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Remote and field-based sensors for harmful
algal bloom management: Literature review
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ABSTRACT

Managing harmful algal blooms (HABs) is increasingly
complex given the diversity of nuisance algal issues and
apparent stochastic nature of HAB distributions over
space and time. While remote and field-based sensors
(e.g., satellites, in situ sondes, autonomous sampling
devices) have advanced HAB monitoring, uncertainty
remains in how to integrate data for management deci-
sions. This exploratory study reviewed literature on sen-
sor use for HAB management and engaged experts in
HAB management to identify data required for decision-
making. Only 2.5% of reviewed studies (n = 199)
reported remote and field-based sensors used directly for
management. Of the few studies available, data were used
to prioritize waterbodies potentially needing manage-
ment, provide early warning systems to initiate more fre-
quent monitoring prior to management, and evaluate
effectiveness of management efforts. Expert input pro-
vided opinions, perceptions, and examples of how remote
sensing and field-based sensor technologies may support
HAB management (e.g., when, where, and what to manage
and management effectiveness) and identified key data gaps
to expand application. Emerging sensor technologies may
be useful to identify HAB taxa and horizontal and vertical
distribution in the water body. Applying sensor-based data
requires integration with traditional methods, real-time use,
improved data analysis tools, and clearer communication of
uncertainty. As remote sensing and field-based sensor tech-
nologies advance, their role in the HAB management deci-
sion process will continue to expand, providing critical
support for the protection of aquatic health and human
safety.
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INTRODUCTION

Over the past five decades, rapid advancements in
remote and field-based sensor technologies have improved
the monitoring or frequent spatial and temporal measure-
ment of freshwater harmful algal blooms (HABs) (Binding
et al. 2020; Khan et al. 2021; Johansen et al. 2023; Rolim
et al. 2023). In this paper, remote sensors refer to devices to
collect HAB data without physical contact with water (e.g.,
unmanned aircraft systems [UAS], fixed-wing planes, or
spaceborne or satellite platforms), whereas field-based sen-
sors involve devices that are in direct contact with the
water, algae or cyanobacteria (e.g., in situ data sondes) and
can be attached to autonomous vehicles (Johansen et al.
2023). Innovations in open-access satellite imagery, autono-
mous vehicles, optical sensors, and computational and soft-
ware capabilities have made it possible to collect, analyze,
and visualize data at increasingly finer spatial and temporal
scales (Topp et al. 2020). While a decade ago, satellite imag-
ery or derived map products required email distribution on
a weekly or biweekly basis; (Jewett et al. 2008), today large-
scale areas such as the Great Lakes can be monitored in
near real time with online tools (Beaton et al. 2020; Wood-
cock et al. 2020). These advancements have led to quantifi-
able cost benefits for HAB monitoring programs and
indicate that leveraging remote sensing can potentially pro-
vide estimated savings ranging from $5.7 to $316 million for
U.S. lakes and reservoirs annually (Papenfus et al. 2020).
With these impactful advancements in HAB monitoring,
the next logical question is: how can remote sensing and
field-based sensors be used to make actionable decisions to
inform HAB management?

Freshwater HABs are generally defined as visible over-
growths of algae and cyanobacteria that can pose risks to
human health, harm the environment, and impact local
economies (CDC 2021; Christensen et al. 2024). HABs are
increasingly posing threats to inland water resources
(Brooks et al. 2016) because of greater incidence and sever-
ity of environmental hazards (e.g., droughts, hurricanes)
(Paerl and Huisman 2009; Paerl and Paul 2012; Smucker
et al. 2021), resulting in a need for monitoring to inform
management. HAB management is defined as a biological,
chemical, mechanical, or physical action to decrease risks
or impairments to water uses. Scalable management tech-
nologies for HABs are available, and new technologies are
being developed and tested, but because of the apparent
stochastic nature of many planktonic blooms (Graham et al.
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Figure 1. Conceptual representation of the decreased uncertainty that may be achieved using remote sensing in comparison to discrete sampling and
traditional enumeration and identification. Black dots and connecting lines indicate “real” values as the HAB changes with time (e.g., may increase or
decrease intensity over time). Cell density and chlorophyll-a in this theoretical example are correlated; however, this may not always be the case. Gray
area represents a theoretical cone of uncertainty (e.g., increasing uncertainty with time) and can impact planning of a management action and efficacy
measurements. Panel A, photo credit: U.S. Army Corps of Engineers Kansas City District, 2021. Panel B, image credit: U.S. Army Corps of Engineers
HAB Explorer web application example for Milford Lake, Kansas, 2024; https://jecop-public.usace.army.mil/hab/.

2008; Beaton et al. 2020), it can be challenging to plan and
implement management and evaluate efficacy at scale due
to spatial and temporal changes in HABs (especially plank-
tonic species) in terms of bloom density and location. Often
water resource managers and decision makers have limited
spatial and temporal data (e.g., grab samples) to inform
when and where to manage. Further, these challenges
impact the evaluation of a management action, in which
field samples lack sufficient spatial and temporal coverage
to thoroughly evaluate and understand efficacy. Limited
spatial and temporal data often leads to uncertainty,
thereby negatively impacting successful outcomes of a man-
agement plan (Figure 1) (Michalsen et al. 2024).

