
1 
 

A validation of satellite derived cyanobacteria detections with state reported events and 1 
recreation advisories across U.S. lakes 2 

 3 
Peter Whitman1*, Blake Schaeffer2, Wilson Salls2, Megan Coffer1,3, Sachidananda Mishra4,5, 4 
Bridget Seegers6,7, Keith Loftin8, Richard Stumpf5, P. Jeremy Werdell6 5 
 6 
1. Oak Ridge Institute for Science and Education, U.S. Environmental Protection Agency, 7 
Durham, NC 27709  8 
2. U.S. Environmental Protection Agency, Office of Research and Development, Durham, NC 9 
27709  10 
3. Center for Geospatial Analytics, North Carolina State University, Raleigh, NC 27606  11 
4. Consolidated Safety Services Inc. Fairfax, VA 22030 12 
5. National Oceanic and Atmospheric Administration, National Centers for Coastal Ocean 13 
Science, Silver Spring, MD, USA  14 
6. Ocean Ecology Laboratory, NASA Goddard Space Flight Center, Greenbelt, MD, USA  15 
7. Universities Space Research Association, Columbia, MD 16 
8. U.S. Geological Survey, Kansas Water Science Center, Lawrence, KS, USA  17 
 18 
*Corresponding author: whitman.peter@epa.gov  19 
 20 
Keywords  21 
 22 
satellite, water quality, cyanobacteria, human health, recreation advisory, validation  23 
    24 
Abstract  25 

Cyanobacteria harmful algal blooms (cyanoHABs) negatively affect ecological, human, 26 
and animal health. Traditional methods of validating satellite algorithms with data from water 27 
samples are often inhibited by the expense of quantifying cyanobacteria indicators in the field and 28 
the lack of public data. However, state recreation advisories and other recorded events of 29 
cyanoHAB occurrence reported by local authorities can serve as an independent and publicly 30 
available dataset for validation. State recreation advisories were defined as a period delimited by 31 
a start and end date where a warning was issued due to detections of cyanoHABs over a state’s 32 
risk threshold. State reported events were defined as any event that was documented with a single 33 
date related to cyanoHABs.  This study examined the presence-absence agreement between 160 34 
state reported cyanoHAB advisories and 1,343 events and cyanobacteria biomass estimated by a 35 
satellite algorithm called the Cyanobacteria Index (CIcyano). The true positive rate of agreement 36 
with state recreation advisories was 69% and 60% with state reported events. CIcyano detected a 37 
reduction or absence in cyanobacteria after 76% of the recreation advisories ended. CIcyano was 38 
used to quantify the magnitude, spatial extent, and temporal frequency of cyanoHABs; each of 39 
these three metrics were greater (𝑟𝑟 > 0.2) during state recreation advisories compared to non-40 
advisory times with effect sizes ranging from small to large. This is the first study to quantitatively 41 
evaluate satellite algorithm performance for detecting cyanoHABs with state reported events and 42 
advisories and supports informed management decisions with satellite technologies that 43 
complement traditional field observations. 44 
 45 
 46 
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1. Introduction 47 
Cyanobacteria are photosynthetic bacteria found in freshwater ecosystems worldwide. 48 

Elevated levels of nutrients and warm temperatures are often associated with cyanobacterial 49 
harmful algal blooms (cyanoHABs) (Merel et al., 2013; Paerl, 2008; Paerl et al., 2011). 50 
CyanoHABs may produce cyanotoxins that can negatively affect human and animal health by 51 
causing neurological damage, liver damage, skin irritation, and respiratory problems (Backer et 52 
al., 2010; Backer et al., 2013; Backer et al., 2015; Carmichael and Boyer, 2016). Even when 53 
cyanotoxins are absent, cyanoHABs may adversely affect commercial fisheries (Dodds et al., 54 
2009) and ecological health by creating hypoxic conditions. Additionally, cyanoHABs have a 55 
negative aesthetic perception that can affect tourism and property values (Wolf et al., 2017), which 56 
is exacerbated by their tendency to concentrate around shorelines (Chorus et al., 2000). The full 57 
scope of pecuniary consequences related to cyanoHABs is illustrated by Stroming et al. (2020), 58 
who found that the approximate socioeconomic costs of a single cyanoHAB event in Utah Lake, 59 
Utah were valued at $370,000. 60 

Comprehensive monitoring of cyanoHABs across lakes used for recreation or drinking 61 
water may minimize economic losses and reduce human and animal health effects (Stroming et 62 
al., 2020). The U.S. Environmental Protection Agency (EPA) has published health advisory 63 
recommendations for cyanotoxin exposure levels in lakes used for recreation and drinking water 64 
(U.S. Environmental Protection Agency, 2019a, 2019b) and the World Health Organization 65 
provides a monitoring and management framework based on cyanobacteria and cyanotoxin 66 
thresholds (Chorus and Welker, 2021; World Health Organization, 2003). However, exposure risk 67 
thresholds based on cell counts, toxin concentrations, or other measures have not been uniformly 68 
adopted by state monitoring programs in the United States (Graham et al., 2009; Ibelings et al., 69 
2015; Stone and Bress, 2007). This can be partially attributed to the expense associated with 70 
quantifying cyanobacteria cell counts and cyanotoxin concentrations (Merel et al., 2013), which 71 
motivates states to use a variety of alternative measures to assess cyanoHAB exposure risk 72 
(Interstate Technology & Regulatory Council, 2021). These measures may include visual 73 
assessments (U.S. Environmental Protection Agency, 2019b), jar and stick tests (Austin et al., 74 
2018), satellite remote sensing (Wyoming Department of Environmental Quality, 2018), genetic 75 
methods (Ohio Environmental Protection Agency, 2019), fluorometric detection of pigments (New 76 
York Department of Environmental Conservation, 2020), automated classification systems 77 
(Deglint et al., 2018), or any combination of these methods. The spatial and temporal coverage of 78 
in situ methods can be limited due to the time, labor, and cost to routinely monitor a large number 79 
of lakes in the field (Papenfus et al., 2020). Satellite remote sensing has been shown to complement 80 
in situ methods by providing broader spatial and temporal detection of cyanoHABs that can be 81 
standardized throughout the United States (Schaeffer et al., 2015).   82 

