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Abstract
In response to the increasing frequency of cyanobacte-

rial harmful algal blooms (CyanoHABs) in the Finger Lakes 
region of New York State, a pilot study by the U.S. Geological 
Survey, in collaboration with the New York State Department 
of Environmental Conservation, was conducted to enhance 
CyanoHAB monitoring and understanding. High-frequency 
sensors were deployed on open water monitoring-station 
platforms at Seneca Lake in 2019–20, at Owasco Lake 
in 2019–20, and at Skaneateles Lake in 2019. One of the goals 
of this study was to evaluate the ability of in-place sensors to 
make representative measurements of dissolved organic mat-
ter, nutrients, and algal pigments (as indicators of phytoplank-
ton biomass) while collecting routine field parameters (water 
temperature, specific conductance, pH, dissolved oxygen, 
turbidity, weather, and light) to provide additional information 
about environmental conditions.

Despite challenges like power issues and sensor fouling, 
the sensors performed well overall. However, correlation anal-
yses between sensor readings and laboratory measurements 
revealed variable performance. Results indicate the relation 
between the fluorescent dissolved organic matter sensor and 
laboratory-measured dissolved organic carbon was weak at 
all study lakes. The nitrate sensors can be sensitive to ambient 
temperature and have a substantial power requirement, and the 
relation between sensor- and laboratory-measured nitrate val-
ues differed among lakes. The orthophosphate sensors, which 
were complex and prone to data loss, yielded results that were 
difficult to interpret because orthophosphate detections are 
rare in the study lakes. The multichannel fluorometer was also 
complex to use and required several unique procedures for 
its operation.

Chlorophyll measurements from the fluorometers corre-
lated moderately well with laboratory-measured chlorophyll-a, 
although relations with total phytoplankton biovolume were 
weaker. Relations between phycocyanin concentration mea-
surements from the dual-channel fluorometers and cyanobac-
terial biovolume were not significant; however, the cyano-
bacterial biovolume correlation was moderately strong with 

chlorophyll contribution from cyanobacteria measurements 
from the multichannel fluorometer. Of all collected param-
eters, water temperature was among the strongest correlated 
with chlorophyll-a, total phytoplankton biovolume, and cyano-
bacterial biovolume.

Stepwise regression analysis was used to identify the best 
parameters for modeling variance in laboratory measures of 
phytoplankton biomass. This analysis included factors such as 
chlorophyll fluorescence, pH, water temperature, and others, 
which varied by lake. Overall, the models had limited explana-
tory power for chlorophyll-a and other biovolumes, possibly 
due to the absence of CyanoHABs at the open-water monitor-
ing locations. Multivariate models did not outperform simple 
fluorescence-based models. Notably, turbidity was a more 
significant indicator of cyanobacterial biovolume variability 
than phycocyanin from dual-channel fluorometers.

The study concludes that while single and multivariate 
models based on sensor data are useful, they did not explain 
any more variance than fluorescence-based models. Broader 
data collection, including more CyanoHAB events, is neces-
sary to refine these models. Integrating machine learning could 
leverage large, complex datasets to improve CyanoHAB pre-
dictions, thereby enhancing the management and understand-
ing of these blooms.

Introduction
Phytoplankton are cornerstone organisms in aquatic eco-

systems because they serve as the foundation of the food web 
and as primary producers that use carbon dioxide to generate 
oxygen. The composition and growth of phytoplankton com-
munities depend on many variables, including the availability 
of sunlight, carbon dioxide, and nutrients. Mass prolif-
eration of certain types of phytoplankton can substantially 
affect human health, aquatic ecosystems, and the economy 
(Hudnell, 2010; Sanseverino and others, 2016). One phenom-
enon of particular interest is cyanobacterial harmful algal 
blooms (CyanoHABs), which can produce a variety of toxins 
and taste- and odor-causing compounds; these compounds 
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are of concern in waterbodies that supply drinking water and 
that are used for recreation (Boyer, 2007; Graham and oth-
ers, 2008). Greater concentrations of cyanobacterial toxins 
(hereafter referred to as “cyanotoxins”) have caused illness 
and death of humans and animals throughout the United States 
(Yoo and others, 1995; Hudnell, 2008; Trevino-Garrison and 
others, 2015; Graham and others, 2017). Early detection and 
preventative management are increasingly important because 
global CyanoHAB concentrations have increased in the past 
several decades (Wang and others, 2009; Winter and others, 
2011; O’Neil and others, 2012, Trevino-Garrison and oth-
ers, 2015; Taranu and others, 2015; Favot and others, 2023; 
Gorney and others, 2023). One such area where CyanoHABs 
have increased in recent decades is the Finger Lakes region 
of central New York, particularly in 2017 when all 11 Finger 
Lakes experienced open water, shoreline, or both types of 
CyanoHABs (Boyer, 2007; New York State Department of 
Environmental Conservation [NYSDEC], 2018, 2020).

CyanoHABs in the Finger Lakes are commonly isolated, 
ephemeral, or spatially heterogeneous, so monitoring and 
quantifying risk to public health through traditional discrete 
grab sampling may not reliably capture elevated concentra-
tions of phytoplankton biomass, cyanotoxins, or other param-
eters of interest (Prestigiacomo and others, 2023; Kraus and 
others, 2017, Ho and Michalak, 2015). The U.S. Geological 
Survey (USGS) started a CyanoHAB advanced monitoring 
pilot study, in collaboration with the NYSDEC, to advance 
the state of monitoring and understand CyanoHABs in the 
Finger Lakes. The pilot study consisted of a series of stud-
ies between 2018 and 2020 to assess a range of traditional 
and innovative monitoring approaches and technologies. The 
objectives of the assessment were to inform future monitoring 
strategies and increase the understanding of factors related to 
CyanoHAB proliferation in New York State using a multi-
tiered approach, including water-quality sensors.

After preliminary discrete sampling and study design 
initiatives in 2018, the USGS deployed three monitoring 
station platforms in open water at Seneca Lake, Owasco 
Lake, and Skaneateles Lake in 2019, and in Seneca Lake and 
Owasco Lake in 2020 (fig. 1). The platforms were designed 
to help evaluate a large suite of high-frequency sensors (that 
is, sensors deployed in the natural environment that take 
measurements at frequencies of minutes to hours). The goal 
was to evaluate the ability of sensors to take representative 
measurements of dissolved organic matter (DOM), nutrients, 
and algal pigments (as indicators of phytoplankton biomass). 
Routine water-quality parameters (water temperature, specific 
conductance, pH, dissolved oxygen, turbidity, and weather 
and light) were collected to help interpret more novel sensor 
results. Leveraging information from high-frequency sen-
sor data is a monitoring approach that can provide a high-
resolution (spatially and [or] temporally dense) representation 

of physiochemical and biological conditions and trends that 
are important for assessing spatiotemporal dynamics and 
for identifying early indicators of potentially harmful algal 
blooms (Downing and others, 2017; Foster and others, 2022).

Purpose and Scope

The purpose of this report is to present the results of a 
USGS study, done in cooperation with NYSDEC, to evalu-
ate sensors used for continuous monitoring of CyanoHABs, 
in three of the Finger Lakes of central New York State: 
Seneca Lake (USGS site 425027076564401), Owasco Lake 
(USGS site 425327076313601), and Skaneateles Lake 
(USGS site 425606076251601). Data were collected in 
Seneca, Owasco, and Skaneateles Lakes in 2019, and in 
Seneca and Owasco Lakes in 2020. The goal was to evaluate 
the ability of sensors to make representative measurements of 
DOM, nutrients, and algal pigments (as indicators of phyto-
plankton biomass); more routinely collected parameters (water 
temperature, specific conductance, pH, dissolved oxygen, 
turbidity, and weather and light) also were collected to help 
evaluate the sensors. Correlations were explored between 
sensor data and laboratory-measured discrete sample data to 
evaluate sensor performance, and to identify important vari-
ables for estimating phytoplankton biomass and cyanobacterial 
abundance. The results from the technology evaluations may 
help to identify the most informative and cost-effective moni-
toring strategies using sensors and to inform future monitoring 
and management efforts in the Finger Lakes and throughout 
New York State. All data discussed in this report are available 
in USGS data releases (Johnston and others, 2023; Perkins 
and others, 2021) or the National Water Information System 
(NWIS; USGS, 2016).

Technology Evaluation Disclaimer

The USGS evaluates various monitoring technologies, 
such as sensors and systems, to determine their suitability 
for current or future use in USGS monitoring. These technol-
ogy evaluations are performed by USGS staff, who adhere 
to specific protocols, criteria, and quality-assurance (QA) 
procedures. The USGS does not aim to rank or compare 
technologies; determine regulatory compliance; identify tech-
nologies as acceptable or not; or determine “best avail-
able technologies” in any form. The USGS does not certify 
that a technology will always operate as demonstrated and 
makes no expressed or implied guarantee as to the perfor-
mance of the technology. The end user is solely respon-
sible for complying with all applicable Federal, State, and 
local requirements.
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Figure 1.  Map showing the Finger Lakes region, New York.

Description of Study Area
The Finger Lakes are important recreational, drink-

ing water, and economic resources for New York State 
(Halfman, 2016, NYSDEC, 2019). The Finger Lakes region 
encompasses 11 narrow north-south oriented glacial lakes 
in western New York, south of Lake Ontario (fig. 1). About 
35 percent of New York is in the Finger Lakes drainage basin, 
which covers about 23,310 square kilometers (km2) and all 
or part of 14 counties. In recent decades (since the 2000’s), 
CyanoHAB frequency has increased in several of the Finger 
Lakes (NYSDEC, 2020). In 2017, all 11 Finger Lakes expe-
rienced open water or shoreline CyanoHABs, even those 
historically characterized by low concentrations of nutrients 
and chlorophyll-a (NYSDEC, 2018). Previous studies on the 
Finger Lakes and other lakes in New York State have docu-
mented the spatiotemporal heterogeneity of CyanoHABs 
and cyanotoxins within and among lakes (Halfman, 2016; 

NYSDEC, 2019; Smith and others, 2019; Prestigiacomo and 
others 2023; Gorney and others 2023). The three advanced 
monitoring pilot study lakes were chosen, in part, because 
they represent a continuum of trophic states, from oligotrophic 
(low nutrient concentrations) to mesotrophic (moderate nutri-
ent concentrations) (Callinan, 2001; Halfman, 2016; NYS-
DEC, 2019).

Of the 11 Finger Lakes, Seneca Lake is the largest in 
surface area (about 175 km2) and the deepest (maximum depth 
is about 200 meters [m]). Seneca Lake has a volume of about 
15,500 million cubic meters and a drainage area of about 
1,200 km2. Owasco Lake is the sixth largest Finger Lake in 
surface area (about 30 km2), has a maximum depth of about 
50 m, and has a volume of about 780 million cubic meters. 
The Owasco Lake drainage area is about 470 km2. Skaneateles 
Lake is the fifth largest Finger Lake in surface area (about 
40 km2), has a maximum depth of about 90 m, and has a 
volume of about 1,600 million cubic meters. The Skaneateles 
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Lake drainage area is about 150 km2 (Callinan, 2001). Land 
use in the drainage basins of all three lakes is primarily agri-
cultural. Contemporary data indicate that Seneca and Owasco 
Lakes are mesotrophic, and that Skaneateles Lake is oligotro-
phic (NYSDEC, 2019).

Monitoring-Station Platform Design
A monitoring-station platform was deployed in each of 

the study lakes (fig. 2). The platform infrastructure supported 
monitoring instrumentation, an electronic datalogger, telem-
etry equipment, and a power supply system.

Platform Infrastructure

The monitoring-station platforms were 2.4- by 3.7-m 
aluminum utility service barges. Each barge had two 
58-centimeter diameter, 3.7-m long pontoons; an attached 
aluminum superstructure with a nonslip flat work area; 0.6-m 
high aluminum railings; and a 1.2- by 0.9-m cut-out area 
at one end of the work barge (fig. 3). For visibility during 

low-light conditions, the full superstructure of each platform 
was wrapped with reflective tape, and a solar-powered amber 
caution light (triggered by an ambient light sensor) was 
installed on a pole. Above-water instrumentation was bolted to 
the platform railing or mounted on aluminum poles; in-water 
(referred to as “in-place”) instrumentation was suspended 
from cables or deployed in wells (fig. 3).

The in-place instruments that were deployed through to 
the full depth of the water column—multiparameter sondes 
at near surface, mid-, and near bottom depths; and tempera-
ture/illumination sensors at depths of 1-m increments—were 
suspended from the platform on two 48-millimeter (mm) 
stainless-steel wire ropes to capture physiochemical and 
biological changes in the water column (table 1; Hamre and 
others, 2018). The multiparameter sondes were attached to the 
wire rope with shuttles made from aluminum bar and stainless-
steel tubing clamps (fig. 4); the data cables for the multiparam-
eter sondes were then attached to the wire rope with plastic 
zip ties. The temperature/illumination sensors were attached 
to a separate wire rope using large plastic washers and plastic 
zip ties (fig. 5) that held the sensors in the proper orientation. 
Attachment points for the temperature/illumination sensors 
were established and marked along the length of the wire 
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Figure 2.  Annotated photograph of monitoring-station platform. Photograph by Elizabeth Nystrom, U.S. Geological Survey.
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rope with layers of electrical tape. The slight increase in rope 
diameter from the tape prevented the temperature/illumination 
sensors from moving (and served to indicate any movement). 
The multiparameter sondes and temperature/illumination 
sensor ropes were suspended from opposite ends of the plat-
form to prevent entanglement, and each was weighted with 
a small concrete weight of about 2.3 kilograms to keep the 
ropes straight.

The orthophosphate, phytoplankton classification, and 
nitrate sensors were deployed in wells at the open end of the 
platforms at a fixed depth of about 1 m (fig. 3). The wells 
were covered with a staging area, constructed out of 76.2-mm 
aluminum channel and 19-mm (nominal) marine plywood, to 
support the sensor wells. The sensor wells were constructed of 
schedule-80 polyvinyl chloride (PVC) pipe and stainless-steel 
fittings. Each 1.5-m long well was sized to closely match the 
diameter of the instrument it housed, and many holes were 
drilled into each well to allow water circulation. A 12.7-mm 
stainless-steel bolt was installed across the bottom end of each 

well to prevent instrumentation loss, and a flange was attached 
to the top of each well to attach to the staging area of the 
platform. Holes were cut into the staging area of the platform 
to match the outer diameter of the wells, and stainless-steel 
bolts were fixed to the staging area to match the bolt holes 
in the well flanges. This well design made the sensor wells 

Table 1.  Lake sampling location naming designation and 
associated depths.

Sampling 
location 

designation

Sampling depth, in meters

Seneca Lake Owasco Lake
Skaneateles 

Lake

Near surface 0.76 0.76 1.20
Mid-depth 15.1 13.4 15.8
Near bottom 29.5 26.2 30.5

A B

Figure 4.  Photographs of multiparameter sondes. A, Sondes with suspension cable, shuttles, and data cables on a platform deck; 
photograph by Elizabeth Nystrom, U.S. Geological Survey (USGS). B, A deployed sonde; photograph by USGS.
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A B

Figure 5.  Photographs of temperature and illumination sensors. A, Sensors attached to a suspension cable; photograph by Elizabeth 
Nystrom, U.S. Geological Survey (USGS). B, Underwater sensors; photograph by USGS.

removable (fig. 6) and allowed trailering and towing (by boat) 
of the platforms to the deployment locations (fig. 7). The wells 
were then lowered using additional washers and nuts to fix 
them into place. Additional washers and nuts were stacked on 
the fixed bolts to support a lid on each well and to provide a 
gap for the cable to exit from each well. Wing nuts were used 
to secure the lids to allow access to instrumentation without 
tools. A locking bar was installed across the tops of the well 
lids to prevent unauthorized access to the wells (fig. 8).