Given the dynamic changes possible with HABs, time is a
primary factor that increases the uncertainty of HAB mea-
surements (Figure 1). For example, traditional HAB sam-
pling techniques often involve collection of discrete
samples with limited spatial and temporal scale. These sam-
ples are then shipped to a laboratory where they are
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analyzed; a report is developed, and decisions are made
based on that report before teams are mobilized to imple-
ment a management action (Bishop and Rodgers 2011;
Isaacs et al. 2013; Geer et al. 2017; Kinley-Baird et al. 2023).
During this time (days to weeks), multiple processes impact
both the density and position of HAB-forming phytoplank-
ton in a waterbody leading to potentially inaccurate
assumptions regarding the HAB and, ultimately, jeopardiz-
ing management success.

Cell density is a crucial factor impacting effective man-
agement actions, particularly regarding algaecides for
which exposure-response relationships are dose dependent
(i.e., greater cell densities require greater algaecide treat-
ment rates) (Kinley et al. 2017; Calomeni et al. 2018). How-
ever, monitoring cell density over space and time can be
challenging for many algal species, as the growth rate and
distribution within the water column are subject to several
biotic and abiotic factors. For example, the density and
position of a HAB can change rapidly (e.g., within an hour)
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(Graham et al. 2008; Deng et al. 2016), concentrate at spe-
cific depths, move vertically as a layer within the water col-
umn, or distribute relatively evenly throughout the water
column (Graham et al. 2008). Factors that impact vertical
movement include the buoyancy of the phytoplankton
(Verspagen et al. 2004; Misson and Latour 2011) and physi-
cal processes within the system (e.g., thermal stratification,
water and wind velocities) (Graham et al. 2008; Deng et al.
2016). Factors that can influence the location of HABs hori-
zontally include water and wind velocities as well as light,
temperature, and nutrient availability (Graham et al. 2008;
Deng et al. 2016). Ultimately, changes in movement, density,
and composition of a HAB are likely between sample collec-
tion and management action, thereby increasing uncertainty
and the risk of implementing a misinformed management
action (Calomeni et al. 2017). Therefore, remote sensing and
field-based sensors may provide an opportunity to decrease
uncertainty and provide additional data resolution between
manual sample analysis and management action, potentially
saving time and resources, and reducing human or ecological
risks from ineffective management.

There is an immediate need to pair additional lines of
evidence from remote sensing and field-based sensor tech-
nologies with traditional methods to better inform HAB
adaptive management strategies. Communication with
experts in the field is critical to understand practical uses of
remotely sensed data and how this technology can be realis-
tically integrated into existing workflows (Topp et al. 2020).
Although this study was exploratory in that it aims to high-
light key insights and identify areas where further investiga-
tion is warranted, other recent in-depth reviews are
available that explore sensing methodologies used for HABs
(e.g., algorithms and machine learning approaches), hyper-
spectral processes (e.g., spectral bands), and novel sensor
technologies (e.g., Arias et al. 2025; Kumar et al. 2025; Wang
and Qin 2025). Therefore, the objectives of this study were
to 1) conduct a literature review to identify existing exam-
ples of remote sensing and field-based sensors used for
HAB management and 2) facilitate a meeting with experts
in HAB management to identify data needs for manage-
ment action as well as information gaps in using remote
and field-based sensor technologies. In this paper, the data
needs and information gaps identified during the meeting
were expanded with support from peer-reviewed literature.

METHODS

Literature review of existing HAB management decisions
informed by remote sensing and field-based sensors

This literature review was performed by searching multi-
ple databases including Science Direct, Web of Science,
IEEE Xplore Digital Library, JSTOR, Wiley Online Library,
and Google Scholar. No date restrictions were applied. The
purpose of this search was to identify scholarly articles
focused on the use of remote sensing and field-based sen-
sors to inform a particular HAB management action. Other
authors often use the term “management” nonspecifically
(i.e., the management action is not defined) or include
avoidance of risk within the definition. For example, man-
agement as defined by others may include placing signage
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around a HAB-impacted waterbody to warn users of risks.
Therefore, keyword combinations for searches were selected
with the goal of identifying manuscripts that detailed a spe-
cific management action.

Each database was searched using 15 different keyword com-
binations. The search contained the same two keywords
(“remote sensing” and “harmful algal blooms”) with a third dis-
tinct keyword specific to a management action. The 15 different
keywords searched were “management,” “algaecide,” “harvester,”
“dye,” “flocculation,” “chemical control,” “remediation,” “artifi-
cial mixing,” “artificial circulation,” “straw,” “control,” “deci-
sions,” “treatment,” “mitigation,” and “removal.” Results were
compiled using the management software RefWorks (ProQuest,
Ann Arbor, MI) to give a list with title, author, type of article,
publication date, abstract, and database. Manuscript titles and
abstracts were reviewed to identify those that pertained specifi-
cally to remote and field-based sensors used for management.
Criteria for inclusion were peer-reviewed journal articles written
in English that were within scope.

