water (aw), the absorption of phytoplankton (aph(λ)), and the absorption
of colored dissolved organic matter (acdom(λ)) (Equation (11)).

at(λ) = aw(λ) + aph(λ) + anap(λ) + acdom(λ) (11)

While aw is a known value [20], aph(λ), anap(λ), and acdom(λ) are derived from satellite
data. As described by [21], aph(λ) is determined based on satellite-derived Chl-a

aph(λ) =
[

a0(λ) + a1(λ)× ln
(

aph(440)
)]

× aph(440) (12)

aph(440) = 0.06 × [Chl − a]0.65 (13)

where a0(λ) and a1(λ) are known values from [22] QAA(v5).
Afterwards, anap(λ) was derived from aph(440) implementing the model formulated

by [23,24].
anap(λ) = anap(440)× e−Snap(λ−440) (14)

anap(440) = 0.0124 × [Chl − a]0.724 (15)

where e−S(λ−440) with Snap = 0.011 is the globally average slope of the exponential function
representing the spectral dependence of anap.

Similarly, acdom(λ) was derived from aph(440) implementing the model formulated
by [23,24].

acdom(λ) = acdom(440)× e−S(λ−440) (16)

acdom(440) = 0.5 × aph(440) (17)

where e−S(λ−440) with S = 0.015 is the globally average slope of locally produced chro-
mophoric dissolved organic matter.

Furthermore, bbt was calculated as the summation of the backscattering of pure water
(bbw) and the backscattering of particles (bbp).

bbt(λ) = bbw(λ) + bbp(λ) (18)

where bbw is a known value [25] and bbp was estimated from satellite-derived Chl-a as
described by [24].

bbp(λ) =

{
0.002 + 0.02[0.5 − 0.25 × log10(Chl-a)]×

(
550
λ

)}
× bbp(555) (19)

bbp(555) = 0.6 × (Chl-a)0.62 (20)

2.4. Satellite-Derived mChl-a Validation

mChl-a validation was conducted by comparing satellite-derived values with an in
situ regional mean Chlorophyll-a concentration (mChl-ais) dataset. The mChl-ais dataset
was built by gathering Chl-a data from the NASA SeaBASS [26] database spanning from
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the years 2000 to 2022. Notably, the in situ dataset covered a wider time range than that
utilized for calculating mChl-a, as there were no matching data available between 2019 and
2022. Additionally, only Chl-a measurements taken up to a depth of 10 m were considered
in the analysis, aligning with the maximum depth covered by the Allen Coral Atlas coral
bleaching monitoring system. After thoroughly filtering the dataset and averaging the
regional in situ Chl-a concentration data, nine matching regions were identified. (Figure 2).
Subsequently mChl-ais was compared to the satellite-derived mChl-a values to assess the
accuracy of our estimation (see Section 3).
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and statistics of mChl-a vs. Chl-ais.

This evaluation involved visually comparing mChl-a versus mChl-ais, supported by
the Pearson correlation coefficient (r), the root mean square deviation (RMSD, Equation
(21)), and the mean bias (MB, Equation (22)).

RMSD =

√
∑N

i=1
(yi − xi)2

n
(21)

MB =

√
mean(yi)
mean(xi)

(22)

where yi and xi are the estimated and in situ values, respectively.

2.5. Satellite-Derived Chl-a Spatial Distribution Variability

A global map of satellite-derived mChl-a was generated, and its distribution and
variability were assessed through a combination of graphical analysis and quantitative sta-
tistical metrics. First, mChl-a distribution was visualized via a histogram plotted alongside
a map displaying mChl-a values. The normality of the distribution was tested using the
Shapiro–Wilk test [27], and descriptive statistics including the global mean (X), median
(m), and standard deviation (std) were calculated.

Furthermore, mChl-a was categorized into three classes: values lower than 0.5 mg·m−3,
between 1 and 0.5 mg·m−3, and higher than 1 mg·m−3, considering as first boundary the
value of Chl-a used in the beta version (0.5 mg·m−3); and as second boundary the third
quantile of the dataset. A pie chart was utilized to represent the percentage of mChl-a
falling into each category.