The platforms were anchored in a generally north-south 
orientation, using four 130-pound steel pyramid anchors with 
9.5-mm braided, abrasion-resistant nylon rope. Nylon rope 
was chosen for its elasticity and because, in case of acci-
dental detachment, it would sink and not cause a navigation 
hazard. In rough water conditions, the ropes stretched to act 
like shock absorbers and reduced jarring to the instrumen-
tation. Each anchor rope extended about 90 m diagonally 
away from a corner of the platform, and the cross of ropes 
and a buoy attachment point were about 3 m from the end of 
the platform (fig. 3). The geometry of the anchor ropes was 
designed to keep the platforms in a consistent location and to 
prevent platform twisting. Under most wind conditions, each 

platform would have support from at least two anchor ropes. 
The anchor ropes were deployed before platform placement 
and were marked with a buoy when platforms were not in 
the water. Once the platforms were towed to the deployment 
location by boat, the anchor ropes were connected to stainless-
steel eye bolts connected directly to the aluminum superstruc-
ture of the platform. The anchor ropes were connected using 
stainless-steel quick connects; all rope ends used thimbles to 
prevent abrasion and wear.

A bird deterrent (a plastic peregrine falcon) was attached 
to each platform at the data enclosure (fig. 2). The platform 
deployed at Owasco Lake had additional bird deterrents made 
of flexible wires in an umbrella-type shape on its railings and 
superstructure to try to keep the surface clean.

Data Collection and Power Systems

A Campbell Scientific (Logan, Utah) CR1000 datalog-
ger connected to a Raven RV-50 series cellular modem were 
used to log and transmit data respectively. Data were col-
lected using SDI-12, RS–232, and Modbus communication 
protocols, or were measured directly using differential analog 
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Figure 6.  Photograph of sensor well removal and cleaning 
dreissenid mussels off a sensor well; photograph by Elizabeth 
Nystrom, U.S. Geological Survey.

Figure 7.  Photograph of towing the Owasco Lake platform out 
for deployment, June 9, 2020; photograph by Elizabeth Nystrom, 
U.S. Geological Survey.

ports on the CR1000. Additionally, data were logged inter-
nally within the instrumentation as a backup when applicable 
or when sensors could not be interfaced with the CR1000 
(for example, the temperature/illumination sensors). In 2019, 
the CS I/O port of the CR1000 was connected to the RS–232 
port of the cellular modem by way of a Campbell SC105 
adapter; in 2020, the COM3 port of the CR1000 was wired to 
the RS–232 port of the cellular modem. The datalogger and 
telemetry equipment were housed in the unvented data enclo-
sure (fig. 3) on the platform superstructure. The data enclo-
sures on each platform were unvented to prevent moisture 
entry and condensation. In 2020, a solar shade/reflector was 
added to the data enclosures to reduce internal temperatures.

The power supply system for each platform included 
two 100-watt solar panels, a charge regulator, two 108 amp-
hour batteries, and a small fuse panel. The solar panels were 
mounted flat on the platform superstructure, and the batteries 
were housed in a vented enclosure that was separate from the 
data enclosure.

Sensor Instrumentation

Instrumentation was selected to provide physiochemical 
and biological information related to the processes and effects 
in natural waters that potentially relate to CyanoHAB forma-
tion (table 2). Platform sensors, parameters, and deployment 
dates are detailed in table 3.

Multiparameter Sonde
YSI Inc. EXO2 multiparameter sondes were equipped 

with sensors for measurement of water temperature in degrees 
Celsius (°C), specific conductance in microsiemens per cen-
timeter at 25 degrees Celsius, turbidity in formazin nephelo-
metric units, pH in pH units, dissolved oxygen in milligrams 
per liter (mg/L), fluorescent dissolved organic matter (fDOM) 
in micrograms per liter (μg/L) as quinine sulfate equivalents 
(QSE) and in relative fluorescence units (RFU), chlorophyll 
(fluorescence) in µg/L and RFU, and phycocyanin (fluores-
cence) in µg/L and RFU. RFU is a measure of sensor response 
based on a percentage of the operating range of the sensor 
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Figure 8.  Photograph of assembled sensor well lids; photograph by Elizabeth Nystrom, U.S. Geological Survey.

(0–100 percent) and is not directly tied to a quantitative value 
like concentration units. A centralized antifouling wiper was 
programmed to clean each sensor before every measurement. 
This instrument was chosen because of its wide use through-
out the USGS to collect data recommended for studies that 
focus on phytoplankton biomass and community composi-
tion (Foster and others, 2022). All parameters were measured 
and recorded at 15-minute intervals. The instruments were 
deployed free hanging from the platform at near surface, mid-, 
and near bottom depths (table 1; fig. 3; fig. 4). Specification 
for the EXO2 sondes and individual sensors are detailed in 
YSI Inc. (2021) and are abridged in table 4.

Nitrate Sensors
At different periods, two different types of nitrate sensors 

were used during the study: the s::can nitro::lyser II and the 
Hach Company Nitratax plus sc. The sensors were switched 
mid-study because of sensor malfunction and loss of data.

S::can nitro::lyser II.—The s::can nitro::lyser II is an 
ultraviolet nitrate sensor with a 15 mm optical pathlength. The 
measured value is reported in units of milligrams per liter as 
nitrogen (mg/L as N). The sensor has integrated compensa-
tions for turbidity and DOM. The pathlength is mechanically 
cleaned with an antifouling wiper before each measurement. 
This instrument was chosen because of its previous use 
by the USGS in low nitrogen systems (USGS, 2016). The 

instrument was deployed inside the sensor well, as described 
in the “Platform Infrastructure” section, at the near-surface 
depth (table 1; fig. 3). The sensor recorded measurements 
at 5-minute intervals. The lower detection limit of the sen-
sor is 0.0 mg/L, and accuracy is 2 percent plus one optical 
pathlength. Complete specifications for the nitro::lyser II are 
detailed in s::can (2011) and abridged in table 4.

Hach Company Nitratax plus sc.—The Hach Nitratax 
plus sc is an ultraviolet nitrate sensor with a 2 mm optical 
pathlength. The measured value is reported in units of mil-
ligrams per liter as nitrogen (mg/L as N). The sensor contains 
a two-beam absorption photometer with integrated compen-
sation for turbidity. The measuring window is mechanically 
cleaned with an antifouling wiper before each measurement. 
This instrument was chosen for its ease of use and durability, 
as demonstrated in other studies; its measuring range; and its 
availability to rent from the USGS Hydrologic Instrumentation 
Facility. The instrument was deployed inside the sensor well, 
as described in the “Platform Infrastructure” section, at the 
near-surface depth (table 1; fig. 3). Sensors recorded mea-
surements at 15-minute intervals. The lower detection limit 
of this sensor is 0.1 mg/L, and the accuracy is 3 percent plus 
0.5. Complete specifications for the Nitratax are detailed in 
Hach Company (2023) and abbreviated in table 4. It should be 
noted, as of April 30, 2023, the Nitratax plus sc was discontin-
ued by the manufacturer with an updated version available.
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Table 2.  Water-quality and meteorological parameters and the information provided for monitoring for harmful algal blooms.

Parameter Information provided

Water temperature Temperature can affect stratification, mixing, and viscosity of water, as well as the growth rate and fluores-
cence of phytoplankton. Warm, stratified, low viscosity water can favor harmful algal blooms.

Specific conductance Information about salinity, which can affect the stratification and mixing of water. Elevated salinity can 
cause stress on some cyanobacteria, resulting in leakage of toxins.

Dissolved oxygen Indicator of the balance between oxygen production during photosynthesis and consumption during 
respiration. As phytoplankton die, the process consumes oxygen and can result in insufficient levels for 
aquatic life.

pH pH can affect biogeochemical reactions. Generally, higher pH indicates photosynthesis, whereas lower pH 
indicates respiration and (or) decomposition. Lower pH can contribute to increased growth rate in some 
phytoplankton.

Turbidity Indicator of suspended particulate concentrations, which can affect light availability in water and interfere 
with phytoplankton fluorescence measurements. Also, turbidity can provide information on mixing.

Dissolved organic matter 
(fluorescence)

Indicator of dissolved organic carbon concentration, which can affect light attenuation in water and in-
terfere with phytoplankton fluorescence measurements. Also, fluorescence can provide information on 
nutrient availability.

Nitrate Measurement of nitrate concentration. Generally, excessive nutrient concentrations (eutrophication) in-
crease potential for harmful algal blooms.

Phosphorus Measurement of phosphorus concentration. Generally, excessive nutrient concentrations (eutrophication) 
increase potential for harmful algal blooms.

Chlorophyll (fluorescence) Indicator of phytoplankton biomass.
Phycocyanin (fluorescence) Indicator of cyanobacteria biomass.
Algal community composition Information about phytoplankton population dynamics. Shifts in phytoplankton communities may be an 

early indicator for development of harmful algal blooms.
Light intensity Information about light conditions and the dynamics of the photic zone in water. Light can affect phyto-

plankton fluorescence.
Weather Weather conditions such as air temperature, precipitation, and wind can affect all the factors described in 

this table.

Orthophosphate Sensor
The Sea-Bird Scientific HydroCycle PO4 is a wet chemi-

cal sensor that measures soluble reactive phosphate. The 
measured value is reported in milligrams per liter as phos-
phorus (mg/L as P). A copper screen and a 5–10 micrometer 
(µm; 7.5 µm average) polyethylene filter are used to mitigate 
the fouling of the sensor’s internal optics. This instrument 
was chosen because of its ability to be deployed in place, 
its self-contained design, its ability to run on direct current 
power, and its previous use by the USGS. The instrument was 
deployed inside the sensor well, as described in the “Platform 
Infrastructure” section, at the near surface depth and sampled 
at 120-minute intervals (table 1; fig. 3). The waste generated 
by the HydroCycle-PO4 was collected in a dedicated vessel 
on the monitoring platform. This approach ensured that none 
of the waste, which is a byproduct of the phosphate measure-
ment process, was discharged into the surrounding environ-
ment. Although the total chemical reaction time of the sensor 
is about 12 minutes, a longer measurement interval was used 
to extend the life of reagent cartridges and intake filters, and to 
reduce power consumption. Specifications for the HydroCycle 
PO4 are detailed in Sea-Bird Scientific (2019) and condensed 

in table 4. It should be noted that as of October 1, 2022, sale of 
and service for the HydroCycle PO4 was discontinued by the 
manufacturer.

Phytoplankton Classification Sensor
The Turner Designs PhytoFind is a multichannel fluo-

rometer that processes fluorescence data from three optical 
sensors to provide estimates of total chlorophyll concentration 
in micrograms per liter (µg/L). PhytoFind also estimates the 
percent contribution relative to the whole phytoplankton popu-
lation sampled from three groups: phycoerythrin-containing 
phytoplankton (such as cryptophytes and some cyanobacteria; 
reported as “mixed phytoplankton group”), phycocyanin-
containing phytoplankton (such as cyanobacteria; reported as 
“cyanobacteria group”), and all other chlorophyll-containing 
phytoplankton (such as chlorophytes and diatoms; reported 
as “green and brown phytoplankton group”). A fourth opti-
cal fluorescence sensor provides integrated compensation 
for DOM, which is known to interfere with optical measure-
ments (Downing and others, 2012; Bertone and others, 2019). 
This instrument was chosen to provide information on 
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Table 3.  Sensors and parameters deployed at each Finger Lake with dates of sensor deployment.

[Deployment dates are given in month/day/year and are the dates the sensor was put into the water and taken out of the water for a given year and do not include 
dates of missing data. Additional ancillary parameters collected are not included in this table. PC, phycocyanin; fDOM, fluorescent dissolved organic matter; PE, 
phycoerythrin; grn/brn, green/brown; ND, not deployed; PAR, photosynthetically active radiation]

Sensor Parameters reported
Sensor 
quantity

Deployment dates

2019 2020

Seneca Lake (USGS Station 425027076564401)

Multiparameter sonde (EXO2; 
YSI Inc., Yellow Springs, 
Ohio)

Water temperature, specific conductance, 
dissolved oxygen, pH, turbidity, chloro-
phyll, PC, fDOM

3 5/16/2019–11/19/2019 6/8/2020–10/20/2020

Multichannel fluorometer 
(PhytoFind; Turner Designs, 
San Jose, California)

Percent PC, percent PE, percent grn/brn, 
PC, PE, grn/brn, fDOM, chlorophyll

1 6/5/2019–10/2/2019 6/8/2020–10/20/2020

Nitrate sensor (nitro::lyser II; 
s::can, Vienna, Austria)

Nitrate plus nitrite 1 5/24/2019–9/5/2019 ND

Nitrate sensor (Nitratax plus sc; 
Hach Company, Loveland, 
Colorado)

Nitrate plus nitrite 1 ND 8/5/2020–10/20/2020

Orthophosphate sensor 
(HydroCycle-PO4; Sea-
Bird Scientific, Bellevue, 
Washington)

Orthophosphate 1 8/13/2019–11/19/2019 6/8/2020–10/20/2020

Temperature and illumination 
sensor (HOBO UA–002–64; 
Onset, Bourne, Massachusetts)

Water temperature, light intensity 30 5/15/2019–11/19/2019 6/8/2020–10/20/2020

Weather sensor (Weather 
Transmitter WTX536; Vaisala, 
Vantaa, Finland)

Air pressure, relative humidity, air tem-
perature, wind speed, wind direction, 
precipitation

1 7/1/2019–11/19/2019 6/8/2020–10/20/2020

PAR sensor (LI–190R; LI–COR, 
Inc., Lincoln, Nebraska)

Photosynthetically active radiation 1 7/1/2019–11/19/2019 6/8/2020–10/20/2020

Owasco Lake (USGS Station 425327076313601)

Multiparameter sonde (EXO2) Water temperature, specific conductance, 
dissolved oxygen, pH, turbidity, chloro-
phyll, PC, fDOM

3 5/14/2019–11/18/2019 6/9/2020–10/22/2020

Multichannel fluorometer 
(PhytoFind)

Percent PC, percent PE, percent grn/brn, 
PC, PE, grn/brn, fDOM, chlorophyll

1 5/14/2019–11/7/2019 6/9/2020–10/22/2020

Nitrate sensor (nitro::lyser II) Nitrate plus nitrite 1 5/14/2019–6/19/2019 ND
Nitrate sensor (Nitratax plus sc) Nitrate plus nitrite 1 ND 6/11/2020–10/22/2020
Orthophosphate sensor (Hydro-

Cycle PO4)
Orthophosphate 1 8/13/2019–11/18/2019 6/9/2020–10/22/2020

Temperature and illumination 
sensor (HOBO UA–002–64)

Water temperature, light intensity 26 5/14/2019–11/18/2019 6/9/2020–10/22/2020

Weather sensor (Weather 
Transmitter WTX536)

Air pressure, relative humidity, air tem-
perature, wind speed, wind direction, 
precipitation

1 7/1/2019–11/18/2019 6/9/2020–10/22/2020

PAR sensor (LI–190R) Photosynthetically active radiation 1 7/1/2019–11/18/2019 6/9/2020–10/22/2020
Skaneateles Lake (USGS Station 425606076251601)