”» o«

Expert meeting

Input from experts was solicited during the 64th meeting
of the Aquatic Plant Management Society (APMS) held in St.
Petersburg, FL, at a meeting on 17 July 2024 at 1:10 P.M. The
expert meeting held at APMS was open to all attendees.
APMS was selected as the venue to hold this expert meeting
because attendees consist of professionals from different sec-
tors and industries, many of which have conducted or guided
HAB management, while some have expertise in remote and
field-based sensors. This ensured that feedback was grounded
in practical expertise and reflected scientific and management
perspectives relevant to the scope of this study.

The meeting was attended by 32 professionals representing
industry (44%), academia (31 %), government (16%), and non-
profit or public organizations (9%). Seven individuals had pre-
viously presented a topic related to remote sensing, mostly
remote sensing for nuisance and invasive aquatic plant man-
agement, at APMS within the last 5 yr. Industry represented
individuals that plan HAB management activities consisting
of chemical, mechanical, physical, biological, and nutrient
management sectors as well as algaecide manufacturers and a
remote sensing company (Figure 2).

After an introduction to the context of the study, experts
were verbally asked guiding questions, and free form con-
versation followed each question in series. A member of the
research team served as a dedicated note taker during dis-
cussion. Questions were as follows:

1) What data are important in making a HAB manage-
ment decision?

2) What remote sensing and field-based sensor tech-
nologies are currently being used by industry?

3) What technologies are the most promising, and
which ones are not working?

4) What are issues associated with analyzing or manag-
ing data to reach a HAB management decision?

Meeting notes were maintained during discussion and
were informally analyzed. The group was asked to review an
earlier draft of this manuscript with individuals providing
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Figure 2. Composition of experts that attended a remote and field-based sensor meeting for harmful algal bloom management during the 64th meeting
of the Aquatic Plant Management Society (APMS) held in St. Petersburg, FL, in 2024.

support of text in this document included as coauthors as
appropriate.

RESULTS AND DISCUSSION

Literature review of existing HAB management
decisions informed by remote and field-based sensors

We identified 199 manuscripts spanning 1997-2024 with
24 manuscripts listing management as a keyword (Figure 3);
however, only five of 199 papers (2.5%) specifically refer-
enced using remotely sensed data or data obtained from
field-based sensors in the context of a management decision
(Table 3). These results highlight the need for additional
sensor research grounded in HAB management decision
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Figure 3. Number and percent of manuscripts grouped by keyword catego-
ries that were identified in the literature review. Keywords were grouped
into categories based on synonymous terms. Keywords that were not
action focused (e.g., harmful algal bloom, cyanobacteria) are not included
as well as keywords listed in only a single manuscript.
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making and emphasizes the importance of incorporating
expert input, as done at an exploratory level in this paper.
Two papers used data obtained from remote or field-based
sensors to measure parameters necessary in determining if
a management trigger had been reached in the context of
drinking water resources (Adams et al. 2022; Alayande et al.
2022). HABs often occur intermittently or seasonally in
many locations, therefore consistently managing a drinking
water facility as though a HAB is mostly present would be
an inefficient use of chemicals. Therefore, drinking water
facilities establish triggers indicating that a change in man-
agement action needs to be performed. For the city of Wichita
Falls, TX, in situ multiparameter sondes with wipers were
deployed strategically outside and within the drinking water
treatment facility. Increases in pigment concentrations were
used to indicate that more frequent source water monitoring
was needed as well as the location and timing of sample collec-
tion. Once a HAB was confirmed via traditional laboratory
analyses, the utility company may switch source water intakes
to a lake without a bloom, implement in-lake treatments, or
alter chemical addition within the plant (Adams et al. 2022).
Another example is desalinization facilities that provide a crit-
ical source of potable water and are sensitive to HABs that
can clog filtration systems. Alayande et al. (2022) discussed a
theoretical example of using satellite remote imagery and
drones to track HAB events and provide an early warning to
optimize desalinization processes.

