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A B S T R A C T

Freshwater harmful algal blooms (FHABs) are increasing globally, with implications for public health, ecosys
tems, and water resource management. Satellite remote sensing complements field-based efforts and has been 
used to develop large-scale indicators for FHAB monitoring. However, these indicators can be sensitive to pro
cessing choices, which may impact regional assessments and management. This study of 83 California water
bodies uses the Cyanobacteria Index (CIcyano) derived from Sentinel-3’s Ocean and Land Colour Instrument 
(OLCI) to systematically evaluate how three common processing decisions (temporal compositing interval, 
compositing statistics, and pixel masking strategy) affect four widely used FHAB indicators (annual frequency, 
spatial extent, occurrence, magnitude). Compositing decisions strongly influenced results, with monthly and 
maximum-value composites yielding the highest bloom metrics, while shorter 7- and 10-day intervals provided 
more ecologically relevant resolution. Pixel masking strategies involving nearshore regions and ice- and snow- 
covered areas affected bloom metrics in different ways. Masking more nearshore pixels generally lowered 
bloom metric values but eliminated some waterbodies from consideration. Ice and snow masking had spatially 
localized effects, mostly impacting snow-affected regions. Despite differences in absolute values, trend and status 
analyses using bloom metrics remained largely consistent across masking approaches. Based on the findings, this 
study recommends a standardized processing workflow for California FHAB monitoring, which may be appli
cable to other regions with similar management needs: 7-day composites using maximum CIcyano values, and 
applying both shoreline and ice masking. This workflow balances ecological relevance, computational efficiency, 
and indicator consistency, supporting the harmonization of bloom monitoring across satellite products, regions, 
and management programs.

1. Introduction

Freshwater harmful algal blooms (FHABs) are an increasing concern
in freshwater systems worldwide, with cyanobacteria posing particular 
risks due to their potential to produce potent toxins (Huisman et al., 
2018; Paerl and Otten, 2013). These blooms can impair drinking water, 
restrict recreation, and degrade aquatic ecosystems, prompting the need 
for timely and consistent monitoring. Satellite remote sensing offers a 
powerful complement to field-based efforts by enabling broad-scale, 
frequent assessments of surface water conditions that help fill data 
gaps in regions with many or remote lakes (Papenfus et al., 2020; Wu 
et al., 2025). These advantages are especially relevant as freshwater 

management programs seek to detect blooms early, track patterns over 
time, and prioritize response and management efforts across large 
landscapes.

As remote sensing becomes increasingly integrated into FHAB 
monitoring programs, a range of satellite sensors and algorithms have 
been used, such as the Medium Resolution Imaging Spectrometer 
(MERIS), the Moderate Resolution Imaging Spectroradiometer (MODIS), 
and the Ocean and Land Colour Instrument (OLCI) (e.g., Janatian et al., 
2025; Laneve et al., 2024; Shahvaran, 2024; Zeng and Binding, 2021). 
Among these, the Cyanobacteria Index (CIcyano) algorithm (Matthews 
et al., 2012; Wynne et al., 2010) has become a widely used tool for 
cyanobacterial bloom detection in the United States, particularly 
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through its implementation in the Cyanobacteria Assessment Network 
(CyAN).

Cyanobacteria differ optically and ecologically from other algal 
groups because of their physiological adaptations and accessory pig
ments, such as phycocyanin and phycoerythrin, which produce distinct 
spectral features in the visible and near-infrared regions (Bryant, 1982). 
These spectral differences allow remote-sensing algorithms to distin
guish cyanobacteria from total algal biomass typically represented by 
chlorophyll-a (chl-a) indices. Phycocyanin-based algorithms directly 
target the absorption feature near 620 nm, but often exhibit high envi
ronmental variability and interference (Simis et al., 2005). In contrast, 
CIcyano is a shape algorithm that detects an enhanced red-band absorp
tion trough near 681 nm caused by the combined effects of chl-a and 
phycocyanin, thus providing a more robust indicator of cyanobacterial 
dominance than pigment-specific proxies (Wynne et al., 2010).

CyAN publicly distributes a CIcyano product that is standardized, 
atmospherically corrected, and georeferenced (Schaeffer et al., 2015). 
This data product enables the calculation of bloom metrics, including 
annual frequency (Clark et al., 2017; Coffer et al., 2021a, Coffer et al., 
2021b), occurrence (Coffer et al., 2020), spatial extent (Schaeffer et al., 
2022; Urquhart et al., 2017), and magnitude (Mishra et al., 2019), which 
serve as indicators to support assessments and interpretations of bloom 
status and temporal trends. Despite this standardization at the data 
production level, there is no widely adopted set of standard processing 
procedures for how CIcyano, or other remotely sensed water quality data, 
should be processed post-download to support FHAB assessments. 
Different agencies and research groups have applied a variety of ap
proaches, often selecting temporal compositing intervals (e.g., 7-day, 
10-day, monthly), compositing statistical summaries (e.g., maximum, 
median, 90th percentile), and masking strategies based on program- 
specific needs, data availability, or legacy practices (Coffer et al., 
2020; McClain et al., 2004; San Francisco Estuary Institute, 2024; 
Schaeffer et al., 2022; Seegers et al., 2021; Wynne et al., 2022). In 
addition, nearshore satellite pixels may be affected by both the presence 
of land at a sub-pixel scale (i.e., a mixed land-water pixel containing 
both land and water), contamination of reflectance signals from adja
cent terrestrial surface (‘land-adjacency effect’; Jiang et al., 2023), as 
well as impacts by bottom reflectance in shallow regions (Zhang et al., 
2018). Similarly, ice and snow cover can also alter spectral character
istics in ways that confound algal biomass detection (Wynne et al., 
2021).

Earlier versions of the CIcyano data product attempted to correct for 
nearshore pixels and snow and ice cover, but challenges with false 
positives remained (Urquhart and Schaeffer, 2020). For example, the 
extent to which mixed land-water pixels, bottom reflectance, or land- 
adjacency affects land pixel flagging remains unclear (Jiang et al., 
2023; Wang and Qin, 2025; Zhang et al., 2018). Thus, additional 
masking procedures first defined in Urquhart and Schaeffer (2020) are 
conventionally performed (e.g., Coffer et al., 2025; Handler et al., 2023; 
Schaeffer et al., 2022). These additional masking procedures are quality- 
assurance masking procedures for downloaded Level-3 data aimed to 
further exclude nearshore pixels and those potentially impacted by snow 
and ice from downstream analysis. While current versions of CIcyano 
have greatly improved consideration of potentially confounding condi
tions, users may elect to still apply additional masking as a conservative 
approach to reduce the risk of false-positive bloom events.

While compositing and masking choices are expected to impact 
bloom metric values and influence interpretations of bloom presence, 
severity, and trends, their effects have not been quantitatively evaluated 
or documented. Understanding when such processing affects bloom 
metrics helps determine whether these steps are necessary for specific 
applications. Since bloom metrics are often used to infer ecological 
conditions (e.g., an indication of elevated cyanobacterial biomass or 
bloom persistence), differences in how these metrics are calculated can 
lead to divergent ecological interpretations. The lack of standardized 
workflows and limited understanding of their impacts on bloom metrics 

hinders comparisons across regions, seasons or years, and monitoring 
programs.

California faces a growing need for consistent, scalable FHAB 
monitoring and assessment as blooms are increasingly reported across 
the state’s diverse freshwater systems (Smith et al., 2021). With thou
sands of lakes varying widely in size, accessibility, and climatic context 
(Franklin and MacDonald, 2024), traditional monitoring approaches are 
often insufficient to track bloom dynamics across space and time. In 
response, California recognizes that satellite remote sensing is a cost- 
effective and complementary approach to field-based assessments of 
HABs, and has made strategic investments to strengthen its remote 
sensing program and expand the methods available for routine moni
toring (Smith et al., 2021). California’s FHAB program thus requires a 
consistent and transparent remote sensing data processing workflow 
that reflects its monitoring objectives and the diversity of waterbodies 
and environmental conditions across the state. Such workflow is vital for 
supporting public health advisories and informing management 
decisions.

The goal of this study was to evaluate how common post-download 
processing choices can influence the calculation of freshwater bloom 
metrics derived from OLCI CIcyano data. Specifically, the effects of tem
poral compositing interval, compositing statistics, and pixel masking 
strategies (nearshore and ice- and snow-affected pixels) on temporal 
frequency, spatial extent, occurrence, and magnitude were assessed 
using a six-year CIcyano dataset from 83 of California’s large inland 
waterbodies. While this study was designed to support California’s 
programmatic needs, the workflow is broadly applicable to other re
gions working to implement or refine remote sensing-based FHAB as
sessments to ensure consistency in satellite data processing and 
monitoring.