There has been extensive development of satellite ocean color remote sensing methods to 83 
detect cyanoHABs in inland lakes (Binding et al., 2012; Hu et al., 2010; Matthews and Odermatt, 84 
2015; Mishra et al., 2013; Shi et al., 2017; Simis et al., 2005; Stumpf et al., 2012; Wynne et al., 85 
2010). While satellite observations cannot directly detect cyanotoxins because they do not 86 
produce an optical signature (Stumpf et al., 2016), these studies have shown that satellite sensors 87 
can be used to detect and quantify proxies of cyanobacteria biomass within lakes and estuaries 88 
(Kutser, 2009). Here we focus on the Cyanobacteria Index (CIcyano), which relies on two spectral 89 
shape algorithms in concert to provide per-pixel estimates of cyanobacteria biomass within 90 
images collected by the European Space Agency’s MEdium Resolution Imaging Spectrometer 91 
(MERIS) and Ocean and Land Colour Instrument (OLCI).  92 
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CIcyano was originally developed using data collected in western Lake Erie (Wynne et al., 93 
2008) and was later updated and assessed in Ohio, Florida, and eight northeastern U.S. states 94 
(Clark et al., 2017; Lunetta et al., 2015). Three summary indicator metrics have subsequently 95 
been developed to characterize the cyanobacteria biomass detected by CIcyano within lakes and 96 
waterbodies. They include magnitude (Mishra et al., 2019), spatial extent (Urquhart et al., 2017), 97 
and temporal frequency (Clark et al., 2017; Coffer et al., 2021a). Magnitude is the 98 
spatiotemporal mean of weekly maximum CIcyano values for a defined observation period 99 
(Mishra et al., 2019). Spatial extent is the area of unique pixels where cyanobacteria have been 100 
detected with CIcyano within a defined observation period (Urquhart et al., 2017). Temporal 101 
frequency is the spatially averaged fraction of total satellite observations where cyanobacteria 102 
have been detected with CIcyano within a defined observation period (Clark et al., 2017; Coffer et 103 
al., 2021a). Temporal frequency and magnitude have been used together to evaluate the 104 
characteristics of cyanobacteria biomass at drinking water intakes (Coffer et al., 2021b).  105 

While it is traditional to validate satellite algorithms with quantitative measurements of 106 
cyanobacteria, such as pigment concentrations, biomass, or other common biogeophysical 107 
measures, sometimes this is not possible. In these cases, alternative proxy sources of information 108 
can be considered, such as newspaper articles, state advisories, and other recorded events that 109 
follow the direct identification or quantification of cyanoHAB presence by local authorities 110 
(Yagoub et al., 2020). State recreation advisories and state reported events provide independent, 111 
common, and publicly accessible records of cyanoHABs. Here, state recreation advisories are 112 
defined as a distinct period delimited by a start and end date where a caution, warning, or closure 113 
is issued due to detections of cyanoHABs over a state’s risk threshold for cyanobacteria cell 114 
counts or cyanotoxin concentrations. State reported events are more loosely defined as any event 115 
related to cyanoHABs that was documented with a single date, which could include responses to 116 
citizen reports, sampling, following up on received complaints that may or may not be 117 
cyanoHAB related, or a state action reported to the Natural Resources Defense Council (NRDC). 118 
Despite some limitations due to erroneous reports and limited geolocation information, state 119 
documentation of events and recreation advisories are considered a reliable source. Yet there are 120 
only a limited number of studies, such as Mishra et al. (2021), that focus on comparisons 121 
between independent state reports of cyanoHABs and satellite-derived estimates. As such, 122 
additional validation of satellite algorithms against independent state reports of cyanoHABs may 123 
support the implementation and performance assessment of satellite remote sensing technology 124 
into future comprehensive cyanoHAB monitoring plans. 125 

This study examined the presence and absence agreement between recreation advisories 126 
and state reported cyanoHAB events with satellite remote sensing detection of cyanobacteria 127 
biomass derived from the MERIS and OLCI sensors. In particular, this study addressed the 128 
following questions: (1) Does the Cyanobacteria Index (CIcyano) detect cyanobacteria presence 129 
during state cyanoHAB events and recreation advisories? (2) Does CIcyano detect a reduction in 130 
cyanobacteria after the recreation advisory end date? (3) Are there differences between temporal 131 
frequency, spatial extent, or magnitude quantified using CIcyano during state recreation advisories 132 
compared to non-advisory times?  133 
 134 
2. Data and Methods 135 
2.1. State reported events 136 

A publicly available dataset of cyanoHAB state reported events that occurred in the 137 
continental United States (CONUS) between 2008 to 2018 was downloaded from the Natural 138 
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Resources Defense Council (NRDC) at https://www.nrdc.org/harmful-algal-blooms-139 
methodology. The NRDC compiled the dataset by soliciting data from state agencies (Natural 140 
Resource Defence Council, 2019). Because many states use different thresholds and sampling 141 
methods, these events include any type of response that may be related to a harmful algal bloom 142 
(HAB) including a cyanotoxin detection, reported illness, issued advisory, reported cyanoHAB or 143 
other HAB, observed cyanoHAB or other HAB, or exceeded threshold. Data attributes for each 144 
record included the state, date of the event, latitude/longitude coordinates when available, lake 145 
name, and method of detection. It is important to note that there was no record of the specific in 146 
situ sampling method or analysis for any of the records, only a general observation category related 147 
to either cyanobacteria, cyanotoxins, or reported illness. Furthermore, event-based sampling is 148 
usually conducted from shore where cyanobacteria biomass can accumulate while nearshore 149 
satellite retrievals are typically discarded because they can be adulterated by bottom reflectance 150 
and land surface reflectance. 151 
 152 
2.2. State recreation advisories  153 

State recreation advisories that occurred across CONUS between 2008 and 2019 were 154 
identified from the U.S. EPA’s monthly cyanoHAB newsletter records of “Blooms, beach closures 155 
and health advisories” (https://www.epa.gov/cyanohabs/epa-newsletter-and-collaboration-and-156 
outreach-habs#news). These newsletters contain a monthly summary of all known cautions, 157 
warnings, advisories, or closures due to the presence of cyanobacteria, cyanotoxins, or both. In 158 
addition, the newsletters provide links to each state’s cyanoHAB website where dates delimiting 159 
the start and end date of each advisory could be accessed (Table S1). Data collection from these 160 
state websites was limited to publicly accessible information.  Compared to the dataset of state 161 
reported events, the two distinguishing characteristics of the state recreation advisory dataset were 162 
as follows: (1) each record included the start and end date of the advisory period, and (2) each 163 
advisory was initiated using measurements of cyanobacteria cell counts and/or cyanotoxin 164 
concentrations as opposed to visual indicators or other observations, although the thresholds used 165 
by each state were not consistent and could change over time. Common attributes provided for 166 
each record included the name of the lake where the state recreation advisory was issued, the state 167 
in which that lake was located, and the dates that the advisory started and ended. 168 

Although limited programs may provide routine sampling as resources permit, state 169 
cyanoHAB monitoring typically occurs opportunistically or in response to reported cyanoHABs 170 
(Backer et al., 2015). Therefore, sampling was likely overweighted toward cyanoHAB presence 171 
and underweighted during times of minimal or no cyanoHABs. Sampling was also seasonally 172 
biased toward the recreation season, typically from Memorial Day (end of May) to Labor Day 173 
(beginning of September), but this can vary with some state that report advisories well into the late 174 
fall (e.g. Pacific Northwest) or throughout the winter (e.g. Southeast and South Central United 175 
States). The seasonal bias was similar to that previously reported from the data available in the 176 
U.S. Water Quality Portal (Papenfus et al., 2020; Schaeffer et al., 2018a). Thresholds and decision 177 
criteria to end recreation advisories vary across states and develop over time. Therefore, no single 178 
baseline could be assumed as a common action threshold. A brief summary of the current 179 
thresholds for the nine states with recreation advisories included in this study highlight the 180 
dynamic range of potential responses (Table S2). These variations in sampling frequency, 181 
thresholds, and procedure could be a potential source of mismatch with satellite observations. 182 

