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Abstract 

Harmful Algal Blooms (HABs) continue to be a global concern, especially 
since predicting bloom events including the intensity, extent, and 
geographic location, remain difficult. However, remote sensing platforms 
are useful tools for monitoring HABs across space and time. The main 
objective of this review was to explore the scientific literature to develop a 
near-comprehensive list of spectrally derived empirical algorithms for 
satellite imagers commonly utilized for the detection and quantification 
HABs and water quality indicators. This review identified the 29 
WorldView-2 MSI algorithms, 25 Sentinel-2 MSI algorithms, 32 Landsat-8 
OLI algorithms, 9 MODIS algorithms, and 64 MERIS/Sentinel-3 OLCI 
algorithms. This review also revealed most empirical-based algorithms fell 
into one of the following general formulas: two-band difference algorithm 
(2BDA), three-band difference algorithm (3BDA), normalized-difference 
chlorophyll index (NDCI), or the cyanobacterial index (CI). New empirical 
algorithm development appears to be constrained, at least in part, due to 
the limited number of HAB-associated spectral features detectable in 
currently operational imagers. However, these algorithms provide a 
foundation for future algorithm development as new sensors, 
technologies, and platforms emerge.  

 

DISCLAIMER: The contents of this report are not to be used for advertising, publication, or promotional purposes. 
Citation of trade names does not constitute an official endorsement or approval of the use of such commercial products. 
All product names and trademarks cited are the property of their respective owners. The findings of this report are not to 
be construed as an official Department of the Army position unless so designated by other authorized documents. 

DESTROY THIS REPORT WHEN NO LONGER NEEDED. DO NOT RETURN IT TO THE ORIGINATOR. 
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1 Introduction 

1.1 Background 

The US Army Corps of Engineers (USACE) is the nation's largest federal 
provider of outdoor recreation, hosting over 370 million visitors a year at 
4,300 recreation areas, centered around a network of over 400 lakes in 
43 states. Over the past several decades, the US has experienced a notable 
increase in occurrence, intensity, and extent of Harmful Algal Blooms 
(HABs), which can cause adverse health impacts to humans and animals, 
as well as significant disruptions to local economies (Anderson et al. 2000; 
Linkov et al. 2009; USEPA 2012a, b). Thus, monitoring hundreds of at-
risk inland lakes and reservoirs remains a critical function of the USACE. 
Unfortunately, monitoring these with traditional techniques is limited due 
to the cost- and labor-intensive nature of point-based sampling (Lunetta et 
al. 2015). In contrast, remote sensing-derived approaches can provide a 
cost-effective complement to detecting and quantifying HABs at a regional 
scale, which stands to improve situational awareness by helping to quickly 
identify and direct management actions to at-risk areas (Agha et al. 2012; 
Kutser et al. 2020; Matthews and Odermatt 2015; Mishra et al. 2017; 
Wynne et al. 2008).  

HABs frequently occur in complex waterways, containing three or more 
independent optically active constituents, such as phytoplankton 
(chlorophylls), organic matter (CDOM), tripton, etc. As such, imaging 
satellites must be equipped with sensors that have appropriate spectral 
resolutions to not only detect these optically active constituents, but also 
distinguish between them. Fortunately, there are several satellite-based 
sensors capable of producing imagery for estimating key water quality 
parameters, such as chlorophyll a (chl-a), phycocyanin (PC), and turbidity. 
This is conducted by applying algorithms to important spectral features, 
such as the following: green reflectance (550 nm), phycocyanin absorption 
(620 nm), chlorophyll-a reflectance (665 nm - 680 nm), and cell 
backscattering (709 nm) (Davis et al. 2007; Lekki et al. 2019; Shen et al. 
2012; Stumpf et al. 2016). In this context, algorithms are spectrally 
derived mathematical formulas that can be utilized to quantify water 
quality indicators. The lower spatial resolution satellite imagers like 
Envisat’s MEdium Resolution Imaging Spectrometer (MERIS), Terra and 
Aqua’s Moderate Resolution Imaging Spectroradiometer (MODIS), and 
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Sentinel-3’s Ocean and Land Colour Instrument (OLCI), have spatial 
resolutions of 300 m, 250-1000 m, and 300 m, respectively (Table 1). All 
three of these imagers have been shown to be effective at detecting HABs 
and associated pigments in coastal marine environments as well as large 
fresh waterbodies, such as the Great Lakes (Augusto-Silva et al. 2014; 
Candiani et al. 2005; Carvalho et al. 2010; Clark et al. 2017; Coffer et al. 
2020; Giardino et al. 2005; Gower et al. 2004; Hu et al. 2005; Urquahart 
and Schaeffer 2019). The spectral resolution of MERIS and OLCI can 
detect cyanoHABs because they are tuned to detect the cyanobacteria-
specific pigment, phycocyanin, which has an absorption peak around 620 
nm, and may help distinguish between cyanobacteria and other algal 
species. This is important in the US where most toxic HABs are dominated 
by the cyanobacteria, specifically Microcystis spp. However, these coarse 
spatial resolution sensors contain large instantaneous fields of view 
(IFOV), which are not suitable for smaller inland waterbodies that are 
likewise impacted by HABs.  

In addition to MERIS/OCLI, there are a handful of satellite imagers with 
moderate to high spatial resolution but with lower spectral resolution, 
including Landsat-8’s Operational Land Imager (L8-OLI), Sentinel-2 
MultiSpectral Instrument (S2-MSI), and Worldview-2 MultiSpectral 
Instrument (WV2-MSI). These imagers have spatial resolution ranging 
from 1-60 m, making it possible to detect HABs and associated pigments 
in smaller inland waterbodies (Table 1). However, these imagers lack a 
narrow spectral band centered near 620 nm, making them incapable of 
detecting the 5-15 nm absorption feature caused by phycocyanin (Glazer et 
al. 1973). Another factor to be considered when utilizing a satellite to 
monitor water quality is revisit time. Revisit time is the time a satellite 
imager takes to re-image the same location, which depending on the orbit 
can vary from days to weeks. An emerging trend to improve revisit times 
without sacrificing spatial resolution is launching a constellation of 
identical imagers in complementary orbits. 

In addition to satellite-borne imagers, there have been numerous 
successful airborne campaigns using high spatial and spectral resolution 
sensors that have provided excellent opportunities to develop and validate 
algorithms. Yet, these are typically ad-hoc or one-off events for a single 
waterbody to monitor a single bloom event. Generally, airborne imagery is 
effective for detailed mapping due to very high spatial and spectral 
resolutions, but not practical or cost-effective for routine or regional HAB 
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monitoring. Thus, the appropriate choice for monitoring is dependent on 
the monitoring needs (e.g., species, toxins, etc.) and spatio-temporal scale of 
the waterbody. Regardless of sensor specifics or project scope, empirically 
based algorithms remain a valuable tool for monitoring HABs and 
estimating water quality related pigments.  

Table 1. Satellite-borne sensors and technical specifications. 

Imager Center (nm) Range (nm) Bandwidth (nm) GSD (m) 

WV2-MSI     

b1 425 400–450 50 1.8 

b2 480 450–510 60 1.8 

b3 545 510–580 70 1.8 

b4 605 585–625 40 1.8 

b5 660 630–690 60 1.8 

b6 725 705–745 40 1.8 

b7 832.5 770–895 125 1.8 

b8 950 860–1040 180 1.8 

S2-MSI     

b1 443 433-453 20 20 

b2 490.5 458–523 65 20 

b3 560.5 543–578 35 20 

b4 665 650–680 30 20 

b5 705.5 698–713 15 20 

b6 740.5 733–748 15 20 

b7 783 773–793 20 20 

b8 842.5 785–900 115 20 

b9 (b8a) 865 855–875 20 20 

L8-OLI     

b1 443 433-453 20 30 

b2 480 450–510 60 30 

b3 562.5 525–600 60 30 

b4 655 630–680 30 30 

b5 865 845–885 30 30 

MODIS*     

b1 645 620–670 50 250 

b2 858.5 841–876 35 250 

B3 469 459-479 20 500 
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Imager Center (nm) Range (nm) Bandwidth (nm) GSD (m) 

B4 555 545-565 20 500 

B8 412.5 405-420 15 1000 

B9 443 438-448 10 1000 

B10 488 483-493 10 1000 

B11 531 526-536 10 1000 

B12 551 546-556 10 1000 

B13 667 662-672 10 1000 

B14 678 673-683 10 1000 

B15 748 743-753 10 1000 

B16 869.5 862-877 15 1000 

B17 905 890-920 30 1000 

B18 936 931-941 10 1000 

B19 940 915-965 50 1000 

MERIS     

b1 407 402–412 10 300 

b2 443 438–448 10 300 

b3 490 485–495 10 300 

b4 510 505–515 10 300 

b5 560 555–565 10 300 

b6 620 615–625 10 300 

b7 665 660–670 10 300 

b8 681.5 678–685 7 300 

b9 709 704–714 10 300 

b10 753.5 750–757 7 300 

b11 759.5 757–762 5 300 

b12 779.5 772–787 15 300 

b13 865 855–875 20 300 

b14 885 880–890 10 300 

b15 900 895–905 10 300 

OLCI     

b01 400 392.5-407.5 15 300 
b02 412.5 407.5-417.5 10 300 
b03 442.5 437.5-447.5 10 300 
b04 490 485-495 10 300 
b05 510 505-515 10 300 
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Imager Center (nm) Range (nm) Bandwidth (nm) GSD (m) 

b06 560 555-565 10 300 
b07 620 615-625 10 300 
b08 665 660-670 10 300 
b09 673.75 670-677.5 7.5 300 
b10 681.25 677.5-685 7.5 300 
b11 708.75 703.75-713.75 10 300 
b12 753.75 750-757.5 7.5 300 
b13 761.25 760-762.5 2.5 300 
b14 764.38 762.5-766.25 3.75 300 
b15 767.5 766.25-768.75 2.5 300 
b16 778.75 771.25-786.25 15 300 
b17 865 855-875 20 300 
b18 885 880-890 10 300 
b19 900 895-905 10 300 
b20 940 930-950 20 300 
b21 1020 1000-1040 40 300 

*MODIS bands greater than 1000 nm were not shown 

Three algorithms commonly utilized for the estimation and monitoring of 
HABs are empirical, analytical, and semi-empirical. Empirical algorithms 
directly correlate remote sensing imagery to water quality constituents or 
HAB pigments using various statistical methods (Dekker 1993; Kallio et al. 
2001; Mittenzwey et al. 1992; Simis et al. 2004). Analytical approaches 
quantify HABs by isolating a specific water quality constituent or HAB 
pigment from the remainder of the water’s inherit optical properties 
(IOPs). Semi-empirical algorithms are a combination of empirical and 
analytical algorithms and optimize the model using one or more IOPs (Li 
2017; Matthews 2011; Yan et al. 2018). Generally, analytical and semi-
empirical algorithms tend to be more complex, requiring localized 
knowledge of a specific waterbody’s IOPs. However, because empirical 
algorithms do not require localized knowledge, they present an 
opportunity to develop easy to deploy portable algorithms appropriate for 
regional monitoring applications. 