2. Methods

2.1. Waterbody selection

A total of 83 large inland waterbodies across California were 
analyzed in this study (Fig. 1). These waterbodies represent the com
plete set of OLCI-resolvable inland lakes in the state, as defined by 
Urquhart and Schaeffer (2020) based on the National Hydrography 
Dataset (NHD). Waterbodies were considered resolvable if their surface 
area contained at least three 300-m OLCI pixels. The original CyAN 
shapefile included 88 lakes within or intersecting California, but manual 
inspections of each polygon revealed some polygons to be segments of 
the same waterbody. Merging and curation of these segments resulted in 
a final shapefile with 83 waterbodies in this study (Supplementary 
Fig. S1).

These 83 waterbodies span a wide range of surface areas (2 – 944 
km2, average of 43 km2) and encompass a variety of ecosystems (Fig. 1). 
The area of each OLCI pixel is 0.09 km2, so the smallest waterbody with 
an area of 2 km2 is big enough to accommodate three complete OLCI 
pixels. The majority are located in central California and fall within or 
along the Sierra Nevada (n = 25) or Central California Foothills and 
Coastal Mountains (n = 25) ecoregions. No waterbodies were located in 
the Mojave Basin and Range ecoregion, but two (Salton Sea and Lake 
Havasu) were located in the Sonoran Basin and Range ecoregion, which 
is characterized by a hot and dry desert landscape in contrast to the cold, 
mountainous Sierra Nevada ecoregion. Both natural lakes (e.g., Clear 
Lake and Lake Tahoe) and human-made reservoirs (e.g., Shasta Lake and 
San Luis Reservoir) were included to reflect a diversity of hydrological 
and management conditions. Waterbodies that straddle state borders, 
such as Lake Tahoe and Lake Havasu, were included in the study if they 
were defined resolvable by Urquhart and Schaeffer (2020).

2.2. Satellite data source

Satellite data were obtained from OLCI onboard the Sentinel-3A and 
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-3B satellites. Sentinel-3A was launched in 2016 followed two years later 
by Sentinel-3B in 2018, which orbits ~ 140◦ out of phase of Sentinel-3A. 
Each satellite is equipped with the OLCI sensor, which collects data in 21 
spectral bands spanning visible to near infrared wavelengths (400 – 
1020 nm) with 12-bit radiometric resolution, and 300-m spatial reso
lution. The launch of Sentinel-3B improved OLCI’s revisit frequency, 
from 2–4 days over California to 1–2 days. Hereafter, Sentinel-3A and 
-3B are referred to collectively as Sentinel-3.

Daily Level-3 processed OLCI data spanning 1 January 2019 to 8 
January 2025 were downloaded from the CyAN project website (http 
s://oceancolor.gsfc.nasa.gov/about/projects/cyan/) and used in this 
study. OLCI imagery data from 2016 to 2018 were omitted to avoid 
potential bias in assessed changes over time, given inconsistent obser
vational frequency as only Sentinel-3A was operational during that 
period (Coffer et al., 2025). CyAN data for the contiguous United States 
(CONUS) are divided into geographical tiles, so tiles 1_2, 1_3, 1_4, 2_2, 
2_3, and 2_4 were downloaded to fully cover California and stitched into 
a single daily mosaic.

The CyAN data product was processed by the National Aeronautics 
and Space Administration (NASA) Ocean Biology Processing Group 
(OBPG). Processing steps include atmospheric correction, land flagging 
using 60-m data from the Shuttle Radar Topography Mission (SRTM), 
cloud flagging, and calculation of CIcyano. Additional flags are applied by 
NASA to identify ice and snow-covered pixels using the MERIS Differ
ential Snow Index, and to flag adjacency effects where CIcyano is detected 
but the Maximum Chlorophyll Index is not (Wynne et al., 2021). CIcyano 
estimates cyanobacterial biomass using a distinct spectral shape feature 
centered at 681 nm (Wynne et al., 2010, 2008). The algorithm also in
cludes an exclusion criterion based on the spectral shape at 665 nm (SS 
(665)), which is sensitive to absorption by the cyanobacterial pigment 
phycocyanin (Lunetta et al., 2015; Matthews et al., 2012). If SS(665) <
0, it indicates low phycocyanin absorption and suggests minimal or no 
presence of cyanobacteria in the water. CIcyano values were stored as 
Digital Numbers (DN) in the CyAN product, which can be interpreted 
using published equations on the CyAN project website.

In this study, the effect of various additional post-download 

Fig. 1. Map of California showing the centroids of the 83 waterbodies in this study (black points). Colored areas represent the thirteen Level III ecoregions in 
California. Inset map shows the location of California within the United States of America.
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processing steps were compared, with the aim to develop a workflow 
that improved the consistency and specificity of bloom detection across 
California’s diverse waterbodies. These included compositing decisions, 
and more conservative masking of nearshore and masking of ice and 
snow-pixels using external data from the National Snow and Ice Data 
Center (NSIDC) as proposed by Urquhart and Schaeffer (2020). These 
masking refinements were implemented to further reduce the risk of 
false positive bloom detections, particularly in optically complex near
shore zones and colder seasons or in high-elevation regions.

2.3. Compositing temporal interval and statistical summary method

Daily California mosaics of CyAN data (Version 6) were temporally 
composited across three timeframes (7-day (7D), 10-day (10D), and 
monthly) to evaluate the effects of different temporal intervals that 
reflect operational and ecological timescales used in monitoring pro
grams (e.g., San Francisco Estuary Institute, 2024). Shorter intervals (e. 
g., 3-day) were not used because they have a higher risk of data gaps, 
particularly for small waterbodies that may have all pixels flagged as 
invalid (e.g., due to cloud coverage or sunglint) for a given composite. 
The start date for the 7D composites was 6 January 2019 to align with 
the dates of the existing 7D composites offered by CyAN. The 10D and 
monthly composites began on 1 January 2019. Temporal composites 
were generated by summarizing CIcyano at each satellite pixel via its 
maximum (max), 90th percentile (p90), and median (med) value to 
assess the influence of statistical methods on compositing outcomes. 
While all three statistics were generated for all three timeframes, com
parisons among compositing methods focused primarily on the 7D in
terval, given its prominence in the CyAN project (Urquhart and 
Schaeffer, 2020) and existing monitoring programs (San Francisco Es
tuary Institute, 2024).

2.4. Pixel masking strategies

2.4.1. Nearshore masking
In this study, masking refers to the identification and exclusion of 

pixels for subsequent metric calculations. Hereafter, valid pixels are 
those retained after removal of pixels flagged in the CyAN product (e.g., 
land, cloud, no data) and after application of nearshore or ice and snow 
masking depending on the workflow being evaluated. 7D max com
posites were used for all comparisons evaluating the effects of masking. 
The Level-3 CyAN CIcyano data already include automated land and 
adjacency masking, as described in Section 2.2. Therefore, this study 
focused on evaluating additional nearshore masking methods that users 
may apply post-download to further reduce potential reflectance 
contamination and to assess how these masking methods influence 
bloom-metric outcomes.

Pixels adjacent to land (hereafter referred to as nearshore-pixels) 
were optionally removed from subsequent analysis using different 
masking methods. Five nearshore masking methods were tested 
(Supplementary Fig. S2) and are described in detail in the following 
paragraph: 1) No masking of nearshore-pixels; 2) Masking of waterbody 
boundary pixels (shoreline-pixels); 3) Masking of pixels within 150 m of 
the shoreline (150-m buffer); 4) Masking of nearshore-pixels within 300 
m of the shoreline (300-m buffer); and 5) Masking of nearshore-pixels 
using a custom nearshore masking reference (custom reference).

The shoreline of each waterbody was defined using the polygon 
boundary from the curated waterbody shapefile (described in Section 
2.1). Any OLCI pixel whose footprint intersected this polygon boundary 
was classified as a shoreline-pixel and excluded under the shoreline- 
masking method (Supplementary Fig. S2C). For the 150-m and 300-m 
buffer methods, the original waterbody polygons were eroded inward 
by the specified distances using the st_buffer function from the R sf 
package, creating new interior polygons representing areas 150 m or 
300 m from shore. Pixels completely or partially outside these new 
buffered polygons were masked from further processing (Supplementary 

Fig. S2D – E). The 150-m and 300-m distances were chosen as they 
represent half and the full width of an OLCI pixel, respectively. The 
custom masking reference was based on the dataset provided by Urqu
hart and Schaeffer (2020), which were further manually curated for the 
83 waterbodies in California to account for modifications to the NHD 
polygons, recent fluctuations in water levels due to prolonged drought 
or land use changes, and resulting shoreline shifts. These updates to 
Urquhart and Schaeffer (2020) were made by referencing satellite im
agery from ArcGIS (Map Version 2023; source dates from 2020 − 2022) 
and historical imagery (2017 – 2023) from Google Earth.