Additionally, the regional coefficient of variation of Chl-a (Chl-a CV, Equation (23))
was computed at each region to assess both homogeneity and temporal variability.

Chl-a CV =
σ

µ
(23)
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where σ represents the standard deviation of the dataset and µ denotes the mean.
Similarly, the regional CV of Chl-a was mapped, and a histogram was generated to

depict its distribution. Additionally, Chl-a CV values were grouped into oceanic basins to
investigate global variability patterns.

2.6. Sensitivity Analysis

To evaluate the influence of Chl-a, depth, and Rrs(560) variability on rb estimation, we
generated five synthetic datasets using a revised Saltelli sampling sequence approach [28–31]
(Table 2). This method produces quasi-random sequences of size n × (2p + 2), where p
represents the number of input parameters, and n is the baseline sample size. For this
study, we selected a sample size of 100, which is considered adequate for reliable index
estimation. The synthetic datasets were generated based on the distribution limits of
satellite-derived Chl-a and Rrs(560) observed in the evaluated regions between 1 January
2019 and 31 December 2022. The depth range was delimited from 0 to 10 m to align with
the coverage of the Allen Coral Atlas coral reef monitoring system.

Table 2. Description of the datasets produced for the sensitivity analysis and for the evaluation of
the comparison satellite-derived Chl-a concentration implementing a regional mChl-a vs. using Chl-a
fixed at 0.5 mg·m−3.

Dataset Chl-a [mg·m−3] Rrs(560) [sr−1] Depth [m]

rb-syn new range = [0–20] 0.0105 (fixed) range = [0–10]
rb-syn new (0–1) range = [0–1] range = [0.009–0.012] range = [0–10]
rb-syn new (0–10) range = [0–10] range = [0.009–0.012] range = [0–10]
rb-syn new (0–20) range = [0–20] range = [0.009–0.012] range = [0–10]
rb-syn beta 0.5 (fixed) range = [0.009–0.012] range = [0–10]

To examine the combined impact of Chl-a and depth on rb calculation variability, we
generated a synthetic dataset encompassing the entire range of Chl-a (0–20 mg·m−3) and
depth (0–10 m), and Rrs(560) was fixed at its median (0.0105 sr−1). The synthetic data were
used to calculate rb-syn new.

Additionally, to further broaden the assessment of rb calculation sensitivity to Chl-a
variability, while also considering variable Rrs(560) and depth, we generated three addi-
tional sets of rb-syn calculated from synthetic datasets with varying Chl-a concentrations:
0 to 1 mg·m−3 (rb-syn new (0–1)), 0 to 10 mg·m−3 (rb-syn new (0–10)), and 0 to 20 mg·m−3

(rb-syn new (0–20)). In each case, we maintained the same sets of Rrs(560) and depth, ranging
from 0.009 to 0.012 sr−1 and m 0 to 10 m, respectively. These datasets of Rrs(560) and depth
were also utilized to calculate rb-syn beta (with fixed Chl-a of 0.5 mg·m−3), and compare it to
rb-syn new (0–1), rb-syn new (0–10), and rb-syn new (0–20).

2.7. Comparison of rb-sat new vs. rb-sat beta

To better understand the impact of utilizing mChl-a for rb estimation based on Sentinel-
2 L2A/B satellite data, we calculated the mean depth and median Rrs(560) for each mon-
itored region between 1 January 2019 and 31 December 2022. Along with the mChl-a
calculated to generate the global map and distribution, we estimated the satellite-derived
regional mean rb (rb-sat new). rb-sat new was compared to rb-sat beta, representing rb calculated
using the same depth and Rrs (560) values, but with Chl-a fixed at 0.5 mg·m−3.

We assessed the disparity between rb new and rb beta calculating the mean absolute
percentage difference (MAPD) (Equation (24)).