Empirically based algorithms have been shown to successfully detect and 
quantify HAB related pigments such as, chlorophyll-a (Gitelson et al. 
2009); cyanobacterial-specific pigment, phycocyanin (Ruiz-Verdu et al. 
2008); and turbidity (Petus et al. 2010) but are known to be impacted by 
conditions under which the data were collected. For example, many 
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algorithms were designed to be optimized for a particular study, limiting 
the algorithm’s performance to a specific small geographic area, temporal 
or seasonal period, bio-physical parameter, or even constrained by the 
conditions in which the imagery was collected. Additionally, there are 
major challenges to the development of generalized spectrally based 
algorithms, including the lack of sufficient in-situ or in-vivo water quality 
data coupled with coincident remote sensing imagery across space and 
time, as well as the increasing complexities involved in algorithm 
development. Current data collection methods for detecting HABs vary 
widely in their spatial and temporal coverage. For example, field-based 
observations or water sampling provide detailed information but are limited 
to discrete locations across space and time. Stationary sondes can improve 
temporal coverage but are typically limited in spatial coverage and by the 
capacity and cost of probe-based water quality measurements. Ideally, 
algorithms should be evaluated using spatially dense water quality data 
coupled with near-coincident imagery. This is because HABs are extremely 
dynamic and respond rapidly to environmental changes which can vary on 
the order of hours to days (Dokulil and Teubner 2000; Hunter et al. 
2008). This requires cost- and time-intensive field campaigns 
corresponding to same-day or near-same day satellite flyovers, which are 
routinely subject to disruptions due to cloud cover or inclement weather. 
Because of these challenges and data limitations, many previous studies 
were limited to localized algorithm development.  

Notwithstanding, recent studies have demonstrated that many empirically 
based algorithms are effective and exhibit moderate to high levels of 
portability across space and time (Beck et al. 2016, 2017, 2018; Johansen 
et al. 2018). Dogliotti et al. (2015) describes a more valuable approach to 
algorithm development is focusing on generalizable algorithms, which can 
be applied across a set of defined parameters (i.e., “regional”) or anywhere 
regardless of conditions (i.e., “global”). A list of generalizable algorithms 
would reduce technical barriers allowing for easier adoption of remote 
sensing methodologies for HAB monitoring at the local level. 

1.2 Objective 

Due to the rapidly evolving nature of water quality remote sensing, a 
literature review was required to compile historical and current research 
on empirical-based satellite-borne algorithms for the detection and 
estimation of cyanoHABs in inland waterways. The goal of this review is to 
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compile these algorithms to further expand performance and portability 
testing of empirical algorithm-sensor combinations. 

1.3 Approach 

This report was conducted by compiling and reviewing a variety of peer-
reviewed scientific articles, government reports, conference proceedings, 
and theses/dissertations to identify novel and modified satellite-based 
empirical algorithms for the estimation of three primary water quality 
parameters (chlorophyll a, phycocyanin, and turbidity). Articles focused 
on analytical and semi-analytical algorithms were excluded from this 
report due to the inability to implement these algorithms without localized 
knowledge of water characteristics. Although potentially useful, algorithms 
for marine algae or environments were also excluded to focus solely on 
freshwater environments.  
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2 Results 

The following algorithms have been compiled from published research 
over the past three decades in waterbodies across the globe. Over the 
years, algorithms have been adapted and modified to be applicable to new 
optical sensors with varying spectral and spatial resolutions. To include 
these modified algorithms, multiple references were included where they 
have either been applied in another study or adapted to fit a new sensor. 
Note that algorithms have been documented to exhibit strong collinearity 
between multiple HAB-associated pigments or water quality indicators, 
especially when waterbodies are dominated by a single algal species or 
pigment. For simplicity, only the pigment or indicator of the original 
publication was listed (Tables 2 - 6).  

Though water quality remote sensing has been around for decades and 
continues to become more integrated into monitoring programs, a 
standardized methodology has not been developed. For example, this 
review found significant variations in data collection strategies and 
analyses, image processing, and statistical approaches. Given these 
conflating factors, algorithm performances were deemed incomparable 
and thus omitted in the review. 

2.1 WorldView-2 MSI 

WorldView-2 imagery is commercially available through Maxar and 
available to the Department of Defense (DoD) as part of the National 
Geospatial Intelligence Agency’s NextView License contract. WorldView-2 
was launched in 2009 with a spatial resolution of 1.8 m, contains eight 
spectral bands (4 standard colors: red, blue, green, and near-IR; and 4 
new colors: red edge, coastal, yellow, and near-IR2), and sun synchronous 
orbit with a revisit time of 1.1 days (DigitalGlobe 2009). This combination 
of high spatial and moderate spectral resolution is suitable for certain HAB 
detection and monitoring applications. A total of 29 WorldView-2 
algorithms were identified and were fairly evenly distributed across the 
three water quality parameters, 10 chlorophyll a algorithms, 10 
phycocyanin algorithms, and nine turbidity algorithms, respectively 
(Table 2). Although most of these were originally designed for other 
sensors, they were still found to be effective when original band centers 
were substituted for the nearest WorldView-2 band. Of particular interest 
for chl-a and PC, were the red-edge band (725 nm) and the red band 

https://www.maxar.com/
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(660 nm). While turbidity algorithms often utilized a ratio of the NIR1 
band (832 nm) to the blue band (480 nm) or green band (545 nm).  

Table 2. WorldView-2 MSI empirically based algorithms. 
Year Parameter Algorithm/Band Combination Reference 

1993 chl-a 𝑅𝑅𝑅𝑅𝑅𝑅(600) −  𝑅𝑅𝑅𝑅𝑅𝑅(648)
−  𝑅𝑅𝑅𝑅𝑅𝑅(625) 

Dekker 1993 
Johansen et al. 2019 

2007 chl-a 
𝑅𝑅𝑅𝑅𝑅𝑅(458)  −  𝑅𝑅𝑅𝑅𝑅𝑅(644)

(𝑅𝑅𝑅𝑅𝑅𝑅529)
 

Kneubuhler et al. 2007 
Johansen et al. 2019 

2010 chl-a 
𝑅𝑅𝑅𝑅𝑅𝑅(857)  −  𝑅𝑅𝑅𝑅𝑅𝑅(644)
𝑅𝑅𝑅𝑅𝑅𝑅(458) + 𝑅𝑅𝑅𝑅𝑅𝑅(529)

 
Alawadi 2010 
Johansen et al. 2019 

2012 chl-a 
𝑅𝑅𝑅𝑅𝑅𝑅(709)  −  𝑅𝑅𝑅𝑅𝑅𝑅(665)
𝑅𝑅𝑅𝑅𝑅𝑅(709) + 𝑅𝑅𝑅𝑅𝑅𝑅(665)

 
Mishra and Mishra 2012 
Wang et al. 2018 
Johansen et al. 2019 

2016 chl-a 
𝑅𝑅𝑅𝑅𝑅𝑅(725)  −  𝑅𝑅𝑅𝑅𝑅𝑅(660)
𝑅𝑅𝑅𝑅𝑅𝑅(725) + 𝑅𝑅𝑅𝑅𝑅𝑅(660)

 
Beck et al. 2016 

2016 chl-a 
𝑅𝑅𝑅𝑅𝑅𝑅(545) − 𝑅𝑅𝑅𝑅𝑅𝑅(660)

+ �𝑅𝑅𝑅𝑅𝑅𝑅(425)
− 𝑅𝑅𝑅𝑅𝑅𝑅(660)� 

Beck et al. 2016 

2016 chl-a 
𝑅𝑅𝑅𝑅𝑅𝑅(725)
𝑅𝑅𝑅𝑅𝑅𝑅(660)

 
Beck et al. 2016 

2016 chl-a 𝑅𝑅𝑅𝑅𝑅𝑅(660)−1 −  𝑅𝑅𝑅𝑅𝑅𝑅(725)−1
∗  𝑅𝑅𝑅𝑅𝑅𝑅(832.5) 

Beck et al. 2016 
Wang et al. 2018 

2018 chl-a 
𝑅𝑅𝑅𝑅𝑅𝑅(724)
𝑅𝑅𝑅𝑅𝑅𝑅(546)

 
Wang et al. 2018 

2018 chl-a 𝑅𝑅𝑅𝑅𝑅𝑅(724) Wang et al. 2018 
    

2000 PC 
𝑅𝑅𝑅𝑅𝑅𝑅(650)
𝑅𝑅𝑅𝑅𝑅𝑅(625)

 
Schalles and Yacobi 
2000 
Johansen et al. 2019 

2004 PC 

𝑅𝑅𝑅𝑅𝑅𝑅(709) −  𝑅𝑅𝑅𝑅𝑅𝑅(681)
−  �𝑅𝑅𝑅𝑅𝑅𝑅(753)
−  𝑅𝑅𝑅𝑅𝑅𝑅(681)�

∗ (
709 −  681
753 + 681

) 