 183 
2.3. CIcyano daily product 184 

https://www.nrdc.org/harmful-algal-blooms-methodology
https://www.nrdc.org/harmful-algal-blooms-methodology
https://www.epa.gov/cyanohabs/epa-newsletter-and-collaboration-and-outreach-habs#news
https://www.epa.gov/cyanohabs/epa-newsletter-and-collaboration-and-outreach-habs#news
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Cyanobacteria data products derived from MERIS and OLCI were obtained from the 185 
National Aeronautics and Space Administration (NASA) Ocean Color website 186 
(https://oceancolor.gsfc.nasa.gov/projects/cyan/). Both MERIS and OLCI are satellite sensors that 187 
provide an archive of imagery with 300-m spatial resolution at approximately two- to three-day 188 
intervals over CONUS. The MERIS archive contains imagery captured from 2002 to 2012 and the 189 
ongoing OLCI archive began in 2016. The four-year gap between the two sensors exists because 190 
the Envisat mission, which housed MERIS, ended in April 2012 and Sentinel-3A, which houses 191 
the first OLCI sensor, did not become available until February 2016. The addition of a second 192 
OLCI sensor after the launch of Sentinel-3B in April 2018 resulted in near-daily imagery collected 193 
by OLCI sensors in concert across CONUS. MERIS coverage was less reliable over CONUS prior 194 
to 2008, so the cyanobacteria data products used in this study were limited to January 2008 through 195 
April 2012 and February 2016 through July 2019.   196 

The cyanobacteria data products were produced using CIcyano, which is an index that relies 197 
on two spectral shape algorithms in tandem to produce per-pixel estimates of cyanobacteria 198 
biomass. It is an update to the Cyanobacteria Index (CI) developed by Wynne et al. (2008), which 199 
incorporates improvements defined by Matthews et al. (2012, , Eqs. 3 and 4) that separate 200 
cyanobacteria from other algal biomass (Lunetta et al., 2015). CIcyano algorithm performance has 201 
been previously validated quantitatively (Clark et al., 2017; Coffer et al., 2021b; Lunetta et al., 202 
2015; Mishra et al., 2021) and qualitatively (Schaeffer et al., 2018b). The complete sequence of 203 
CIcyano development is described in greater detail in Coffer et al. (2020) and briefly reviewed here. 204 

Level-1B MERIS and OLCI data are processed to Level-2 data by the NASA Ocean 205 
Biology Processing Group (OBPG) using the satellite processing module l2gen. The output of 206 
l2gen is Rayleigh-corrected reflectance, which is thresholded to mask image pixels containing 207 
clouds and sun glint (Wynne et al., 2018). Land is masked from each image using NASA Shuttle 208 
Radar Topography Mission Water Body Data in conjunction with a thresholding approach that 209 
identifies mixed land-water pixels (Wynne et al., 2018). After the masks are applied, CIcyano is 210 
calculated from spectral shape algorithms using the following equation (Matthews et al., 2012; 211 
Wynne et al., 2008): 212 
 213 

 
𝑆𝑆𝑆𝑆(𝜆𝜆) = 𝜌𝜌𝑠𝑠(𝜆𝜆) − 𝜌𝜌𝑠𝑠(𝜆𝜆−) − {𝜌𝜌𝑠𝑠(𝜆𝜆+)− 𝜌𝜌𝑠𝑠(𝜆𝜆−)} ∗

(𝜆𝜆 −  𝜆𝜆−)
(𝜆𝜆+ − 𝜆𝜆−) (1) 

 214 
where 𝑆𝑆𝑆𝑆 is the spectral shape, 𝜌𝜌𝑠𝑠 is Rayleigh-corrected reflectance, λ is the central spectral band 215 
of interest, and λ+ and λ- are the adjacent reference spectral bands above and below the central 216 
spectral band, respectively. Wynne et al. (2008) used this equation to assess cyanobacteria 217 
presence within MERIS imagery with 𝜆𝜆 as 681 nanometers (nm), 𝜆𝜆+as 709 nm, and 𝜆𝜆− as 665 nm. 218 
These authors discovered that when 𝑆𝑆𝑆𝑆(681) was below zero (i.e., the spectral shape was concave) 219 
cyanobacteria were present, and when 𝑆𝑆𝑆𝑆(681) was above zero (i.e., convex), there were no 220 
cyanobacteria present. It was postulated that this phenomenon could be attributed to cyanobacteria 221 
having a much lower fluorescence signal at 681 nm than eukaryotic phytoplankton. The original 222 
CI was computed from this 𝑆𝑆𝑆𝑆 and can be represented using the following notation: 223 
 224 

 
𝐶𝐶𝐶𝐶 =  �|𝑆𝑆𝑆𝑆(681)| 

0 
      

𝑖𝑖𝑖𝑖 𝑆𝑆𝑆𝑆(681) < 0
𝑜𝑜𝑜𝑜ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒

 (2) 

 225 
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Lunetta et al. (2015) incorporated a second SS calculation proposed by Matthews et al. (2012) that 226 
provides an additional exclusion criterion, with 𝜆𝜆 as 665 nm, 𝜆𝜆+as 681 nm, and 𝜆𝜆− as 620 nm. This 227 
second 𝑆𝑆𝑆𝑆 algorithm centers around 665 nm because the elevated presence of the phycocyanin 228 
pigment associated with cyanobacteria depresses reflectance at 620 nm, which causes 𝑆𝑆𝑆𝑆(665) to 229 
be greater than zero.  CIcyano can be defined using the following notation: 230 
 231 

 
𝐶𝐶𝐶𝐶𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 =  �𝐶𝐶𝐶𝐶 0       

𝑖𝑖𝑖𝑖 𝑆𝑆𝑆𝑆(665) > 0
𝑜𝑜𝑜𝑜ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒

 (3) 

 232 
Therefore, pixel values derived from CIcyano that are greater than zero represent a detection of 233 
cyanobacteria abundance and values of zero represent a valid observation of a lake surface with 234 
no detection of cyanobacteria. In addition to the pixels providing estimates of cyanobacteria 235 
abundance, the CIcyano product also contains the pixels that were masked because they contain 236 
observations of land or for quality assurance (QA) because they provide an observation of clouds 237 
or sun glint on the water surface (Wynne et al., 2018). An example of the CIcyano product is 238 
demonstrated in Figure 1 and a conceptual representation of the methods described in Sections 2.3 239 
through 2.5 is provided in Figure 2. 240 
 241 
2.4. CIcyano bloom presence and absence 242 

For each satellite pixel, CIcyano products were composited into seven-day rolling maximums 243 
across the entire time period of observations for both MERIS (2008 through 2012) and OLCI (2016 244 
through 2019). In so doing, the first seven-day maximum composite using MERIS imagery 245 
included images collected from 1 January 2008 through 7 January 2008 and for each satellite pixel, 246 
the maximum CIcyano data value measured during this time period was preserved; a date of 1 247 
January 2008 was assigned to this composite. The second seven-day maximum composite 248 
summarized imagery collected from 2 January 2008 through 8 January 2008, the third summarized 249 
3 January 2008 through 9 January 2008, and so forth. The date assigned to each seven-day 250 
maximum composite was used to match composites to the dates provided with each record of state 251 
reported events and recreation advisories. 252 