MAPD = mean∑N
i=1

|yi − xi|
xi

× 100 (24)

Here, yi corresponds to rb-sat new and xi to rb-sat beta. MAPD provides insights into the
extent of the differences between the two sets of estimations.



Oceans 2024, 5 217

3. Results

The validation of mChl-a shows that the satellite-derived Chl-a estimation (Figure 2) is
reasonable. Nine regions, covering a wide longitudinal range, were effectively matched
with in situ Chl-a data collected from 2000 to 2022 (Figure 2). These in situ observations were
then regionally averaged to obtain mChl-ais values (Table 3). Throughout a visual inspection
and statistical analysis, the results revealed a strong correlation between the satellite-
derived mChl-a values and their corresponding mChl-ais (r = 0.86, p-value < 0.05, Figure 2B).
This correlation was further supported by an MB of 0.01 and a RMSD of 0.277 mg·m−3

(Figure 2). Overall, this validation exercise imparts confidence in the reliability of the model
implemented for Chl-a concentration estimation within the domains monitored by the Allen
Coral Atlas coral bleaching monitoring system.

Table 3. List of Chl-a concentration in situ measurements (mChl-ais) matched with satellite-derived
Chl-a (mChl-a), showing the number of in situ measurements (N) for each region, the year of in situ
sampling, and the standard deviation (std) for both satellite (mChl-a std) and in situ (mChl-ais std)
mean regional Chl-a concentration.

Region N Year Mean
Depth [m]

mChl-ais
[mg·m−3]

mChl-ais std
[mg·m−3]

mChl-a
[mg·m−3]

mChl-a std
[mg·m−3]

Aden 7 2001 0 0.382 0.017 0.234 0.081
East Gulf of Thailand 15 2003 0 1.369 1.973 1.945 2.761
Eritrea 4 2001 0 0.678 0.087 0.453 0.152
Florida Keys 293 2011, 2016–2021 1.49 0.087 0.169 0.345 0.758
Gulf of Suez 85 2001 0 0.367 0.327 0.395 0.134
Gulf of Tadjoura 10 2001 0 0.762 0.044 0.372 0.107
Hawaii 1 2017 0 0.002 - 0.086 0.039
Southeast Florida 10 2007, 2012, 2017 4.24 0.004 0.002 0.123 0.045
Western Yemen 77 2001 0 0.657 0.123 0.446 0.176

The mChl-a map, histogram, and bar chart depicting the regions monitored by the
Allen Coral Atlas coral reef monitoring system reveal strong spatial variability (Figure 3).
Broadly, the Pacific Ocean exhibits the lowest mChl-a concentration, while the Indian Ocean,
specifically the Persian Gulf, Indonesia, and Australia, showcases the highest mChl-a
values. In contrast, the Caribbean area displays intermediate values. Hence, these findings
illustrate the presence of a global gradient of Chl-a concentration condition.

The histogram illustrating mChl-a concentration (Figure 3B) highlights a broad range
of values from 0.01 to 20 mg·m−3. Notably, the mChl-a distribution diverges from a normal
distribution, as confirmed by the Shapiro–Wilk Normality Test (Figure 3B). Moreover, the
statistical analysis underscores significant disparities with the 0.5 mg·m−3 Chl-a value
used in the beta version of the atlas. The global mean Chl-a concentration (0.81 mg·m−3)
surpasses the value of the beta version of the atlas by 62%, while the median concentration
(0.26 mg·m−3) is 48% lower compared to the fixed value. Lastly, the standard deviation
(1.21 mg·m−3) accentuated the substantial variability in the mChl-a concentrations observed
across diverse sites (Figure 3A,C).