Gower et al. 2004 
Johansen et al. 2019 

2005 PC 
𝑅𝑅𝑅𝑅𝑅𝑅(709)
𝑅𝑅𝑅𝑅𝑅𝑅(620)

 
Simis et al. 2005 
Johansen et al. 2019 

2008 PC 
 −1 ∗ 𝑅𝑅𝑅𝑅𝑅𝑅(681)  −  𝑅𝑅𝑅𝑅𝑅𝑅(665) −
(𝑅𝑅𝑅𝑅𝑅𝑅(709)  − 𝑅𝑅𝑅𝑅𝑅𝑅(665)) ∗
(681 − 665
709+665

) 

Wynne et al. 2008 
Johansen et al. 2019 
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Year Parameter Algorithm/Band Combination Reference 

2009 PC 
𝑅𝑅𝑅𝑅𝑅𝑅(700)
𝑅𝑅𝑅𝑅𝑅𝑅(600)

 
Mishra et al. 2009 
Johansen et al. 2019 

2009 PC 
𝑅𝑅𝑅𝑅𝑅𝑅(724)
𝑅𝑅𝑅𝑅𝑅𝑅(609)

 
Mishra et al. 2009 
Johansen et al. 2019 

2008 PC (𝑅𝑅𝑅𝑅𝑅𝑅(615)−1 −  𝑅𝑅𝑅𝑅𝑅𝑅(600)−1)
−  𝑅𝑅𝑅𝑅𝑅𝑅(725) 

Hunter et al. 2008 
Johansen et al. 2019 

2012 PC 
𝑅𝑅𝑅𝑅𝑅𝑅(709)
𝑅𝑅𝑅𝑅𝑅𝑅(600)

 
Mishra 2012 
Johansen et al. 2019 

2014 PC (𝑅𝑅𝑅𝑅𝑅𝑅(629)−1 −  𝑅𝑅𝑅𝑅𝑅𝑅(659)−1)
∗  𝑅𝑅𝑅𝑅𝑅𝑅(724) 

Mishra and Mishra 2014  
Johansen et al. 2019 

2017 PC 𝑅𝑅𝑅𝑅𝑅𝑅(725)  −  𝑅𝑅𝑅𝑅𝑅𝑅(605) Beck et al 2017 
    

1980 Turb 𝑅𝑅𝑅𝑅𝑅𝑅(658) Moore 1980 
Johansen et al. 2019 

1991 Turb 
𝑅𝑅𝑅𝑅𝑅𝑅(658)
𝑅𝑅𝑅𝑅𝑅𝑅(458)

 
Lathrop et al. 1991 
Johansen et al. 2019 

1992 Turb 𝑅𝑅𝑅𝑅𝑅𝑅(857) Schiebe et al. 1992 
Johansen et al. 2019 

2002 Turb 
𝑅𝑅𝑅𝑅𝑅𝑅(857)
𝑅𝑅𝑅𝑅𝑅𝑅(658)

 
Doxaran et al. 2002 
Johansen et al. 2019 

2006 Turb 
𝑅𝑅𝑅𝑅𝑅𝑅(658)
𝑅𝑅𝑅𝑅𝑅𝑅(558)

 
Bowers and Binding 
2006 
Johansen et al. 2019 

2009 Turb 
𝑅𝑅𝑅𝑅𝑅𝑅(857)
𝑅𝑅𝑅𝑅𝑅𝑅(558)

 
Chipman et al. 2009 
Johansen et al. 2019 

2009 Turb 
(𝑅𝑅𝑅𝑅𝑅𝑅(558) + 𝑅𝑅𝑅𝑅𝑅𝑅(658)

𝑅𝑅𝑅𝑅𝑅𝑅(458)
 

Frohn and Autrey 2009 
Beck et al. 2018 

2018 Turb 
(𝑅𝑅𝑅𝑅𝑅𝑅(558) + 𝑅𝑅𝑅𝑅𝑅𝑅(658)

𝑅𝑅𝑅𝑅𝑅𝑅(444)
 

Beck et al. 2018 

2018 Turb 
𝑅𝑅𝑅𝑅𝑅𝑅(658)
𝑅𝑅𝑅𝑅𝑅𝑅(444)

 
Beck et al. 2018 

2.2 Sentinel-2 MSI 

Launched in 2015 and 2017, the European Space Agency’s (ESA) 
Copernicus is a constellation comprised of Sentinel-2A and Sentinel-2B l. 
Each sentinel-2 satellite contains multispectral imagers with 13 spectral 
bands with spatial resolutions varying from 10 m to 60 m (ESA 2015a). 
However, for analyses, the 10 m are down sampled to the coarser 20 m 
resolution so algorithm arithmetic is possible. The 60-m spectral bands 
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are outside the usable range for HAB detection. Since the launch of 
Sentinel-2B in 2017, the typical revisit time has improved to roughly five 
days.  

Sentinel-2’s spatial resolution, weekly revisit time, and cluster of narrow 
spectral bands in the red and NIR wavelengths (665 nm, 705 nm, 740 nm, 
783 nm, 842.5, and 865 nm) provides an excellent option to complement 
the coarser spatial sensors, such as MERIS, MODIS, and OLCI. This has 
become especially important for quantifying water quality in the 
thousands of smaller inland lakes that the coarser resolution imagers 
cannot resolve. A total of 24 Sentinel-2 algorithms were identified in the 
literature: 11 designed for chlorophyll a, four for phycocyanin or 
cyanobacteria, and nine for turbidity (Table 3). Additionally, Sentinel-2 is 
now considered a constellation with two identical imagers in operation, 
reducing the revisit time to only five days. It does not offer daily coverage 
and may still be hindered by cloud cover but is an improvement for 
moderate resolution optical imagers. Sentinel-2 is available at no cost 
through the US Geologic Survey (USGS) or ESA with many images already 
geometrically and atmospherically corrected, decreasing barriers for 
analytical applications, and subsequently increasing the ability of this 
imagery to be directly incorporated into monitoring programs. 

Table 3. Sentinel-2 MSI empirically based algorithms. 
Year Parameter Algorithm/Band Combination Reference 

2003 chl-a (𝑅𝑅𝑅𝑅𝑅𝑅(672)−1 −  𝑅𝑅𝑅𝑅𝑅𝑅(715)−1)
∗  𝑅𝑅𝑅𝑅𝑅𝑅(757) 

Gitelson et al. 2003 
Johansen et al. 2019 

2006 chl-a 
[Lw(510)/Lw(555) − Lw(443)]
[Lw(510)/Lw(555) + Lw(443)]

 
Ahn and Shanmugam 2006 
Acheampong 2018 

2009 chl-a 
𝑅𝑅𝑅𝑅𝑅𝑅(681)
𝑅𝑅𝑅𝑅𝑅𝑅(665)

 
Amin et al. 2009 
Johansen et al. 2019 

2010 chl-a 
𝑅𝑅𝑅𝑅𝑅𝑅(857)− 𝑅𝑅𝑅𝑅𝑅𝑅(644)
𝑅𝑅𝑅𝑅𝑅𝑅(458) + 𝑅𝑅𝑅𝑅𝑅𝑅(529)

 
Alawadi 2010 
Johansen et al. 2019 

2012 chl-a 
𝑅𝑅𝑅𝑅𝑅𝑅(709)− 𝑅𝑅𝑅𝑅𝑅𝑅(665)
𝑅𝑅𝑅𝑅𝑅𝑅(709) + 𝑅𝑅𝑅𝑅𝑅𝑅(665)

 
Mishra and Mishra 2012 
Beck et al. 2016 
Johansen et al. 2019 

2016 chl-a 
𝑅𝑅𝑅𝑅𝑅𝑅(560) − 𝑅𝑅𝑅𝑅𝑅𝑅(665)

+ �𝑅𝑅𝑅𝑅𝑅𝑅(490)
+ 𝑅𝑅𝑅𝑅𝑅𝑅(665)� 

Beck et al. 2016 

2016 chl-a 
𝑅𝑅𝑅𝑅𝑅𝑅(705)
𝑅𝑅𝑅𝑅𝑅𝑅(665)

 
Beck et al. 2016 

https://hdl.handle.net/11681/35053
https://doi.org/10.1078/0176-1617-00887
https://hdl.handle.net/11681/35053
https://doi.org/10.1016/j.rse.2006.04.007
https://doi.org/10.1364/OE.17.009126
https://hdl.handle.net/11681/35053
https://doi.org/10.1117/12.862096
https://hdl.handle.net/11681/35053
https://doi.org/10.1016/j.rse.2011.10.016
https://doi.org/10.1016/j.rse.2016.03.002
https://hdl.handle.net/11681/35053
https://doi.org/10.1016/j.rse.2016.03.002
https://doi.org/10.1016/j.rse.2016.03.002
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Year Parameter Algorithm/Band Combination Reference 

2016 chl-a (𝑅𝑅𝑅𝑅𝑅𝑅(665)−1 −  𝑅𝑅𝑅𝑅𝑅𝑅(705)−1)
∗  𝑅𝑅𝑅𝑅𝑅𝑅(865) 

Beck et al. 2016 

2016 chl-a 
𝑅𝑅𝑅𝑅𝑅𝑅(704)

−
𝑅𝑅𝑅𝑅𝑅𝑅(665) + 𝑅𝑅𝑅𝑅𝑅𝑅(740)

2
 

Toming et al. 2016 

2019 chl-a 𝐿𝐿𝐿𝐿𝐿𝐿
𝑅𝑅𝑅𝑅𝑅𝑅(490)
𝑅𝑅𝑅𝑅𝑅𝑅(555)

 
Poddar et al. 2019 

2019 chl-a 𝐿𝐿𝐿𝐿𝐿𝐿
𝑅𝑅𝑅𝑅𝑅𝑅(443)
𝑅𝑅𝑅𝑅𝑅𝑅(555)