2.4.2. Ice & snow masking
Pixels potentially containing ice and snow (hereafter referred to as 

ice & snow-pixels) were optionally excluded from subsequent bloom 
metric calculations using different ice & snow masking methods to 
evaluate the effect of retaining or excluding these pixels. Conventional 
optical algorithms may misclassify thin or mixed ice-water surfaces due 
to high visible reflectance and low near-infrared transmittance, which 
can lead to false-positive bloom detection (Urquhart & Schaeffer, 2020). 
To reduce this risk, CyAN-based workflows commonly apply masking 
using the Northern Hemisphere Snow and Ice Analysis data from NSIDC 
generated using the Iterative Multisensor Snow and Ice Mapping System. 
Following Urquhart & Schaeffer (2020), daily NSIDC snow and ice data 
(Version 1) were aggregated into 7D, 10D, or monthly maximum ice & 
snow-pixels extent composites corresponding to the temporal intervals 
of the CIcyano composite used. The analysis used both the original 4-km 
dataset and a newer 1-km version to assess differences in masking pre
cision (Supplementary Fig. S3). Internal holes within the ice & snow 
polygons were optionally filled (i.e., pixels in these holes will also be 
masked) to represent a conservative masking scenario that minimizes 
underestimation of ice or snow coverage caused by fragmented or 
partially frozen areas (Urquhart & Schaeffer, 2020).

Five ice & snow pixel masking methods were tested (Supplementary 
Fig. S4): 1) No ice & snow masking; 2) Masking of ice & snow pixels 
using 1-km reference data; 3) Masking of ice & snow pixels using 1-km 
reference data with internal holes masked; 4) Masking of ice & snow 
pixels using 4-km reference data; 5) Masking of ice & snow-pixels using 
4-km reference data with internal holes masked.

2.5. Cyanobacterial bloom metrics

The annual frequency, spatial extent, occurrence, and magnitude of 
cyanobacterial blooms were calculated for each waterbody following 
composite generation and masking operations. Each metric character
izes a different aspect of cyanobacterial blooms: annual frequency 
quantifies how often blooms occur; spatial extent quantifies how much 
surface area blooms cover for each waterbody for each compositing 
interval (i.e., 7D, 10D, or monthly); occurrence indicates bloom pres
ence within each composite and can be summarized annually for each 
waterbody (annual waterbody-scale occurrence) or across all water
bodies in the state for each composite (weekly state-scale occurrence); 
and magnitude quantifies the average bloom intensity within each 
waterbody for each composite. Details and equations used to compute 
each metric are listed in Supplemental Text S1. Other studies have 
developed and applied conceptually similar bloom metrics to summarize 
algal blooms, such as intensity, extent (as total bloom area), duration, 
and severity (intensity × extent) (Binding et al., 2023, 2018; Shahvaran 
et al., 2025).

Two bloom thresholds were used in this study: bloom detection and 
bloom alert. Bloom detection refers to the ability of the OLCI sensor and 
CIcyano algorithm to identify any cyanobacterial presence, with a 
threshold set at DN ≥ 1 (DN = 0 indicates no detection of cyanobacterial 
presence). This detection limit is preliminarily estimated to be between 
10,000–20,000 cells mL− 1 (Coffer et al., 2021a). Bloom alert refers to 
more intense blooms that may warrant alerts and health advisories. The 
World Health Organization recommends 12 µg chl-a L-1 as Alert Level 1 
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for managing cyanobacteria in recreational waterbodies (Chorus and 
Welker, 2021), which corresponds to a DN value of 132 using the DN to 
CIcyano conversion and CIcyano to chl-a conversion from Seegers et al. 
(2021). Accordingly, the bloom alert threshold used in this study is DN ≥
132. Annual frequency, spatial extent, and occurrence were calculated 
separately for each bloom detection and bloom alert threshold, as these 
metrics require a threshold to define whether a pixel is classified as a 
bloom. In contrast, magnitude was computed as a single value across all 
valid pixels, without applying a threshold.

2.6. Workflow overview

Imagery data underwent the same general processing workflow 
regardless of the composite generation and masking methods used. Raw 
daily GeoTIFFs from CyAN were mosaicked into a single file for Cali
fornia, and composites with different temporal intervals and statistical 
summaries were generated. Pixels identified as ‘land’ (DN = 254) via 
SRTM (see Section 2.2.) and ‘no data’ (DN = 255) from CyAN pre
processing were excluded by assigning a value of ‘NA’ to reduce 
computational load during composite generation. After compositing, 
additional user-defined nearshore and ice & snow masking steps were 
applied depending on the analysis scenario. Bloom metrics were calcu
lated using the composite data after all applicable masking methods 
were applied.

All imagery data processing (compositing and masking), bloom 
metric calculations, and statistical analyses were conducted in R 
(version 4.4.2) using the R Geographic Information System (GIS) pack
ages sf (Version 1.0–19; Pebesma, 2018) and terra (Version 1.8–42 
Hijmans, 2023).

2.7. Summary of comparisons & statistical analysis

A set of five comparisons was conducted to evaluate how differences 
in processing workflows affected the resulting bloom metrics and the 
interpretation of bloom status. Each of the first four comparisons varied 
a single processing step while holding all others constant (Table 1): 1) 
temporal compositing interval was compared across 7D, 10D, and 
monthly composites, all using max values for compositing and applying 
shoreline (i.e., waterbody boundary, see Section 2.4.1) and ice & snow 
(4-km reference with holes masked) masking; 2) compositing statistic 
was compared across max, p90, and med, while maintaining 7D com
posites and applying shoreline- and ice & snow (4-km reference with 
holes masked) masking; 3) five nearshore masking strategies were 
compared, while maintaining 7D max composites and applying ice & 
snow (4-km reference with holes masked) masking; 4) five ice & snow 
masking strategies were compared, while maintaining 7D max com
posites and applying shoreline masking; and 5) four combinations of 
nearshore and ice & snow masking were compared, while maintaining 
7D max composites. Specifically, these four combinations were: A) no 
masking (neither nearshore nor ice & snow masking applied); B) no 
nearshore masking (nearshore masking omitted, but ice & snow masking 
applied using the 4-km reference with holes masked); C) no ice & snow 
masking (shoreline masking applied, but ice & snow masking omitted); 
and D) Shoreline and ice & snow masking (both shoreline masking and 
ice & snow masking using the 4-km reference with holes masked 
applied).

For each of these five comparisons, the non-parametric Kruskal- 
Wallis test was used to determine whether bloom metrics differed 
significantly among processing workflows (Kruskal and Wallis, 1952). 
Non-parametric tests were used for this analysis as CyAN data are not 
normally distributed (Coffer et al., 2021b). The Kruskal-Wallis test in
dicates only whether workflows differ from each other, so post hoc 
comparisons were performed using Dunn’s test with p-values adjusted 
using the Bonferroni method at α = 0.05 (Dunn, 1964). The Kruskal- 
Wallis test was performed using base R, and Dunn’s test was per
formed via the FSA package (Version 0.9.6; Ogle, 2022). For statistical 

Table 1 
Summary of comparisons between processing workflows conducted in this 
study.

Comparison Temporal 
compositing 
interval

Compositing 
statistic

Nearshore 
masking

Ice & snow 
masking

1. Temporal 
compositing 
interval

7D Max Shoreline 4-km ice & 
snow data 
(holes 
masked)

10D Max Shoreline 4-km ice & 
snow data 
(holes 
masked)

Monthly Max Shoreline 4-km ice & 
snow data 
(holes 
masked)

2. Compositing 
statistics

7D Max Shoreline 4-km ice & 
snow data 
(holes 
masked)

7D p90 Shoreline 4-km ice & 
snow data 
(holes 
masked)

7D Med Shoreline 4-km ice & 
snow data 
(holes 
masked)

3. Nearshore 
masking

7D Max No 
nearshore 
masking

4-km ice & 
snow data 
(holes 
masked)

7D Max Shoreline 4-km ice & 
snow data 
(holes 
masked)

7D Max 150-m 
buffer

4-km ice & 
snow data 
(holes 
masked)

7D Max 300-m 
buffer

4-km ice & 
snow data 
(holes 
masked)

7D Max Custom 
reference

4-km ice & 
snow data 
(holes 
masked)

4. Ice & snow 
masking

7D Max Shoreline No ice & 
snow 
masking

7D Max Shoreline 1-km ice & 
snow data

7D Max Shoreline 1-km ice & 
snow data 
(holes 
masked)

7D Max Shoreline 4-km ice & 
snow data

7D Max Shoreline 4-km ice & 
snow data 
(holes 
masked)

5. Combined 
nearshore and 
ice & snow 
masking

7D Max No 
nearshore 
masking

No ice & 
snow 
masking

7D Max Shoreline No ice & 
snow 
masking

7D Max No 
nearshore 
masking

4-km ice & 
snow data 
(holes 
masked)

7D Max Shoreline 4-km ice & 
snow data 
(holes 
masked)
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assessments, the 7D composite metric values for spatial extent and 
magnitude were summarized into seasonal means (Supplementary Text 
S1) to align with broad ecological cycles and to control for type I (false 
positive) errors, as the sample size of weekly data had > 20,000 ob
servations. Such extremely large sample sizes can produce statistically 
significant results even when differences are ecologically negligible (Lin 
et al., 2013).