The seven-day maximum compositing approach was used to account for day-to-day 253 
fluctuations in surficial cyanobacteria presence that occurs due to a combination of water column 254 
mixing cycles and buoyancy control mechanisms (Wynne and Stumpf, 2015). It was also used to 255 
minimize gaps in the satellite data that result from limited satellite overpasses and days without 256 
data because of cloudy conditions. Similar compositing approaches have been used extensively 257 
with CIcyano data in the past (Clark et al., 2017; Coffer et al., 2020; Coffer et al., 2021a; Coffer et 258 
al., 2021b; Lunetta et al., 2015; Mishra et al., 2019; Urquhart et al., 2017). Lunetta et al. (2015) 259 
noted that there was very little variability in the results of their CIcyano validation when using 260 
temporal windows ranging from 3 to 15 days in duration. There was no further analysis conducted 261 
to examine the impact that compositing and the length of the compositing window might have on 262 
the results of this study.  263 

Each lake was evaluated to determine if a cyanoHAB was present based on cyanobacteria 264 
magnitude and spatial extent, which were computed from each seven-day CIcyano maximum 265 
composite (Figure 2). There were three possible outcomes of this evaluation: (1) CIcyano bloom 266 
presence, (2) CIcyano bloom absence, or (3) insufficient data for evaluation. CIcyano bloom presence 267 
occurred if CIcyano magnitude, computed as the mean of the CIcyano values within the seven-day 268 
composite, was greater than or equal to the algorithm detection limit of 0.0001 and the spatial 269 
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extent, computed as the area of unique pixels where cyanobacteria have been detected with CIcyano 270 
within the seven-day composite, was greater than or equal to 10% of the lake area. CIcyano bloom 271 
absence occurred when there was sufficient data for evaluation but the aforementioned criteria for 272 
bloom presence were not met. Insufficient data for evaluation occurred if greater than 90% of the 273 
pixels that made up that lake had been flagged by the QA mask. The 10% spatial extent threshold 274 
was previously tested by Coffer et al. (2020) who discovered that spatial thresholds less than 10% 275 
can over classify cyanoHAB presence and spatial thresholds greater than 10% can under classify 276 
cyanoHAB presence, particularly in larger lakes and reservoirs. In addition, while a different 277 
compositing approach could be chosen that does not involve the maximum CIcyano value, it would 278 
have little impact on the results of this study because the magnitude criterion is designed so that 279 
any detection of cyanobacteria in greater than or equal to 10% of a lake is considered a CIcyano 280 
bloom presence. This criteria was based on guidance from the World Health Organization that 281 
recommends conservative overestimates of cyanobacteria as a precautionary measure to ensure 282 
human and animal health when cyanotoxin data is not available (Ibelings et al., 2021).  283 
 284 
2.5. State reported events and recreation advisories coincident with CIcyano 285 

State reported events and state recreation advisories were considered for any lake that was 286 
resolvable by the MERIS and OLCI satellite sensors across CONUS during 2008-2012 and 2016-287 
2019 (Figure 2). The spatial resolution of MERIS and OLCI is 300-m and only lakes of sufficient 288 
size and shape to accommodate at least three, 300-m satellite pixels were considered for this 289 
analysis. Lakes that are resolvable by these satellites were identified according to Clark et al. 290 
(2017). A total of 2,321 lakes across CONUS were classified as resolvable with at least one lake 291 
in each state, except for West Virginia and Delaware. Therefore, it is important to note that because 292 
many smaller waterbodies cannot be resolved by the MERIS and OLCI sensors and many 293 
waterbodies have never been monitored or are not routinely monitored by states, these datasets of 294 
state reported events and recreation advisories do not represent a complete list of all cyanoHABs 295 
that occurred in the United States during the time period of this study. 296 
 297 
2.6. Agreement assessment with state reported events 298 

Each state reported event record included the date that the observation of a cyanoHAB 299 
occurred. This single date was used to select the appropriate CIcyano composite to determine if 300 
there was a co-occurring CIcyano bloom presence in the lake where the event arose. This 301 
assessment had two outcomes: (1) presence-presence and (2) misfit absence because the state 302 
reported events records provided no observations of cyanoHAB absence, which prevented an 303 
assessment of the misfit presence and absence-absence scenarios that are described in the next 304 
section. If there was CIcyano bloom presence for the seven-day maximum composite 305 
corresponding to the date of the state reported event, the result was recorded as presence-306 
presence. Conversely, if there was a CIcyano bloom absence, the result was recorded as misfit 307 
absence. Field and satellite monitoring both include unquantifiable error and do not represent 308 
truth; therefore when there was a discrepancy between the two results it was labelled misfit to 309 
avoid the presumption that either was truth (Lynch et al., 2009). The presence-presence and misfit 310 
absence scenarios correspond to the top-left and bottom-left positions, respectively, in the 311 
confusion matrix presented in Figure 3.  312 

 313 
2.7. Agreement assessment with state recreation advisories 314 
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Each state recreation advisory was delimited by a start and end date that indicated when a 315 
lake exceeded a state’s cyanoHAB thresholds and when that lake dropped below the state’s 316 
thresholds. These dates were used to select the appropriate CIcyano composites for each advisory to 317 
determine if a CIcyano bloom presence occurred. There were two outcomes of this assessment: (1) 318 
presence-presence and (2) misfit absence. If there was a CIcyano bloom presence at any time during 319 
a state recreation advisory, the result was recorded as presence-presence. If there were only CIcyano 320 
bloom absences observed during the advisory period, the result was recorded as misfit absence. 321 
As with the state reported events, the presence-presence and misfit absence scenarios correspond 322 
to the top-left and bottom-left positions, respectively, in the confusion matrix presented in Figure 323 
3. 324 

The dataset of state recreation advisories did not include records of true cyanoHAB absence 325 
because it would require routine monitoring that is time consuming and costly to implement using 326 
traditional field-based methods. However, each state recreation advisory did include the date that 327 
the advisory ended, which was used as a pseudo-absence to denote when a reduction in CIcyano 328 
should be expected. There were two outcomes of this assessment: (1) absence-absence and (2) 329 
misfit presence. If there was a CIcyano bloom absence in the seven-day composite after the advisory 330 
ended, or CIcyano was substantively lower in the week after an advisory ended compared to the 331 
advisory time period, the result was recorded as an absence-absence. The substantive difference in 332 
CIcyano between the week after an advisory ended compared to the advisory time period was 333 
quantified using a nonparametric two-sample test for independent data called the Mann-Whitney 334 
𝑈𝑈. This test provides the ability to examine the alternative hypothesis that a sample of CIcyano data 335 
taken during the advisory period is substantively greater than a sample of CIcyano data taken from 336 
the week after the advisory period ended (Mann and Whitney, 1947). It is effectively a count of 337 
the times that a score from one sample precedes a score from another sample in rank order (Mann 338 
and Whitney, 1947). The results of the test were further distilled into an effect size following the 339 
Wendt (1972) formulation of rank biserial correlation: 340 

 341 

𝑟𝑟 = 1 −
2𝑈𝑈 

𝑛𝑛1 ∗ 𝑛𝑛2
 

 