 
Poddar et al. 2019 

    

2004 PC 

𝑅𝑅𝑅𝑅𝑅𝑅(709) −  𝑅𝑅𝑅𝑅𝑅𝑅(681)
− �𝑅𝑅𝑅𝑅𝑅𝑅(753)
− 𝑅𝑅𝑅𝑅𝑅𝑅(681)�

∗ (
709 −  681
753 + 681

) 

Gower et al. 2004 
Johansen et al. 2019 

2008 PC 
 𝑅𝑅𝑅𝑅𝑅𝑅(681) −  𝑅𝑅𝑅𝑅𝑅𝑅(665) −
�𝑅𝑅𝑅𝑅𝑅𝑅(709) − 𝑅𝑅𝑅𝑅𝑅𝑅(665)� ∗
(681 − 665
709+665

) 

 Wynne et al. 2008 
Kudela et al. 2015 
Johansen et al. 2019 

2009 PC 
𝑅𝑅𝑅𝑅𝑅𝑅(686)− 𝑅𝑅𝑅𝑅𝑅𝑅(658)
𝑅𝑅𝑅𝑅𝑅𝑅(686) + 𝑅𝑅𝑅𝑅𝑅𝑅(658)

 
Amin et al. 2009 
Johansen et al. 2019 

2017 PC 
𝑅𝑅𝑅𝑅𝑅𝑅(736)
𝑅𝑅𝑅𝑅𝑅𝑅(665)

 
Beck et al 2017 

    

1980 Turb 𝑅𝑅𝑅𝑅𝑅𝑅(658) Moore 1980 
Johansen et al. 2019 

1991 Turb 
𝑅𝑅𝑅𝑅𝑅𝑅(658)
𝑅𝑅𝑅𝑅𝑅𝑅(458)

 
Lathrop et al. 1991 
Johansen et al. 2019 

1992 Turb 𝑅𝑅𝑅𝑅𝑅𝑅(857) Schiebe et al. 1992 
Johansen et al. 2019 

2002 Turb 
𝑅𝑅𝑅𝑅𝑅𝑅(857)
𝑅𝑅𝑅𝑅𝑅𝑅(658)

 
Doxaran et al. 2002 
Johansen et al. 2019 

2006 Turb 
𝑅𝑅𝑅𝑅𝑅𝑅(658)
𝑅𝑅𝑅𝑅𝑅𝑅(558)

 
Bowers and Binding 2006 
Johansen et al. 2019 

2009 Turb 
𝑅𝑅𝑅𝑅𝑅𝑅(857)
𝑅𝑅𝑅𝑅𝑅𝑅(558)

 
Chipman et al. 2009 
Johansen et al. 2019 

2009 Turb 
𝑅𝑅𝑅𝑅𝑅𝑅(558) + 𝑅𝑅𝑅𝑅𝑅𝑅(658)

𝑅𝑅𝑅𝑅𝑅𝑅(458)
 

Frohn and Autrey 2009 
Beck et al. 2018 

2018 Turb 
𝑅𝑅𝑅𝑅𝑅𝑅(558) + 𝑅𝑅𝑅𝑅𝑅𝑅(658)

𝑅𝑅𝑅𝑅𝑅𝑅(444)
 

Beck et al. 2018 

https://hdl.handle.net/11681/35053
https://doi.org/10.1016/j.rse.2016.03.002
https://doi.org/10.3390/rs8080640
https://doi.org/10.3389/fmars.2019.00598
https://doi.org/10.3389/fmars.2019.00598
https://doi.org/10.5589/m03-048
https://hdl.handle.net/11681/35053
https://doi.org/10.1080/01431160802007640
https://hdl.handle.net/11681/35053
https://doi.org/10.1016/j.rse.2015.01.025
https://hdl.handle.net/11681/35053
https://doi.org/10.3390/rs9060538
https://doi.org/10.1080/02626668009491950
https://hdl.handle.net/11681/35053
https://doi.org/10.1080/01431169108955235
https://hdl.handle.net/11681/35053
https://doi.org/10.1080/01431169208904204
https://hdl.handle.net/11681/35053
https://doi.org/10.1080/0143116021000009912
https://hdl.handle.net/11681/35053
https://doi.org/10.1016/j.ecss.2005.11.010
https://hdl.handle.net/11681/35053
https://www.worldcat.org/title/remote-sensing-methods-for-lake-management-a-guide-for-resource-managers-and-decision-makers/oclc/752201814
https://hdl.handle.net/11681/35053
https://cfpub.epa.gov/si/si_public_record_report.cfm?Lab=NERL&dirEntryId=163848
https://doi.org/10.1016/j.jglr.2018.09.001
https://doi.org/10.1016/j.jglr.2018.09.001
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Year Parameter Algorithm/Band Combination Reference 

2018 Turb 
𝑅𝑅𝑅𝑅𝑅𝑅(658)
𝑅𝑅𝑅𝑅𝑅𝑅(444)

 
Beck et al. 2018 

2.3 Landsat-8 OLI 

The USGS Landsat Program has been developing Earth Observing (EO) 
satellites and providing access to their imagery since 1972 (USGS 2007). 
For nearly fifty years, the Landsat missions (Landsat 1 - 8) have been used 
globally for a variety of remote sensing-based research (Masek et al. 2002; 
Wulder et al. 2019). As such, water quality algorithms have been 
developed since the earliest Landsat missions, but the latest, Landsat-8 
OLI, was the primary focus for this review. Landsat-8’s Operational Land 
Imager (OLI) has a spatial resolution of 30 m and contains nine spectral 
bands, but only bands 1-5 (443 nm – 865 nm) are utilized for HAB 
detection (USGS 2019). It currently has a revisit time of 16 days, but once 
Landsat-9 is operational in offsetting orbit to Landsat-8, the revisit time 
will be reduced to eight days. A total of 32 Landsat algorithms were found 
in the literature with 18 chlorophyll a algorithms, 1 phycocyanin, and 13 
turbidity algorithms (Table 4). However, Landsat’s wide spectral bands are 
not well-suited for aquatic studies in general and less suited for the narrow 
spectral bands required to accurately detect and quantify HAB-specific 
pigments, such as chlorophyll a and phycocyanin. 

Table 4. Landsat-8 OLI empirically based algorithms. 
Year Parameter Algorithm/Band Combination Reference 

1993 chl-a 
𝑀𝑀𝑀𝑀𝑀𝑀(6)
𝑀𝑀𝑀𝑀𝑀𝑀(4)  +  𝑀𝑀𝑀𝑀𝑀𝑀(5)  +  𝑀𝑀𝑀𝑀𝑀𝑀(6) 

Gitelson et al. 1993 

1995 chl-a 
TM(1)– TM(3)

𝑇𝑇𝑇𝑇(2)  
Mayo et al. 1995 
Brivio et al. 2001 

1996 chl-a 𝐿𝐿𝐿𝐿𝐿𝐿
𝑇𝑇𝑇𝑇(3)
𝑇𝑇𝑇𝑇(1)

 
Gitelson et al. 1996 

2001 chl-a 𝐿𝐿𝐿𝐿(𝑇𝑇𝑇𝑇1)–𝐿𝐿𝐿𝐿(𝑇𝑇𝑇𝑇2) Brivio et al. 2001 

2001 chl-a 𝐿𝐿𝐿𝐿𝐿𝐿
𝑇𝑇𝑇𝑇(1)
𝑇𝑇𝑇𝑇(2)

 
Östlund et al. 2001 

2004 chl-a 𝐿𝐿𝐿𝐿𝐿𝐿
𝑇𝑇𝑇𝑇(2)
𝑇𝑇𝑇𝑇(3)

 
Hellweger et al. 2004 

2005 chl-a 
𝐿𝐿𝐿𝐿𝐿𝐿 𝐸𝐸𝐸𝐸𝐸𝐸(1)
𝐿𝐿𝐿𝐿𝐿𝐿 𝐸𝐸𝐸𝐸𝐸𝐸(3)

 
Han and Jordan 2005 

https://hdl.handle.net/11681/35053
https://doi.org/10.1016/j.jglr.2018.09.001
https://hdl.handle.net/11681/35053
https://doi.org/10.1080/01431169308953956
https://doi.org/10.1080/01431169508954386
https://doi.org/10.1080/014311601450059
https://calmit.unl.edu/people/agitelson2/pdf/29_1996_IsrJES-(127-136).pdf
https://doi.org/10.1080/014311601450059
https://doi.org/10.1016/s0048-9697(00)00683-5
https://doi.org/10.1016/j.ecss.2004.06.019
https://doi.org/10.1080/01431160500219182
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Year Parameter Algorithm/Band Combination Reference 

2007 chl-a 
𝑇𝑇𝑇𝑇(4)
𝑇𝑇𝑇𝑇(3)

 
Duan et al. 2007 

2007 chl-a 
𝑅𝑅𝑅𝑅𝑅𝑅(458)− 𝑅𝑅𝑅𝑅𝑅𝑅(644)

𝑅𝑅𝑅𝑅𝑅𝑅(529)
 

Kneubuhler et al. 2007 
Johansen et al. 2019 

2010 chl-a 
𝑅𝑅𝑅𝑅𝑅𝑅(857)− 𝑅𝑅𝑅𝑅𝑅𝑅(644)
𝑅𝑅𝑅𝑅𝑅𝑅(458) + 𝑅𝑅𝑅𝑅𝑅𝑅(529)

 
Alawadi 2010 
Johansen et al. 2019 

2016 chl-a 
𝑅𝑅𝑅𝑅𝑅𝑅(660)− 𝑅𝑅𝑅𝑅𝑅𝑅(605)
𝑅𝑅𝑅𝑅𝑅𝑅(660) + 𝑅𝑅𝑅𝑅𝑅𝑅(605)

 
Beck et al. 2016 

2016 chl-a 
𝑅𝑅𝑅𝑅𝑅𝑅(660)− 𝑅𝑅𝑅𝑅𝑅𝑅(605)
𝑅𝑅𝑅𝑅𝑅𝑅(480) + 𝑅𝑅𝑅𝑅𝑅𝑅(545)