Multiparameter sonde (EXO2) Water temperature, specific conductance, 
dissolved oxygen, pH, turbidity, chloro-
phyll, PC, fDOM

3 7/22/2019–11/18/2019 ND

Multichannel fluorometer 
(PhytoFind)

Percent PC, percent PE, percent grn/brn, 
PC, PE, grn/brn, fDOM, chlorophyll

1 9/5/2019–11/18/2019 ND
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Table 3.  Sensors and parameters deployed at each Finger Lake with dates of sensor deployment.—Continued

[Deployment dates are given in month/day/year and are the dates the sensor was put into the water and taken out of the water for a given year and do not include 
dates of missing data. Additional ancillary parameters collected are not included in this table. PC, phycocyanin; fDOM, fluorescent dissolved organic matter; PE, 
phycoerythrin; grn/brn, green/brown; ND, not deployed; PAR, photosynthetically active radiation]

Sensor Parameters reported
Sensor 
quantity

Deployment dates

2019 2020

Skaneateles Lake (USGS Station 425606076251601)—Continued

Nitrate sensor (nitro::lyser II) Nitrate plus nitrite ND ND ND
Nitrate sensor (Nitratax plus sc) Nitrate plus nitrite ND ND ND
Orthophosphate sensor 

(HydroCycle PO4)
Orthophosphate 1 8/13/2019–11/12/2019 ND

Temperature and illumination 
sensor (HOBO UA–002–64)

Water temperature, light intensity 31 8/13/2019–11/18/2019 ND

Weather sensor (Weather 
Transmitter WTX536)

Air pressure, relative humidity, air tem-
perature, wind speed, wind direction, 
precipitation

1 7/22/2019–11/18/2019 ND

PAR sensor (LI–190R) Photosynthetically active radiation 1 7/22/2019–11/18/2019 ND

phytoplankton population dynamics. Additionally, this instru-
ment was chosen to gain insight into the efficacy of another 
multichannel fluorometer, similar to the bbe Moldaenke 
GmbH FluoroProbe (bbe Moldaenke GmbH, 2023), which has 
been used extensively apart from this study by the NYSDEC 
(Prestigiacomo and others, 2022; Gorney and others, 2023). 
The PhytoFind was deployed inside the sensor well, as 
described the “Platform Infrastructure” section, at the near-
surface depth, and sampled at 5-minute intervals (table 1; 
fig. 3). Specifications for the PhytoFind are detailed in Turner 
Designs, Inc., (2021) and abbreviated in table 4.

Temperature and Illumination Sensor
The HOBO UA–002–64 is a small, two-channel tempera-

ture and relative light level data logger. Water temperature is 
reported in degrees Celsius (°C) and relative light level (wave-
length range from about 150 to 1,200 nanometers) in lumens 
per square meter (lux). This instrument was chosen because of 
its affordability, self-contained power and logging, and proven 
ruggedness as demonstrated in other monitoring programs. 
The instruments were deployed for use in a “temperature 
string” (fig. 3). The temperature strings were deployed free 
hanging from the platform at 1-meter intervals below the 
water surface (fig. 5), totaling 30 sensors at Seneca Lake, 26 at 
Owasco Lake, and 31 at Skaneateles Lake. Sensors recorded 
measurements at 15-minute intervals. Specifications for the 
UA–002–64 are detailed in Onset Computer Corporation 
(2018) and are abridged in table 4.

Photosynthetically Active Radiation Sensor
The LI–COR, Inc., LI–190R measures photosynthetically 

active radiation (PAR; wavelength range from about 400 to 
700 nanometers) in micromoles of photons per square meter 
per second (µmol/m2/s). This instrument was chosen because 
of its wide use throughout the USGS to collect ancillary PAR 
data. The instrument was attached to the platform handrail, 
about 1.2 m above the water surface (fig. 3). The sensor 
recorded measurements at 15-minute intervals. Specifications 
for the LI–190R are detailed in LI–COR, Inc. (2023) and are 
abbreviated in table 4.

Weather Sensor
The Vaisala Weather Transmitter WTX536 is a multipa-

rameter weather sensor that measures air pressure in milli-
bars (mbar), air temperature in degrees Celsius (°C), relative 
humidity in percent, precipitation in inches, wind speed in 
meters per second, and wind direction in degrees (°). This 
instrument was chosen to provide information about meteoro-
logical conditions to help contextualize changes in water qual-
ity. The instrument was set atop a mast on the platform, about 
2.1 m above the water surface (fig. 3). The sensor recorded 
measurements at 15-minute intervals. Specifications for the 
WTX536 are detailed in Vaisala (2022) and are abbreviated 
in table 4.
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Table 4.  Sensor and laboratory measurement specifications.

[LOQ, limit of quantification; °C, degree Celsius; ±, plus or minus; n/a, not applicable; µS/cm at 25 °C, microsiemen per centimeter at 25 °C; FNU, formazin nephelometric unit; RFU, relative fluorescence 
unit; µg/L, microgram per liter; QSE, quinine sulfate equivalent; mg/L, milligram per liter; lm/ft2, lumen per square foot; m/s, meter per second; °, degree; in., inch; µmol/m2/s, micromole per square meter per 
second; N, nitrogen; P, phosphorus; µm3/mL, cubic micrometer per milliliter.]

Parameter Unit Accuracy Range Resolution
Limit of 

detection3
Reporting 

limit3
Recovery at 

LOQ (percent)3 Precision1,3 Bias2,3

Continuous water-quality data

Temperature °C ±0.2 −5 to 50 ±0.001 n/a n/a n/a n/a n/a
Dissolved oxygen mg/L ±0.1 0 to 50 ±0.01 n/a n/a n/a n/a n/a
pH pH units ±0.1 0 to 14 0.01 n/a n/a n/a n/a n/a
Specific conductance µS/cm at 25 °C ±1% 0 to 100,000 0.00001 n/a n/a n/a n/a n/a
Turbidity FNU ±0.3 0 to 4,000 0.01 n/a n/a n/a n/a n/a
Chlorophyll fluorescence RFU n/a 0 to 100 0.01 n/a n/a n/a n/a n/a
Chlorophyll fluorescence µg/L n/a 0 to 400 0.01 n/a n/a n/a n/a n/a
Phycocyanin fluorescence RFU n/a 0 to 100 0.01 n/a n/a n/a n/a n/a
Phycocyanin fluorescence µg/L n/a 0 to 100 0.01 n/a n/a n/a n/a n/a
Dissolved organic matter fluorescence RFU n/a 0 to 100 0.01 n/a n/a n/a n/a n/a
Dissolved organic matter fluorescence µg/L as QSE n/a 0 to 300 0.01 n/a n/a n/a n/a n/a
Chlorophyll (green/brown algae) µg/L ±0.03 0 to 250 0.01 n/a n/a n/a n/a n/a
Chlorophyll (phycoerythrin containing algae) µg/L n/a 0 to 250 0.01 n/a n/a n/a n/a n/a
Chlorophyll (phycocyanin containing algae) µg/L ±0.03 0 to 250 0.01 n/a n/a n/a n/a n/a
Total chlorophyll (all groups) µg/L n/a 0 to 250 0.01 n/a n/a n/a n/a n/a
Chlorophyll (green/brown algae) µg/L n/a 0 to 100 0.01 n/a n/a n/a n/a n/a
Chlorophyll (phycoerythrin containing 

phytoplankton)
µg/L n/a 0 to 100 0.01 n/a n/a n/a n/a n/a

Chlorophyll (phycocyanin containing 
phytoplankton)

µg/L n/a 0 to 100 0.01 n/a n/a n/a n/a n/a

Nitrate (nitro::lyser II) mg/L ±2%+0.07 0 to 100 0.005 n/a n/a n/a n/a n/a
Nitrate (Nitratax plus sc) mg/L ±3%+0.5 0.1 to 100 0.1 0.1 n/a n/a n/a n/a
Orthophosphate mg/L ±0.0015 0 to 0.3 0.0001 0.002 0.008 n/a n/a n/a

Thermistor string data

Temperature °C ±0.53 0 to 50 0.14 n/a n/a n/a n/a n/a
Illumination lm/ft2 n/a 0 to 320,000 n/a n/a n/a n/a n/a n/a
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Table 4.  Sensor and laboratory measurement specifications.—Continued

[LOQ, limit of quantification; °C, degree Celsius; ±, plus or minus; n/a, not applicable; µS/cm at 25 °C, microsiemen per centimeter at 25 °C; FNU, formazin nephelometric unit; RFU, relative fluorescence 
unit; µg/L, microgram per liter; QSE, quinine sulfate equivalent; mg/L, milligram per liter; lm/ft2, lumen per square foot; m/s, meter per second; °, degree; in., inch; µmol/m2/s, micromole per square meter per 
second; N, nitrogen; P, phosphorus; µm3/mL, cubic micrometer per milliliter.]

Parameter Unit Accuracy Range Resolution
Limit of 

detection3
Reporting 

limit3
Recovery at 

LOQ (percent)3 Precision1,3 Bias2,3

Meteorological data

Air temperature °C ±0.3 −52 to 60 0.1 n/a n/a n/a n/a n/a
Wind speed m/s ±3% 0 to 134 0.1 n/a n/a n/a n/a n/a
Wind direction ° ±3 0 to 360 1 n/a n/a n/a n/a n/a
Precipitation in. ±<5% n/a 0.01 n/a n/a n/a n/a n/a
Photosynthetically active radiation µmol/m2/s ±5% 0 to 10,000 0.1 n/a n/a n/a n/a n/a

Discrete water-quality data

Dissolved organic carbon mg/L n/a n/a n/a 0.23 0.46 70–130 20 70–130
Chlorophyll-a µg/L n/a n/a n/a n/a 0.1 70–130 20 70–130
Nitrate plus nitrite mg/L as N n/a n/a n/a 0.04 0.08 70–130 20 70–130
Orthophosphate mg/L as P n/a n/a n/a 0.004 0.008 70–130 20 70–130
Phytoplankton taxonomy n/a n/a n/a n/a n/a n/a n/a n/a n/a
Phytoplankton biovolume µm3/mL n/a n/a n/a n/a n/a n/a n/a n/a

1Precision is defined as the relative percentage difference between laboratory control samples and laboratory control sample duplicates.
2Bias is defined as the percentage recovery of laboratory control samples.
3Specification of laboratory analyses only.
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Methods
A combination of moored, continuous water-quality sen-

sor data and discrete water-quality samples were collected. 
Data were collected generally from June to November 2019 at 
Seneca, Owasco, and Skaneateles Lakes, and generally from 
June to October 2020 at Seneca and Owasco Lakes. The data 
publication source depends on the data collection methods, 
which are described in the following subsections. A summary 
of general specifications for sensor and laboratory measure-
ments is given in table 4.

Sensor Data

Many sensors were operated in accordance with USGS 
protocols and guidance. However, some modifications were 
required, particularly for sensors that: (1) incorporated emerg-
ing technologies, (2) were used strictly to provide ancillary 
data, or (3) were sensors for which standard USGS protocols 
and guidance do not exist or are not applicable. Data col-
lection protocols and modifications from standard USGS 
approaches are described in this section.

Multiparameter Sonde Measurements—Water 
Temperature, Specific Conductance, Dissolved 
Oxygen, pH, Turbidity, Fluorescent Dissolved 
Organic Matter, Chlorophyll Fluorescence, and 
Phycocyanin Fluorescence

Multiparameter sonde data (water temperature, specific 
conductance, dissolved oxygen, pH, turbidity, fDOM, chlo-
rophyll fluorescence, and phycocyanin fluorescence) were 
collected in accordance with USGS national protocols and 
guidelines, some of which were still in development during 
the data collection period (Wagner and others, 2006; Foster 
and others, 2022; Booth and others, 2023). All data collected 
using multiparameter sondes are available through the USGS 
National Water Information System (NWIS; USGS, 2016).

Nutrient Sensor Measurements
Nitrate sensor data were collected in accordance with 

USGS national protocols and guidelines (Wagner and oth-
ers, 2006; Pellerin and others, 2013). At the Seneca Lake 
platform, the s::can nitro::lyser II was used from May 24 to 
September 5, 2019, and the Hach Company Nitratax plus sc 
from August 5 to October 20, 2020. At Owasco Lake platform, 
the nitro::lyser II was used from May 14 to June 19, 2019, and 
the Nitratax from June 11 to October 22, 2020. Data are avail-
able through NWIS (USGS, 2016). Skaneateles Lake did not 
have a nitrate sensor deployed.

The orthophosphate sensor used wet chemistry to mea-
sure orthophosphate concentration. Because of this approach, 
standard USGS protocols for determining fouling, calibration 

drift error, or both (Wagner and others, 2006) are not appli-
cable to the orthophosphate sensor (Peake, 2022). Therefore, 
data collection methods were modified in accordance with 
manufacturer instructions (Sea-Bird Scientific, 2019). The 
instrument is factory calibrated but periodically runs an auto-
mated calibration-validation cycle using onboard standard. 
All readings from the orthophosphate sensor used in this study 
are associated with qualitative metadata, such as data quality 
indicators and other quality-control test values, that are used 
to aid in the determination of data validity. Data are available 
through NWIS (USGS, 2016).

Multichannel Fluorometer Measurements—
Phytoplankton Community Composition and Total 
Chlorophyll

USGS protocols and guidance for determining foul-
ing, calibration drift error, or both (Wagner and others, 2006; 
Foster and others, 2022) are not applicable to the multichan-
nel fluorometer used in this study for two reasons. First, the 
instrument is factory-calibrated, so no calibration functions are 
available. Second, because of the use of deconvolution algo-
rithms that process data from multiple fluorescence sensors, 
the interference(s) affecting one fluorescence channel could 
affect all parameters (Johnston and others, 2022). For these 
reasons, data collection methods were modified in accordance 
with manufacturer instructions (Turner Designs, Inc., 2021). 
In place of calibration-drift checks in standard(s) of known 
concentration(s), sensor function was verified by comparing 
instrument readings of chlorophyll in the solid reference stan-
dard cap (part numbers 2380–900, 2300–901 and 2300–902) 
from before and after the deployment. Interference from foul-
ing was assessed by comparing instrument readings of chloro-
phyll in the solid reference standard cap from before and after 
the fluorescence sensors on the instrument were cleaned. The 
DOM blank correction feature of the instrument was enabled, 
when necessary, as described in Turner Designs, Inc., (2021).

The complex nature of the multichannel fluorometer 
led to methodological inconsistencies in 2019 related to the 
unique procedures described above. Moreover, the application 
and effects of site-specific compensations for DOM—even in 
clear systems—were not fully understood because the instru-
ment was new. As a result, the data collected during 2019 did 
not meet the data-quality goals of this study and were not pub-
lished or considered in this report. The 2020 data are available 
in Johnston and others (2023).

Water Temperature and Illumination Sensor 
Measurements

Currently (2024), no USGS guidance exists for using 
illumination sensors. Although standards exist for water-
temperature data, measurements from the combined water 
temperature and illumination sensor were collected as ancil-
lary data to provide estimates of water temperature and light 
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conditions vertically through the water column at a finer 
resolution than the resolution of the multiparameter sondes. 
Furthermore, the water temperature accuracy of the HOBO 
UA–002–64 is outside the 0.2 °C criterion specified in Wagner 
and others (2006). Data were collected following manufacturer 
instructions (Onset Computer Corporation, 2018). The data are 
available in Johnston and others (2023).