3. Results

3.1. Compositing temporal interval (7D vs. 10D vs. monthly)

Differences in compositing temporal interval led to significant 

differences in all calculated bloom metrics (Kruskal-Wallis p < 0.001; 
Fig. 2). Monthly composites consistently produced significantly higher 
annual frequency, spatial extent, annual waterbody-scale occurrence, 
and magnitude than 7D and 10D composites (Dunn’s test, adjusted p <
0.05; Supplementary Table S1). 10D composites also produced signifi
cantly higher values than 7D composites for bloom metrics at the bloom 
detection threshold (DN ≥ 1) (Dunn’s test, adjusted p < 0.05), but did 
not differ for blooms exceeding the alert threshold (DN ≥ 132) nor for 
magnitude (Dunn’s test, adjusted p > 0.05).

3.2. Compositing statistics (max vs. p90 vs. med)

Differences in statistical methods used to generate 7D composites 

Fig. 2. Boxplots showing the effect of temporal compositing interval (7-day (7D), 10-day (10D), and monthly) on four bloom metrics: annual frequency (A–B), 
annual waterbody-scale occurrence (C–D), annual mean spatial extent (E–F), and annual mean magnitude (G) across all years. Metrics are shown for both bloom 
detection (DN ≥ 1) and bloom alert (DN ≥ 132) thresholds. Outliers are omitted for clarity.
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also resulted in significant differences across all bloom metrics (Kruskal- 
Wallis, p < 0.001; Fig. 3, Fig. 4). Med composites consistently produced 
significantly lower bloom metrics compared to those using max or p90 
(Dunn’s test, adjusted p < 0.001; Supplementary Table S2). There was 
no significant difference in bloom metrics computed at the bloom 
detection threshold between max and p90 composites (Dunn’s test, 
adjusted p > 0.05), but max composites produced significantly higher 
annual frequency, spatial extent, annual waterbody-scale occurrence, 
and weekly state-scale occurrence at the bloom alert threshold, as well 
as higher magnitude than p90 composites (Dunn’s test, adjusted p <
0.01).

The effect of compositing statistic varied seasonally, with larger 
differences in mean weekly values (averaged across years) between 
methods observed during late spring (week 20) to early fall (week 40), 
corresponding to the typical cyanobacterial bloom season for California. 
Larger differences between max and p90 composites were also observed 
during warmer weeks in the mean weekly state-scale occurrence 
(Fig. 4B) and spatial extent (Fig. 4D) at the bloom alert threshold, and 
for magnitude (Fig. 4E). However, week-by-week Kruskal-Wallis tests 
with Dunn’s post hoc comparisons only identified statistically signifi
cant differences between max and p90 composites in spatial extent at the 
bloom alert threshold during colder weeks (weeks < 11 (mid-March) 
and weeks > 46 (mid-November)). No significant differences between 
max and p90 composites were found for other weekly bloom metrics.

The aforementioned results focused on comparing different statisti
cal summaries of the 7D composites to isolate the effect of compositing 
method, but med and p90 composites were also generated for 10D and 
monthly composites to confirm whether similar trends held across 
timeframes. Across all temporal intervals, results showed the same 
general pattern: med composites yielded the lowest bloom metrics, 
while max composites yielded the highest at the bloom detection 
threshold (Dunn’s test, adjusted p < 0.01; Supplementary Fig. S5). For 
7D and 10D composites, using max or p90 did not lead to significant 
differences in bloom metrics, especially at the bloom detection threshold 
where bloom metrics values were very similar. In contrast, monthly max 
composites resulted in significantly higher bloom metrics than monthly 
p90 composites at both bloom thresholds (Kruskal-Wallis and Dunn’s 
test, adjusted p < 0.001).

3.3. Nearshore masking

Differences among nearshore masking methods resulted in signifi
cant differences in the number of valid pixels used in bloom metric 
calculations (Kruskal-Wallis, p < 0.001). These differences translated to 
significant differences across bloom metrics using both bloom thresholds 
(Fig. 5, Fig. 6). All bloom metrics at the bloom alert threshold, as well as 
annual waterbody-scale occurrence at the bloom detection threshold 
and magnitude, were significantly different across nearshore-pixel 
masking methods (Kruskal-Wallis, p < 0.001). On the other hand, 
annual frequency and seasonal mean extent at the bloom detection 
threshold were statistically similar between masking methods (Kruskal- 
Wallis, p > 0.05). The number of valid pixels that remained after 
applying a 150-m buffer compared to using a custom reference mask 
also did not differ significantly (Dunn’s test, adjusted p > 0.05; Sup
plementary Table S3), despite spatial differences in the specific near
shore pixels being masked for individual lakes (Supplementary Fig. S2B 
vs S2D). The six-year average of annual total valid pixels was 1,063,147 
and 1,051,778 for the 150-m buffer and custom reference methods, 
respectively, representing only a ~ 1% difference statewide. Conse
quently, bloom metric values for both detection and alert thresholds 
were statistically similar between these two masking methods (Dunn’s 
test, adjusted p > 0.05; Supplementary Table S3).

The conservative removal of nearshore-pixels using a 300-m buffer 
masked a substantial number of pixels (Fig. 5A), removing all potentially 
resolvable pixels from 14 of the 83 waterbodies in the inventory. This 
method also resulted in significantly lower values across all bloom 
metrics and bloom thresholds except annual frequency at the bloom 
detection threshold compared to all nearshore masking methods, and at 
the bloom alert threshold when compared to using a 150-m buffer 
(Dunn’s test, adjusted p < 0.001; Supplementary Table S3). While the 
mean weekly spatial extent at the bloom detection threshold (Fig. 6C) 
and magnitude (Fig. 6E) were higher during warmer weeks (weeks 20 – 
40, mid-May through early October) using the 300-m buffer, median 
values from the same time periods were consistently lower for this 
masking method across all metrics. This lower central tendency is 
consistent with the results of the Kruskal-Wallis and Dunn’s tests, which 
rely on rank comparisons and are more closely aligned with medians 
than means.

Across waterbodies and weeks, the tendency for spatial extent at the 
bloom alert threshold and magnitude from the 300-m buffer method to 

Fig. 3. Boxplots showing the effect of compositing statistics (median (med), 90th percentile (p90), and maximum (max)) on annual frequency across all years for 
both bloom detection (DN ≥ 1; A) and bloom alert (DN ≥ 132; B) thresholds. Outliers are omitted for clarity.
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exceed values from no nearshore masking was strongly dependent on 
waterbody size. Logistic regression on log-transformed waterbody 
resolvable pixel count showed that the odds of the 300-m buffer method 
yielding higher values than no nearshore masking declined with pixel 
count (spatial extent odds ratio = 0.82 per unit increase in log(pixels), p 
< 0.001; magnitude odds ratio = 0.70, p < 0.001; where an odds ratio <
1 indicates decreasing odds). These results indicate that higher spatial 
extent at the bloom alert threshold and magnitude using the 300-m 
buffer method (compared to no nearshore masking) primarily 
occurred in small waterbodies.

In addition, comparisons of bloom metrics across nearshore masking 
methods for individual waterbodies and years showed that the effects of 
nearshore masking varied by waterbody and week (Supplementary 
Fig. S6). For example, the 300-m buffer method produced either the 
highest or lowest spatial extent at the bloom detection threshold 
depending on the waterbody and time of year (Supplementary Fig. S6
top panels). Comparisons of points relative to the 10% occurrence 
threshold (dashed red line) illustrated instances where no nearshore 
masking resulted in occurrence while the 300-m buffer method did not 
at the bloom detection threshold (e.g., Lake Elsinore, week 43), and vice 
versa (e.g., Clear Lake Reservoir, week 17). Spatial extent was generally 
lowest under the 300-m buffer method at the bloom alert threshold 
(middle panels). Values for magnitude varied depending on waterbody 
and week. For instance, applying a 300-m buffer generally led to the 
lowest magnitude for Clear Lake in 2024, but the method also led to 
generally the highest magnitude at Fallen Leaf Lake in mid summer to 

mid fall (Supplementary Fig. S6 bottom panels).
In contrast, omitting nearshore masking (i.e., preserving nearshore 

pixels) generally resulted in significantly higher bloom metrics 
compared to workflows that applied nearshore masking, particularly for 
metrics using the bloom alert threshold (Supplementary Table S3). 
Bloom metrics at the bloom alert threshold were also generally higher 
when no nearshore masking was applied compared to masking only 
shoreline-pixels (as indicated by positive Z-scores from Dunn’s tests with 
no nearshore masking as Group1), but no statistical differences in bloom 
metrics at either the bloom detection or bloom alert thresholds were 
found between the two nearshore masking methods (Dunn’s test, 
adjusted p > 0.05), despite a significantly higher number of valid pixels 
when nearshore-pixels were retained (Dunn’s test, adjusted p < 0.001).