 
Beck et al. 2016 

2016 chl-a 
𝑅𝑅𝑅𝑅𝑅𝑅(545) − 𝑅𝑅𝑅𝑅𝑅𝑅(605) +  �𝑅𝑅𝑅𝑅𝑅𝑅(480)

− 𝑅𝑅𝑅𝑅𝑅𝑅(605)� 
Beck et al. 2016 

2016 chl-a 
𝑅𝑅𝑅𝑅𝑅𝑅(545) − 𝑅𝑅𝑅𝑅𝑅𝑅(605) +  �𝑅𝑅𝑅𝑅𝑅𝑅(425)

− 𝑅𝑅𝑅𝑅𝑅𝑅(605)� 
Beck et al. 2016 

2016 chl-a 
𝑅𝑅𝑅𝑅𝑅𝑅(660)
𝑅𝑅𝑅𝑅𝑅𝑅(605)

 
Beck et al. 2016 

2016 chl-a 
𝑅𝑅𝑅𝑅𝑅𝑅(480)− 𝑅𝑅𝑅𝑅𝑅𝑅(605)

𝑅𝑅𝑅𝑅𝑅𝑅(545)
 

Beck et al. 2016 

2019 chl-a 𝐿𝐿𝐿𝐿𝐿𝐿
𝑅𝑅𝑅𝑅𝑅𝑅(490)
𝑅𝑅𝑅𝑅𝑅𝑅(555)

 
Poddar et al. 2019 

2019 chl-a 𝐿𝐿𝐿𝐿𝐿𝐿
𝑅𝑅𝑅𝑅𝑅𝑅(443)
𝑅𝑅𝑅𝑅𝑅𝑅(555)

 
Poddar et al. 2019 

    

2017 PC 
𝑅𝑅𝑅𝑅𝑅𝑅(530) − 𝑅𝑅𝑅𝑅𝑅𝑅(640) +  �𝑅𝑅𝑅𝑅𝑅𝑅(430)

− 𝑅𝑅𝑅𝑅𝑅𝑅(640)� 
Beck et al. 2017 

    

1990 Turb 𝑅𝑅𝑅𝑅𝑅𝑅(658) Moore 1980 
Johansen et al. 2019 

1991 Turb 
𝑅𝑅𝑅𝑅𝑅𝑅(658)
𝑅𝑅𝑅𝑅𝑅𝑅(458)

 
Lathrop et al. 1991 
Johansen et al. 2019 

1992 Turb 𝑅𝑅𝑅𝑅𝑅𝑅(857) Schiebe et al. 1992 
Johansen et al. 2019 

2001 Turb 
𝑇𝑇𝑇𝑇(1) − 𝑇𝑇𝑇𝑇(4)
𝑇𝑇𝑇𝑇(3) − 𝑇𝑇𝑇𝑇(4)

 
Härmä et al. 2001 

2002 Turb 
𝑅𝑅𝑅𝑅𝑅𝑅(857)
𝑅𝑅𝑅𝑅𝑅𝑅(658)

 
Doxaran et al. 2002 
Johansen et al. 2019 

2004 Turb 
𝐸𝐸𝐸𝐸𝐸𝐸(3)
𝐸𝐸𝐸𝐸𝐸𝐸(2)

 
Vincent et al. 2004 

https://hdl.handle.net/11681/35053
https://doi.org/10.1007/s10661-006-9362-y
https://doi.org/10.5167/uzh-77972
https://hdl.handle.net/11681/35053
https://doi.org/10.1117/12.862096
https://hdl.handle.net/11681/35053
https://doi.org/10.1016/j.rse.2016.03.002
https://doi.org/10.1016/j.rse.2016.03.002
https://doi.org/10.1016/j.rse.2016.03.002
https://doi.org/10.1016/j.rse.2016.03.002
https://doi.org/10.1016/j.rse.2016.03.002
https://doi.org/10.1016/j.rse.2016.03.002
https://doi.org/10.3389/fmars.2019.00598
https://doi.org/10.3389/fmars.2019.00598
https://doi.org/10.1080/02626668009491950
https://hdl.handle.net/11681/35053
https://doi.org/10.1080/01431169108955235
https://hdl.handle.net/11681/35053
https://doi.org/10.1080/01431169208904204
https://hdl.handle.net/11681/35053
https://doi.org/10.1016/s0048-9697(00)00688-4
https://doi.org/10.1080/0143116021000009912
https://hdl.handle.net/11681/35053
https://doi.org/10.1016/j.rse.2003.10.014
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Year Parameter Algorithm/Band Combination Reference 

2005 Turb TM3 
Brezonik et al. 2005 
Kallio et al. 2008 

2006 Turb 
𝑅𝑅𝑅𝑅𝑅𝑅(658)
𝑅𝑅𝑅𝑅𝑅𝑅(558)

 
Bowers and Binding 
2006 
Johansen et al. 2019 

2007 Turb 
𝑅𝑅𝑅𝑅𝑅𝑅(558) + 𝑅𝑅𝑅𝑅𝑅𝑅(658)

𝑅𝑅𝑅𝑅𝑅𝑅(458)
 

Frohn and Autrey 2007 
Beck et al. 2018 

2009 Turb 
𝑅𝑅𝑅𝑅𝑅𝑅(857)
𝑅𝑅𝑅𝑅𝑅𝑅(558)

 
Chipman et al. 2009 
Johansen et al. 2019 

2018 Turb 
𝑅𝑅𝑅𝑅𝑅𝑅(530)  − 𝑅𝑅𝑅𝑅𝑅𝑅(640)

+  �𝑅𝑅𝑅𝑅𝑅𝑅(430)
−  𝑅𝑅𝑅𝑅𝑅𝑅(640)� 

Beck et al. 2018 

2018 Turb 
𝑅𝑅𝑅𝑅𝑅𝑅(558) + 𝑅𝑅𝑅𝑅𝑅𝑅(658)

𝑅𝑅𝑅𝑅𝑅𝑅(444)
 

Beck et al. 2018 

2018 Turb 
𝑅𝑅𝑅𝑅𝑅𝑅(658)
𝑅𝑅𝑅𝑅𝑅𝑅(444)

 
Beck et al. 2018 

2.4 MODIS 

The MODIS sensor is currently operational onboard two National 
Aeronautics and Space Administration’s (NASA) satellites, Terra launched 
in 1999 and Aqua launched in 2002. MODIS contains 36 spectral bands 
with spatial resolutions ranging from 250 m to 1000 m and a revisit time 
of 1-2 days (NASA n.d.). Eight MODIS algorithms were identified, 
including five chlorophyll a, three turbidity, and zero phycocyanin 
algorithms (Table 5). Furthermore, even a simple band ratio between the 
two 250 m spectral bands (645 nm and 858 nm) have been useful for 
estimating both turbidity and chlorophyll-a (Beck et al. 2016; Beck et al. 
2018). Unfortunately, MODIS has not been a primary focus for HAB 
monitoring because most of its important spectral bands have very coarse 
spatial resolutions (1,000 m), which severely limits the application of this 
sensor to large lakes or the open ocean. Nevertheless, research has shown 
that MODIS has been successful at detecting HABs with the coarse 
resolution sensors. It also served a role in bridging the operational gap 
between the decommissioning of Envisat (MERIS) in 2011 and the launch 
of Sentinel-3 (OLCI) in 2016. 

 

https://hdl.handle.net/11681/35053
https://doi.org/10.1080/07438140509354442
https://link-springer-com.erdclibrary.idm.oclc.org/article/10.1007/s00267-008-9146-y
https://doi.org/10.1016/j.ecss.2005.11.010
https://doi.org/10.1016/j.ecss.2005.11.010
https://hdl.handle.net/11681/35053
https://cfpub.epa.gov/si/si_public_record_report.cfm?Lab=NERL&dirEntryId=163848
https://doi.org/10.1016/j.jglr.2018.09.001
https://www.worldcat.org/title/remote-sensing-methods-for-lake-management-a-guide-for-resource-managers-and-decision-makers/oclc/752201814
https://hdl.handle.net/11681/35053
https://doi.org/10.1016/j.jglr.2018.09.001
https://doi.org/10.1016/j.jglr.2018.09.001
https://doi.org/10.1016/j.jglr.2018.09.001
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Table 5. MODIS empirically based algorithms. 

Year Parameter Algorithm/Band Combination Reference 

2009 chl-a 
𝑅𝑅𝑅𝑅𝑅𝑅(443)
𝑅𝑅𝑅𝑅𝑅𝑅(551)

 
Chavula et al. 2009 

2009 chl-a 
𝑅𝑅𝑅𝑅𝑅𝑅(748)
𝑅𝑅𝑅𝑅𝑅𝑅(667)

 
Moses et al. 2009 

2009 chl-a 𝐿𝐿𝐿𝐿(𝐵𝐵2) +  𝐿𝐿𝐿𝐿(𝐵𝐵9)– 
𝐿𝐿𝐿𝐿(𝐵𝐵3–𝐵𝐵2)

𝐵𝐵(2)
 

Wu et al. 2009 

2016 chl-a 
𝑅𝑅𝑅𝑅𝑅𝑅(857) − 𝑅𝑅𝑅𝑅𝑅𝑅(646)
𝑅𝑅𝑅𝑅𝑅𝑅(857) + 𝑅𝑅𝑅𝑅𝑅𝑅(646)

 
Beck et al. 2016 
Beck et al 2017 

2016 chl-a 
𝑅𝑅𝑅𝑅𝑅𝑅(857)
𝑅𝑅𝑅𝑅𝑅𝑅(646)

 
Beck et al. 2016 

    

1980 Turb 
𝑅𝑅𝑅𝑅𝑅𝑅(658) Beck et al. 2018 

Chen et al. 2007 
Moore 1980 

1992 Turb 𝑅𝑅𝑅𝑅𝑅𝑅(857) Beck et al. 2018 
Schiebe et al. 1992 

2002 Turb 
𝑅𝑅𝑅𝑅𝑅𝑅(857)
𝑅𝑅𝑅𝑅𝑅𝑅(658)

 
Beck et al. 2018 
Doxaran et al. 2002 

2.5 MERIS and Sentinel-3 OLCI 

The MERIS imager was developed by the ESA and was onboard the now 
decommissioned Envisat satellite. MERIS was operational and provided 
coverage of the US from 2008 through 2011. The MERIS sensor had 
moderate spatial resolution at 300 m, 15 spectral bands, and provided 
revisit times of 2-3 days (ESA 1995). Unfortunately, there was a 5-yr gap 
between the decommissioning of MERIS and the launch of Sentinel-3 and 
the OLCI sensor. The Sentinel-3 program, like many recent satellite 
programs, is considered a constellation with two satellites currently 
operational and two more expected to be launched soon. The two 
operational Sentinel-3 satellites provide a near daily revisit time for the 
OLCI sensor, with a spatial resolution of 300 m (ESA 2015b). Additionally, 
most OLCI’s spectral band centers align well with MERIS, allowing for a 
near seamless transfer of algorithms between the sensors (Table 1).  