Photosynthetically Active Radiation Sensor 
Measurements

Currently (2024), no USGS guidance exists for using 
PAR sensors. Measurements from the PAR sensor were col-
lected as ancillary data to estimate light conditions—in the 
wavelength range used by plants for photosynthesis—above 
the water surface. Data were collected following manufacturer 
instructions (LI–COR, Inc., 2023). The data are available in 
Johnston and others (2023).

Weather Sensor Measurements—Air 
Temperature, Precipitation, Wind Speed and 
Direction

Currently (2024), no USGS guidance exists for using 
meteorological sensors. Although some guidance exists for 
precipitation data, data from many USGS weather gages 
are considered “operational” (that is, ancillary) and assist 
with the evaluation of other data measured at these locations 
(USGS, 2005, 2023). Data were collected following manu-
facturer instructions (Vaisala, 2022). The data are available in 
Johnston and others (2023).

Discrete Sample Data

Discrete water-quality samples were collected 
about every 2 weeks: from June to November 2019 at 
Seneca, Owasco, and Skaneateles Lakes, and from June to 
October 2020 at Seneca and Owasco Lakes. Samples were 
collected at near surface, mid-, and near bottom depths in the 
water column (table 1). Sample water was collected using a 
vertical 8-liter PVC Van Dorn sampler suspended and lowered 
from a boat-mounted davit with a metered reel and then trans-
ferred to an 8-liter fluoropolymer churn. Sampled water was 
then homogenized and split into sample bottles before addi-
tional processing and preservation (fig. 9). This report focuses 
on the constituents collected that are most closely related to 
the continuous sensor data: nitrate, orthophosphate, dissolved 
organic carbon (DOC), chlorophyll-a, and phytoplankton 
identification and enumeration.

Nutrients, Dissolved Organic Carbon, and 
Chlorophyll-a

Nitrate, orthophosphate, DOC, and extracted 
chlorophyll-a samples were collected according to methods 
detailed in the National Field Manual for the Collection of 
Water Quality Data (USGS, variously dated). Samples were 
analyzed by the USGS National Water Quality Laboratory in 
Denver, Colo., and data are available in NWIS (USGS, 2016).

Nitrate (mg/L as N; analyzed as “nitrate plus nitrite” and 
for all samples in this study, nitrite [determined separately 
according to Fishman (1993)] was 0.01 mg/L as N or less 
and therefore constituted a trivial part of the total relative 
to nitrate), orthophosphate (mg/L as P), and DOC (mg/L) 
samples were filtered using a 45-µm capsule filter. Nitrate 
and orthophosphate samples were collected into 125-milliliter 
high-density polyethylene amber bottles. DOC samples 
were collected into 125-milliliter baked amber glass bottles 

A B

Figure 9.  Photographs of discrete sampling. A, field crew using a Van Dorn sampler and churn to collect and homogenize water-quality 
samples; B, samples for chlorophyll-a being filtered and processed in the field; photograph by U.S. Geological Survey.
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before preservation to <2.0 pH with sulfuric acid. Nutrient 
and DOC samples were shipped on water ice to the labora-
tory. Nitrate plus nitrite samples were analyzed colorimetri-
cally by enzymatic reduction using an automated discrete 
analyzer, as described in Patton and Kryskalla (2011). 
Orthophosphate samples were analyzed by discrete analyzer 
phosphomolybdate formation and colorimetry, as described 
in Fishman (1993). DOC was analyzed by high-temperature 
combustion oxidation and nondispersive infrared spectros-
copy as described in Standard Methods for the Examination 
of Water and Wastewater 5310–B (Standard Methods 
Committee, 2014).

For chlorophyll-a sample collection, water was trans-
ferred from the churn directly into 1-liter amber high-density 
polyethylene bottles then homogenized and filtered onto 
47-mm diameter glass fiber filters with a 0.3 µm pore size
(fig. 9). Filters were kept frozen in the dark and sent to
the USGS National Water Quality Laboratory on dry ice.
Chlorophyll-a samples were analyzed following the methods
and procedures in Arar and Collins (1997) using the non-
acidification approach.

QA and quality-control (QC; together, QA/QC) samples 
were collected, as sequential replicates, to evaluate the vari-
ability resulting from sample collection and processing tech-
niques or temporal changes resulting from shifting environ-
mental conditions (Mueller and others, 2015). Relative percent 
difference (RPD) was used to quantify differences in analytical 
concentrations and could not be calculated if one, or both, 
sample(s) from the replicate pair were not analyzed or were 
associated with a censored value (that is, less than the labora-
tory reporting limit) (Zar, 1999). RPD was calculated using the 
following equation:

	​RPD ​ =  100​
[

​​
|A − B|​ _ 
​A + B _ 2 ​

 ​
]

​​,� (1)

where

A and B	 are concentrations in each replicate pair.

Median RPDs less than 20 percent were considered to 
meet QA/QC criteria.

Phytoplankton Identification and Enumeration
Phytoplankton samples were collected in 250-mL 

high-density polyethylene bottles and preserved with glutar-
aldehyde to a concentration of 0.25 percent by volume and 
analyzed for identification and enumeration by PhycoTech, 
Inc., Saint Joseph, Mich. Glutaraldehyde was used to pre-
serve the fluorescence properties of the algae. Identification 
and enumeration using microscopy was conducted using 
N-(2-Hydroxypropyl)methacrylamide mounted slides with 
fluorescence enabled microscopy, a count threshold of 
400 natural units, and a size range of detection from 0.9 µm to 
25 mm. Phytoplankton were enumerated to the lowest possible 

taxonomic level, which was at least the genus level for most 
organisms. To correctly identify and enumerate the taxa pres-
ent, which may vary by several orders of magnitude in size, 
counts were made at multiple magnifications ranging from 200 
to 1000× (PhycoTech, 2018). Random microscope fields were 
counted to a minimum of 400 natural units (colonies, fila-
ments, or single cells) of all observed organisms (PhycoTech, 
2018). Individuals from each species were then counted, and 
the average cell dimensions recorded for biovolume calcula-
tions. Phytoplankton data, sample processing and analysis 
methods, and QA protocols are detailed in PhycoTech (2018). 
The phytoplankton data are available in Perkins and oth-
ers (2021).

Absolute value logarithmic difference (AVLD) was used 
to estimate differences in phytoplankton and cyanobacterial 
biovolume, in cubic micrometers per milliliter (µm3/mL), 
between replicate pairs. AVLD was used because RPD is sen-
sitive to the rare taxa found in one of the samples and not the 
other. AVLD is calculated using the following equation:

AVLD = |log10A − log10B|, (2)

where

A and B	 are biovolume (µm3/mL) in each replicate pair 
(Francy and others, 2015).

Replicate pairs with AVLDs less than 1 differed by less 
than an order of magnitude, whereas AVLDs greater than 1 
indicate differences greater than an order of magnitude or 
more. Median AVLDs less than 1 were considered to meet 
QA/QC criteria.

Data Synthesis

All sensor- and laboratory-measured data were compiled 
using R statistical software (R Core Team, 2023) to facilitate 
synthesis of the data. The size and breadth of the total dataset 
collected for this study made it necessary to use a tool with 
more power and flexibility than traditional spreadsheet soft-
ware. R was chosen for its ability to handle large and complex 
datasets, numerous existing packages for data manipulation, 
and reproducible framework. During compilation, timestamps 
for all sensor measurements were rounded to the nearest 
sensor-specific recording interval (typically 5 or 15 min-
utes) to adjust for any negligible drift in instrument clocks. 
To improve indexing, timestamps for all sensor-measured 
and laboratory-measured data were snapped to a 15-minute 
time grid, and a “position” column was created; “top” was 
assigned to all measurements made at (or nearest to) the near-
surface depth and those above the water surface; “middle” 
was assigned to all measurements made at (or nearest to) 
mid-depth; and “bottom” was assigned to all measurements 
made at (or nearest to) the near-bottom depth. In addition to 
these measures, removal of communication error codes (for 
example, −99999), replicate samples, and other minor format 
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manipulations were required to produce the final dataset used 
for analysis and interpretation. The dataset file is available in 
Johnston and others (2023).

Sensor and corresponding laboratory measurements of 
nutrients, DOC, chlorophyll-a, total phytoplankton biovol-
ume, and cyanobacterial biovolume were evaluated through 
correlation analysis to assess the capability of the sensors to 
make representative measurements. Two laboratory-measured 
values collected at Owasco Lake on July 15, 2020 (mid-depth 
and near-bottom depths), were excluded from this and further 
analyses in this report because of substantial discrepancy 
between the laboratory-measured phytoplankton biovolume 
and sensor measurements collected on the same occasion. 
Two commonly used correlation measures, Pearson’s linear 
correlation coefficient (r) and Spearman’s rank correlation 
coefficient (ρ), were used to reveal the degree of linear or 
monotonic association between sets of data. Coefficient of 
determination (R2) was used to describe the amount of vari-
ance explained by the linear relation (Helsel and others, 2020; 
Rousso and others, 2020; Drasovean and Murariu, 2021; 
Prestigiacomo and others, 2022). For the fluorescence sensors, 
we assume fluorescence increases when the fluorophore—in 
this study, chlorophyll and fDOM—increases (monotonic; ρ); 
however, the relations are not always linear (r and regression; 
Foster and others, 2022; Booth and others, 2023). Correlations 
were considered to be statistically significant when probability 
values (p-values) were less than or equal to 0.05.

Correlation analyses were done on the overall dataset 
and by lake. Preliminary analyses were done to assess the 
variability of the relation between sensor- and laboratory-
measured conditions across depth for each study lake because 
some sensor measurements were made at multiple depths, 
whereas others were strictly at, near, or above the water 
surface. Chlorophyll and fDOM measurements were made at 
each depth in each lake. Visual inspection of bivariate plots 
and correlation analyses indicated differences between lakes, 
but not within lakes, when comparing sensor data to labora-
tory data (table 5; table 6). The strength of the overall linear 
and monotonic relations within lakes did not vary substantially 
across depths ranges. Based on these observations, all data 
collected at multiple depths in a lake were combined for the 
analysis documented in this report. The combination of these 
data facilitated a larger number and range of observations that 
may better define the relations of interest.

Many studies have used regression models with one 
or more independent variables (such as sensor measure-
ments) to improve estimations of phytoplankton abundance 
or other parameters associated with CyanoHABs (Fornarelli 
and others, 2013; Francy and others, 2015; Rousso and oth-
ers, 2020; Prestigiacomo and others, 2022). Considering the 
breadth of sensor measurements available in this study, and 
their relation to the physiochemical and biological factors 
known to affect phytoplankton biomass, varying degrees of 
association were expected. Thus, stepwise regression analy-
ses were used to identify the model(s) that explained the 

Table 5.  Correlations between sensor-measured fluorescent chlorophyll and laboratory-measured chlorophyll-a.

[All values are significant. r, Pearson's linear correlation coefficient; ρ, Spearman's rank correlation coefficient]

Data
Seneca Lake Owasco Lake Skaneateles Lake

Pearson's r Spearman's ρ Pearson's r Spearman's ρ Pearson's r Spearman's ρ
Overall 0.774 0.738 0.578 0.717 0.619 0.772
Top 0.781 0.764 0.572 0.720 0.605 0.729
Mid 0.777 0.760 0.571 0.716 0.508 0.697
Bottom 0.774 0.736 0.578 0.717 0.836 0.868

Table 6.  Correlations between sensor-measured fluorescent dissolved organic matter (fDOM) and laboratory-measured dissolved 
organic carbon (DOC).

[All Spearman’s rank correlation coefficient (ρ) values for Seneca and Owasco Lakes are significant. NA, not applicable because sensor measurements were not 
available, r, Pearson's linear correlation coefficient]

Data
Seneca Lake Owasco Lake Skaneateles Lake

Pearson's r Spearman's ρ Pearson's r Spearman's ρ Pearson's r Spearman's ρ
Overall −0.159 −0.308 −0.275 −0.598 −0.072 −0.270
Top −0.167 −0.311 −0.266 −0.587 −0.053 −0.219
Mid −0.167 −0.312 −0.269 −0.589 −0.113 −0.401
Bottom −0.147 −0.299 −0.275 −0.593 NA NA
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most variance (as indicated by R2) in laboratory-measured 
chlorophyll-a, total phytoplankton biovolume, and cyanobac-
teria biovolume compared to linear regressions with individual 
phytoplankton fluorometers.

Stepwise regression analysis was done using the 
Real Statistics Resource Pack add-on for Microsoft Excel 
(release 8.5; Zaiontz, 2023). Stepwise is a type of multiple 
linear regression used to select one, or a combination, of inde-
pendent variables by forward-adding and backward-deleting, 
based on a desired significance level. The initial model is 
stepped forward with the addition of another variable, and so 
on. Through the stepping process, addition of new variables 
may reduce the explanatory power of previous variables. 
All variables are checked against the specified significance 
level (α) throughout the process; for these analyses, α=0.05. 
If the variable is not statistically significant in the model, then 
it is removed. Adding and deleting of variables occurs until 
an optimized model is established (Daghighi, 2017). For the 
resource package used, an equal number of observations for all 
variables was required by the functions used in these analyses; 
because of this, the dataset was limited to those timestamps 
where all independent (that is, sensor measurements) and 
dependent (that is, laboratory measurements from discrete 
samples) variables were present. There were many instances 
when one or more missing independent variables—caused by 
instrument malfunction or maintenance activities—resulted 
in the omission of an entire row of observations, emphasizing 
the importance of operating and maintaining complex moni-
toring stations, to ensure the continuity and utility of all data 
being collected. Measurements from the PhytoFind and nitrate 
sensors were not included in the stepwise analyses because 
of sample sizes of less than 22 observations because of data 
loss. Stepwise regressions were done using the overall dataset 
and by lake. In total, 66 of 147 possible observations were 
available. Skaneateles Lake was excluded from this analysis 
because discrete samples were only collected during August 
through October 2019.

Time Series Data Quality Assurance 
and Quality Control

Time-series analyses for all sensor data were done using 
the Aquarius Time-Series web-based software application 
(Aquatic Informatics, Inc., 2023). Fouling and calibration 
drift corrections were applied following standard USGS 
protocols and guidance (Wagner and others, 2006; Foster and 
others, 2022; Booth and others, 2023) where applicable or oth-
erwise specified below. Telemetered data were verified against 
available log files and data gaps were filled when necessary. 
Periods of missing time-series data during the period of record 
were mainly attributed to equipment malfunction, insufficient 
power supply, or both. The exact periods varied by parameter; 
however, general instances of the key issues are listed below:

•	 In 2019, at Owasco Lake, data from the near-surface 
multiparameter sonde were not recorded during the end 
of August to beginning of September because the daisy 
chaining feature of the instrument malfunctioned.

•	 In 2019, at Seneca Lake, data from the mid-depth mul-
tiparameter sonde were not recorded during November 
until the end of deployment because the daisy chaining 
feature of the instrument malfunctioned.

•	 In 2019, at Owasco Lake, data from the nitrate sensor 
(nitro::lyser II) were not recorded during mid-June 
until the end of the deployment because the external 
controller malfunctioned and getting repairs or replace-
ments was challenging.

•	 In 2019, at Seneca Lake, data from nitrate sen-
sor (nitro::lyser II) were not recorded during early 
September until the end of the deployment because the 
external controller malfunctioned and getting repairs or 
replacements was challenging.