Another study suggested using remotely sensed data to
characterize HAB severity among waterbodies. Some indus-
trial sectors (e.g., energy companies) as well as state and fed-
eral agencies are responsible for the management of
multiple lakes. Mishra et al. (2019) presented methods for
calculating area-normalized HAB magnitude using remotely
sensed imagery that could be used to rank waterbodies in
terms of HAB severity. Ranking could then be used to priori-
tize waterbodies requiring the most attention and resources
for management. In a different study, satellite imagery from
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the Sentinel-3 Ocean and Land Colour Instrument (OLCI)
was compared to data collected from in situ sampling of the
Lake Okeechobee waterway (Reynolds et al. 2023). Remote
sensing provided data with higher spatial and temporal fre-
quency that could be used to track HAB location relative to
downstream discharge points without significant labor and
cost increases often associated with in situ sampling. The
authors provide an example of the use of remote sensing
data to inform the timing of reservoir releases if a HAB is
present at a discharge point to reduce or mitigate down-
stream impacts. Lastly, monitoring of management effec-
tiveness using field-based sensors was highlighted in
Calomeni-Eck et al. (2024), in which a pilot algaecide treat-
ment was performed within a pond that was divided into
treated and untreated areas. Two in situ multiparameter
sondes, one each in the treated and untreated areas, were
used to monitor chlorophyll-a and phycocyanin concen-
trations after management. The sondes provided pigment
data at high temporal resolution and were used as a line of
evidence in addition to traditional sampling and analysis
methods to interpret treatment effectiveness.

In Adams et al. (2022) and Calomeni-Eck et al. (2024),
field-based sensor technologies were used in conjunction
with traditional sampling and analysis techniques. This is a
rational approach for the novel use of these technologies
for management decision making. For example, drinking
water facilities represent a high-risk scenario where misin-
formed decisions could lead to adverse outcomes. The use
of field-based sensors to fill data gaps informing when and
where to sample utilizes the benefits provided by high tem-
poral resolution data (Adams et al. 2022). Ultimately, the
lack of manuscripts focused on the use of remote sensing
and field-based sensors to inform management highlights
opportunities in this area of research.

Expert meeting

A meeting with a group of experts was convened to dis-
cuss and identify key data gaps for how sensors could be
used to inform management actions related to HABs. The
experts emphasized the need for improved real-time moni-
toring capabilities to detect HABs early and accurately.
They also highlighted gaps in the integration of remote
sensing and field-based sensor data with traditional sam-
pling, noting the challenges in harmonizing datasets and
uncertainties from different platforms. Insights from the
meeting were grouped into key areas of interest that were
developed further in the seven sections outlined below:

1. Establish necessary data for management and when
data are used for decision making

2. Use of remote sensing and field-based sensors to
identify HAB taxa

3. Determination of HAB cell density and chloro-
phyll-a concentration

4. Determination of toxin concentrations

5. Determination of HAB spatial distribution in the
water column

6. Remote sensing and field-based sensor data integra-
tion with traditional methods
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7. Understanding key limitations or challenges with
remote sensing and field-based sensor data.

Expert input—Necessary data and timing for decision
making

Data are needed to make multiple management deci-
sions at different times during the management process,
including the following: 1) identifying when management
is necessary, 2) informing an appropriate management
action and where it should be implemented, and 3) evalu-
ating management efficacy (Huddleston et al. 2015; Calo-
meni et al. 2017; Geer et al. 2017; Kinley-Baird et al. 2023;
Calomeni-Eck et al. 2024). To identify when management
is necessary, action thresholds are established that refer
to a specific quantity of a parameter before HAB impair-
ment is unacceptable (Calomeni et al. 2017). Thresholds
for HABs can be cell density, toxin concentration, or con-
centrations of specific taste and odor compounds that
create unpalatable drinking water (e.g., geosmin and 2-
methylisoborneol). For example, at a drinking water facil-
ity, a risk-based action threshold could be below the
USEPA drinking water health advisory level for microcys-
tins and/or below the human detection limit for taste and
odor compounds. In industrial settings where the man-
agement goal is to remain within NPDES permit require-
ments, thresholds are often pH and/or total suspended
solids in discharge waters.

To inform an appropriate management action, the phy-
toplankton taxa, relative abundance of each taxon, and
total cell density of the assemblage are necessary data as
well as the location and extent of the phytoplankton hori-
zontally over the water surface and vertically in the water
column. Additional water characteristics, primarily dis-
solved oxygen levels and water temperature (both spatially
and vertically), are also needed to determine whether a
management action that could rapidly kill cyanobacteria or
algae cells would be safe for nontarget organisms due to
biological oxygen demand.

Lastly, to determine management efficacy, the target
parameter of interest (e.g., cell density, toxin concentra-
tion, or taste and odor concentration) following manage-
ment can be compared to the value for that parameter
prior to management and to the action threshold itself.
For algaecide applications administered to waters of the
United States, as a management action, cyanobacterial or
algal taxa, cell density, surface area, location, and toxin
concentrations may be required by state and federal law
to meet permitting requirements (Calomeni et al. 2017).

Further, in locations where a strategic decision has been
made toward the long-term management of HABs, descrip-
tive data are needed for adaptive management (Netherland
and Schardt 2021) (Figure 4). Adaptive management is a
process that is often appropriate for HAB impacted loca-
tions as it facilitates decision making in situations where
unknowns are expected, such as changing conditions as
management progresses and fluctuating environmental
conditions. Identification of an action threshold is captured
by “HAB problem formulation” and “plan and prioritize”
phases of the adaptive management process (Figure 4).
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Figure 4. Harmful Algal Bloom (HAB) Adaptive Management Plan (adapted from NRC 2004, Williams et al. 2009, CMP 2013, McQueen et al. 2024).