In 78.8% of regions, the mChl-a concentration remains below 0.5 mg·m−3, with only
8.4% of regions exhibiting Chl-a values ranging between 0.5 and 1 mg·m−3. The remaining
subset of regions (12.8%) records notably higher mChl-a concentration, exceeding 1 mg·m−3

(Figure 4). Among these regions with Chl-a concentration surpassing 1 mg·m−3, a substan-
tial 72% maintain Chl-a values below 5 mg·m−3, while 20% feature Chl-a levels ranging
from 5 to 10 mg·m−3 (Figure 4). Only 8% of the regions illustrate Chl-a concentration
surpassing the 10 mg·m−3 threshold (Figure 4).
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Figure 3. (A) Average chlorophyll-a spatial distribution generated for the NOAA CRW regions
between January 2019 and December 2022. (B) Regional mean Chl-a (mChl-a) histogram in logarithmic
scale generated for the global coral reefs mapped at the Allen Coral Atlas. X represents the mean
of global Chl-a, m is the median and std is the standard deviation. (C) Bar chart of mean Chl-a,
and coefficient of variation from the West Pacific Ocean, Caribbean area, Indian Ocean, and East
Pacific Ocean.

A global map illustrating the regional coefficient of variation of mChl-a (Chl-a CV;
Figure 5A,B) indicates, in general, low temporal variability in Chl-a. This observation is
supported by the histogram (Figure 5B), showing that the majority of Chl-a CV values fall
below 0.7, with a strong peak at 0.4. However, it is worth noting the presence of a bi-modal
distribution, featuring a distinct second peak of Chl-a CV values rounding 1.
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In a more comprehensive analysis, regions exhibiting elevated Chl-a CV (>1) were
predominantly located within the Indian Ocean, Indonesia, and the Caribbean area. Con-
versely, regions characterized by low Chl-a CV (<1) were distributed across the globe,
with prevalence in the Pacific Ocean where mChl-a concentrations remained the lowest
(<0.2 mg·m−3; Figure 3A,C). It is noteworthy that, as a general trend, regions displaying
low mChl-a level consistently demonstrated greater Chl-a CV, as confirmed by the declining
mChl-a to Chl-a CV (Figure 3C).

Based on the results of the sensitivity analysis, when rb was calculated using a fixed
value of Rrs(560), variable depth, and Chl-a, the impact of Chl-a variability on rb calculation
was more pronounced as the water column deepened. Specifically, this effect became
significant when the water column depth exceeded 3 m, and its magnitude increased with
higher Chl-a values (Figure 6A). This observation was particularly relevant considering
that the average depth of the monitored coral reefs was 4.9 ± 1.87 m, with a substantial
83% of the regions having a depth greater than 3 m.

In the Allen Coral Atlas coral reef monitoring system, rb calculations for the monitored
regions initially employed a fixed Chl-a value of 0.5 mg·m−3 alongside variable Rrs(560)
and depth, as mentioned earlier. However, when we compared rb-syn beta, calculated with
fixed Chl-a of 0.5 mg·m−3 and synthetic datasets of Rrs(560) and depth, to rb-syn new (0–1),
rb-syn new (0–10), and rb-syn new (0–20), which utilized variable Chl-a across three different
ranges and the same synthetic dataset of Rrs(560) and depth, a notable trend emerged. This
trend became evident as we observed that the wider the Chl-a range employed, the greater
the disparity in rb estimation (Figure 6B). This disparity was evidenced and quantified by
the MAPD, which recorded values of 8.29%, 13.89%, and 36.46% for rb-syn new (0–1), rb-syn
new (0–10), and rb-syn new (0–20) in comparison to rb-syn beta, respectively.
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Figure 5. (A) Global map of regional Chl-a coefficient of variation (CV) in logarithmic scale, (B) CV
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While the rb-syn beta values remained low, ranging from 0.06 to 0.13, a distinct shift
occurred as we extended the range of Chl-a values. Notably, rb-syn new (0–1) values also ex-
hibited a limited range, spanning from 0.06 to 0.11, which aligns with rb-syn beta. However,
expanding the Chl-a range to 0–10 mg·m−3 and 0–20 mg·m−3, substantial variations were
observed in the resulting range of the corresponding rb-syn new. An expansion in the range
of rb-syn new (0–10) was observed, spanning from 0.06 to 0.22. This variation intensified
further in the rb-syn new (0–20) values, which ranged from 0.06 to 0.45.