Outliers or “spikes” (that is, instantaneous values that 
depart substantially from adjacent data points) were removed 
from the data set judiciously; most outliers or spikes were due 
to equipment malfunction, occurrence(s) during site visits, or 
when collocated data indicated otherwise stable physiochemi-
cal conditions at the monitoring location.

Sensor-Specific Analysis Protocols

Some modifications to standard data analysis protocols 
were required for sensors incorporating emerging technology 
or sensors for which USGS protocols do not exist. Data analy-
sis protocols for such sensors are described in this section.

Orthophosphate Sensor
All values measured by the orthophosphate sen-

sor at Seneca Lake (2019–20), Owasco Lake (2019), and 
Skaneateles Lake (2019) were below the 0.002 mg/L as P 
minimum detection limit of the instrument. All measured 
values reported by the orthophosphate sensor at Owasco Lake 
in 2020 were below the 0.002 mg/L as P minimum detection 
limit of instrument, except for 11 time-series values. Using 
the Adjustable Trim edit tool in Aquarius, all values below 
the detection limit were replaced with “0.002” mg/L as P. 
Additionally, affected values were tagged with the qualifier, 
“Actual value is known to be less than reported value.”

In addition to time-series analysis in Aquarius, internal 
metadata were reviewed using the manufacturer’s software, 
Cycle Host. Explanations and guidance on QC review of 
the data and metadata provided by the HydroCycle PO4 are 
described in the user manual (Sea-Bird Scientific, 2019). The 
following data were deleted because of abnormalities observed 
in the QC data plots (fig. 10), which indicated the reagents did 
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A B

Figure 10.  Screenshots showing diagnostic quality control (QC) plots for the Sea-Bird Scientific HydroCycle PO4. A, Abnormal result 
indicating issues with reagent reactions; photograph by U.S. Geological Survey; B, Normal result as provided by the instrument manual 
(Sea-Bird Scientific, 2019).

not mix with the water sample (typically caused by pinching 
of the waste line of the instrument; 1/16-inch inner diam-
eter tubing):

Seneca Lake platform (2019)—November 12 to 14, 
and 16 to 17, 2019.

Seneca Lake platform (2020)—September 21 to 
October 19, 2020.

Owasco Lake platform (2019)—September 12 to 
November 18, 2020.

Owasco Lake platform (2020)—September 3 
to 21, 2020.

Skaneateles Lake platform (2019)—November 9 and 
from 12 to 18, 2019.

Overall, the orthophosphate sensor is complex to oper-
ate and maintain, and determining sensor’s performance is 
difficult. Nearly all sensor measurements were below the 
minimum detection limit; however, orthophosphate was rarely 
detected in laboratory-measured discrete samples, which 
aligns with the below minimum detection values reported by 
the HydroCycle PO4. Loss of data was primarily attributed to 
damage (typically as pinching) of the waste line of the sensor, 
which required a site visit to identify and remedy.

Phytoplankton Classification Sensor
When analyzing data from the multichannel fluorom-

eter, it is important to consider that the reported chlorophyll 
concentration and percent chlorophyll contributions per 
phytoplankton group are estimates and not associated with a 

specified accuracy by the manufacturer. The results from the 
instrument are assumed to demonstrate relative stability when 
measured inside the solid reference standard cap.

Seneca Lake platform (2020).—Fouling- and sensor-
verification checks did not indicate changes in instrument 
readings of chlorophyll that exceeded the criteria described in 
Foster and others (2022). In addition to reasons described in 
the “Time Series Data Quality Assurance and Quality Control” 
section, the period August 24 to October 5, 2020, was 
removed from the time-series record because of a malfunction 
of the antifouling wiper parking outside the intended position, 
which resulted in variable interference to the fluorescence sen-
sors. This interference was evident by irregular fluctuations in 
the time-series data (most pronounced in the integrated fDOM 
sensor data) and by documentation made at a site visit during 
which the issue was resolved (fig. 11).

Owasco Lake platform (2020).—Fouling checks did not 
indicate changes in instrument readings of chlorophyll that 
exceeded the criteria described in Foster and others (2022). 
Sensor verification checks indicated a change of 27.8 percent 
in instrument readings of chlorophyll during the deployment, 
which exceeds the calibration correction threshold described 
in Foster and others (2022); however, the recalibration or 
application of calibration drift corrections using standard 
methods are not applicable to this multichannel fluorometer as 
described above. In addition to reasons described in the “Time 
Series Data Quality Assurance and Quality Control” section, 
the period from August 10 to 24, 2020, was removed from the 
time-series record because of a malfunction with the antifoul-
ing wiper parking outside the intended position, resulting in 
variable interference to the fluorescence sensors. This interfer-
ence was indicated by irregular fluctuations in the time-series 
data and was documented during a site visit during which 
the issue was resolved. During the deployments at Seneca 
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A B

Figure 11.  Incorrect parking of the anti-fouling wiper of the PhytoFind. A, photograph of PhytoFind wiper parking incorrectly 
during a site visit; B, screenshot showing a graph of an example of erratic time-series data (outlined by the red box) from the 
fluorescent dissolved organic matter (fDOM) sensor of the PhytoFind, resulting from the wiper parking incorrectly; photograph by 
U.S. Geological Survey.

and Owasco Lakes, frequent (that is, multiple occurrences 
per day) downward outliers were present in the time-series 
record of fDOM RFU measurements. Neither comparison with 
the fDOM sensor on the multiparameter sonde nor consul-
tation with the manufacturer established confidence in the 
observed spikes. These outliers can affect the fDOM blank 
correction applied to all parameters reported by the multichan-
nel fluorometer. Following the recommended best practices 
discussed in Foster and others (2022), specific guidelines for 
identifying erroneous spikes in the multichannel fluorometer 
data were developed for this project.

A variety of statistical methods for detecting outliers 
exist, and one method is to set an outlier bound at either two 
or three standard deviations from the mean (Thompson, 1935; 
Ahn and James, 1999). The outlier bound for these data was 
set at two standard deviations from the mean of a rolling 
24-hour interval. This outlier detection was applied program-
matically using R statistical software. In addition to the edits 
described above, all reported parameters from the multichan-
nel fluorometer that were associated with flagged outliers in 
the time-series record of fDOM RFU measurements (2.3 per-
cent for Seneca Lake and 1.7 percent for Owasco Lake) were 
also removed from the record.

Overall, the multichannel fluorometer is complex to 
operate and can require unique procedures to acquire inte-
grated, site-specific corrections. Methods for verification and 
maintenance are also unique, and require a detailed under-
standing of the instrument, its function, and accessories or 
else risk reduced data quality. Moreover, outliers generated 
by the fDOM sensor on board the instrument can affect all 
reported measurements. Based on these data, the percentage 
of fDOM outliers was about 2 percent of the total data col-
lected at Seneca Lake and Owasco Lake and may indicate a 

systematic error with the instrument rather than random error 
caused by environmental conditions. More data are required to 
determine the cause of fDOM outliers.

Water Temperature and Illumination Sensor
No fouling or calibration drift corrections were applicable 

to the water-temperature and illumination data measured by 
the combined sensor. Water-temperature data were verified by 
comparison with collocated water-temperature data from the 
near surface multiparameter sonde, such that the near surface 
combined sensor reading was verified and then used to verify 
the sensor reading at the next lower depth, iterating down 
the temperature string. Illumination data from the combined 
sensors were verified by comparison with collocated PAR 
data from the LI–COR LI–190R at near surface depths, then 
iterated down the string, as described for water temperature, 
assuming light reduction farther down the string. In addition 
to equipment malfunction, water temperature and illumina-
tion data from the combined sensor deployed at 15 m depth 
in Owasco Lake were removed from the time-series record 
for the periods from September 3 to 21, 2020, and October 5 
to 22, 2020, because of an unexplained shift of about 0.5 °C 
for water temperature and about 1 lux for illumination, in 
comparison with adjacent sensors. Additional support for 
determining this period as related to sensor malfunction was 
provided by illumination overnight readings greater than 0 lux. 
Many other smaller periods of only illumination data at each 
study lake were removed from the record when comparisons 
with adjacent sensors indicated departures from expected 
trends (that is, decreasing illumination with increasing depth). 
Overall, the combined water-temperature and illumination 
sensors performed well; however, drift is more frequently 



22    Evaluation of Sensors for Continuous Monitoring of HABs in the Finger Lakes Region, New York, 2019 and 2020

observed in illumination measurements (as compared to adja-
cent combined sensors) than water-temperature measurements. 
Additionally, the lack of integration into the datalogger makes 
identifying issues less timely—requiring a site visit—than if 
data were telemetered.

Photosynthetically Active Radiation Sensor
No fouling or calibration drift corrections were applicable 

to PAR data measured by the sensor on the platform. PAR data 
were verified by comparison with illumination data from the 
combined sensors in the water near the surface, which were 
presumed to have relative correlation. Gaps in data were not 
frequent or long in duration; however, they did occur briefly 
at times across all lakes and years except for the data from 
Owasco Lake in 2020. Gaps in data were almost always asso-
ciated with global power issues on the platform affecting the 
datalogger and telemetry equipment. Although the PAR sensor 
itself was not dependent on platform battery power, com-
munication with the datalogger and (or) transmission of the 
data can be interrupted by power problems. Overall, the PAR 
sensor functioned well. PAR data were deleted on only two 
occasions: mid-August 2019 at Owasco Lake (about 24 hours) 
and Skaneateles Lake (about 40 hours), when PAR values 
were 0 µmol/m2/s despite near-surface illumination data from 
the combined sensor indicating fluctuations.

Weather Sensor
No fouling or calibration drift corrections were applicable 

to air temperature, precipitation, wind direction, and wind 
speed. Air temperature data were verified by comparison with 
collocated, near-surface water-temperature data from the mul-
tiparameter sonde and from the combined water-temperature 
and illumination sensor, which were presumed to have relative 
correlation. Precipitation, wind, and air temperature data 
were verified by comparison with corresponding precipita-
tion, wind, and air temperature data recorded at the other lake 
platforms. Overall, the weather sensor functioned well, and 
gaps in data were almost always associated with global power 
issues on the monitoring-station platforms.

Discrete Sample Quality Assurance 
and Quality Control

Between 2019 and 2020, a total of 147 environmen-
tal samples and 15 replicates (that is, a single replicate 
from each lake and depth for each year sampled), or about 
10 percent of overall samples, were collected and analyzed. 
Equipment blanks were collected at the beginning of each 
field season. Nutrients, DOC, and chlorophyll-a were not 
detected in any blank samples. All analytes with compa-
rable sensor technologies, and discussed herein, had median 

RPD values of less than 10 percent; nitrate plus nitrite: 
median RPD=1.8 percent, n=15 replicate pairs; orthophos-
phate: median RPD=1.4 percent, n=1 replicate pair; dis-
solved organic carbon: median RPD=1.8 percent, n=14 rep-
licate pairs; and chlorophyll-a: median RPD=7.9 percent, 
n=13 replicate pairs (2 replicate pairs had one or both values 
below 0.1 μg/L and were censored). No analytes had RPD 
values greater than 20 percent, except for chlorophyll-a, which 
had 3 of 13 replicate pairs with RPD values ranging from 
23.7 to 29.5 percent. Absolute differences in concentration 
between those three chlorophyll-a pairs ranged from 0.14 to 
1.24 µg/L. Calculation of RPD for orthophosphate replicate 
pairs was limited to a single pair, because concentrations of 
all other replicate pairs were less than the laboratory reporting 
limit of 0.008 mg/L as P. The AVLDs for phytoplankton across 
all replicate pairs ranged from 0.14 to 0.86 (median AVLD: 
0.25, n=15 replicate pairs) for total biovolume and 0.11 to 0.61 
(median AVLD: 0.26, n=15 replicate pairs) for cyanobacte-
rial biovolume, respectively. No result pairs for either total 
or cyanobacterial biovolume had AVLDs greater than 1. All 
data were considered of acceptable quality for the purposes of 
this report.

Lessons Learned
The design, construction, and maintenance of a complex 

environmental monitoring gage requires specialized knowl-
edge in engineering, instrumentation specifications, and appro-
priate maintenance procedures. Many lessons about platform 
design, sensor instrumentation, and field methods were learned 
over the course of the advanced monitoring pilot study and a 
few are in the next sections for consideration by those doing 
similar efforts.

Platform Design

Each platform deployed in the three study lakes held 
40 separate instruments, generated greater than 200 time 
series, and collected greater than 10,000 data points per day. 
Most of the data were logged within a datalogger and transmit-
ted in near real time, but some were logged internally by the 
sensors. All 40 instruments outputting a substantial amount of 
data posed several challenges. Substantial power was needed 
to run that many sensors; two 100-watt solar panels connected 
to two 108 amp-hour batteries were used to power each plat-
form. Issues that affected the power system included extended 
periods of cloud cover, cold temperatures, reduced hours of 
sunlight late in the year, the effects of bird droppings on the 
solar panels, and increased battery drain because of malfunc-
tioning equipment. The frequency of cloud cover and cold 
weather generally increased in the fall months of October and 
November. Additional solar panels were required in situations 
where sufficient power supply was an issue.
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Excessive heat within the data enclosure was a problem 
that may have caused malfunction of some instrumentation 
and telemetry. The heat shield that was added to the enclosure 
in 2020 reduced these observed effects. The use of dissimi-
lar metals (primarily aluminum and stainless steel) on the 
platform led to problems from galvanic corrosion; sacrificial 
anodes placed on the platforms and near aluminum/stainless 
steel connection points mitigated this issue.

Wave action in the lakes created challenging conditions 
as well. Working on the platforms in such conditions was diffi-
cult because of erratic platform movement and water splashing 
across the deck while collecting discrete samples and working 
with sensitive electronic instrumentation. In addition, move-
ment of the instrumentation in the PVC wells was of concern, 
and securing them to prevent jarring movement was impor-
tant. Anchor lines with good elasticity helped reduce some 
movement in the platforms. An additional measure to reduce 
wave effects on the instrumentation would be to deploy them 
closer to the center of the platform as opposed to the end of 
the platform.

Sensor Instrumentation

The original design of the platforms used a metal “cage” 
to house the nitrate sensor, orthophosphate sensor, and mul-
tichannel fluorometer (fig. 12). Each sensor was secured to a 
side of the cage, and the cage was suspended from a cut-out in 
the platform deck. The design was changed before deployment 
in 2019 to PVC wells secured to the platform deck. The wells 
held the sensors more securely in wave action and provided 
easier access for service visits. However, the larger surface 
area for fouling increased the amount of cleaning required.

The daisy chaining feature of the multiparameter sondes 
was used to deploy them at multiple depths. Daisy chaining 
the sondes together with the same cables allowed for shorter 
cable lengths and thus a reduced chance of cable entangle-
ment. However, successful operation of the daisy chaining 
feature depended on powering up each sonde in a specific 
order and the uninterrupted function of each sonde. If power 
was interrupted at the platform and the sondes could not be 
repowered in the prescribed manner, then a malfunction would 
occur, affecting the other sondes. Although daisy chaining 
improved cable management, it contributed to substantial loss 
of real-time sensor data. In 2020, each sonde was cabled inde-
pendently, which resulted in reduced data loss. Aside from this 
issue, the multiparameter sonde performed well overall.