Additionally, notable seasonal patterns in bloom metrics were 
observed across nearshore masking methods. Significant differences in 
magnitude and spatial extent at the bloom alert threshold were most 
frequently observed during colder weeks (weeks < 13 (before late- 
March) and > 42 (after mid-October)), while differences in the per
centage of occurrence at the bloom detection threshold were more 
common during warmer weeks (weeks 22–41 (between late May – mid 
October)) (Kruskal-Wallis test, p < 0.05). Post hoc Dunn’s tests indicated 
that omitting nearshore masking often resulted in significantly higher 
magnitude and spatial extent at the bloom alert threshold during colder 
periods (adjusted p < 0.05).

Fig. 4. Mean weekly bloom metrics across all years and waterbodies, showing the effect of compositing statistic (median (med), 90th percentile (p90), and maximum 
(max)) on the state-scale occurrence (A–B), spatial extent (C–D), and magnitude (E) for both bloom detection (DN ≥ 1) and bloom alert (DN ≥ 132) thresholds. 
Background shading indicates seasons for the Northern Hemisphere: winter (late Nov – early Mar, blue), spring (Mar – early Jun, green), summer (Jun – early Sep, 
red), fall (Sep – Nov, gold). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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3.4. Ice & snow masking

Unlike the various nearshore masking methods, masking of potential 
ice and snow-covered pixels (ice & snow-pixels) did not result in sig
nificant differences in the total number of valid pixels (Fig. 7A). Sig
nificant differences were only observed for weekly state-scale 
occurrence at the bloom detection threshold (Kruskal-Wallis test, p <
0.001; Fig. 8D), in which the retention of ice & snow-pixels (i.e., no ice- 
masking) resulted in significantly higher percentage of waterbodies with 
blooms than applying any type of ice & snow masking (Dunn’s test, 
adjusted p < 0.01; Supplementary Table S4). Week-by-week compari
sons of the state-scale occurrence (n = 6 years per group per week) 
further showed that these differences were concentrated in colder pe
riods (week < 15 (before mid-April) and > 49 (after mid-December)). 
Among the masking methods, the 4-km reference with internal holes 
masked most frequently showed significant differences from no masking 
(Dunn’s test, adjusted p < 0.05).

While the various ice & snow masking methods did not lead to sig
nificant differences overall, notable regional effects were observed when 
occurrences at the bloom detection threshold were evaluated on a 
waterbody-by-waterbody basis. For each waterbody, the number of in
stances in which an occurrence at the bloom detection threshold was 
identified when ice & snow-pixels were retained but not under any of the 
four ice & snow masking methods, was tallied and expressed as a per
centage of the total number of weeks (i.e., 7D composites, n = 313). 
Waterbodies showing any difference in occurrences at the bloom 
detection threshold were primarily located in northern California or 
within the Sierra Nevada ecoregion (Fig. 9A), with the exception of Big 
Bear Lake in southern California. Waterbodies with larger disagreement 

(>18%; gold to red points in Fig. 9A) were all located within the Sierra 
Nevada ecoregion. The most affected waterbody was Fallen Leaf Lake, 
just south of Lake Tahoe in Central-Eastern California, which showed a 
discrepancy in 43% of composites. This indicates that for 43% of weeks, 
bloom occurrences were identified when ice & snow-pixels were 
retained, but not when any of the ice & snow masking methods were 
applied.

The regional pattern was further supported by statistical tests con
ducted individually for each waterbody (Fig. 9B). Waterbodies with 
significant Kruskal-Wallis tests (p < 0.05) and post hoc Dunn’s test 
indicating a significantly higher annual waterbody-scale occurrence at 
the bloom detection threshold under the no ice & snow masking method 
(adjusted p < 0.05; red points in Fig. 9B) were exclusively located within 
the Sierra Nevada ecoregion. Likewise, waterbodies with significant 
Kruskal-Wallis results but non-significant Dunn’s tests also only fell 
within this ecoregion (orange points in Fig. 9B). In waterbodies where 
Dunn’s test indicated a significant difference, using 4-km reference data 
with internal holes masked consistently produced a lower annual 
waterbody-scale occurrence at the bloom detection threshold compared 
to omitting ice & snow masking.

3.5. Combined nearshore and ice & snow masking

While omitting nearshore masking (vs. shoreline masking) and 
omitting ice & snow masking (vs. ice & snow masking using the 4-km 
reference with holes masked) alone generally did not lead to signifi
cant differences in derived metrics, the combined retention of both pixel 
types yielded consistently higher bloom metrics compared to masking 
them both (positive Z-scores from Dunn’s test with no masking as Group 

Fig. 5. Boxplots showing the effect of various nearshore masking methods on the total number of valid pixels included in the analysis (A), and on annual frequency 
for both bloom detection (DN ≥ 1; B) and bloom alert (DN ≥ 132; C) thresholds across all years. Outliers are omitted for clarity.
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1; Supplementary Table S5), except for annual frequency at the bloom 
detection threshold (Fig. 10B). However, statistically significant differ
ences were only observed in weekly state-scale occurrence at the bloom 
detection threshold (Fig. 11) and seasonal mean extent at the bloom 
alert threshold (Dunn’s test, adjusted p < 0.01; Supplementary 
Table S5). Comparisons of the remaining nearshore and ice & snow 
masking method combinations did not yield additional differences 
beyond those observed in the individual masking analyses.

Additional consistency analyses were performed to evaluate whether 
methodological differences could influence downstream trend in
terpretations by assessing whether different masking methods produced 
consistent temporal trends. Mann-Kendall trend tests were conducted 
for each bloom metric (frequency at both thresholds, annual waterbody- 
scale percentage occurrence at both thresholds, annual mean spatial 
extent at both thresholds, and annual mean magnitude) across all 83 
lakes under the four masking methods included in this comparison (R 
package rkt, version 1.7). Although the Mann-Kendall test has limited 
statistical power with only six years of data, results showed 98% con
sistency (n = 83 lakes × 7 metrics = 581 tests) in the direction of trends 
across masking methods (increasing trend: slope > 0, p < 0.05; 
decreasing trend: slope < 0, p < 0.05; no trend: p > 0.05). To comple
ment this analysis, a ranking-based approach was implemented by 
classifying lakes into annual quartiles for each metric and assessing 
agreement in quartile assignments across the masking methods. This 
analysis also demonstrated high consistency (78%; n = 83 lakes × 6 
years × 7 metrics = 3,486 comparisons), indicating that the relative 

ranking of waterbodies was largely robust to processing method. 
Together, these results demonstrate that while absolute bloom-metric 
values varied among processing workflows, temporal trends and rela
tive rankings remained consistent, indicating that processing differences 
did not meaningfully alter trend outcomes.

4. Discussion

This study evaluated how common data processing decisions, spe
cifically temporal compositing intervals, compositing statistics, and 
pixel masking strategies, influenced the calculation of bloom metrics 
derived from Sentinel-3 OLCI CIcyano data. These decisions significantly 
impacted annual frequency, spatial extent, occurrence, and magnitude, 
with certain processing workflows producing consistently elevated 
metric values across California’s diverse landscape while others had 
regionally specific effects. Based on these findings, a standardized pro
cessing workflow was developed to support California’s FHAB moni
toring and assessment needs. The recommended workflow uses 7D max 
composites, shoreline masking, and ice & snow masking based on a 4-km 
reference with internal holes masked. This workflow is discussed in 
detail below, and balances ecological relevance, computational effi
ciency, and data consistency, in order to support reproducible, 
management-relevant assessments of cyanobacterial bloom patterns.

Fig. 6. Mean weekly bloom metrics across all years and waterbodies, showing the effect of various nearshore masking methods on state-scale occurrence (A–B), 
spatial extent (C–D), and magnitude (E) for both bloom detection (DN ≥ 1) and bloom alert (DN ≥ 132) thresholds. Background shading indicates seasons for the 
Northern Hemisphere: winter (late Nov – early Mar, blue), spring (Mar – early Jun, green), summer (Jun – early Sep, red), fall (Sep – Nov, gold). (For interpretation of 
the references to colour in this figure legend, the reader is referred to the web version of this article.)
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4.1. Compositing temporal interval

Temporal compositing interval was one of the strongest drivers of 
bloom metric variation. This study evaluated 7D, 10D, and monthly 
composites, which have all been used in previous CIcyano-based FHAB 
assessments (Coffer et al., 2020; San Francisco Estuary Institute, 2024; 
Schaeffer et al., 2022; Seegers et al., 2021; Urquhart et al., 2017; Wynne 
et al., 2022). Monthly composites aggregate more daily observations 
and can capture multiple bloom peaks within a single interval. This 
broader temporal window increases the likelihood of retaining extreme 
pixel values, thereby inflating metrics such as magnitude relative to 
shorter intervals.