Furthermore, the comparison between rb-sat new, calculated using mChl-a in con-
junction with satellite-derived median Rrs(560) and depth for each pixel, and rb-sat beta,
computed with a constant Chl-a value of 0.5 mg·m−3 alongside the same satellite-derived
median Rrs(560) and depth for each pixel (Figure 7) underscored a significant disparity
between these two methodologies. When a fixed Chl-a value was employed, the resulting rb
values were confined within the range of 0.08 to 0.19. However, with variable Chl-a consid-
ered, the range significantly expanded, encompassing values ranging from 0.09 to 0.58. This
divergence amounted to an 18.4% difference in estimation between the two approaches.
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4. Discussion

The main purpose of our study was to explore the impact of satellite-derived Chl-a
concentration variability on the estimation of bottom reflectance (rb). Our findings under-
score the critical importance of using accurate Chl-a values in rb calculations from satellite
data, given the significance of Chl-a as major input in the computation of rrs

c (Figure 1),
for which accurate determination is essential for estimates of bottom reflectance [32,33]. In
this context, our sensitivity analysis, particularly in regions with depths greater than 3 m,
revealed a significant effect of Chl-a variability on rb calculation (Figure 6). Considering
that 83% of the monitored coral reefs are situated at depths beyond this threshold (see
Section 3), the substantial variability in Chl-a among the surveyed coral reefs (Figure 3)
emphasizes the need of using accurate Chl-a values. Additionally, the comparison of rb-sat
new to rb-sat beta confirmed the strong impact of Chl-a concentration over satellite-based
rb calculation.

The decision to utilize a model originally designed for Case 1 waters [13] was based
on the prevailing oligotrophic oceanic conditions characterizing tropical coral reef ecosys-
tems [34]. Within these tropical domains, continental shelves and island perimeters typically
exhibit traits of clear-water environments with low nutrient levels, resulting in constrained
phytoplankton biomass [34–37]. This context served as a backdrop for the subsequent
validation, which demonstrated reasonable accuracy of the [13] model to predict mean
water column Chl-a concentration across coral reefs monitored by the Allen Coral Atlas.
Furthermore, this finding aligns with previous studies, producing mChl-a estimates that
are in line with in situ measurements documented in the existing literature. For instance, a
study conducted in Bonaire [38] spanning 2011, 2012, and 2013 reported mean Chl-a con-
centration of 0.128 ± 0.035 mg·m−3, aligning with our estimation for the Aruba, Bonaire,
and Curaçao Islands (0.19 ± 0.077 mg·m−3). Similarly, our computed mChl-a in Puerto
Rico (0.236 ± 0.228 mg·m−3) corresponds well with findings by [39] reporting concentra-
tions of 0.295 ± 0.287 mg·m−3. In the Red Sea, Chl-a concentration presented by [40] for
research cruises in 2008, 2010 and 2011 [41–44] (ranging between 0.05 and 0.12 mg·m−3)
closely mirror our computation of 0.17 ± 0.06 mg·m−3. Furthermore, our mChl-a esti-
mation for the Persian Gulf (2.329 ± 1.456 mg·m−3) aligns with in situ measurements
by [45] (2.17 ± 1.71 mg·m−3) and [46] (2.54 ± 2.16 mg·m−3). In New Caledonia, our calcu-
lated mChl-a (0.123 ± 0.409 mg·m−3) closely matches the in situ measurements reported
by [47,48] (0.25 ± 0.01 mg·m−3).