The nitro::lyser II nitrate sensor was deployed in the 
beginning of the study; however, the external controller did 
not function as expected likely because of high tempera-
tures and jarring movement from wave action. Additionally, 
the controller had a high power requirement, which led to 
increased drain on the power system, eventually leading to lost 
nitrate data and lost data from other sensors. The increased 
power requirement of the nitro::lyser II controller was con-
founded by the 5-minute recording interval programmed in 

Figure 12.  Photograph of a metal cage used initially to deploy 
the nitrate sensor, orthophosphate sensor, and phytoplankton 
sensor before it was replaced by polyvinyl chloride (PVC) wells; 
photograph by U.S. Geological Survey.

the measurement settings. In 2020, the Nitratax was used at 
a 15-minute recording interval, which resulted in improved 
performance of the gage power system and facilitated a more 
complete dataset. Overall, nitrate sensors are sensitive to the 
ambient temperature and have a substantial power require-
ment. Appropriate model selection for ambient and in-place 
conditions is crucial for reducing nitrate-sensor data loss and 
potentially other sensors dependent on the same power source.

The orthophosphate instrument cable and waste line 
were susceptible to physical damage, such as pinching and 
(or) abrasion, and was the primary cause of lost data. This 
issue was obscured by limitations of the telemetry configu-
ration and not having the available QC metadata available 
remotely; thus, identifying issues required a site visit. Users 
of this instrument could run the cable and waste line through 
a flexible conduit to protect them. A consideration for deploy-
ment in deep lakes is that if the waste line is too long, the 
instrument may not be able to pump out the waste, resulting 
in data loss. Based on the high number of nondetects reported 
by the orthophosphate sensor, orthophosphate may need to be 
monitored less in Seneca, Owasco, and Skaneateles Lakes, 
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especially considering the complex nature and maintenance 
required for the current (2024) generation of in-place, wet 
chemical sensors.

The combined water temperature and illumination sen-
sors were deployed in 1-meter intervals throughout the water 
column, all attached to the same wire cable. At each site, sen-
sors totaled between 26 and 31, depending on the lake depth 
at the platform. In 2019, the sensors were cleaned every few 
weeks; and about halfway through the deployment period, 
the sensors were swapped, and the data were downloaded. 
The data from the combined water temperature and illumina-
tion sensors were also not telemetered, and thus malfunctions 
(such as the sensors ceasing to make measurements) were not 
discovered until the only download attempt of the deployment 
was made. This practice resulted in large periods of missing 
data. In 2020, the entire string of sensors was swapped out 
every 2 weeks. Swapping the sensors and downloading data 
more frequently facilitated a more complete dataset.

Field Methods

In 2019, one field crew performed gage and sensor main-
tenance and collected discrete samples in single site visits, 
occurring at 4- to 8-week intervals as is common for most 
USGS monitoring stations. This initial schedule was enacted 
because fouling was not expected to be prolific in these clear 
freshwater lakes; however, heavy fouling from dreissenid 
mussels (such as Dreissena bugensis and D. polymorpha) 
occurred, particularly at the near-surface locations (fig. 13). 
In 2020, to facilitate more frequent sensor cleanings, a sepa-
rate crew made site visits every 2 weeks to clean and swap 
sensors and troubleshoot other platform issues as needed. In 
addition, copper-based, anti-fouling components were added 
to the infrastructure and instrumentation where appropriate. 
Increased anti-fouling measures and frequency of site visits 
improved the quality (a reduction in the effects of fouling) 
and quantity (sensor malfunctions resolved promptly) of the 
data collected.
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C D

Figure 13.  Photographs of sensor fouling over 2- to 3-month deployments. A, EXO2 multiparameter sonde covered in dreissenid 
mussels. B, Nitro::lyser II nitrate sensor fouled by dreissenid mussels, slime and algae. C, PhytoFind phytoplankton classification sensor 
fouled by dreissenid mussels and slime. D, HydroCycle PO4 orthophosphate sensor fouled by dreissenid mussels; photograph by U.S. 
Geological Survey.
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Sensor Performance and Evaluation 
Discussion

This section discusses the results of correlation analyses 
between sensor and corresponding laboratory measurements, 
collectively and by lake. Additionally, for laboratory measures 
of phytoplankton biomass, stepwise regressions were devel-
oped using all available sensor measurements. These regres-
sion models were compared to individual fluorescence sensors 
to assess their ability to explain the variance in chlorophyll-a, 
total phytoplankton biovolume, and cyanobacteria biovolume 
better than the individual fluorescence sensors alone.

Nitrate

The overall monotonic relation between sensor-measured 
and laboratory-measured concentrations of nitrate was strong 
(ρ=0.87, p-value<0.05; n=24), and 78 percent of the variation 
between values was explained by linear regression (r=0.88, 
p-value<0.05, R2=0.78). Although the number of observa-
tions in Seneca Lake (n=13) and Owasco Lake (n=11) was 
small, the differences between the locations were indicated 
by the slope of their respective linear regressions (fig. 14). A 
single high laboratory-measured value at Seneca Lake likely 
has a strong effect on the overall relation; however, the reason 
to exclude the measurement from the dataset is not clear. 
In general, nitrate values were underestimated relative to 
laboratory measurements at Seneca Lake, and 64 percent of 
the variation in the relation was explained with linear regres-
sion. Sensor-measured nitrate concentrations ranged from 
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Nitratax plus sc (circles), related to laboratory-measured nitrate concentrations at Seneca and Owasco lakes for 2019 and 2020.



Sensor Performance and Evaluation Discussion    27

0.24 to 0.50 mg/L as N, with median value of 0.29 mg/L as N, 
whereas laboratory-measured nitrate concentrations ranged 
between 0.05 and 1.19 mg/L as N, with a median value of 
0.20 mg/L as N. Sensor-measured nitrate values were more 
consistent with laboratory measurements at Owasco Lake, 
and 88 percent of the variation in the relation was explained 
with linear regression. Sensor-measured nitrate concentrations 
ranged from 0.58 to 1.19 mg/L as N, with median value of 
0.67 mg/L as N, whereas laboratory-measured nitrate concen-
trations ranged from 0.58 to 1.21 mg/L as N, with a median 
value of 0.75 mg/L as N (fig. 14). Results from this study 
indicate that nitrate sensors performed well in the study lakes 
but suggests that the relation between sensor- and laboratory-
measured nitrate values may vary among lakes. Additional 
observations are needed to further define the relationships 
between sensor- and laboratory-measured concentrations of 
nitrate at both Seneca Lake and Owasco Lake.

Orthophosphate

The relation between sensor- and laboratory-measured 
concentrations of orthophosphate could not be evaluated 
based on the results of this study. Orthophosphate was rarely 
detected by sensor measurements or laboratory analyses in any 
of the lakes sampled during 2019 and 2020. Only 3.4 percent 
(5 out of 147; not including replicates) of discrete-sample 
measurements were above the minimum detection limit (that 
is, limit of detection: 0.004 mg/L as P): 4 samples from Seneca 
Lake and 1 sample from Owasco Lake. Just one sample 
(0.7 percent) was above the reporting limit (that is, limit of 
quantification: 0.008 mg/L as P) and equaled 0.012 mg/L as 
P; collected from the near-bottom sampling depth at Owasco 
Lake on June 27, 2019. All samples with detectable orthophos-
phate were collected from the near-bottom sampling depth 
at Seneca and Owasco Lakes. The laboratory data support 
the time-series data measured by the orthophosphate sensor, 
which were nearly all below the minimum detection limit 
of the instrument (0.002 mg/L as P). The lower detection 
limit of the sensor may have resulted in some detections of 
orthophosphate that were not reported in laboratory analyses. 
Less than 1 percent of sensor measurements (11 out of 1,454) 
were above the detection limit, and all were at Owasco Lake 
in October 2020. Results from this study indicate the ortho-
phosphate sensor did not experience the challenges reported 
in other types of environments in these low-turbidity systems 
(Peake, 2022); however, concentrations were too low to 
conduct a meaningful comparison of sensor- and laboratory-
measured concentrations.

Dissolved Organic Matter

Although not a direct comparison like nitrate and ortho-
phosphate, many studies have used sensor measurements of 
fDOM as a proxy for DOC, which is an important regulator 
of the ecology and biogeochemistry of global ecosystems 

(Downing and others, 2009; Pellerin and others, 2012; 
Hoffmeister and others, 2020; Toming and others, 2020). 
The relation between sensor-measured fDOM (µg/L as QSE) 
and laboratory-measured DOC (mg/L) was confounded by 
the limited range of DOC concentrations observed. Overall, 
laboratory-measured concentrations of DOC ranged from 
1.31 to 3.43 mg/L, with a median value of 2.24 mg/L. EXO2 
sensor-measured fDOM ranged from 2.00 to 20.1 µg/L as 
QSE, with median value of 8.21 µg/L as QSE. Owasco Lake 
had the largest range of fDOM, from 7.20 to 20.1 µg/L as 
QSE, whereas Seneca Lake had a moderate range (from 5.00 
to 11.4 µg/L as QSE), and Skaneateles Lake had the small-
est range (from 2.00 to 4.03 QSE; fig. 15). It is important 
to acknowledge that although sensor-measured fDOM data 
used in this study were collected using USGS protocols and 
guidelines available during the study period (that is, Wagner 
and others [2006]), sensor-measured fDOM data were raw 
measured values. Corrections for water temperature, turbid-
ity, and inner matrix (that is, effects from constituents in the 
water on the sensor measurements), such as those described in 
Booth and others (2023), were not applied because of lack of 
available supporting data as well as high water clarity and low 
suspended solids concentrations in the study lakes. Correlation 
analysis indicated that the monotonic relation between 
fDOM and DOC was statistically significant at Seneca 
(ρ=−0.31, p-value<0.05; n=57) and Owasco Lakes (ρ=−0.60, 
p-value<0.05; n=55), but not at Skaneateles Lake (ρ=−0.27, 
p-value=0.35; n=14). The linear relation between fDOM and 
DOC was marginally statistically significant at Owasco Lake 
(r=0.27, p-value=0.04, R2=0.08). Although the linear associa-
tion in Owasco Lake was statistically significant, only 8 per-
cent of the variation in the relation between fDOM and DOC 
was explained. The linear relation at Seneca and Skaneateles 
Lakes was not significant. The differences in relation by lake 
may be attributable to the composition of the DOC pool or 
other physiochemical conditions within each lake, rather than 
variations in instrument function or calibration, given the rela-
tive consistency in the relation across depths within each lake.

Phytoplankton Biomass

When evaluating measurements from phytoplankton fluo-
rescence sensors against laboratory-measurements associated 
with phytoplankton biomass, it is important to consider that 
the reported values from the sensors are estimates and are not 
associated with a specified accuracy by the manufacturer. The 
results from the sensors used in this study were assumed to 
have relative correlation with the discrete sample analyses.

Another consideration is the relation of the different types 
of laboratory analyses that are indicative of phytoplankton bio-
mass. Although chlorophyll has become the measurement of 
choice for many studies and monitoring programs as a proxy 
for phytoplankton biomass, the relation between laboratory-
measured chlorophyll-a and phytoplankton abundance or 
biovolume can vary substantially (Canfield and others, 2019). 
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Figure 15.  Scatterplot showing sensor-measured fluorescent dissolved organic matter concentrations related to laboratory-measured 
dissolved organic carbon concentrations.

In this study, the monotonic relation between laboratory mea-
surements of chlorophyll-a and total phytoplankton biovolume 
was strong (ρ=0.80, p-value<0.05; n=145); however, only 
25 percent of the variation was explained by linear regression 
(r=0.50, p-value<0.05, R2=0.25). Chlorophyll-a concentra-
tions ranged from 0.05 to 14.60 µg/L, with median value of 
1.40 µg/L, whereas total phytoplankton biovolume ranged 
from 3,810 to 5,202,979 µm3/mL, with a median value of 
147,860 µm3/mL (fig. 16). These ranges suggest CyanoHABs 
may not have been substantially present in the sampling loca-
tions at the open-water monitoring stations on study lakes 
during the study period, except for one open-water surface 
bloom (dominated by Microcystis spp.) observed at Owasco 
Lake during August 2020 (table 7, fig. 17). Despite the lack 
of observed open-water phytoplankton accumulations during 
most of the study period, nearshore CyanoHABs were reported 
during 2019 and 2020 at Seneca, Owasco, and Skaneateles 
Lakes (NYSDEC, 2023; Halfman and others, 2023). The 
relation between chlorophyll-a and phytoplankton biovolume 
improved when Seneca and Skaneateles Lakes were con-
sidered separately (R2=0.52 and 0.49, respectively), but the 
relation in Owasco Lake remained weak (R2=0.25). These 
among-lake differences may be attributed to phytoplankton 
community composition and (or) dominance by a single taxon 

(that is, a single taxon comprising greater than 50 percent 
of total biovolume). About 54 percent of samples collected 
had communities without a single dominant taxon. Across all 
three study lakes, when communities were dominated by a 
single taxon, it tended to be diatom genera (42 of 67 samples). 
Cyanobacteria only dominated phytoplankton biovolume in 
11 samples (4 from Seneca Lake and 7 from Owasco Lake; all 
samples where cyanobacteria were dominant were collected 
between July and October in both 2019 and 2020). Dominant 
cyanobacterial taxa included Microcystis, Aphanocapsa, and 
Pseudanabaena, all of which are known to have cyanotoxin 
producing strains (Graham and others, 2008). Substantial 
variability in community composition was observed over 
time and within and among lakes (fig. 17; table 7). Given that 
phytoplankton communities are often diverse and dynamic, 
interpretations of how fluorescence sensor measurements 
represent laboratory measurements globally are difficult. In 
addition to other considerations discussed in Foster and others 
(2022), the relatively narrow range of laboratory-measured 
chlorophyll-a and phytoplankton biovolume concentrations, 
and lack of occurrence of open-water CyanoHABs during the 
study period limits the ability to fully assess sensor perfor-
mance in this study.
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Figure 16.  Scatterplot showing laboratory-measured chlorophyll-a concentrations related to laboratory-measured total phytoplankton 
biovolume.

Table 7.  Dominant (relative biovolume greater than 50 percent) cyanobacteria taxa, by sampling depth, as determined from 
laboratory-measured phytoplankton identification and enumeration samples at Seneca Lake, Owasco Lake and Skaneateles Lake. 
Samples where no one taxon was dominant are not shown.

[Data are available in Perkins and others, 2021 Dates are given in year-month-day; µm3/mL, cubic micrometer per liter]

Monitoring location Date Sampling depth Dominant taxa
Relative biovolume 

(percent)
Total biovolume 

(µm3/mL)

Seneca Lake Platform 2019-07-12 Near surface Pseudanabaena 66.1 455,161
Seneca Lake Platform 2019-10-03 Near surface Microcystis 51.7 159,545
Seneca Lake Platform 2020-07-14 Near surface Aphanocapsa 57.9 436,466
Seneca Lake Platform 2020-07-14 Mid-depth Aphanocapsa 70.7 346,178
Owasco Lake Platform 2019-10-02 Near surface Microcystis 84.9 708,683
Owasco Lake Platform 2019-10-02 Near bottom Microcystis 52.3 5,266
Owasco Lake Platform 2019-10-24 Near surface Microcystis 54.7 39,181
Owasco Lake Platform 2020-07-28 Mid-depth Aphanocapsa 61.4 144,228
Owasco Lake Platform 2020-08-12 Near surface Microcystis 78.4 1,127,810
Owasco Lake Platform 2020-08-25 Near surface Microcystis 87.6 1,836,553
Owasco Lake Platform 2020-10-07 Near bottom Microcystis 54.7 44,151
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Figure 17.  Graphs showing phytoplankton community biovolume in cubic micrometers per milliliter (µm3/mL) at three different 
sampling depths in the water column at Owasco Lake, Seneca Lake, and Skaneateles Lake in 2019 and 2020. Biovolume is measured by 
traditional microscopic analysis. Taxa are grouped by divisions: (1) Cyanophyta (cyanobacteria); (2) Chlorophyta (chlorophytes; green 
algae); (3) Bacillariophyta (diatoms); (4) Other (all other phytoplankton).
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Chlorophyll
Chlorophyll was measured by two instruments in this 

study: the dual-channel fluorometer on a multiparameter 
sonde and a multichannel fluorometer. The relation between 
each sensor and related laboratory measurements is discussed; 
however, the sensors are not directly compared, in accordance 
with guidance from the USGS Office of Acquisitions and 
Grants (OAG)/Ethics when discussing instrument performance 
in publications by USGS authors. The reader should be able to 
discern similarities and differences between the two instru-
ments based on the data and analyses provided.