MERIS, and more recently OLCI, have become the primary satellite-based 
imagers for the detection and quantification of HABs and water quality 
related pigments. This is primarily due to the more robust spectral 
resolution coupled with the near daily revisit times, which have 

https://hdl.handle.net/11681/35053
https://doi.org/10.1016/j.pce.2009.07.015
https://doi.org/10.1007/s10661-008-0156-2
https://doi.org/10.1016/j.rse.2016.03.002
https://doi.org/10.3390/rs9060538
https://doi.org/10.1016/j.rse.2016.03.002
https://doi.org/10.1016/j.jglr.2018.09.001
https://doi.org/10.1016/j.rse.2006.12.019
https://doi.org/10.1080/02626668009491950
https://doi.org/10.1016/j.jglr.2018.09.001
https://doi.org/10.1080/01431169208904204
https://doi.org/10.1016/j.jglr.2018.09.001
https://doi.org/10.1080/0143116021000009912
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outweighed the higher spatial resolution imagers such as Landsat-8 and 
Sentinel-2. Generally, the spectral resolution of these sensors is much 
more conducive to distinguishing optical properties of water because of 
their many narrow spectral bands. A total of 62 MERIS/OLCI algorithms 
were identified, including 30 chlorophyll a, 21 phycocyanin, and 11 
turbidity algorithms (Table 6). The algorithms for these sensors were 
combined for simplicity because their spectral configurations are very 
similar and MERIS was decommissioned in 2011. Additionally, these 
sensors contain a spectral band centered around 620 nm, making them 
capable of detecting the absorbance of phycocyanin. A limitation of these 
sensors is the coarse spatial resolution (~300-m pixels), which makes it 
difficult to resolve smaller inland water bodies and coastlines due to the 
lower resolution.  

Table 6. MERIS and Sentinel-3 OLCI empirically based algorithms. 
Year Parameter Algorithm/Band Combination Reference 

1993 chl-a 𝑅𝑅𝑅𝑅𝑅𝑅(600)  −  𝑅𝑅𝑅𝑅𝑅𝑅(648)  −  𝑅𝑅𝑅𝑅𝑅𝑅(625) 
Dekker 1993 
Johansen et al. 2019 

2001 chl-a 𝑅𝑅𝑅𝑅𝑅𝑅(550) Flink et al. 2001 

2001 chl-a 
𝑅𝑅𝑅𝑅𝑅𝑅(708)
𝑅𝑅𝑅𝑅𝑅𝑅(678)

 Flink et al. 2001 

2001 chl-a 
𝑅𝑅𝑅𝑅𝑅𝑅(708)
𝑅𝑅𝑅𝑅𝑅𝑅(678)

+  
𝑅𝑅𝑅𝑅𝑅𝑅(643)
𝑅𝑅𝑅𝑅𝑅𝑅(628)

 Flink et al. 2001 

2001 chl-a 
𝐿𝐿(705)− 𝐿𝐿(754)
𝐿𝐿(665)− 𝐿𝐿(754)

 Härmä et al. 2001 

2001 chl-a 
𝐿𝐿(702)
𝐿𝐿(674) Kallio et al. 2001 

2002 chl-a 
𝐿𝐿(709)
𝐿𝐿(665)  𝑂𝑂𝑂𝑂 

𝑅𝑅𝑅𝑅𝑅𝑅(709)
𝑅𝑅𝑅𝑅𝑅𝑅(665) 

Ammenberg et al. 2002 
Gons et al. 2002 
Kallio et al. 2003 
Koponen et al. 2007 
Moses et al. 2009 
Beck et al. 2016 

2002 chl-a 
𝐿𝐿(700)
𝐿𝐿(662)

+  
𝐿𝐿(781)
𝐿𝐿(781)

 Koponen et al. 2002 

2003 chl-a 
𝐿𝐿(620)
𝐿𝐿(490)

+  
𝐿𝐿(560)
𝐿𝐿(510)

 Floricioiu et al. 2003 

2003 chl-a (𝑅𝑅𝑅𝑅𝑅𝑅(672)−1 −  𝑅𝑅𝑅𝑅𝑅𝑅(715)−1)
∗ 𝑅𝑅𝑅𝑅𝑅𝑅(757) 

Gitelson et al. 2003 
Gitelson et al. 2009 
Johansen et al. 2019 

https://hdl.handle.net/11681/35053
https://research.vu.nl/files/62846616/complete%20dissertation.pdf
https://hdl.handle.net/11681/35053
https://doi.org/10.1016/s0048-9697(00)00686-0
https://doi.org/10.1016/s0048-9697(00)00686-0
https://doi.org/10.1016/s0048-9697(00)00686-0
https://doi.org/10.1016/S0048-9697(00)00688-4
https://doi.org/10.1016/S0048-9697(00)00685-9
https://doi.org/10.1080/01431160110071860
https://doi.org/10.1093/plankt/24.9.947
https://doi.org/10.1080/0143116021000023899
https://doi.org/10.1016/j.csr.2006.10.006
https://doi.org/10.1016/j.rse.2016.03.002
https://doi.org/10.1016/S0034-4257(01)00238-3
http://scholar.google.com/scholar?hl=en&q=%0AFloricioiu+%2C+D.+%2C+%0ARiedl+%2C+C.+%2C+%0ARott+%2C+H.+and+%0ARott+%2C+E.+Envisat+MERIS+capabilities+for+monitoring+the+water+quality+of+perialpine+lakes.+Proceedings+of+IEEE+Geoscience+and+Remote+Sensing+Sym
https://doi.org/10.1078/0176-1617-00887
https://doi.org/10.1088/1748-9326/4/4/045003
https://hdl.handle.net/11681/35053
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Year Parameter Algorithm/Band Combination Reference 

2004 chl-a 
𝐿𝐿(665)
𝐿𝐿(560) Floricioiu et al. 2004 

2005 chl-a 
𝐿𝐿(560)
𝐿𝐿(665) Candiani et al. 2005 

2005 chl-a 
𝐿𝐿(440)− 𝐿𝐿(780)
𝐿𝐿(780)− 𝐿𝐿(700)

 Giardino et al. 2005 

2005 chl-a 𝐿𝐿(489) Giardino et al. 2005 

2007 chl-a 
𝑅𝑅𝑅𝑅𝑅𝑅(458)− 𝑅𝑅𝑅𝑅𝑅𝑅(664)

𝑅𝑅𝑅𝑅𝑅𝑅(529)  
Kneubuhler et al. 2007 
Johansen et al. 2019 

2009 chl-a 𝑅𝑅𝑅𝑅𝑅𝑅(681)  −  𝑅𝑅𝑅𝑅𝑅𝑅(665) 
Amin et al. 2009 
Johansen et al. 2019 

2009 chl-a (𝑅𝑅𝑅𝑅𝑅𝑅(665)−1 −  𝑅𝑅𝑅𝑅𝑅𝑅(708)−1)
∗ 𝑅𝑅𝑅𝑅𝑅𝑅(753) 

Moses et al. 2009 
Le et al. 2009 

2010 chl-a 
𝑅𝑅𝑅𝑅𝑅𝑅(857)− 𝑅𝑅𝑅𝑅𝑅𝑅(644)
𝑅𝑅𝑅𝑅𝑅𝑅(458)− 𝑅𝑅𝑅𝑅𝑅𝑅(529)

 
Alawadi 2010 
Johansen et al. 2019 

2010 chl-a 

𝑅𝑅𝑅𝑅𝑅𝑅(686)− 𝑅𝑅𝑅𝑅𝑅𝑅(715) + (𝑅𝑅𝑅𝑅𝑅𝑅(672)
− 𝑅𝑅𝑅𝑅𝑅𝑅(715))

∗ (
715 −  672
686 + 672

) 

Zhao et al. 2010 
Johansen et al. 2019 

2012 chl-a 𝑅𝑅𝑅𝑅𝑅𝑅(665)−1 ∗ 𝑅𝑅𝑅𝑅𝑅𝑅(708) Moses et al. 2012 

2012 chl-a (𝑅𝑅𝑅𝑅𝑅𝑅(665)−1 ∗ 𝑅𝑅𝑅𝑅𝑅𝑅(708)) ∗ 𝑅𝑅𝑅𝑅𝑅𝑅(753) 
Moses et al. 2012 
Augusto-silva et al. 
2014 

2016 chl-a 
𝑅𝑅𝑅𝑅𝑅𝑅(658)− 𝑅𝑅𝑅𝑅𝑅𝑅(458)
𝑅𝑅𝑅𝑅𝑅𝑅(658) + 𝑅𝑅𝑅𝑅𝑅𝑅(458)