These phases are critical to develop a scientific basis for
the management action and identified goals. Character-
izing the cyanobacterial or algal taxa, cell density, and
HAB location is needed to identify site-specific control
options within the “management action plan” phase.
Comparison of pre- and postmanagement conditions is
needed to discern how effective the management action
was during the “measure outcomes” phase so that man-
agement actions can be refined as part of the “adapt and
refine” phase. Ultimately, parameters such as cell densi-
ties and toxin concentrations need to be determined in
multiple management phases and remote sensing and
field-based sensor technologies that can be used to either
quantify these specific parameters or inform sample

collection (i.e., when and where) are useful for manage-
ment decision making (Table 1).

Identification of HAB taxa

Phytoplankton can consist of harmful or problematic
taxa that are the focus of management as well as beneficial
(e.g., food source for higher trophic levels) or benign taxa
that are not the intended target of management; therefore,
identification of specific target taxa is often critical for
management success and to characterize potential risks and
issues caused by the HAB. Researchers are investigating the
potential to use spaceborne, airborne, surface-based, and
submersed sensors coupled with machine learning methods

TABLE 1. LIST OF DATA TO SUPPORT THE MANAGEMENT OF HABs.

—

. Necessary data'
Total impacted acreage targeted for management
Map of area to be managed

HAB location horizontal over water surface, vertical within water column, and surface area extent

Algal taxa identification and assemblage composition
Cell density, biovolume, biomass

Algal toxin concentrations: measurement of algal toxins (e.g., microcystins, cylindrospermopsins, anatoxin-a, and saxitoxins)

no

. Biological, chemical, physical data (spatial and temporal)

Algal pigments: chlorophyll-a, phycocyanin aggregate data to estimate relative amount of algae

Algal secondary byproducts: taste and odor (geosmin, 2-methylisoborneol [MIB])

Water quality data: temperature, pH, dissolved oxygen, nutrient concentrations, light attenuation, turbidity, total suspended solids, conductivity, alkalinity
Hydrological data: Mapping currents and water flow that influence bloom location and contact time (e.g., algaecide)

3. Historical and predictive modeling data

Historical bloom data:helps in predicting and understanding the timing and frequency of HABs
Long-term climate data: temperatures and changes in precipitation patterns, extreme weather events
Forecast models: use of predictive models incorporating meteorological, hydrological, biological to forecast bloom occurrences

'Data requirements are specific to the management technique and the state. These data may be required by state and federal agencies for algaecide permits.
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to distinguish HAB taxa. Identification of HAB taxa is pri-
marily based on imagery (e.g., flow imaging microscopy,
multispectral or hyperspectral reflectance in visible and
near-infrared spectrum), which may highlight the presence
or absence of specific algal taxa, such as cyanobacteria via
the pigment phycocyanin (Randolph et al. 2008; Pokrzywin-
ski et al. 2021; Slonecker et al. 2021; Legleiter et al. 2022;
Rolim et al. 2023; Fournier et al. 2024). The utility of these
optical methods varies widely, especially because of the vari-
ability in sensor capabilities. For example, the spatial resolution
of imagery ranges from micrometers with submersible micro-
scopes to hundreds of meters per pixel with satellites. At
microscopic scales, individual cells may be identified and enu-
merated, whereas at centimeter- and meter-level scales, the
aggregate absorption and backscattering properties of the
water column can indicate the presence or absence and relative
abundance of cyanobacteria based on the unique spectral pro-
file of different phytoplankton taxa. Such spectral profiles can
be examined in laboratory environments where field-collected
and pure HAB cultures are grown under a variety of conditions
(e.g., low to high light and nutrient concentrations) that may
impact the spectral signatures of taxa, and then imaged using a
hyperspectral sensor (Pokrzywinski et al. 2021). Specifically, the
laboratory methods described in Pokrzywinski et al. (2021)
were used to evaluate deviations between spectral signatures of
different cyanobacteria, suggesting that hyperspectral-based
methods hold promise for identifying taxa. This approach
requires validation in the field as there are distinct visual
changes that occur to cyanobacteria in culture as in the case of
Microcystis aeruginosa that often is present as single cells but
aggregated in colonies in the field (Zhang et al. 2007; Salmaso
et al. 2014). Additionally, in the field, cyanobacteria may exist
in the presence of suspended sediment and as an algal assem-
blage that may impact spectra (Legleiter et al. 2022).