The overall monotonic relation between the dual-
channel chlorophyll fluorometer and laboratory-measured 
concentrations of chlorophyll-a was relatively strong 
(ρ=0.73, p-value<0.05; n=134); however, only 50 percent of 
the variation was explained with linear regression (r=0.71, 
p-value<0.05, R2=0.50). Sensor-measured chlorophyll con-
centrations ranged from −0.50 to 13.5 µg/L, with a median 
value of 0.90 µg/L (reported values less than 0 are possible 
from the EXO Total Algae sensor—typically a result of sensor 
calibration procedures); laboratory-measured chlorophyll-a 
concentrations ranged from 0.05 to 14.6 µg/L, with a median 
value of 1.30 µg/L (fig. 18). Generally, laboratory-measured 
chlorophyll-a values tended to be slightly higher than values 
from the dual-channel fluorometer. The laboratory-measured 
median was about 1.4 times higher than the sensor-measured 
median, and the laboratory maximum was about 1.1 times 
higher than the sensor maximum. The dual-channel fluo-
rometer explained the most variance in laboratory-measured 
chlorophyll-a concentrations in Seneca Lake (R2=0.60) but 
did not explain as much in Owasco (R2=0.33) and Skaneateles 
(R2=0.38) Lakes. These differences by lake may be in large 
part attributed to the phytoplankton community composition 
or physicochemical conditions within the lakes, rather than 
variations in instrument function or calibration, as supported 
by the relative consistency across the depths at each lake.

The overall monotonic relation between chlorophyll con-
centration measurements from the multichannel fluorometer 
and laboratory-measured concentrations of chlorophyll-a was 
moderately strong (ρ=0.65, p-value<0.05; n=16). However, 
the multichannel fluorometer only explained 44 percent of the 
variation in laboratory-measured chlorophyll-a values (r=0.66, 
p-value<0.05, R2=0.44). Sensor-measured chlorophyll con-
centration ranged from 2.11 to 20.3 µg/L, with a median value 
of 5.46 µg/L, whereas laboratory-measured chlorophyll-a 
concentrations ranged from 0.05 to 14.6 µg/L, with a median 
value of 1.50 µg/L (fig. 18). Generally, the sensor measure-
ments tended to be higher than measurements from the 
laboratory; sensor median was about 3.6 times higher than the 
laboratory median, and sensor maximum was about 1.4 times 
higher than the laboratory maximum. The relation between the 
sensor-measured and the corresponding laboratory-measured 
chlorophyll-a concentrations is different in Seneca Lake 
and Owasco Lakes. The multichannel fluorometer explained 
more than 2 times the variance in laboratory-measured 

chlorophyll-a values at Owasco Lake (R2 = 0.70) than at 
Seneca Lake (R2 = 0.31). Moreover, the multichannel fluorom-
eter at Seneca Lake generally overestimated chlorophyll-a, 
relative to the fluorometer at Owasco Lake. The overestima-
tion at Seneca Lake is likely attributed to the generally larger 
biovolumes of phytoplankton in the green/brown and mixed 
target groups of the sensor (Johnston and others, 2022; fig. 17; 
table 7). Although the number of observations is small, the 
multichannel fluorometer performed better in samples where 
cyanobacteria were dominant, as observed by Johnston and 
others (2022). For example, in Owasco Lake, sensor measure-
ments of chlorophyll were within 10 percent of laboratory-
measured values when cyanobacteria were dominant (n=2). 
More data are needed to establish additional confidence in 
these relationships.

Overall, the amount of variance in laboratory-measured 
chlorophyll-a explained by fluorescence sensor measurements 
differed among lakes and by sensor. Both the dual-channel 
and multichannel fluorometers demonstrated the ability 
to explain about 60 percent of the variance in laboratory-
measured chlorophyll-a at Seneca Lake and Owasco Lake, 
respectively. However, the amount of variance explained 
ranged between about 30 and 60 percent, depending on lake 
and sensor. Although relatively good relations between sensor- 
and laboratory-measured chlorophyll-a values were observed 
in this study, the sample size and range are small, and using 
site-specific relations may increase the overall amount of 
variance explained by the sensor(s) (Rousso and others, 2020; 
Prestigiacomo and others, 2023).

Phytoplankton Biovolume
Total phytoplankton biovolume.—Although not a direct 

comparison, chlorophyll can be used as a proxy for phyto-
plankton biomass (Foster and others, 2022). Chlorophyll 
measured by the dual-channel and multichannel fluorometers 
were compared to laboratory-measured total phytoplankton 
biovolume. The overall monotonic relation between chlo-
rophyll concentration measurements from the dual-channel 
fluorometer and laboratory-measured total phytoplankton 
biovolume was moderately strong (ρ=0.61, p-value<0.05; 
n=136); however, only 14 percent of the variation in phyto-
plankton biovolume was explained by sensor-measured chlo-
rophyll (r=0.38, p-value<0.05, R2=0.14) (fig. 19). The linear 
relation with dual-channel fluorometer measurements was 
weaker for total phytoplankton biovolume (all r values about 
0.20 less) than for chlorophyll-a overall and in individual 
lakes. By lake, the dual-channel fluorometer explained more 
variance in laboratory-measured total phytoplankton biovol-
ume in Seneca Lake (R2=0.32) than Owasco (R2=0.09) and 
Skaneateles (R2=0.20) Lakes, similar to what was observed 
for chlorophyll-a.

The overall monotonic and linear relations between 
chlorophyll concentration measurements from the multi-
channel fluorometer and laboratory-measured total phy-
toplankton biovolume were not statistically significant 
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Figure 18.  Scatterplots showing sensor-measured chlorophyll concentrations related to laboratory-measured chlorophyll-a 
concentrations. A, EXO2 Total Algae-Phycocyanin sensor; B, PhytoFind phytoplankton classification tool.
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Figure 19.  Scatterplots showing sensor-measured chlorophyll concentrations related to laboratory-measured total phytoplankton 
biovolume. A, EXO2 Total Algae-Phycocyanin sensor; B, PhytoFind phytoplankton classification tool.
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(ρ=0.39, p-value=0.13; n=16); (r=0.42, p-value=0.09, 
R2=0.18) (fig. 19). Although not statistically significant, the 
multichannel fluorometer explained 18 percent of the vari-
ance in total phytoplankton biovolume values, similar to the 
amount of variance explained by the dual-channel fluorometer. 
As observed for chlorophyll, the relation between sensor- and 
laboratory-measures of phytoplankton biovolume in Seneca 
and Owasco Lakes were different. The multichannel fluorom-
eter explained more than 2 times the variance in total phyto-
plankton biovolume at Owasco Lake (R2=0.67) than in Seneca 
Lake (R2=0.29). As explained above, the difference between 
lakes is likely attributed to differences in phytoplankton com-
munity composition, such as generally larger abundances of 
phytoplankton in the green/brown and mixed target groups of 
the sensor at Seneca Lake and more samples dominated by 
cyanobacteria at Owasco Lake (Johnston and others, 2022; 
fig. 17; table 7). As noted for the sensor- and laboratory-
measured chlorophyll-a relations, more data are needed to 
establish additional confidence in the relations for both the 
dual-channel and multichannel fluorometers.

Cyanobacterial biovolume.—Although not a direct 
comparison, the cyanobacterial pigment phycocyanin can 
be used as a proxy for cyanobacterial biomass (Foster and 
others, 2022). Phycocyanin fluorescence measured by the 
dual-channel and multichannel fluorometers were compared 
to laboratory-measured cyanobacterial biovolume. The 
monotonic and linear relations between phycocyanin con-
centration measurements from the dual-channel fluorometer 
and laboratory-measured cyanobacterial biovolume were 
not statistically significant (ρ=0.10, p-value=0.27; r=0.04, 
p-value=0.34; n=134). The relations did not vary meaningfully 
by lake, which is different from the relations between the dual-
channel fluorometer and chlorophyll-a and total phytoplank-
ton biovolume. Phycocyanin concentration measurements 
from the dual-channel fluorometer ranged between −0.60 and 
0.85 µg/L (reported values less than 0 are possible from the 
EXO2 Total Algae-Phycocyanin sensor), whereas laboratory-
measured cyanobacterial biovolume ranged many orders of 
magnitude, from 145 and 1,636,996 µm3/mL (fig. 20). Based 
on these results, the phycocyanin concentration measurements 
from the dual-channel fluorometer may not be sensitive to 
changes in phycocyanin-containing phytoplankton (such as, 
cyanobacteria) across the range encountered in the study lakes, 
which may explain why differences in relations among lakes 
were not observed.

The overall monotonic relation between measurements of 
chlorophyll concentration contributed by cyanobacteria from 
the multichannel fluorometer and laboratory-measured cya-
nobacterial biovolume was moderate (ρ=0.58, p-value<0.05; 
n=16), but 88 percent of the variation in cyanobacterial 
biovolume was explained by the sensor (r=0.94, p-value<0.05, 
R2=0.88) (fig. 20). The amount of variance explained by 
the sensor is strongly influenced by 6 of the 16 observa-
tions in which the sensor measured chlorophyll concentra-
tion contributions by cyanobacteria. Ten of the 16 observa-
tions were zero, in contrast to the laboratory measurements 

of cyanobacterial biovolume, which ranged from 1,018 to 
175,571 µm3/mL in those same 10 observations. The multi-
channel fluorometers did make non-zero measurements in con-
ditions where cyanobacteria were dominant; one at each lake; 
Aphanocapsa (58 percent of total phytoplankton biovolume) at 
Seneca Lake, and Microcystis (88 percent of total phytoplank-
ton biovolume) at Owasco Lake.

Identification of Important Variables
Variables from unique sensors (that is, when measure-

ments in different units from the same individual sensor were 
highly correlated, only the variable with the strongest cor-
relation is discussed herein) indicating the strongest mono-
tonic relation were similar between laboratory-measured 
chlorophyll-a and total phytoplankton biovolume (table 8; 
table 9). Water temperature (collectively measured through 
to the full depth of the lakes by the multiparameter sonde and 
the combined water-temperature/illumination sensor) had the 
strongest monotonic relation for chlorophyll-a, total phyto-
plankton biovolume, and cyanobacterial biovolume (table 8; 
table 9; table 10). This is attributed to the effects of water 
temperature on the rate of photosynthesis in phytoplankton—
warmer water generally leads to higher rates of photosynthe-
sis and growth. As such, seasonal maxima in phytoplankton 
biomass are often observed during the warmest months of 
the year (fig. 17; Raven and Geider, 1988; Falkowski and 
Raven, 1997).

Linear associations varied depending on phytoplankton 
biomass indicator; however, one or more measurements from 
the multichannel fluorometer were the most strongly correlated 
variable for chlorophyll-a, total phytoplankton biovolume, and 
cyanobacterial biovolume. Although the range and number 
of observations is small, the instrument capability of detect-
ing and measuring fluorescence signals from multiple phyto-
plankton pigments may be useful in improving estimations of 
phytoplankton biomass over the use of single-pigment instru-
ments. Water temperature also had a strong linear association 
with chlorophyll-a and cyanobacterial biovolume but not total 
phytoplankton biovolume. The differences in linear relation-
ships may be attributed to the phytoplankton biovolume peak 
occurring in the spring when the water is cooler, as opposed to 
the cyanobacterial peak, which typically occurs in the warmer 
summer months (fig. 17). For cyanobacterial biovolume, 
sensor-measured turbidity was also among the most strongly 
correlated variables (table 10). This relation is likely attrib-
uted to the very clear conditions in these lake systems and the 
cyanobacterial contribution to the total suspended particles 
in the water column. Strong relations between cyanobacteria 
and sensor-measured turbidity have been noted in New York 
lakes (Prestigiacomo and others, 2023) and elsewhere 
(Melendez-Pastor and others, 2019; Rome and others, 2021), 
including lakes with cyanobacterial communities dominated 
by Aphanocapsa (Magalhães and others, 2019). Some sensor 
measurements were collected at multiple depths throughout 
the water column, whereas others were collected at, near, or 
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Figure 20.  Scatterplots showing A, phycocyanin concentrations measured by the EXO Total Algae-Phycocyanin sensor related to 
laboratory-measured cyanobacterial biovolume; B, chlorophyll concentration contributed by cyanobacteria measured by the PhytoFind 
phytoplankton classification tool related to laboratory-measured cyanobacterial biovolume.
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above the water surface; correlation analyses using only data 
from near the water surface did not substantially change the 
variables most strongly correlated with chlorophyll-a, total 
phytoplankton biovolume, or cyanobacterial biovolume.

Stepwise regression analysis.—Stepwise regression 
analysis for laboratory-measured chlorophyll-a indicated 
the inclusion of pH (p-value=<0.001) and relative fluores-
cence of chlorophyll (RFU) measured by the dual-channel 
fluorometer (p-value=<0.001) as independent variables. The 
resulting model was able to explain 49 percent of the vari-
ance in laboratory-measured chlorophyll-a (R2=0.49; n=65) 
(fig. 21). The multivariate model, which incorporated pH 

and relative chlorophyll fluorescence, explained about the 
same amount of variance as the single-variable model using 
the chlorophyll concentration variable from the dual-channel 
fluorometer (R2=0.50, n=134). Additionally, the multivari-
ate model considering only pH, explained six percent more 
variance than the single-variable model using total chlorophyll 
concentration measurements from the multichannel fluorom-
eter (R2=0.43, n=16). Since some sensors were only deployed 
at the near-surface location, an analysis of only data collected 
near the water surface was performed. The resulting model 
included relative fluorescence of chlorophyll (RFU) measured 
by the dual-channel fluorometer (p-value=<0.001), dissolved 

Table 8.  Correlation analysis for sensor-measured parameters and laboratory-measured chlorophyll-a; data collected from all lakes 
and depths.

[Highest three correlated parameters from unique sensors are in bold (and noted with footnote b) for each correlation. Chl, chlorophyll; fDOM, fluorescent 
dissolved organic matter; PAR, photosynthetically active radiation; PC, phycocyanin; QSE, micrograms per liter as quinine sulfate equivalent; RFU, relative 
fluorescence units; Spec.Cond., specific conductance; Temp., temperature; µg/L, micrograms per liter.]