(4) 
 

where 𝑈𝑈 is the Mann-Whitney test statistic, 𝑛𝑛1 is the number of observations during the advisory 342 
period, and 𝑛𝑛2 is the number of observations in the week after the advisory period ended. The 343 
effect size 𝑟𝑟 was classified according to the scheme introduced by Cohen (1988) for correlation 344 
coefficients so that values between 0.1 and 0.3 indicate a small difference between samples, values 345 
between 0.3 and 0.5 indicate a moderate difference between samples, and values above 0.5 indicate 346 
a large difference between samples. CIcyano was considered substantively lower in the week after 347 
an advisory ended and recorded as an absence-absence when 𝑟𝑟 was greater than 0.3. Conversely, 348 
if there was a CIcyano bloom presence in the seven-day composite after the advisory ended, or CIcyano 349 
was not substantively lower (𝑟𝑟 < 0.3) in the week after an advisory ended compared to the advisory 350 
time period, the result was recorded as a misfit presence. While not ideal, a strict threshold for 𝑟𝑟 351 
was required to be able to group results, so a cutoff was selected based on the lower bound of a 352 
moderate effect. The absence-absence and misfit presence scenarios correspond to the bottom-353 
right and top-right positions, respectively, in the confusion matrix presented in Figure 3. 354 
 355 
2.8. CIcyano performance metrics 356 
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CIcyano performance was quantified with a suite of metrics that synthesize the agreement 357 
measures computed in Section 2.6 and Section 2.7. While all metrics were used to quantify the 358 
performance of CIcyano when it was compared to state recreation advisories, the state reported event 359 
records did not permit the use of metrics that required absence-absence or misfit absence. Overall 360 
agreement is the sum of correctly classified counts over the total sample count; it summarizes 361 
CIcyano performance under the assumption that the presence and absence categories have similar 362 
sample counts, which is the case with this study (Eq. 5). Assessment of CIcyano performance was 363 
additionally calculated for presence and absence classes separately to account for unbalanced 364 
sample counts. The true positive rate gives the proportion of state reported events or state 365 
recreation advisories where a CIcyano bloom presence was observed (Eq. 6). The true negative rate 366 
gives the proportion of state recreation advisories where an advisory was lifted and a reduction in 367 
CIcyano or a CIcyano bloom absence was observed (Eq. 7). The positive predictive value provides the 368 
probability that a CIcyano bloom presence will coincide with the presence of what would be 369 
considered a cyanoHAB in the field (Eq. 8). Negative predictive value provides the probability 370 
that a reduction in CIcyano or a CIcyano bloom absence coincides with what would be considered a 371 
cyanoHAB absence or reduction in the field (Eq. 9). The F1 score can be interpreted as a weighted 372 
average of the positive predictive value and true positive rate, where an F1 score reaches its best 373 
value at 1 and worst value at 0 (Eq. 10). The relative contribution of the positive predictive value 374 
and true positive rate are equal which makes the F1 score insensitive to unbalanced sample counts. 375 

 376 
 
 
 
 

𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 =
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃-𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 + 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴-𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴

𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇
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𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 (𝑇𝑇𝑇𝑇𝑇𝑇) =
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃-𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃-𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 + 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴
 

 

(6) 
 

 
𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 (𝑇𝑇𝑇𝑇𝑇𝑇) =

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴-𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴
𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴-𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 + 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃

 (7) 

   
  

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉 (𝑃𝑃𝑃𝑃𝑃𝑃) =
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃-𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃-𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 + 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃
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𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉 (𝑁𝑁𝑁𝑁𝑁𝑁) =
𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴-𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴-𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 + 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴
 (9) 

  
  

 𝐹𝐹1 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 = 2 ∗
𝑃𝑃𝑃𝑃𝑃𝑃 ∗ 𝑇𝑇𝑇𝑇𝑇𝑇
𝑃𝑃𝑃𝑃𝑃𝑃 + 𝑇𝑇𝑇𝑇𝑇𝑇

 (10) 

 377 
2.9. Sensitivity of CIcyano indicator metrics to state recreation advisories 378 

Three indicator metrics, magnitude (Mishra et al., 2019), spatial extent (Urquhart et al., 379 
2017), and temporal frequency (Clark et al., 2017; Coffer et al., 2021a), were used to determine if 380 
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cyanobacteria biomass was detected by CIcyano more frequently, across greater spatial extent, or 381 
with increased magnitude during state recreation advisory periods compared to periods without 382 
state recreation advisories. For each lake, magnitude was calculated as the spatiotemporal mean of 383 
seven-day maximum CIcyano values for a defined observation period (Mishra et al., 2019). Spatial 384 
extent was computed as the median number of unique pixels where cyanobacteria was detected 385 
with CIcyano within a defined observation period (Urquhart et al., 2017). Temporal frequency was 386 
calculated as the fraction of seven-day maximum composites where a CIcyano bloom presence 387 
occurred during a defined observation period (Clark et al., 2017; Coffer et al., 2021a). The defined 388 
observation periods used to calculate frequency, magnitude, and extent were delimited by the state 389 
recreation advisories. For each lake with one or more advisories, each indicator metric was 390 
calculated using CIcyano data from outside of all advisory dates and then again using CIcyano data 391 
from within all advisory dates. This produced a set of paired dependent samples for each metric. 392 
Two study timeframes were included in the analysis: (1) the entire MERIS and OLCI time periods 393 
and (2) the recreation season between May 1st and October 31st for all years in the MERIS and 394 
OLCI time series to examine the effects of seasonality. 395 

The substantive difference in CIcyano metrics between periods with a state recreation advisory 396 
and periods without a state recreation advisory was quantified using a nonparametric two-sample 397 
test for dependent data called the Wilcoxon signed-rank test (Wilcoxon, 1945). This test provides 398 
the ability to evaluate the alternative hypothesis that a CIcyano metric derived from data within an 399 
advisory period is substantively greater than a CIcyano metric derived from data outside of an 400 
advisory period. When the number of paired observations 𝑛𝑛 is greater than or equal to 20, as is the 401 
case in this study, the distribution of the Wilcoxon signed-rank test statistic 𝑊𝑊 converges to a 402 
normal distribution and a z-score can be calculated following Siegel (1956). A CIcyano metric was 403 
considered greater during advisory periods than outside of advisory periods if it had a large, 404 
positive 𝑧𝑧-score and a small 𝑝𝑝-value. An effect size 𝑟𝑟 was also calculated for each metric by 405 
dividing the 𝑧𝑧-score by the square root of 𝑛𝑛 (Fritz et al., 2012). The effect size 𝑟𝑟 was classified 406 
according to the scheme introduced by Cohen (1988) for correlation coefficients so that values 407 
between 0.1 and 0.3 indicate a small difference between samples, values between 0.3 and 0.5 408 
indicate a moderate difference between samples, and values above 0.5 indicates a large difference 409 
between samples. 410 
 411 
3. Results and Discussion 412 
3.1. State reported events 413 