Cyanobacterial blooms can form and dissipate within days to a few 
weeks (Davis et al., 2009; Oliver et al., 2012; Ranjbar et al., 2021), 
making monthly aggregation too coarse to capture short-lived or 
sequential bloom events, thereby reducing temporal resolution and 
ecological specificity. Similar effects of compositing have been observed 
in other environmental applications, where coarse temporal or spatial 
aggregation can obscure short-lived events and lead to under- or over
estimation of derived metrics (Ballester et al., 2024; Bayabil et al., 2019; 
Gao et al., 2024). Chl-a concentrations, in particular, have been shown 
to vary significantly on daily and weekly scales (Elsdon and Connell, 
2009). However, the impact of temporal aggregation may be reduced 
when the aggregated values are subsequently used in modeling or beta- 
analyses. For example, Lin et al. (2019) found that solar-induced chlo
rophyll fluorescence models performed comparably when using daily 
versus monthly aggregated inputs. This result parallels our consistency 
analyses, in which different masking methods produced similar 
waterbody-level trends and status classifications despite differences in 
absolute bloom-metric values among the masking methods.

The previous rationale for using monthly composites stemmed from 
the potential for gaps in 7D and 10D composites using MERIS data, 
which had a temporal resolution of 2–3 days (Urquhart et al., 2017). 
However, near-daily coverage is now possible through the combined use 

of Sentinel-3A and -3B platforms, reducing the likelihood of data gaps in 
7D or 10D composites. Given that 7D and 10D composites require 
similar manual effort as monthly composites, there is limited justifica
tion for monthly aggregation for data products with high temporal 
resolution like OLCI besides computational power availability and data 
storage capacity. While 7D composites generally produced more con
servative bloom metrics than 10D, the differences between them were 
modest compared to the larger discrepancies observed between 7D or 
10D vs. monthly intervals (Fig. 2). Although the choice between 7D and 
10D may depend on user preference, 7D composites are recommended 
in the California FHABs program workflow for their clearer interpret
ability, alignment with weekly sampling timeframes commonly used in 
field-based monitoring programs, and relation to weekly recreational 
use.

4.2. Compositing statistics

The choice of compositing statistic also significantly influenced 
bloom metric values, as supported by Coffer et al. (2025). This study 
compared med, p90, and max summaries, which represent different 
methods to aggregate pixel values across the temporal composites. Med 
composites consistently produced the lowest bloom metrics regardless of 
temporal compositing interval, reflecting their resistance to extreme 
values. This makes them appropriate for conservative assessments and 
long-term trend detection, where capturing typical rather than peak 
conditions may be the priority. In contrast, max composites provide 
information on extreme scenarios observed in resolvable open-water 
areas of waterbodies. Although using max values to summarize 7D 
composites can also inflate bloom metrics, unlike monthly composites, 
they do so within a narrower, ecologically meaningful timeframe. 
Furthermore, extremely high biomass levels are often observed when a 
waterbody is experiencing a bloom event. This makes the compositing 
choice more appropriate for identifying high-risk scenarios that align 
with public health and monitoring objectives, particularly in the 

Fig. 7. Boxplots comparing the effect of various ice & snow masking methods on the total number of valid pixels included in the analysis (A), and on annual 
frequency for both bloom detection (DN ≥ 1; B) and bloom alert (DN ≥ 132; C) across all years. Outliers are omitted for clarity.
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absence of resolvable shorelines and the lack of field-based cyanotoxin 
measurements (Ibelings et al., 2021).

Generating composites using p90 instead of max values allows the 
removal of extreme outliers while still highlighting intense bloom con
ditions. However, no significant differences between p90 and max 
composites were found for shorter temporal composites (7D and 10D; 
Supplementary Fig. S5). Threshold-based metrics (annual frequency, 
occurrence, and spatial extent) at the bloom detection threshold (DN ≥
1) were particularly similar between p90 and max for 7D and 10D 
composites. This high similarity reflects the consistency of a pixel being 
classified as bloom between using either max or p90 due to the relative 
ease of exceeding the bloom detection threshold. In contrast, monthly 
composites include many more observations, increasing temporal vari
ability and the likelihood of extreme values, which explains why max 
and p90 diverge at that timescale. Given that max and p90 composites 
produced similar bloom metrics at the 7D interval, and that p90 is more 
computationally intensive, max composites offer a more efficient alter
native. Max composites are therefore recommended for programs 
prioritizing the detection of peak bloom conditions and assessments to 
inform management decisions involving protection of public health.

4.3. Nearshore masking

Nearshore-pixel masking influenced data availability and bloom 
metric outcomes, particularly for smaller lakes. While the CyAN Level-3 
product already excludes land and “no data” pixels, additional masking 

of nearshore-pixels is commonly applied to reduce the influence of land- 
adjacency effects and bottom reflectance (Coffer et al., 2021b; Handler 
et al., 2023; Seegers et al., 2021). Several masking methods were tested 
in this study, ranging from no additional nearshore masking to conser
vative buffers and custom references. Custom references, such as those 
developed by Urquhart and Schaeffer (2020), offer a customized and 
often conservative means of identifying nearshore-pixels based on his
torical shoreline conditions and expert judgment. However, generating 
these references can be time-intensive and may become outdated as 
shorelines shift, particularly in regions like California that experience 
extended periods of drought, where declining water levels expose larger 
areas of the nearshore zone. Automated removal based on polygon 
borders also has a similar limitation of relying on potentially outdated 
shapefiles, but it has the advantage of requiring minimal manual time or 
effort to implement. While buffer-based methods provide more conser
vative exclusion, they can reduce data availability, especially for small 
lakes. For example, applying a 300-m buffer removed all resolvable 
pixels in 14 of 83 waterbodies, rendering these waterbodies unresolv
able. This highlights a central trade-off in bloom metric processing: 
increasing data quality through masking often comes at the cost of data 
availability.

In addition to reducing the number of resolvable waterbodies, 
applying a conservative masking method can also lead to unexpected 
inflation of bloom metrics for both methodological and ecological rea
sons. The likelihood of the 300-m buffer method generating higher 
spatial extent at the bloom alert threshold and magnitude values 

Fig. 8. Mean weekly bloom metrics across all years and waterbodies, showing the effect of various ice & snow masking methods on the state-scale occurrence (A–B), 
spatial extent (C–D), and magnitude (E) for both bloom detection (DN ≥ 1) and bloom alert (DN ≥ 132) thresholds. Background shading indicates seasons for the 
Northern Hemisphere: winter (late Nov – early Mar, blue), spring (Mar – early Jun, green), summer (Jun – early Sep, red), fall (Sep – Nov, gold). (For interpretation of 
the references to colour in this figure legend, the reader is referred to the web version of this article.)
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(compared to no nearshore masking) was strongly related to waterbody 
size. In small waterbodies, conservative removal of nearshore pixels 
disproportionately reduces the denominator (total valid pixels) used to 
calculate bloom metrics. The remaining interior pixels may also have 
higher CIcyano values due to land-adjacency effects (Jiang et al., 2023) or 

because small, shallow systems tend to be more optically and hydro
dynamically homogeneous (Holgerson et al., 2022; Mackay, 2011; 
Vettorazzo et al., 2024). As a result, a few pixels with high CIcyano values 
can dominate the remaining valid pixel pool, elevating extent or 
magnitude values. Thus, apparent increases in bloom metrics under 

Fig. 9. Maps of California showing the effects of ice & snow masking on occurrence at the bloom detection threshold across waterbodies. Left panel shows the 
percentage of 7-day composites (n = 313) in which occurrence (≥10% of pixels with DN ≥ 1) was identified under no ice & snow masking but not when any of the 
four ice & snow masking methods was applied (A). Black points indicate 0%. The right panel shows results of statistical tests comparing annual waterbody-scale at the 
bloom detection threshold across ice & snow masking methods for each waterbody, specifically highlighting differences from not applying ice & snow masking (n =
6) (B). Yellow points indicate significant Kruskal-Wallis test results (p < 0.05) but no Dunn’s test significance, and red points indicate significant difference from both 
Kruskal-Wallis and post-hoc Dunn’s tests (adjusted p < 0.05). Black points indicate no significant difference between no ice & snow masking and all ice & snow 
masking methods. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Fig. 10. Boxplots comparing the combined effects of nearshore and ice & snow masking on the total number of valid pixels included in the analysis (A), and on 
annual frequency for both bloom detection (DN ≥ 1; B) and bloom alert (DN ≥ 132; C) thresholds across all years. Outliers are omitted for clarity.
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more conservative masking do not necessarily indicate stronger offshore 
blooms, but may instead reflect the interplay between pixel removal and 
the CIcyano values of the remaining pixels. This helps explain the higher 
weekly mean spatial extent and magnitude values observed under the 
300-m buffer method (Fig. 6).