Determination of HAB cell density and chlorophyll-a
concentration

Satellite imagers (e.g., PlanetScope, Worldview-2, Senti-
nel-2) can be used to assess water conditions by measuring
reflected light from the water surface at specific wave-
lengths. Common wavelengths used for detection of HABs
are green reflectance (near 550 nm), chlorophyll-a absorp-
tion (665 nm -680 nm), chlorophyll-a fluorescence (683
nm), and cell backscattering (705 to 709 nm) (Davis et al.
2007; Kutser 2009; Shen et al. 2012; Stumpf et al. 2016b;
Lekki et al. 2019). Over the past few decades, there has been
an increase in research for the development of spectrally
based algorithms which utilize these spectral features to
generate indices applied to imagery to quantify chloro-
phyll-a concentrations or provide relative estimations that
can be used for estimating HAB density (Glazer et al. 1973;
Gregor and Marsalek 2004; Dall’Olmo and Gitelson 2005;
Kutser 2009; Lunetta et al. 2015; Beck et al. 2016). While a
full review of remote-sensing—derived HAB algorithms is
beyond the scope of this paper, some notable examples are
the Normalized Difference Chlorophyll Index (NDCI), Chlo-
rophyll/Cyanobacterial Index (CI), and Maximum Chloro-
phyll Index (MCI) (Wynne et al. 2008; Mishra and Mishra
2012; Binding et al. 2013; Seegers et al. 2018). Resulting map
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products illustrate the extent of chlorophyll-a or potential
HAB conditions across the surface of a waterbody, provid-
ing a wholistic view and broad spatial context to managers.

Determination of toxin concentrations

Direct detection of toxins is not currently possible using sat-
ellite and airborne imaging technologies. However, researchers
have developed methods to investigate relationships among
photosynthetic pigment concentrations discerned via satellite
imagery and toxin concentrations (e.g., 0.1 to 40 ug L™ " as indi-
vidual microcystin congeners) traditionally analyzed in the labo-
ratory using ELISA (Douglas 2020; Douglas Greene et al. 2021).
Stronger correlations occur when predictions are made within
a waterbody or within waterbodies with similar characteristics
(Douglas 2020) relative to large spatial scales (e.g., the state of
Iowa). Similarly, correlations are anticipated to decrease with
longer temporal durations. This is due to photosynthetic pig-
ment concentrations being aggregate measurements of algae
and not direct measurements of toxin concentrations. Photo-
synthetic pigments are contained by multiple algae and cyano-
bacteria including nontoxin and toxin-producing taxa. Within
a waterbody, the same toxin producer may be more likely to
reoccur resulting in greater correlations at this smaller tempo-
ral and spatial scale. However, toxin production by cyanobacte-
ria is often intermittent and could be correlated with a range of
internal and external factors, and as such, toxin analysis is nec-
essary to confirm toxin concentrations.

A few autonomous toxin sampling and analytical devices
have been explored (Herranz et al. 2012; Maguire et al. 2018;
Ussler et al. 2024) (Environmental Sample Processor, McLane
Laboratories, East Falmouth, MA). These devices could be
placed on a buoy or autonomous vehicle for independent
sample collection and toxin measurement. For example, Uss-
ler et al. (2024) described an autonomous sampling system
whereby three separate autonomous innovations, including
the vehicle, sampler, and analytical instrument, were deployed
and evaluated in western Lake Erie. The system is an autono-
mous underwater vehicle capable of deployments lasting 10 to
14 days. The environmental sampler conducts sampling, filtra-
tion, cell lysis, and preservation depending on the analytical
needs. The small-scale (e.g., penny-sized) on-board analytical
instrument uses surface plasmon resonance for microcystin
measurement. These technologies are emerging as turnkey
autonomous devices using USEPA-approved methods for
toxin detection but are not currently available commercially.

Determining HAB distribution—Horizontally over water
surface

Satellite imagery is a fit-for-purpose technology used to
estimate HAB coverage over the water surface. Imagery can
be used to estimate HABs with moderate to high cyanobac-
terial cell densities defined by the World Health Organiza-
tion as above 100,000 cell/ml and for waterbodies ranging in
size from a small waterbodies (< 0.01 km?) (Mullen et al.
2023) to a large lake (e.g., the Great Lakes) depending on
the sensor (Clark et al. 2017; Coffer et al. 2021). Common
satellite remote sensing research focuses on HAB monitor-
ing using a variety of algorithms or band ratios for estab-
lishing HAB location and surface area extent (Wynne et al.
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TABLE 2. EXAMPLES OF NATIONALLY FOCUSED SATELLITE REMOTE SENSING TOOLS, PLATFORMS, AND WEB APPLICATIONS.

Web-based tools, platforms, and applications

URL

Citation

Sentinel Hub’s EO Browser'

EPA’s Cyanobacteria Assessment Network v1.1.52
USACE’s waterquality R tool v1.0

USACE'’s waterquality for ArcGIS Pro toolbox v1.1
USACE’s HAB Explorer

bloomWatchvb

https:/lapps.sentinel-hub.com/eo-browser/
https:/lqged.epa.govicyanwebl/account
https:/igithub.com/RAJohansen/waterquality
https:/lerdc-library.erdc.dren.mil/jspui/handle/11681/42240
https:/[jecop-public.usace.army.mil/hab/
https:/lcyanos.org/bloomwatch/

(EO Browser 2024; Sentinel Hub 2024)
(Schaeffer et al. 2015)

(Johansen et al. 2019)

(Saltus et al. 2022)

Not applicable

Not applicable

'EO Browser does not have a specific HAB product, but users can customize band ratio algorithms for HABs (e.g., normalized difference chlorophyll index).