Conversely, along the Brazilian coast, mChl-a tends to be overestimated. This region
is strongly influenced by precipitations and continental runoff, which have a significant
impact on regional biogeochemical processes [49], thereby increasing the optical complexity
which affects the estimation of satellite-derived Chl-a concentration. This is reflected in
the estimation of mChl-a, for instance, in Costa dos Corais, where [50] conducted monthly
sampling of in situ data over a year between 2018 and 2019, reporting a mean Chl-a
concentration of 0.78 ± 0.43 mg·m−3, slightly lower than the satellite-derived mChl-a
(1.191 ± 1.973 mg·m−3). Furthermore, mChl-a in the Abrolhos reef was highly overesti-
mated compared to observations by [51] (0.92 ± 1.1 mg·m−3 vs. 0.22 ± 0.08 mg·m−3).
However, it is important to note that the results reported by [51] were based on in situ data
collected solely in July 2019, supplemented with 8-day Chl-a data from the MODIS Aqua
sensor spanning from 2003 to 2019. Given the temporal limitations of the in situ data, they
may not fully capture the overall characteristics of the region. Additionally, because of the
low spatial resolution (4 km) of the sensor’s L3 product, the features and variability of this
small region are averaged and smoothed, potentially resulting in under/over-estimations
of Chl-a concentration [52].

In line with previous studies [53,54], our findings reveal significant spatial variability
in mChl-a concentrations across the globally distributed coral reefs monitored by the Allen
Coral Atlas, ranging from 0.01 to 20 mg·m−3 (Figures 3 and 4). Upon examination of
specific oceanic basins, our results align with evidence indicating lower productivity in the
central Pacific Ocean compared to other oceanic regions [55–57]. Furthermore, our findings
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in the Equatorial Pacific region are in agreement with previous observations, showing
Chl-a concentrations ranging from 0.08 to 0.6 mg·m−3 with low temporal variability [58–60].
In contrast, the Indian Ocean and West Pacific exhibit the highest Chl-a concentrations
and variability (Chl-a CV). Reports from the West Pacific region further support our re-
sults, indicating high Chl-a concentrations and significant variability [61–64]. The strong
variability observed in the Indian Ocean and West Pacific is also consistent with global
studies conducted by [56] and later by [65]. Finally, our results in the Caribbean region are
consistent with a previous study in the U.S. Virgin Islands, which reported Chl-a values
ranging from 0.06 to 0.79 mg·m−3 (±0.16 mg·m−3) [66].

In summary, our analysis indicates that the impact of Chl-a variability on rb calculation
becomes significant only when the water column depth exceeds 3 m, suggesting that, for
shallower regions, the utilization of a regional Chl-a value rather than a global one is op-
tional. Nevertheless, it is important to acknowledge certain limitations of the implemented
model, particularly in optically complex waters strongly influenced by terrestrial factors.
For instance, along the Brazilian coast, where land runoff has a significant impact on the
water’s optical characteristics. In these regions, the model may overestimate Chl-a con-
centration, thereby impacting the estimation of rb. This underscores the need for caution
and further refinement of the model when applied in environments with high optical
complexity and strong land influence. Therefore, further analysis should be undertaken to
assess the interference and impact of other optically active components in the water, such
as colored dissolved organic carbon, and suspended particulate matter, on the estimation
of rb.

5. Conclusions

We developed a novel approach to estimate rb for the Allen Coral Atlas coral reef
monitoring system by leveraging mChl-a values instead of a fixed global mean value of
0.5 mg·m−3. Initially, we estimated the regional Chl-a values, analyzed their distribution,
and evaluated their impact on rb calculation. Subsequently, we compared the resultant rb
values with those derived from a constant Chl-a of 0.5 mg·m−3.

Our research yielded several significant discoveries. Firstly, we found that Chl-a
does not conform to a Gaussian distribution in global coral reef areas, indicating that
a global mean value does not adequately represent local Chl-a concentration across all
regions. Secondly, we observed that rb estimation becomes particularly sensitive to Chl-a
concentration when the water column depth exceeds 3 m, a scenario present in over 83% of
monitored reefs. Lastly, our analysis revealed that the implementation of mChl-a value in
rb calculation leads to an 18.4% difference compared to results obtained using the global
mean Chl-a 0.5 mg·m−3.

These findings underscore the significance of incorporating regional mean Chl-a values
to enhance the accuracy of rb calculation, thereby strengthening the foundation of the
bleaching monitoring system of the Allen Coral Atlas.
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