There were 1,343 events retained after the state reported events were filtered to match 414 
coincident MERIS and OLCI imagery. The 1,343 events occurred in 210 lakes across 26 states 415 
(Figure 4). In descending order, the five states with the greatest number of state reported events 416 
were Iowa (601), Vermont (139), North Carolina (101), Ohio (67), and California (59). Of the 417 
1,343 cyanoHAB events, 1,247 occurred between May and October, which indicated a strong 418 
seasonal pattern in sampling frequency that is likely caused by seasonal increases in cyanoHAB 419 
occurrence and corresponding sampling bias. CyanoHABs observed by CIcyano in the 210 lakes 420 
with state reported events reached a maximum in the late summer and fall of each year for both 421 
MERIS and OLCI (Figure 5). This pattern coincides with previously reported nationwide 422 
cyanoHAB occurrence phenology for the United States (Graham et al., 2017; Luglie et al., 2017; 423 
Xu et al., 2016). Furthermore, the subset of lakes with state reported events presented cyanoHAB 424 
occurrence phenology that was similar to the 2,321 lakes that can be resolved by MERIS and 425 
OLCI (Coffer et al., 2020) and displayed no unique patterns that might indicate these lakes 426 
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experienced different cyanobacteria dynamics. Based on an August 2011 monthly composite of 427 
MERIS imagery, the lakes within this study could be seperated into two distinct optical water 428 
types when their spectral profiles were grouped using a fuzzy clustering approach (Figure S1). 429 
These clusters of spectra closely resemble optical water types six and seven outlined by Moore et 430 
al. (2014), which are characterized by a reflectance peak at 560 nm and a secondary peak at 709 431 
nm that is likely the result of strong particle backscattering associated with high algal 432 
concentrations. 433 

Of the 1,343 state reported events, 218 were omitted because the corresponding CIcyano 434 
observations contained QA flags. The remaining 1,125 state reported events were placed into one 435 
of four general observation categories (Figure 6): cyanotoxins (651), cyanobacteria (379), a 436 
combination of cyanobacteria and cyanotoxins (93), or an illness (2). There was a co-occurring 437 
CIcyano bloom presence during 69% of state reported events within the cyanotoxin observation 438 
category, which was similar to a previously reported study, where overall agreement between 439 
CIcyano and state measured cyanotoxin samples was expected to range from 77% to 87% (Mishra 440 
et al., 2021). The poorest agreement (42%) occurred between CIcyano bloom presence and state 441 
reported events in the cyanobacteria category. Cyanobacteria can be easily misidentified visually 442 
by the public or citizen scientists without proper training and the aid of magnification, so states 443 
may receive reports from inexperienced individuals that have poor consistency and agreement 444 
(Interstate Technology & Regulatory Council, 2021). Because CIcyano was designed to distinguish 445 
between cyanoHABs and other algal biomass spectroscopically on the basis of phycocyanin, it 446 
could be that many of these state reported events were actually reports of other harmful algal bloom 447 
taxa that occur in freshwater such as haptophytes, euglenophytes, raphidophytes, dinoflagellates, 448 
chlorophyte, cryptophyte, and diatom blooms (Papenfus et al., 2020). Mismatches could also be 449 
attributed in some cases to nearshore field sampling being spatially removed from where CIcyano 450 
measures cyanobacteria offshore.  Nearshore accumulations can be driven by wind or wave action 451 
with the potential to concentrate cyanobacteria for the entire lake largely on the hydrologically 452 
down gradient or downwind shoreline.   453 

In total, out of 1,125 state reported events, 674 (60%) samples were classified as presence-454 
presence and 451 (40%) were classified as misfit absence (Figure 7). The sensitivity of the true 455 
positive rate was demonstrated by modifying the bloom extent and magnitude criteria for CIcyano 456 
bloom presence (Table 1). The most sensitive combination of thresholds – a single pixel, anywhere 457 
in the lake, with any CIcyano detection greater than or equal to 0.0001 – resulted in the highest true 458 
positive rate (77%). However, Coffer et al. (2020) reported that using one-pixel as a threshold 459 
might produce more sporadic results than a bloom extent threshold based on a percentage of spatial 460 
coverage. Increasing the bloom extent threshold from 10% to 30% of the lake area decreased the 461 
true positive rate from 60 to 49%. This was likely due to two factors: (1) more of the lake must 462 
have valid and unflagged pixels available for detection and (2) the cyanoHAB biomass must cover 463 
a larger portion of the lake, which could lead to the exclusion of smaller, localized events. A more 464 
stringent CIcyano bloom magnitude threshold of greater than or equal to 0.001 reduced the true 465 
positive rate to ~39% when paired with any of the bloom extent thresholds (Table 1). These results 466 
indicate that the lower end of the CIcyano detection limit may be readily observable by humans, 467 
which has been previously reported by Coffer et al. (2021b) where qualitative responses from the 468 
U.S. EPA’s fourth Unregulated Contaminant Monitoring Rule corresponded to CIcyano with an 469 
overall agreement of 94.05% and a Kappa coefficient of 0.70. 470 

The state reported event misfit absences have several explanations. It could be that some 471 
of the events were misidentified as cyanobacteria in the field. This can be particularly 472 



12 
 

challenging for citizen science, despite its documented utility in cyanoHAB monitoring (Mishra 473 
et al., 2020), because it is often predicated on visual assessments that can make it difficult to 474 
differentiate between cyanoHABs and other algal bloom events that are unrelated to 475 
cyanobacteria. In addition to misidentification, some of the reported events may have been 476 
present in areas that the satellite could not capture due to their proximity to land, cloud cover, or 477 
glint contamination. Finally, it is possible for CIcyano to miss cyanoHAB presences due to 478 
algorithmic error or because the cyanobacteria biomass is below the algorithm detection limit 479 
due to wind advection or mixing (Mishra et al., 2021).  480 

 481 
3.2. State recreation advisories 482 

The state recreation advisories that coincided with CIcyano occurred in 87 lakes across 11 483 
states between 2008 and 2019 (Figure 8). In descending order, the states with the most advisories 484 
were California (60), New York (39), Kansas (15), Ohio (11), Wyoming (10), and Oregon (10). 485 
The median duration of the state recreation advisories in this study was 42 days (Figure 9a) and 486 
ranged from one day to greater than one year. The three advisories that lasted longer than a year 487 
occurred at Grand Lake (commonly referred to as Grand Lake St. Mary’s), Ohio; Odell Lake, 488 
Oregon; and Lake Berryessa, California. The majority of the advisories started and ended between 489 
May and October (Figure 9b), which overlaps with the typical recreation season that occurs from 490 
Memorial Day through Labor Day. 491 

Analyzed by class, a CIcyano bloom presence occurred during 107 of 154 (true positive rate 492 
= 69%) recreation advisories, and a reduction in CIcyano or a CIcyano bloom absence occurred after 493 
102 of 134 (true negative rate = 76%) recreation advisories ended (Figure 10). The positive 494 
predictive value was 77% and the negative predictive value was 68% (Figure 10). Together, this 495 
resulted in an overall agreement of 73% and F1 score of 0.73. The F1 score was in the range of 496 
previously reported results using in situ microcystin toxin detection (0.65) and microcystin 497 
observations along with cyanobacteria cell density (0.77) (Mishra et al., 2021). The relatively high 498 
F1 score and positive predictive value provide evidence that CIcyano may have utility as a 499 
complement to recreation advisory communications (McCarty et al., 2016) for clarifying where 500 
and when cyanoHABs occur.  These results indicate that CIcyano may be equipped to provide early 501 
warnings of cyanoHABs that could assist field efforts to locate cyanobacteria blooms for ground 502 
verification and may also be a useful method to ensure a more systematic identification of 503 
cyanoHABs in large lakes and reservoirs.  504 
 505 
3.3. Sensitivity of CIcyano metrics to state recreation advisories 506 