 Beck et al 2017 

2016 chl-a  −1 ∗ (𝑅𝑅𝑅𝑅𝑅𝑅(681)  −  𝑅𝑅𝑅𝑅𝑅𝑅(665) +
 (𝑅𝑅𝑅𝑅𝑅𝑅(709) −  𝑅𝑅𝑅𝑅𝑅𝑅(665))) Beck et al. 2016 

2016 chl-a 
𝑅𝑅𝑅𝑅𝑅𝑅(709) −  𝑅𝑅𝑅𝑅𝑅𝑅(681) 

+  (𝑅𝑅𝑅𝑅𝑅𝑅(753) 
−  𝑅𝑅𝑅𝑅𝑅𝑅(681)) 

Beck et al. 2016 

2016 chl-a 
𝑅𝑅𝑅𝑅𝑅𝑅(709) −  𝑅𝑅𝑅𝑅𝑅𝑅(753) 

+  (𝑅𝑅𝑅𝑅𝑅𝑅(681) 
−  𝑅𝑅𝑅𝑅𝑅𝑅(753)) 

Beck et al. 2016 

2016 chl-a 
𝑅𝑅𝑅𝑅𝑅𝑅(709)− 𝑅𝑅𝑅𝑅𝑅𝑅(665)
𝑅𝑅𝑅𝑅𝑅𝑅(709) + 𝑅𝑅𝑅𝑅𝑅𝑅(665)

 Beck et al. 2016 

2016 chl-a 𝑅𝑅𝑅𝑅𝑅𝑅(665)−1 −  𝑅𝑅𝑅𝑅𝑅𝑅(709)−1
∗ 𝑅𝑅𝑅𝑅𝑅𝑅(761) Beck et al. 2016 

2016 chl-a 
𝑅𝑅𝑅𝑅𝑅𝑅(529) −  𝑅𝑅𝑅𝑅𝑅𝑅(644) 

+  (𝑅𝑅𝑅𝑅𝑅𝑅(458) 
−  𝑅𝑅𝑅𝑅𝑅𝑅(644)) 

Beck et al. 2016 

https://hdl.handle.net/11681/35053
http://scholar.google.com/scholar?hl=en&q=%0AFloricioiu+%2C+D.+%2C+%0ARott+%2C+H.+%2C+%0ARott+%2C+E.+%2C+%0ADokulil+%2C+M.+and+%0ADefrancesco+%2C+C.+Retrieval+of+limnological+parameters+of+perialpine+lakes+by+means+of+MERIS+data.+Proceedings+of+the+2004+E
http://scholar.google.com/scholar?hl=en&q=%0ACandiani+%2C+G.+%2C+%0AFloricioiu+%2C+D.+%2C+%0AGiardino+%2C+C.+and+%0ARott+%2C+H.+Monitoring+water+quality+of+the+perialpine+Italian+Lake+Garda+through+multi-temporal+MERIS+data.+Proceedings+of+the+MERIS+%28A%25
https://doi.org/10.14358/PERS.71.9.1045
https://doi.org/10.14358/PERS.71.9.1045
https://doi.org/10.5167/uzh-77972
https://hdl.handle.net/11681/35053
https://doi.org/10.1364/OE.17.009126
https://hdl.handle.net/11681/35053
https://doi.org/10.1016/j.rse.2009.02.005
https://doi.org/10.1117/12.862096
https://hdl.handle.net/11681/35053
https://doi.org/10.1080/01431160902882512
https://hdl.handle.net/11681/35053
https://doi.org/10.1016/j.rse.2012.01.024
https://doi.org/10.1016/j.rse.2012.01.024
https://doi.org/10.3390/rs61211689
https://doi.org/10.3390/rs61211689
https://doi.org/10.3390/rs9060538
https://doi.org/10.1016/j.rse.2016.03.002
https://doi.org/10.1016/j.rse.2016.03.002
https://doi.org/10.1016/j.rse.2016.03.002
https://doi.org/10.1016/j.rse.2016.03.002
https://doi.org/10.1016/j.rse.2016.03.002
https://doi.org/10.1016/j.rse.2016.03.002
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Year Parameter Algorithm/Band Combination Reference 

2016 chl-a 
𝑅𝑅𝑅𝑅𝑅𝑅(529) −  (𝑅𝑅𝑅𝑅𝑅𝑅(644)  

+ (𝑅𝑅𝑅𝑅𝑅𝑅(429) 
−  𝑅𝑅𝑅𝑅𝑅𝑅(644))) 

Beck et al. 2016 

2016 chl-a 
𝑅𝑅𝑅𝑅𝑅𝑅(658)− 𝑅𝑅𝑅𝑅𝑅𝑅(444)
𝑅𝑅𝑅𝑅𝑅𝑅(658) + 𝑅𝑅𝑅𝑅𝑅𝑅(444)

 Beck et al. 2016 

    

2000 PC 
𝑅𝑅𝑅𝑅𝑅𝑅(650)
𝑅𝑅𝑅𝑅𝑅𝑅(625) 

Schalles and Yacobi 
2000 
Beck et al. 2017 
Johansen et al. 2019 

2003 PC 
𝑅𝑅𝑅𝑅𝑅𝑅(714)
𝑅𝑅𝑅𝑅𝑅𝑅(672) 

Dall'Olmo et al. 2003 
Johansen et al. 2019 

2004 PC 

𝑅𝑅𝑅𝑅𝑅𝑅(709) −  𝑅𝑅𝑅𝑅𝑅𝑅(681)
−  (𝑅𝑅𝑅𝑅𝑅𝑅(753) –  𝑅𝑅𝑅𝑅𝑅𝑅(681)

∗ (
709 −  681
753 + 681

)) 

Gower et al. 2004 
Johansen et al. 2019 

2005 PC 
𝑅𝑅𝑅𝑅𝑅𝑅(709)
𝑅𝑅𝑅𝑅𝑅𝑅(620) 

Simis et al. 2005 
Simis et al. 2007 
Johansen et al. 2019 

2005 PC 
𝑅𝑅𝑅𝑅𝑅𝑅(720)
𝑅𝑅𝑅𝑅𝑅𝑅(620) 

Simis et al. 2005 
Beck et al 2017 

2008 PC 𝑅𝑅𝑅𝑅𝑅𝑅(615)−1 −  𝑅𝑅𝑅𝑅𝑅𝑅(600)−1
− 𝑅𝑅𝑅𝑅𝑅𝑅(725) 

Hunter et al. 2008 
Johansen et al. 2019 

2008 PC 
 −1 ∗ (𝑅𝑅𝑅𝑅𝑅𝑅(681) −  𝑅𝑅𝑅𝑅𝑅𝑅(665) −
 �𝑅𝑅𝑅𝑅𝑅𝑅(709)–  𝑅𝑅𝑅𝑅𝑅𝑅(665)� ∗ �681 − 665

709+665
�) 

Wynne et al. 2008 
Kudela et al. 2015 
Johansen et al. 2019 

2009 PC 
𝑅𝑅𝑅𝑅𝑅𝑅(686)− 𝑅𝑅𝑅𝑅𝑅𝑅(658)
𝑅𝑅𝑟𝑟𝑠𝑠(686) + 𝑅𝑅𝑅𝑅𝑅𝑅(658) 

Amin et al. 2009 
Johansen et al. 2019 

2009 PC 
𝑅𝑅𝑅𝑅𝑅𝑅(700)
𝑅𝑅𝑅𝑅𝑅𝑅(600) 

Mishra et al. 2009 
Beck et al. 2017 
Johansen et al. 2019 

2009 PC 
𝑅𝑅𝑅𝑅𝑅𝑅(724)
𝑅𝑅𝑅𝑅𝑅𝑅(600) 

Mishra et al. 2009 
Johansen et al. 2019 

2012 PC 
𝑅𝑅𝑅𝑅𝑅𝑅(709)
𝑅𝑅𝑅𝑅𝑅𝑅(600) 

Mishra 2012 
Johansen et al. 2019 

2014 PC 𝑅𝑅𝑅𝑅𝑅𝑅(629)−1 −  𝑅𝑅𝑅𝑅𝑅𝑅(659)−1
− 𝑅𝑅𝑅𝑅𝑅𝑅(724) 

Mishra and Mishra 
2014  
Johansen et al. 2019 

2017 PC 
𝑅𝑅𝑅𝑅𝑅𝑅(707)
𝑅𝑅𝑅𝑅𝑅𝑅(679) Beck et al. 2017 

2017 PC 𝑅𝑅𝑅𝑅𝑅𝑅(644) –  𝑅𝑅𝑅𝑅𝑅𝑅(629) Beck et al. 2017 

https://hdl.handle.net/11681/35053
https://doi.org/10.1016/j.rse.2016.03.002
https://doi.org/10.1016/j.rse.2016.03.002
https://www.tib.eu/de/suchen/id/BLCP:CN033950196/Remote-detection-and-seasonal-patterns-of-phycocyanin?cHash=77cdc676e4add5d7f1b4beb341503f8a
https://www.tib.eu/de/suchen/id/BLCP:CN033950196/Remote-detection-and-seasonal-patterns-of-phycocyanin?cHash=77cdc676e4add5d7f1b4beb341503f8a
https://doi.org/10.3390/rs9060538
https://doi.org/10.1029/2003GL018065
https://hdl.handle.net/11681/35053
https://doi.org/10.5589/m03-048
https://hdl.handle.net/11681/35053
https://doi.org/10.4319/lo.2005.50.1.0237
https://doi.org/10.1016/j.rse.2006.09.008
https://hdl.handle.net/11681/35053
https://doi.org/10.4319/lo.2005.50.1.0237
https://doi.org/10.3390/rs9060538
https://doi.org/10.4319/lo.2008.53.6.2391
https://hdl.handle.net/11681/35053
https://doi.org/10.1080/01431160802007640
https://doi.org/10.1016/j.rse.2015.01.025
https://hdl.handle.net/11681/35053
https://doi.org/10.1364/OE.17.009126
https://hdl.handle.net/11681/35053
https://doi.org/10.3390/rs1040758
https://doi.org/10.3390/rs9060538
https://hdl.handle.net/11681/35053
https://doi.org/10.3390/rs1040758
https://hdl.handle.net/11681/35053
https://search.proquest.com/openview/330788f704c769fe54534d41460816ef/1?pq-origsite=gscholar&cbl=18750&diss=y
https://hdl.handle.net/11681/35053
https://doi.org/10.1088/1748-9326/9/11/114003
https://doi.org/10.1088/1748-9326/9/11/114003
https://hdl.handle.net/11681/35053
https://doi.org/10.3390/rs9060538
https://doi.org/10.3390/rs9060538
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Year Parameter Algorithm/Band Combination Reference 