In fact, retaining nearshore-pixels (i.e., no nearshore masking) 
generally led to significantly higher bloom metric values, indicating that 
shoreline-pixels tended to have higher DN values. Shorelines can exhibit 
elevated near-infrared reflectance and distinctive spectral shapes with 
deeper troughs at 681 nm, potentially inflating CIcyano estimates if SS 
(665) remains above the CIcyano exclusion threshold (Fig. 4F vs. 4D and 
Fig. 5H vs. 5E in Jiang et al., 2023). Although cyanobacteria commonly 
accumulate along shorelines due to hydrodynamics and wind-driven 
transport (Binding et al., 2023; Wu et al., 2013), these pixels are also 
prone to contamination of brighter reflectance from terrestrial vegeta
tion and surfaces (Feng and Hu, 2017; Jiang et al., 2023), as well as 
effects of bottom reflectance (Zhang et al., 2018). Extensive field 
monitoring would be required to determine whether elevated CIcyano 
values in shoreline pixels reflect true cyanobacterial blooms or result 
from erroneous influences. Nevertheless, nearshore areas often hold 
practical importance for human exposure and monitoring programs, 
even if they present interpretive challenges in satellite data.

Nearshore sampling may be appropriate in some cases depending on 
the monitoring objective, such as targeted assessments of accessible 
nearshore areas that are more relevant to public health concerns 
(Graham et al., 2008). The shoreline masking method offers a practical 

compromise by removing only waterbody edge pixels while preserving 
interior data. This method avoids excessive data loss in small water
bodies while reducing potential false positives from land influences. 
Even small waterbodies with a single resolvable pixel can still be 
retained using this method. However, users should be aware of potential 
data quality concerns in very small waterbodies due to elevated bloom 
metric values as previously discussed, as well as increased risk of data 
gaps from all pixels becoming temporarily unresolvable due to cloud 
cover, drought, or invalid flags obscuring all pixels. This data gap can 
influence annual summaries (e.g., annual frequency) that depend on 
how often valid data exist. More sophisticated, data-driven methods for 
identifying pixels affected by land or nearshore optical signals may 
further improve masking accuracy (Jiang et al., 2023). However, these 
methods require access to raw reflectance bands, may be computation
ally demanding, and are not yet widely validated across diverse water
bodies or specifically evaluated for CIcyano. Their utility in large-scale 
FHAB assessments remains an important direction for future research. 
In the meantime, shoreline masking to remove pixels potentially 
affected by land and nearshore signals is recommended as the preferred 
method for routine bloom assessments.

4.4. Ice & snow masking

In contrast to nearshore masking, the effects of ice & snow masking 
were spatially localized and significant only for some waterbodies. At 
Fallen Leaf Lake, for example, omitting ice & snow masking led to a 

Fig. 11. Mean weekly bloom metrics across all years and waterbodies, comparing the combined effects of nearshore and ice & snow masking on the state-scale 
occurrence (A–B), spatial extent (C–D), and magnitude (E) for bloom detection (DN ≥ 1) and bloom alert (DN ≥ 132) thresholds. Background shading indicates 
seasons for the Northern Hemisphere: winter (late Nov – early Mar, blue), spring (Mar – early Jun, green), summer (Jun – early Sep, red), fall (Sep – Nov, gold). (For 
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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difference in whether there was bloom occurrence at the bloom detec
tion threshold in 43 % of the 7D max composites, highlighting the po
tential impact of this processing decision.

Ice & snow-pixels were likely pixels with low-to-moderate DN values 
(1 ≤ DN < 132), hence retaining them increased weekly state-scale 
occurrence at the bloom detection threshold but not at the bloom alert 
threshold. The lack of an overall significant difference in spatial extent 
at the bloom detection threshold between applying ice & snow masking 
and omitting ice & snow masking further indicates that not all ice & 
snow-pixels exceed the bloom detection threshold. If all ice & snow- 
pixels had values above this threshold, applying ice & snow masking 
that removed ice & snow-pixels would reduce spatial extent at the bloom 
detection threshold. Conversely, if the removed ice & snow-pixels were 
all actually below the bloom detection threshold (i.e., DN = 0), ice & 
snow masking would decrease the total valid pixel count without 
affecting the number of bloom-positive pixels, leading to an increase in 
the calculated spatial extent at the bloom detection threshold. These 
nuances again emphasize that bloom metrics reflect both pixel intensity 
(value of DN) and pixel count, so interpretation of masking effects must 
consider both.

Without extensive field-based observations to compare against, it 
remains unclear whether DN values in ice & snow-pixels represent true 
cyanobacteria presence or reflect artifacts from ice & snow. While cya
nobacteria are often associated with warm conditions, many taxa persist 
and even thrive in cold environments (Vincent, 2007; Zakhia et al., 
2008) and cyanobacteria have been documented under ice (Bertilsson 
et al., 2013). This pattern is also supported by observations in California, 
where blooms have been documented in cooler, high-elevation lakes 
such as those in the Sierra Nevada mountain range. Limited field 
monitoring in these regions has confirmed cyanobacterial presence and 
the risk of cyanotoxins (Brown et al., 2008; Derlet et al., 2009; Streib 
et al., 2021).

Despite these uncertainties, differences between the retention and 
removal of ice & snow-pixels were observed in specific waterbodies, 
supporting the use of consistent ice & snow masking across all water
bodies. While differences amongst ice & snow masking methods were 
generally minimal, the 4-km ice & snow dataset with internal holes 
masked emerged as the most conservative option because it excluded the 
greatest number of ice & snow-pixels and produced the largest differ
ences when compared to omitting ice & snow masking (as indicated by 
the highest Z-scores among Dunn’s pairwise tests; Supplemental 
Table S4). Additionally, the 4-km product is more practical for many 
users due to its substantially smaller file size (~13 GB per year) relative 
to the 1-km dataset (~200 GB per year). For both methodological 
conservatism and computational efficiency, ice & snow masking using 
the 4-km dataset with internal holes masked is recommended.

4.5. Seasonal and interannual variability

Seasonal differences between masking methods were evident across 
many comparisons. Kruskal–Wallis tests comparing weekly state-scale 
occurrence, spatial extent, and magnitude frequently showed signifi
cant differences during colder periods (weeks 1–15 and 40–52). In 
contrast, larger differences in mean weekly values were often observed 
during the warmer bloom season (weeks 20–40), and these mean-based 
differences did not always align with statistical results. For example, the 
300-m buffer method showed higher mean spatial extent at the bloom 
detection threshold in summer (Fig. 6C), despite Kruskal-Wallis indi
cating that there was no statistically significant difference in the metric 
and Dunn’s Z score indicated the 300-m buffer method generally had 
lower values (as indicated by positive Z scores with 300-m buffer 
method being Group 2; Supplementary Table S3). This discrepancy 
likely reflects the influence of outliers on the mean, as opposed to the 
rank-based Kruskal-Wallis test, which is more robust to extreme values 
and better reflects the median. Week-by-week comparisons of individual 
lakes in 2024 also demonstrated that the relative performance of 

nearshore masking methods varied by lake and time, with the 300-m 
buffer sometimes producing the highest or lowest spatial extent at the 
bloom detection threshold depending on context (Supplementary Fig. S6
top panels). The presence of large mean differences without statistical 
significance during summer weeks suggests high underlying variability. 
This variability is expected during the cyanobacterial growing season 
(Jöhnk et al., 2008; Robson and Hamilton, 2003) and across diverse 
waterbodies with differing bloom dynamics. Seasonal effects from land- 
adjacency contamination may also play a role, with stronger influence in 
summer due to lower sun zenith angles and greener vegetation (Jiang 
et al., 2023).

This natural variability complicates interpretation of bloom status, 
particularly in waterbodies with few resolvable pixels. As discussed in 
section 4.3, masking effects can be particularly pronounced in small 
lakes, where the removal or retention of a few pixels can substantially 
influence bloom metrics. Seasonal patterns can amplify this sensitivity. 
During summer, when blooms can be more spatially heterogeneous 
(Jöhnk et al., 2008; Verhagen, 1994), compositing and masking de
cisions can exaggerate short-term fluctuations in spatial extent and 
magnitude, especially in smaller lakes with limited resolvable area. This 
also affects whether the waterbody is classified as having a bloom 
occurrence, complicating public health advisory decisions during this 
season. In contrast, statistically significant differences were more often 
detected during winter weeks, which may reflect greater processing 
sensitivity under less variable ecological and optical (i.e., reduced 
nearshore reflectance contamination) conditions.