A Wilcoxon signed rank test was used to test the alternative hypothesis that a CIcyano 507 
metric derived from data within an advisory period is substantively greater than a CIcyano metric 508 
derived from data outside of an advisory period. While each metric was greater during advisory 509 
periods than non-advisory times with large positive 𝑧𝑧-scores and low 𝑝𝑝-values, the effect sizes 510 
for each metric varied from small to large (Table 2). Specifically, spatial extent had a large effect 511 
(𝑟𝑟 > 0.5), magnitude had moderate effect (𝑟𝑟 > 0.3), and temporal frequency had a small effect (𝑟𝑟 512 
> 0.1). The effect size calculated for temporal frequency is likely smaller than magnitude and 513 
spatial extent for a few reasons. First, factors like cloud cover, sun glint, and the land-water 514 
interface can prevent CIcyano from detecting the presence of a cyanoHABs. Second, the state 515 
recreation advisories are not an exhaustive record of every cyanoHAB that occurs within a 516 
waterbody, which means that CIcyano may correctly detect a cyanoHAB at times when there are 517 
no state recreation advisories. Finally, temporal frequency requires that criteria are used to 518 
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designate when a CIcyano bloom presence occurs. This is in contrast to magnitude and spatial 519 
extent, which are calculated and compared without the use of criteria. Together these phenomena 520 
may reduce the effect size calculated for temporal frequency, especially when compared to 521 
magnitude and spatial extent. 522 

The test was repeated for the recreation season between May 1st and October 31st for all 523 
years in the MERIS and OLCI time series to examine the effects of seasonality. As a note, this is 524 
also the period when satellite observations are more abundant, CIcyano bloom presence is highest, 525 
and state recreation advisories are issued more frequently (Figure 5; Figure 9b). The temporal 526 
frequency, spatial extent, and magnitude of cyanobacteria derived from CIcyano during the 527 
recreation season were each higher during advisory periods compared to non-advisory times 528 
(Table 2). In fact, the effect size for each metric during the recreation season followed the same 529 
trend as the one displayed when the full OLCI and MERIS acquisition period was examined. 530 
CIcyano spatial extent had a large effect (𝑟𝑟 > 0.5), magnitude had moderate effect (𝑟𝑟 > 0.3), and 531 
temporal frequency had a small effect (𝑟𝑟 > 0.1). CIcyano summary metrics that are substantively 532 
greater during advisories compared to non-advisory times supports the conclusion that the 533 
algorithm does have the ability to correctly detect changes in local conditions relevant to recreation 534 
advisories, and water quality managers may benefit from using the CIcyano algorithm as an 535 
ecological early warning indicator in the future (Butitta et al., 2017; Ke´fi et al., 2014).   536 
 537 
3.4. Limitations of the study 538 

There were several limitations of this study given that the state reported event and state 539 
recreation advisory data were not collected explicitly for satellite validation, and vice versa. 540 
Cyanobacteria follow diel cycling, which results in metabolic alterations that lead to buoyancy 541 
regulation (Abeynayaka et al., 2017; Bormans et al., 1999; Chung et al., 2014; Klemer et al., 1996). 542 
Optimal satellite observations coincide with solar noon, which usually occurs sometime between 543 
10 a.m. and 2 p.m. local time. Yet, it is common for field crews to start sampling as early as 544 
possible in the morning to avoid the hotter afternoons that typically occur in the summer months. 545 
Cyanobacteria are likely to still be migrating vertically towards the photic zone in the morning, 546 
which may result in unrepresentative reports of cyanobacteria exposure risk. In addition, while 547 
many state reported events and state recreation advisories had coordinate information, those 548 
coordinates might represent any combination of lake locations, sampling locations, advisory 549 
locations, or any other geographic reference. This meant that coordinates were not used for 550 
anything more than identifying the lake location within the state making it impossible to know if 551 
a state reported event or state recreation advisory took place in a specific portion of a lake that was 552 
not resolvable by satellite data due to cloud cover, sun glint, or the land-water interface.  553 

The land-water interface is a particularly prevelant limitation in this study because many 554 
cyanoHAB state reported events and state recreation advisories were most likely predicated on 555 
samples or observations made at the shoreline of a lake where people recreate (Backer et al., 2015; 556 
Chorus et al., 2000). This also happens to be where cyanobacteria accumulates due to wind 557 
advection (Chorus et al., 2000) and where cyanotoxin concentrations tend to be higher (Rogalus 558 
and Watzin, 2008). However, the spatial resolution of MERIS and OLCI can prevent measures 559 
along these shorelines, which can lead to discrepancies when comparing CIcyano to state reported 560 
events and state recreation advisories. An example of the land-water interface problem is provided 561 
with Falls Lake, North Carolina, where the recreation beaches have gaps in satellite detection 562 
pixels along the shoreline (Figure 11), and where narrow reaches of the lake may not be resolved. 563 
While this study was limited to larger lake systems resolvable by MERIS and OLCI, many lake 564 
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coves, arms, or slack water areas are prone to scum formation (Stone and Bress, 2007).  The spatial 565 
resolution limitations of MERIS and OLCI also meant that ~80% of the state records had to be 566 
discarded from this study because they occurred in lakes and waterbodies that were not of 567 
sufficient size or shape to accommodate at least three, 300-m pixels. In the future, higher resolution 568 
satellite missions such as the Landsat series (30 m resolution) and Sentinel-2 (10-60 m resolution) 569 
may provide monitoring enhancements in these environments that could lead to greater 570 
coincidence with field data, albeit with lower temporal resolution and reduced ability to 571 
differentiate cyanobacteria from other algal biomass.  572 

 573 
4. Conclusion 574 

Comprehensively monitoring cyanoHABs in the field is challenging due to time, labor, and 575 
cost (Papenfus et al., 2020). There is a diverse array of in situ methods used for monitoring and 576 
detecting cyanoHABs, in addition to a range of thresholds for responding to and issuing advisories 577 
(Graham et al. 2009; ITRC 2021), all of which further complicate effective and consistent 578 
monitoring and reporting. The behavior of cyanobacteria enhances challenges for monitoring and 579 
detection due to temporal and spatial variability and heterogeneity in growth and accumulation, 580 
where even weekly scheduled sampling can miss events (Stone and Bress, 2007). Satellite-based 581 
monitoring and methods may serve as a complement to traditional in situ methods by providing 582 
frequent synoptic observations of cyanoHABs that are standardized across space and time.  583 