2017 PC 𝑅𝑅𝑅𝑅𝑅𝑅(658) −  𝑅𝑅𝑅𝑅𝑅𝑅(857)  
+ (𝑅𝑅𝑅𝑅𝑅𝑅(458) –  𝑅𝑅𝑅𝑅𝑅𝑅(857)) Beck et al. 2017 

2017 PC 𝑅𝑅𝑅𝑅𝑅𝑅(658) −  𝑅𝑅𝑅𝑅𝑅𝑅(857)  
+ (𝑅𝑅𝑅𝑅𝑅𝑅(558) –  𝑅𝑅𝑅𝑅𝑅𝑅(857)) Beck et al. 2017 

2017 PC 𝑅𝑅𝑅𝑅𝑅𝑅(658) −  𝑅𝑅𝑅𝑅𝑅𝑅(857)  
+ (𝑅𝑅𝑅𝑅𝑅𝑅(444) –  𝑅𝑅𝑅𝑅𝑅𝑅(857)) Beck et al. 2017 

2017 PC 𝑅𝑅𝑅𝑅𝑅𝑅(615) −  𝑅𝑅𝑅𝑅𝑅𝑅(601)
−  (𝑅𝑅𝑅𝑅𝑅𝑅(644) –  𝑅𝑅𝑅𝑅𝑅𝑅(601)) Beck et al. 2017 

2017 PC 
𝑅𝑅𝑅𝑅𝑅𝑅(700)− 𝑅𝑅𝑅𝑅𝑅𝑅(622)
𝑅𝑅𝑅𝑅𝑅𝑅(700) + 𝑅𝑅𝑅𝑅𝑅𝑅(622) Beck et al. 2017 

2017 PC 
𝑅𝑅𝑅𝑅𝑅𝑅(644)− 𝑅𝑅𝑅𝑅𝑅𝑅(615)
𝑅𝑅𝑅𝑅𝑅𝑅(644) + 𝑅𝑅𝑅𝑅𝑅𝑅(615) Beck et al. 2017 

2017 PC 
𝑅𝑅𝑅𝑅𝑅𝑅(644)− 𝑅𝑅𝑅𝑅𝑅𝑅(629)
𝑅𝑅𝑅𝑅𝑅𝑅(644) + 𝑅𝑅𝑅𝑅𝑅𝑅(629) Beck et al. 2017 

    

1980 Turb  𝑅𝑅𝑅𝑅𝑅𝑅(658) 
Moore 1980 
Johansen et al. 2019 

1991 Turb 
𝑅𝑅𝑅𝑅𝑅𝑅(658)
𝑅𝑅𝑅𝑅𝑅𝑅(458) 

Lathrop et al. 1991 
Johansen et al. 2019 

1992 Turb 𝑅𝑅𝑅𝑅𝑅𝑅(857) 
Schiebe et al. 1992 
Johansen et al. 2019 

2001 Turb  𝐿𝐿(710) 
Kallio et al. 2001 
Koponen et al. 2002 

2002 Turb 
𝑅𝑅𝑅𝑅𝑅𝑅(857)
𝑅𝑅𝑅𝑅𝑅𝑅(658) 

Doxaran et al. 2002 
Johansen et al. 2019 

2006 Turb 
𝑅𝑅𝑅𝑅𝑅𝑅(658)
𝑅𝑅𝑅𝑅𝑅𝑅(558) 

Bowers and Binding 
2006 
Johansen et al. 2019 

2009 Turb 
𝑅𝑅𝑅𝑅𝑅𝑅(558) + 𝑅𝑅𝑅𝑅𝑅𝑅(658)

𝑅𝑅𝑅𝑅𝑅𝑅(458)  
Frohn and Autrey 2007 
Beck et al. 2018 

2009 Turb 
𝑅𝑅𝑅𝑅𝑅𝑅(857)
𝑅𝑅𝑅𝑅𝑅𝑅(558) 

Chipman et al. 2009 
Johansen et al. 2019 

2018 Turb 
𝑅𝑅𝑅𝑅𝑅𝑅(864)
𝑅𝑅𝑅𝑅𝑅𝑅(665) Beck et al. 2018 

2018 Turb 
𝑅𝑅𝑅𝑅𝑅𝑅(558) + 𝑅𝑅𝑅𝑅𝑅𝑅(658)

𝑅𝑅𝑅𝑅𝑅𝑅(444)  Beck et al. 2018 

2018 Turb 
𝑅𝑅𝑅𝑅𝑅𝑅(658)
𝑅𝑅𝑅𝑅𝑅𝑅(444) Beck et al. 2018 
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https://doi.org/10.3390/rs9060538
https://doi.org/10.3390/rs9060538
https://doi.org/10.3390/rs9060538
https://doi.org/10.3390/rs9060538
https://doi.org/10.3390/rs9060538
https://doi.org/10.3390/rs9060538
https://doi.org/10.1080/02626668009491950
https://hdl.handle.net/11681/35053
https://doi.org/10.1080/01431169108955235
https://hdl.handle.net/11681/35053
https://doi.org/10.1080/01431169208904204
https://hdl.handle.net/11681/35053
https://doi.org/10.1016/S0048-9697(00)00685-9
https://doi.org/10.1016/S0034-4257(01)00238-3
https://doi.org/10.1080/0143116021000009912
https://hdl.handle.net/11681/35053
https://doi.org/10.1016/j.ecss.2005.11.010
https://doi.org/10.1016/j.ecss.2005.11.010
https://hdl.handle.net/11681/35053
https://cfpub.epa.gov/si/si_public_record_report.cfm?Lab=NERL&dirEntryId=163848
https://doi.org/10.1016/j.jglr.2018.09.001
https://www.worldcat.org/title/remote-sensing-methods-for-lake-management-a-guide-for-resource-managers-and-decision-makers/oclc/752201814
https://hdl.handle.net/11681/35053
https://doi.org/10.1016/j.jglr.2018.09.001
https://doi.org/10.1016/j.jglr.2018.09.001
https://doi.org/10.1016/j.jglr.2018.09.001
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3 Discussion 

This literature review identified 158 novel and modified algorithms for the 
estimation of three primary water quality parameters (chlorophyll-a, 
phycocyanin, and turbidity) and six well-established satellite imagers 
(WorldView-2, Sentinel-2, Landsat-8, MODIS, MERIS, and Sentinel-3). 
Given the limited number of HAB-specific spectral features detectable by 
this suite of sensors and that each has a limited number of spectral bands, 
the development of novel empirically-based algorithms has plateaued. 
This was evident by the fact that four algorithm types accounted for 
roughly 65% of the total algorithms identified across all sensors. The top 
four algorithm types were the two-band difference algorithms (2BDA), the 
fluorescence line height (FLH), the normalized difference chlorophyll 
index algorithms (NDCI), and the three-band difference algorithms 
(3BDA), representing 35.4%, 14%, 9.5%, and 6.3% of the total algorithms, 
respectively (Table 7). The distribution of algorithms by sensor was also 
consistent, with most algorithm development focused on 2BDA-style 
algorithms followed by FLH, NDCI, and 3BDA (Figure 1).  

Table 7. Common algorithm types. 

Algorithm Equation 

2BDA 
𝑅𝑅𝑅𝑅𝑅𝑅(𝐵𝐵𝐵𝐵)
𝑅𝑅𝑅𝑅𝑅𝑅(𝐵𝐵𝐵𝐵) 

FLH 𝐿𝐿2 − 𝐿𝐿1 − (𝐿𝐿3 − 𝐿𝐿1)((λ2 − λ1)/(λ3 − λ1)) 

NDCI 
𝑅𝑅𝑅𝑅𝑅𝑅(𝐵𝐵𝐵𝐵) −  𝑅𝑅𝑅𝑅𝑅𝑅(𝐵𝐵𝐵𝐵)
𝑅𝑅𝑅𝑅𝑅𝑅(𝐵𝐵𝐵𝐵) + 𝑅𝑅𝑅𝑅𝑅𝑅(𝐵𝐵𝐵𝐵)  

3BDA 𝑅𝑅𝑅𝑅𝑅𝑅(𝐵𝐵𝐵𝐵)−1  𝑅𝑅𝑅𝑅𝑅𝑅(𝐵𝐵𝐵𝐵)−1) * 𝑅𝑅𝑅𝑅𝑅𝑅(𝐵𝐵𝐵𝐵)  

However, algorithm development and the field of remote sensing 
continues to rapidly grow. The development of site specific and more 
complex algorithms, such as semi-empirical or analytical, continue to 
expand. Additionally, with the advent of new sensors (e.g., hyperspectral) 
and platforms (e.g., cubesats and unmanned aircraft systems), there will 
still be a need for novel and modified algorithms to keep pace with the 
ever-evolving field. This review aimed to compile a near-comprehensive 
list of empirically-based satellite algorithms to serve as a reference 
database to evaluate portable algorithms specific to satellite sensor type, 
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water quality parameter, and waterbody/environmental condition 
combination as determined by available monitoring data and USACE 
district needs. 

Figure 1. Frequency of algorithms by types by sensor.  

 

The majority of the algorithms discovered fell into one of four common 
algorithm families including two-band difference algorithms (2BDA) with 
56, Fluorescence Line Height (FLH) with 24, Normalized Difference 
Chlorophyll Index (NDCI) with 15, and three-band difference algorithms 
(3BDA) with 10.  
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