2008; Mishra and Mishra 2012; Binding et al. 2013; Beck
et al. 2016; Seegers et al. 2018). Spectrally based algorithms
have accurately estimated HAB indicators, such as chloro-
phyll-a (Seegers et al., 2018), assess regional and national
HAB conditions (Clark et al. 2017; Coffer et al. 2021), and
quantify monthly bloom changes, including to help inform
management decisions (e.g., strong correlations between in
situ and remote sensing-based estimations with a Kendall’s
tau value of 0.85) (Reynolds et al. 2023). Thus, a variety of
web-based platforms or tools utilizing satellite imagery cur-
rently exist for detecting and mapping HABs (Table 2). As
most studies focus on HAB monitoring, a more thorough
understanding of remote sensing accuracies for management
decision making is a topic that would require additional
research. Although satellite imagers typically measure signal
return from the water surface or near-surface (e.g., approxi-
mately the top meter of the water column depending on water
conditions), additional sensors are needed to discern condi-
tions below the water surface.

Determining HAB distribution—Vertically in water column

The usefulness of in situ sondes for detection of HABs
using HAB indicators (e.g., chlorophyll-a and phycocyanin
concentrations, pH, and dissolved oxygen) has been previ-
ously demonstrated and reported in this paper. However,
deploying in situ sondes at discrete depths within a water
column could be used to track the vertical location of
HABs. There are multiple commercial companies that
advertise near real-time data logging capabilities associated

with in situ sondes that transmit data to a cloud data reposi-
tory for access via cellular device and web browser. This can
provide rapid assessment of HAB depth, but the HAB
would need to be located at the sensor for detection.

An emerging area of research is the use of remote sens-
ing reflectance to measure the vertical distribution of
HABs. Kwon et al. (2020) measured in situ remote sensing
reflectance at three discrete depths (below surface, 50 cm,
and 100 cm) using a portable sensor combined with a UAS-
mounted hyperspectral sensor (Kwon et al. 2020), whereas
Moore et al. (2019) applied airborne LiDAR to evaluate
algal concentration and to discriminate between two cyano-
bacteria genera (Microcystis and Planktothrix) by their differ-
ing vertical position in the water column (Microcystis was
consistently closer to the water surface) (Moore et al. 2019).
Although the application of many of the mentioned tech-
nologies is still in its infancy, they demonstrate the benefits
of integrating various remote sensing approaches for
improved management decision making as these tools and
techniques become more available.

Remote sensing data integration with traditional methods

Integrating satellite remote sensing data with traditional
sampling methods (e.g., grab sampling) for the management
of HABs offers numerous benefits to enhance efficiency,
monitoring, and response strategies. First, multiplatform/
sensor data integration allows for comprehensive spatial
coverage. While remote sensing provides broad-scale, near
real-time observations of waterbodies (Gons et al. 2008;

TABLE 3. SUMMARY OF MANUSCRIPTS THAT DISCUSSED REMOTE AND FIELD-BASED SENSORS FOR MANAGEMENT DECISION MAKING.

Location Water body Purpose Remote or field-based sensor Citation
Wichita Falls, TX Source water of drinking  Increases in pigments suggest more Field-based (multiparameter Adams et al.
water facility frequent monitoring to determine if sonde) (2022)

source water intakes need to be
switched, in-lake treatments or
chemical additions within plant

needed
Source water of
desalinization facility

Mediterranean Sea,
Arabian Gulf, Gulf of
Oman and Red Sea

Big Eleven Lake, Kansas
City, KS

Pond

Hypothetical situation: Early warning
to optimize desalinization process

Line of evidence in addition to
traditional sampling to

Remote (satellite and drone
imagery)

Alayande et al.
(2022)

Calomeni-Eck
et al. (2024)

Field-based (multiparameter
sonde)

interpret algaecide treatment

effectiveness

Florida and Ohio Multiple water bodies

Rank water bodies for management

Remote (satellite imagery- Mishra et al.

based on HAB severity ENVISAT and MERIS) (2019)
Lake Okeechobee Lake Inform timing of reservoir releases if Remote (satellite imagery- Reynolds et al.
Waterway, FL a HAB is present at discharge point Sentinel-3 Ocean and Land (2023)
to reduce downstream impacts Colour Instrument [OLCI])
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Moses et al. 2009; Wang et al. 2020; Johansen et al. 2024),
traditional grab sampling offers high-fidelity data at specific
locations, enabling more precise assessments of algal com-
position and comparisons of estimated algal pigment data
(e.g., satellite derived chlorophyll-a) with cell density (cell/
ml). This synergy helps to validate and calibrate remote
sensing algorithms, improving the accuracy of biomass esti-
mates and enabling better characterization of bloom
dynamics (Ma et al. 2021; Zhou et al. 2023). Additionally,
remote sensing data can be used to inform the timing and
location of grab sampling efforts, making field sampling
more efficient and focused on areas of high algal concentra-
tion. By combining the strengths of both approaches,
resource managers can develop more effective predictive
models for bloom occurrence and intensity, leading to
timely interventions (Stumpf et al. 2016a; Hill et al. 2020;
Gupta et al. 2023; Schaeffer et al. 2024). Furthermore, this
integration enhances data richness, facilitating a more com-
prehensive understanding of the factors driving HABs, and
ultimately leading to improved decision making for water
quality management and public health protection.