The primary objective of this study was to validate a satellite-based approach for 584 
cyanoHAB monitoring with state reported events and recreation advisories. This is the first study 585 
to quantitatively evaluate satellite algorithm performance for detecting cyanoHABs with events 586 
and recreation advisories. The combined state reported events and state recreation advisories 587 
represented a broad geographical distribution across CONUS commensurate with previously 588 
reported human and animal cyanobacterial exposure (Svirčev et al., 2019). This study found that 589 
CIcyano detected cyanobacteria presence during 60% of the state reported events and 69% of the 590 
state recreation advisories. CIcyano also detected a reduction or absence in cyanobacteria biomass 591 
after 76% of the advisories were lifted. The algorithm had an overall agreement of 73% with state 592 
advisories, and, while the effect sizes varied from small to large, temporal frequency, spatial 593 
extent, and magnitude computed from CIcyano were each greater during state recreation advisories 594 
compared to non-advisory times. Therefore, CIcyano does detect a change in cyanobacteria presence 595 
during state events and recreation advisories, and it detects a reduction or absence after the 596 
advisories end. It also provides differences in cyanoHAB temporal frequency, spatial extent, and 597 
magnitude during advisories compared to non-advisory times within the study limitations. The 598 
Interstate Technology & Regulatory Council and World Health Organization cyanoHAB 599 
monitoring guidelines now recommend remote sensing as a tool to expand the number of water 600 
bodies that can be evaluated to improve the development of early warning systems (Chorus and 601 
Welker, 2021; Interstate Technology & Regulatory Council, 2021). The work presented in this 602 
study directly supports U.S. state managers and their decisions involving satellite technologies that 603 
can complement traditional field-based efforts to monitor cyanoHABs. 604 
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Tables 866 
 867 
Table 1. The true positive rate between CIcyano and state recreation events and recreation 868 
advisories given different combinations of bloom spatial extent and bloom magnitude thresholds. 869 
A CIcyano value of 0.0001 is the algorithm detection limit. A value of 0.001, an order of 870 
magnitude higher, was also investigated. The criteria used in the methods of this study and the 871 
corresponding true positive rate are italicized and bolded. The true positive rate was used to 872 
demonstrate CIcyano sensitivity because it was the only agreement metric that could be calculated 873 
for both the state recreation advisories and state reported events. 874 
 875 

  876 

CIcyano Spatial 
Extent 

CIcyano 
Magnitude 

State Reported Events  
True Positive Rate 

State Recreation Advisories 
True Positive Rate 

1 pixel ≥ 0.0001 77% 80% 
10% ≥ 0.0001 60% 69% 
20% ≥ 0.0001 53% 64% 
30% ≥ 0.0001 49% 61% 

1 pixel ≥ 0.001 39% 53% 
10% ≥ 0.001 39% 53% 
20% ≥ 0.001 40% 53% 
30% ≥ 0.001 40% 53% 
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Table 2 Results of the Wilcoxon signed-rank test comparing CIcyano metrics derived from 877 
advisory periods to CIcyano metrics derived from non-advisory periods. 𝑛𝑛 is the number of paired 878 
observations with an absolute difference greater than zero and 𝑊𝑊 is the Wilcoxon signed-rank 879 
test statistic. 880 
 881 

CIcyano 
Metric Time Frame n W z-score p-value r Magnitude 

Spatial 
Extent Jan 1st – Dec 31st 61 1712 5.51 <0.001 0.71 Large 

Temporal 
Frequency Jan 1st – Dec 31st 86 2386 2.22 0.013 0.24 Small 

Magnitude Jan 1st – Dec 31st 86 2693 3.54 <0.001 0.38 Moderate 
Spatial 
Extent May 1st – Oct 31st 57 1396 4.52 <0.001 0.60 Large 

Temporal 
Frequency May 1st – Oct 31st 85 2442 2.69 0.004 0.29 Small 

Magnitude May 1st – Oct 31st 85 2583 3.31 <0.001 0.36 Moderate 
  882 
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Figure captions 883 
 884 
Figure 1. A seven-day maximum composite of CIcyano output derived from satellite imagery 885 
captured between July 5 and July 11, 2020. The brown pixels are land and black pixels are 886 
flagged by QA masks. The colored pixels represent CIcyano estimates of cyanobacteria from low 887 
(purple) to high (red). Gray pixels are a valid observation of the lake surface with no detection of 888 
cyanobacteria. Land pixels were removed from the close-up of Falls Lake, North Carolina at the 889 
bottom of the figure to highlight the pixels that correspond to the resolvable lake surface. These 890 
were the pixels used to establish CIcyano bloom presence and absence in this study. 891 

Figure 2. A representation of the approach used to examine agreement between state reported 892 
events and state recreation advisories and CIcyano bloom presence and absence.  893 
 894 
Figure 3. A conceptual confusion matrix that outlines the four scenarios used to evaluate 895 
agreement between field monitoring and CIcyano bloom presence and absence.  896 
 897 
Figure 4. A graduated symbol map of the 1,343 state reported events coincident with CIcyano. 898 
Each symbol represents a unique lake, and the size of the symbol represents the number of 899 
events that occurred in that lake. Circles and rectangles were solely used to help distinguish 900 
between the different number of events and have no bearing on any other attribute of the events. 901 
 902 
Figure 5. A cumulative time series of CIcyano bloom presence and absence within the 210 unique 903 
lakes with state reported events, calculated on a weekly basis during the MERIS and OLCI 904 
acquisition periods. The white areas in each panel represent the number of lakes with no satellite 905 
retrievals. These CIcyano derived phenological patterns follow previously established ecological 906 
patterns of all satellite resolvable lakes across CONUS.  907 
 908 
Figure 6. The four general observation categories reported with the records of state reported 909 
events along with the percentage of those records with a CIcyano bloom presence or a CIcyano 910 
bloom absence. The records of state reported events included in this plot are those that had a 911 
coincident satellite observation from MERIS or OLCI with sufficient data for evaluation (n = 912 
1,125). 913 
 914 
Figure 7. A confusion matrix with measures of agreement between state reported events and 915 
CIcyano bloom presence and absence. A comparison of absence measures was not possible 916 
because the state reported event records only contained observations of cyanoHAB presence. 917 
There was no documentation for observations of state reported event absence. There were 218 918 
matched state reported events with insufficient satellite data due to quality flagging that were 919 
discarded. The true positive rate of CIcyano when compared to state reported events was 60%.  920 
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 921 
Figure 8. A graduated symbol map of 160 state recreation advisories coincident with CIcyano. 922 
Each symbol represents a unique lake and the size represents the number of advisories that 923 
occurred in that lake. Circles and rectangles were solely used to help distinguish between the 924 
different number of events and have no bearing on any other attribute of the events. 925 
 926 
Figure 9. The number of state recreation advisories by duration in days with a bar width of 20 927 
days (a) and the number of state recreation advisories by the month that they started and ended 928 
(b). 929 
 930 
Figure 10. A confusion matrix with measures of agreement between state recreation advisories 931 
and CIcyano bloom presence and absence. Although not included in the figure, the computed F-1 932 
score was 0.73. 933 
 934 
Figure 11. A demonstration of the potential spatial incongruency between recreation sites and 935 
satellite pixels using Falls Lake, North Carolina as an example. The colored pixels represent 936 
CIcyano estimates of cyanobacteria from low (purple) to high (red). Grey pixels are a valid 937 
observation of the lake surface with no detection of cyanobacteria and black pixels were flagged 938 
by QA masks. The easternmost recreation site was not close to any satellite water pixels due to 939 
the narrow width of the system. While cyanobacteria were detected near one of southern 940 
recreation sites, the pixels are still at a distance from shore and may not capture the areas that can 941 
be easily sampled in the field. This is highlighted in the inset using a true color image from 942 
Sentinel-2 as reference.  943 