Differences between years due to weather and drought conditions 
may also affect comparisons across masking methods. Slight interannual 
variability in comparisons was observed at the individual waterbody 
level, but overall patterns generally remained the same. For example, 
omitting nearshore masking generally yielded the highest annual fre
quency at the bloom alert threshold while using a 300-m buffer zone 
generally yielded the lowest values, as supported by Kruskal-Wallis and 
Dunn’s tests (Supplemental Table S3). However, exceptions were 
observed in certain waterbodies and years (Supplementary Fig. S7). For 
instance, omitting nearshore masking yielded the lowest annual fre
quency at the bloom alert threshold at Clear Lake Reservoir in 2023 
(Supplementary Fig. S7E). Similarly, at Fallen Leaf Lake in 2024, 
omitting nearshore masking produced the lowest values except when 
compared to the 300 m buffer method (Supplementary Fig. S7D). 
Notably, the water years 2020–2022 were classified as ‘dry’ or ‘critically 
dry’ based on the Water Year Hydrologic Classification Index from the 
California Department of Water Resources (California Department of 
Water Resources, 2025), while 2023 and 2024 were classified as ‘wet’ or 
‘above normal’. These hydrological differences may have influenced 
shoreline conditions and bloom development, reinforcing the need for a 
consistent masking strategy to enable more robust comparison across 
years.

4.6. Bloom threshold considerations

Another important consideration following imagery data processing 
is the threshold applied for bloom metric calculations. This study eval
uated two bloom thresholds: a bloom detection threshold and a bloom 
alert threshold, and the results indicated that different aspects of the 
processing workflow affected each threshold differently. For instance, 
7D and 10D composites differed significantly in annual frequency only 
for the bloom detection threshold, while max and p90 composites 
showed significant differences only for the bloom alert threshold. In 
addition, nearshore-pixels tended to have values above the bloom alert 
threshold (as suggested by higher bloom metrics at the bloom alert 
threshold when nearshore-pixels were retained), whereas ice & snow- 
pixels were more often above the bloom detection threshold but below 
the bloom alert threshold (See section 4.4). These interactions between 
processing steps, pixel types, and bloom thresholds emphasize the need 
to consider how each element of the workflow affects metric outcomes, 
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as well as to ensure that threshold selection is guided by the monitoring 
objective (i.e., whether to detect any cyanobacterial presence or to 
identify high-risk blooms warranting public health advisories).

The detection threshold reflects the minimum CIcyano signal corre
sponding to detectable cyanobacterial presence, which is approximately 
equivalent to 10,000–20,000 cells mL− 1 (Coffer et al., 2021a). The alert 
threshold approximates bloom conditions associated with potential 
human health risk (≈12 µg chl-a L− 1) according to WHO Alert Level 1 for 
managing cyanobacteria in recreational waters (Chorus and Welker, 
2021). Similarly, other studies have applied thresholds aligned with 
WHO human health risk categories, such as ≥ 100,000 cells mL− 1 (DN ≥
100) for high-risk conditions (Clark et al., 2017; World Health Organi
zation, 1999) or chl-a concentration > 10 µg L-1 (Binding et al., 2023, 
2018; Shahvaran et al., 2025). Together, these thresholds represent 
ecologically and managerially meaningful benchmarks that support 
both early detection and public health-oriented assessments of bloom 
severity.

4.7. Implications for interpretation and management

Differences in bloom metric outputs resulting from processing 
choices can have meaningful implications for bloom status interpreta
tion and waterbody management. Elevated values from monthly or 
unmasked composites may overstate bloom prevalence or severity, 
potentially triggering unnecessary concern or advisories. Conversely, 
overly conservative methods may underrepresent bloom events, 
particularly short-lived or shoreline-associated occurrences. As many 
monitoring programs rely on management criteria (e.g., 10% of spatial 
extent or annual frequency trends) to identify waterbodies of concern, 
inconsistencies in metric outcomes may affect lake rankings, bloom 
classifications, or management actions.

Despite the observed differences in absolute metric values among 
processing workflows, additional analyses demonstrated that relative 
temporal and status patterns were largely preserved. Both Mann-Kendall 
trend and ranking-based consistency analyses showed that temporal 
trends and relative lake rankings were highly consistent across masking 
methods (98% and 78% agreement, respectively). For example, Coffer 
et al. (2021b) ranked waterbodies in California by their annual fre
quencies from 2019, with Lake Elsinore (Southern California; annual 
frequency = 100%) among the highest-ranking, Lake Tahoe (Central- 
Eastern California; annual frequency = 0 %) among the lowest, and 
Clear Lake (Central California; annual frequency = 20%) in the middle 
range. The quartile ranks for Lake Elsinore, Lake Tahoe, and Clear Lake 
were 4 (highest), 1 (lowest), and 3, respectively, based on the quartile 
ranking analysis in this study, and these rankings were also consistent 
across all four processing methods tested (see Section 3.5). Overall, 
these results indicate that while workflow decisions can influence the 
values of bloom metrics, they have minimal effect on the relative clas
sification of lakes or on the direction of long-term trends.

This study was focused on comparing bloom metrics across pro
cessing workflows rather than evaluating CIcyano accuracy against field 
measurements. Ground-truth validation for CIcyano has been demon
strated in multiple prior studies over the last decade (Coffer et al., 
2021a, 2020; Jin et al., 2017; Moradi, 2014; Palmer et al., 2015; Seegers 
et al., 2021; Whitman et al., 2022). Future efforts should focus on 
expanding and updating field observations suitable for additional field 
validation, with an emphasis on California’s diverse and high-elevation 
waterbodies. Specifically, the findings from this study can help guide the 
design of such future validation efforts. For instance, lakes like Fallen 
Leaf Lake, where bloom occurrence differs markedly depending on 
whether ice & snow masking is applied, would be ideal candidates for 
evaluating cyanobacterial presence under ice- or snow-affected 
conditions.

While this study focused on freshwater lakes in California, the im
plications are broadly relevant for remote sensing-based FHAB moni
toring in other regions. Optimal workflows should also be tailored to the 

climatic and geographic context of each monitoring program. In colder 
regions, consistent application of ice & snow masking remains important 
for ensuring comparability across years, seasons, and lakes, whereas in 
temperate or ice-free regions, such masking may be unnecessary. 
Waterbodies surrounded by dense vegetation or complex shorelines may 
benefit from nearshore masking to reduce adjacency contamination 
from terrestrial reflectance. However, bloom metrics like extent and 
magnitude are normalized by the total number of valid pixels, and may 
therefore be sensitive to changes in valid-pixel counts introduced by 
masking. Overly conservative masking can disproportionately reduce 
data availability and distort bloom metrics in small waterbodies, where 
the removal of nearshore pixels can strongly influence calculated extent 
and magnitude values. In addition, regional calibration or additional 
correction steps may further improve the accuracy of CIcyano values and 
derived bloom metrics in localized regions or waterbodies, such as those 
that are optically complex or turbid (Batina and Krtalić, 2024). Work
flow decisions should also align with monitoring goals, as approaches 
optimized for detecting events relevant for public health may require 
different processing workflows than those designed for long-term 
ecological trend detection.

Furthermore, workflow choices should consider available computa
tional resources: generating custom composites, especially those based 
on percentile statistics (e.g., 90th percentile), or incorporating external 
data sources such as NSIDC for ice & snow masking, can substantially 
increase data processing and storage requirements. Such considerations 
are important and conventional in pixel compositing workflows 
(Adugna et al., 2024; Lv et al., 2023; Meng et al., 2023). For resource- 
limited programs, an additional advantage of 7D max composites is 
that CyAN readily offers 7D max composited CIcyano products, mini
mizing the need for intensive local processing. Ultimately, workflow 
design should be guided by ecoregional characteristics, management 
priorities (e.g., public health alerts vs. long-term ecological trends), and 
practical constraints.

5. Conclusion

This study identified a set of processing recommendations to improve 
consistency and interpretability in remote sensing-based assessments of 
FHABs. For California’s FHAB program, the recommended workflow 
includes 7D max composites, shoreline masking to remove nearshore- 
pixels, and ice & snow masking using a 4-km reference with internal 
holes masked. This workflow supports weekly decision-making, mini
mizes contamination from pixels affected by nearshore and ice & snow 
spectral signals, and preserves data availability across waterbodies with 
a broad range of shapes, sizes, and climatic settings. While these rec
ommendations were developed to meet the needs of California’s state
wide monitoring program, the insights are relevant to other regions 
using remote sensing to track inland water quality, especially given 
California’s diverse hydrological and climatic contexts (Franklin and 
MacDonald, 2024). The observed sensitivity of bloom metrics to 
compositing and masking choices underscores the importance of work
flow transparency, regardless of geographic region or processing 
method. These findings may also inform applications using other satel
lite products, such as chl-a estimates from red-edge-based algorithms, 
and support efforts to harmonize bloom assessment methods across 
datasets, jurisdictions, and platforms.
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Robine, J.-M., Herrmann, F.R., Tonne, C., Semenza, J.C., Lowe, R., 2024. The effect 
of temporal data aggregation to assess the impact of changing temperatures in 
Europe: an epidemiological modelling study. Lancet Reg. Health – Eur. 36. https:// 
doi.org/10.1016/j.lanepe.2023.100779.
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