Challenges of remote sensing data for application to
HAB management

Data analysis and management using satellites and
remote sensing for managing HABs presents several chal-
lenges. First, the data volume generated by remote sensing,
particularly imagery with high spatial and temporal resolu-
tions, requires robust cyber-storage and processing capabil-
ities. Data integration from multiple sources, such as
different satellite platforms or combining remote sensing
with in situ data, can be complex due to varying spatial reso-
lutions, spectral bands, and temporal frequencies (Glibert
et al. 2018; Khan et al. 2021). Satellite imagery can be
affected by environmental factors like cloud cover, atmo-
spheric interference, and water turbidity, leading to poten-
tial false positives or missed HAB detection (Dall’lOlmo and
Gitelson 2005; Li et al. 2010; Park et al. 2010; Matthews
2017; Xu et al. 2019). Computational limitations can arise,
especially in real-time processing, which is necessary for
timely management responses. Moreover, costs associated
with accessing high-resolution or proprietary data and techni-
cal expertise required to process and interpret the data can
be barriers to resource managers wanting to adopt these tech-
nologies for management purposes. Finally, creating action-
able insights from these data involves developing advanced
models capable of predictive analysis while balancing the
need for accuracy with the complexity of big data.

However, there are opportunities to decrease the “barrier
to entry” for using remote sensing and field-based sensor tech-
nologies for actionable HAB management decisions. For
example, advancements in cloud computing and storage have
led to a dramatic improvement in the development of user-
focused software and web-based applications (Woodcock et al.
2020; Khan et al. 2021). Notably, open-source programming
and web apps have helped reduce technical barriers and
enabled the integration of remotely sensed imagery as a com-
plementary tool for monitoring HABs to aid decision making
and management goals (Schaeffer et al. 2015; Johansen et al.
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2019; Saltus et al. 2022; EO Browser 2024; Sentinel Hub 2024)
(Table 2).

SUMMARY AND PATH FORWARD

HAB management has become increasingly complex
given the diversity of nuisance algal species and apparent
stochastic nature of HAB distribution over space and time.
Resource managers often have limited spatial and temporal
data to inform when and where to treat HAB occurrences.
There are emerging remote sensing and field-based sensor
data, tools, and applications that potentially offer substan-
tial value for improved data collection to inform HAB man-
agement decisions. Five studies were identified that used
remote or field-based sensors to 1) prioritize areas poten-
tially requiring management, 2) provide an early warning or
trigger a change in management action, and 3) provide
more robust lines of evidence for management efficacy.
Additionally, emerging technologies may be useful to aid in
the identification of HAB taxa and horizontal and vertical
distribution in the water body. The currently limited num-
ber of published studies reporting the intentional integra-
tion of remote sensing and field-based sensor technologies
with HAB management highlight the need to better under-
stand their value and to explore future real-world applica-
tions. Therefore, a meeting with experts in the field of HAB
management was facilitated to understand data needs and
opportunities to integrate remote sensing and field-based
sensor technologies into adaptive management processes
and decision making to mitigate the adverse impacts of
HABs. Key perspectives, data gaps, and future research
needs during this meeting included the following:

* Often, management decisions are based on data simpli-
fied to a few averaged values reflecting the target nui-
sance algal species and algal cell density or biomass.

* There is much interest in new remote sensing and field-
based sensor technologies that can offset time and
resource demands for HAB field monitoring programs.

* Traditional monitoring approaches (e.g., grab sampling,
etc.) will need to be strategically used to integrate or
optimize remote sensing and field-based sensors to pro-
vide improved near-real time information.

e There are benefits for aggregation of historical
information to inform predictive tools or modeling
of future HAB events.

e More awareness is needed of real-world field case
study examples using emerging tools for management
decisions.

e Approaches and tools are needed for managing and
analyzing large datasets (such as those gathered dur-
ing remote sensing) into single actionable values.

* Real-time sensing of algae during treatment could
improve efficiency (e.g., sensors informing applica-
tion rates in real time).

* Uncertainty needs to be captured and communicated
for sensor data (selectivity, sensitivity, reproducibility).

* Better understanding of appropriate statistical tools
or methods that can be applied to large, skewed data
or data with a small number of replicates (e.g.,
pseudo-replication).
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