Parameter
Sample size 

(n)
Pearson's correlation 

(Chlorophyll-a)
Spearman's rank 
(Chlorophyll-a)

Chl from Cyanobacteria (PhytoFind; µg/L)a 16 0.260 0.248
Chl from Mixed Phytoplankton (PhytoFind; µg/L)a 16 0.052 0.515
Total Chl (PhytoFind; µg/L)a 16 0.657 0.646
Chl from Green/brown algae (PhytoFind; µg/L)a 16 b0.747 0.140
Chl from Green/brown algae (PhytoFind; percent)a 16 0.033 −0.191
Chl from Cyanobacteria (PhytoFind; percent)a 16 0.233 0.248
Chl from Mixed Phytoplankton (PhytoFind; percent)a 16 −0.107 0.096
fDOM (PhytoFind; RFU)a 16 −0.477 −0.315
Water Temp. (EXO) 133 b0.612 b0.788
Spec. Cond. (EXO) 132 0.181 −0.117
Dissolved Oxygen (EXO) 133 0.078 −0.072
pH (EXO) 117 0.593 0.679
fDOM (EXO; RFU) 126 −0.251 −0.248
fDOM (EXO; µg/L as QSE) 124 −0.253 −0.265
Chl (EXO; RFU) 131 0.704 0.721
Chl (EXO; µg/L) 134 b0.706 b0.728
PC (EXO; µg/L) 132 0.033 −0.001
PC (EXO; RFU) 132 0.040 0.009
Turbidity (EXO) 126 0.338 0.179
Nitrate (nitro::lyser, Nitratax)a 24 −0.270 −0.279
Water Temp. (UA-002-64) 103 0.566 b0.742
Illumination (UA-002-64) 104 0.251 0.555
Air Temp. (WTX536)a 127 0.139 0.122
Wind Direction (WTX536)a 127 −0.045 −0.071
Precipitation (WTX536)a 127 −0.070 −0.034
Wind Speed (WTX536)a 127 0.260 −0.084
PAR (LI-190R) 124 −0.133 0.061

aParameter only measured near the water surface.
bOne of the highest three correlated values from each sensor.
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Table 9.  Correlation analysis for sensor-measured parameters and laboratory-measured total phytoplankton biovolume; data collected 
from all lakes and depths.

[Highest three correlated parameters from unique sensors are in bold for each correlation. Chl, chlorophyll; fDOM, fluorescent dissolved organic matter; PAR, 
photosynthetically active radiation; PC, phycocyanin; QSE, micrograms per liter as quinine sulfate equivalent; RFU, relative fluorescence units; Spec.Cond., 
specific conductance; Temp., temperature; µg/L, micrograms per liter.]

Parameter
Sample size 

(n)
Pearson’s correlation 

(Biovolume)
Spearman’s rank 

(Biovolume)

Chl from Cyanobacteria (PhytoFind; µg/L)a 16 b0.498 −0.046
Chl from Mixed Phytoplankton (PhytoFind; µg/L)a 16 −0.184 0.057
Total Chl (PhytoFind; µg/L)a 16 0.422 0.391
Chl from Green/brown algae (PhytoFind; µg/L)a 16 b0.673 0.457
Chl from Green/brown algae (PhytoFind; percent)a 16 0.189 0.252
Chl from Cyanobacteria (PhytoFind; percent)a 16 0.480 −0.046
Chl from Mixed Phytoplankton (PhytoFind; percent)a 16 −0.346 −0.308
fDOM (PhytoFind; RFU)a 16 −0.484 −0.429
Water Temp. (EXO) 135 0.344 b0.664
Spec. Cond. (EXO) 134 −0.058 −0.113
Dissolved Oxygen (EXO) 135 −0.143 −0.168
pH (EXO) 119 0.166 0.471
fDOM (EXO; RFU) 128 0.000 −0.204
fDOM (EXO; QSE) 126 −0.010 −0.214
Chl (EXO; RFU) 133 0.381 b0.615
Chl (EXO; µg/L) 136 0.381 0.608
PC (EXO; µg/L) 134 −0.144 −0.059
PC (EXO; RFU) 134 −0.150 −0.066
Turbidity (EXO) 128 0.237 0.105
Nitrate (nitro::lyser, Nitratax)a 24 −0.123 −0.120
Water Temp. (UA-002-64) 104 0.458 b0.683
Illumination (UA-002-64) 105 0.280 0.509
Air Temp. (WTX536)a 129 0.232 0.262
Wind Direction (WTX536)a 129 −0.180 −0.142
Precipitation (WTX536)a 129 −0.062 −0.076
Wind Speed (WTX536)a 129 b0.498 −0.318
PAR (LI-190R)* 126 −0.272 0.248

aParameter only measured near the water surface.
bOne of the highest three correlated values from each sensor.

oxygen (p-value=<0.001), turbidity (p-value=0.001), illumi-
nation measured by the combined sensor (p-value=<0.001), 
and PAR (p-value=0.005), and explained 40 percent more of 
the variance in laboratory-measured chlorophyll-a (R2=0.89; 
n=26) than the overall model. However, the number of 
variables included may result in overfitting and poor per-
formance with new data (Cawley and Talbot, 2010). When 
the two variables with a p-value greater than or equal to 
0.001 were removed (PAR and turbidity), the resulting model 
explained about 10 percent less of the variance in laboratory-
measured chlorophyll-a than the overall model. The variables 
that explained the most difference in laboratory-measured 

chlorophyll-a concentrations varied by lake. The Seneca Lake 
model included relative fluorescence of chlorophyll (RFU) 
measured by the dual-channel fluorometer (p-value=<0.001); 
this model explained 8 percent more variance than the overall 
model (fig. 21). The Owasco Lake model included fDOM 
measured by the multiparameter sonde (p-value=<0.001) 
and turbidity (p-value=0.008); this model explained 20 per-
cent more variance than the overall model (fig. 21). Many 
studies have found nutrient measurements (many as labora-
tory measurements) to have the most explanatory power in 
chlorophyll-a models (Jones and Bachmann, 1978; Phillips 
and others, 2008; Jones and others, 2020; Yuan and Jones, 
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Table 10.  Correlation analysis for sensor-measured parameters and laboratory-measured cyanobacterial biovolume; data collected 
from all lakes and depths.

[Highest three correlated parameters are in bold for each correlation. Chl, chlorophyll; fDOM, fluorescent dissolved organic matter; PAR, photosynthetically 
active radiation; PC, phycocyanin; QSE, micrograms per liter as quinine sulfate equivalent; RFU, relative fluorescence units; Spec.Cond., specific conductance; 
Temp., temperature; µg/L, micrograms per liter.]

Parameter
Sample size 

(n)
Pearson's correlation 

(CynBiovolume)
Spearman's rank 
(CynBiovolume)

Chl from Cyanobacteria (PhytoFind; µg/L)a 16 b0.938 0.578
Chl from Mixed Phytoplankton (PhytoFind; µg/L)a 16 0.016 b0.600
Total Chl (PhytoFind; µg/L)a 16 0.067 0.571
Chl from Green/brown algae (PhytoFind; µg/L)a 16 −0.113 −0.116
Chl from Green/brown algae (PhytoFind; percent)a 16 −0.239 −0.338
Chl from Cyanobacteria (PhytoFind; percent)a 16 b0.889 0.578
Chl from Mixed Phytoplankton (PhytoFind; percent)a 16 −0.035 0.168
fDOM (PhytoFind; RFU)a 16 0.069 0.100
Water Temp. (EXO) 135 0.354 b0.755
Spec. Cond. (EXO) 134 −0.044 −0.175
Dissolved Oxygen (EXO) 135 −0.033 −0.178
pH (EXO) 119 0.215 0.594
fDOM (EXO; RFU) 128 −0.109 −0.384
fDOM (EXO; QSE) 126 −0.103 −0.387
Chl (EXO; RFU) 133 0.144 0.555
Chl (EXO; µg/L) 136 0.155 0.564
PC (EXO; µg/L) 134 0.048 0.096
PC (EXO; RFU) 134 0.046 0.096
Turbidity (EXO) 128 b0.743 0.148
Nitrate (nitro::lyser, Nitratax)a 24 0.031 −0.299
Water Temp. (UA-002-64) 104 0.346 b0.718
Illumination (UA-002-64) 105 0.032 0.492
Air Temp. (WTX536)a 129 0.151 0.153
Wind Direction (WTX536)a 129 −0.085 −0.079
Precipitation (WTX536)a 129 0.000 0.043
Wind Speed (WTX536)a 129 −0.115 0.072
PAR (LI-190R)* 126 0.014 0.064

*Parameter only measured near the water surface.
bOne of the highest three correlated values from each sensor.

2020; Huang and others, 2022). In our study lakes, sensor-
measured nitrate and orthophosphate were not significantly 
correlated with discrete observations of laboratory-measured 
chlorophyll-a. Sensors only measured bioavailable forms of 
nutrients, rather than total nutrients, which may explain the 
lack of relation; bioavailable nutrients may cycle very rapidly 
in healthy phytoplankton and microbial communities, which 
may account for the apparent lack of association.

Stepwise regression analysis for laboratory-measured 
total phytoplankton biovolume indicated the inclusion of rela-
tive fluorescence of chlorophyll (p-value=<0.001), illumina-
tion measured by the combined water temperature/illumination 

sensor (p-value = <0.001), and wind speed (p-value=0.04) as 
independent variables. The overall model explained 41 percent 
of the variance in laboratory-measured total phytoplankton 
biovolume (R2=0.41; n=66) (fig. 22). The multivariate model, 
which incorporated relative fluorescence of chlorophyll, 
illumination, and wind speed, explained about 25 percent 
more variance than the single-variable models using the 
chlorophyll concentration measurements from the dual chan-
nel fluorometer (R2=0.14, n=136) and the total chlorophyll 
concentration measurements from the multichannel fluorom-
eter (R2=0.18, n=16). When only data from sensors deployed 
near the top of the water column were included in the analysis, 
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Figure 21.  Scatterplots showing predicted chlorophyll-a concentrations by stepwise regression models related to 
laboratory-measured chlorophyll-a concentrations. A, All lake data; B, Seneca Lake data only; C, Owasco Lake data only.
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Figure 21.—Continued

the relative fluorescence of chlorophyll measured by the 
dual-channel fluorometer (p-value=0.002) and illumination 
measured by the combined water temperature/illumination 
sensor (p-value=0.03) were the only variables that entered 
into the model. The near-surface model explained two percent 
less of the variance in laboratory-measured total phytoplank-
ton biovolume (R2=0.39; n=28) than the overall model. The 
variables that explained the most difference in laboratory-
measured phytoplankton biovolume concentrations varied by 
lake. The Seneca Lake model included relative fluorescence 
of chlorophyll measured by the dual-channel fluorometer 
(p-value=<0.001); this model explained 6 percent more vari-
ance than the overall model (fig. 22). The resulting model for 
Owasco Lake included relative fluorescence of chlorophyll 
measured by the dual-channel fluorometer (p-value=0.01) 
and illumination measured by the combined water 
temperature/illumination sensor (p-value=<0.001); this model 
explained about 10 percent more variance than the overall 
model (fig. 22). Similar to chlorophyll-a., sensor-measured 
nitrate and orthophosphate were not significantly correlated 
with laboratory-measured total phytoplankton biovolume.

Stepwise regression analysis for laboratory-measured 
cyanobacterial biovolume indicated the inclusion of tur-
bidity (p-value=<0.001), relative fluorescence of fDOM 
(p-value=0.04), wind direction (p-value = 0.01) and precipi-
tation (p-value=0.01) as independent variables. The overall 
model explained 40 percent of the variance in laboratory-
measured cyanobacterial biovolume (R2=0.40; n=66) (fig. 23). 
The overall model explained about 40 percent more variance 
than the model based on phycocyanin concentration measure-
ments from the dual-channel fluorometer (R2=<0.01; n=136), 
and 48 percent less variance than the model based on chlo-
rophyll concentration measurements from the multichannel 
fluorometer (R2=0.88; n=16). When only data from sensors 
deployed near the top of the water column were included in 

the analysis, turbidity was the only variable that entered the 
model (p-value=0.002). However, the model explained nine 
percent less of the variance in cyanobacterial biovolume 
(R2=0.31; n=28) than the overall model. The variables that 
explained the most difference in laboratory-measured phyto-
plankton biovolume concentrations varied by lake. The Seneca 
Lake model included water temperature measured by the 
multiparameter sondes (p-value=0.002); this model explained 
15 percent less variance than the overall model (fig. 23). The 
Owasco Lake model included turbidity (p-value=0.002) and 
wind direction (p-value=0.04); this model explained 5 percent 
more variance than the overall model (fig. 23).

Many studies have found turbidity to be highly correlated 
with measures of cyanobacterial biovolume or abundance; 
however, it is not among the most commonly used variables in 
predictive models (Rousso and others, 2020). As observed for 
chlorophyll-a and phytoplankton biovolume, nutrient mea-
surements were not statistically correlated with cyanobacterial 
biovolume, likely for many of the same reasons as described 
for chlorophyll-a. Similar to chlorophyll, total nutrient 
measurements tend to have a substantial amount of explana-
tory power in cyanobacteria models. When included with 
one or more other variables (such as, water temperature and 
secchi disk depth), more than 50 percent of the variation in 
cyanobacterial biovolume or abundance is typically explained 
(Rousso and others, 2020). Many of these models are based 
on discrete nutrient or other analyte measurements, rather 
than sensor-based measurements. While models with discrete 
measurements may have more explanatory power, estimates of 
cyanobacterial abundance or biovolume cannot be estimated in 
near-real time—an advantage afforded by sensors.

Overall, the explanatory power of basic regression mod-
els for laboratory-measured chlorophyll-a, total phytoplankton 
biovolume and cyanobacterial biovolume as described in this 
report were weak. Models derived from data from all lakes 
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Figure 22.  Scatterplots showing predicted total phytoplankton biovolume by stepwise regression models related to 
laboratory-measured total phytoplankton biovolume. A, All lake data; B, Seneca Lake data only; C, Owasco Lake data only.
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Figure 22.—Continued

explained less than half of the variance in laboratory-measured 
values. For chlorophyll-a, the overall multivariate model did 
not explain any more variance than single-variable models 
based on fluorescence measurements. The overall multivariate 
model for total phytoplankton biovolume did have substan-
tially more explanatory power (greater than 20 percent more 
variance explained) than single-variable models based on 
fluorescence measurements. For cyanobacterial biovolume, the 
overall multivariate model had much stronger (about 40 per-
cent stronger) explanatory power than phycocyanin measure-
ments from the dual-channel fluorometer. In fact, the analysis 
indicated that turbidity was a much more significant indicator 
of the variability in cyanobacterial biovolume than phyco-
cyanin measurements from the dual-channel fluorometer, by 
several orders of magnitude. Measurements of chlorophyll 
concentration contributed from cyanobacteria from the mul-
tichannel fluorometer had strong explanatory power based on 
results from this study; however, the number of observations 
and range of conditions encountered were small, and results 
should be considered preliminary.

Limiting analyses to data collected from near the water 
surface only and lake-specific analyses did not indicate 
substantial differences (plus or minus about 20 percent) in 
explanatory power over the models developed with the overall 
dataset, suggesting regional models for the Finger Lakes may 
be useful. However, high explanatory power (that is, relatively 

high R2) does not necessarily represent a high level of model 
accuracy (Cawley and Talbot, 2010; Rousso and others, 2020), 
and additional research is needed to develop the best possible 
models to estimate chlorophyll-a, total phytoplankton bio-
volume, and cyanobacterial biovolume in the Finger Lakes. 
In addition, CyanoHABs generally did not occur at the 
open-water monitoring locations within Seneca, Owasco, and 
Skaneateles Lakes during this study, limiting the range of 
conditions encompassed by this study. Models developed for 
predicting CyanoHABs elsewhere typically have ranges in 
chlorophyll-a concentrations or measures of the cyanobacte-
rial community that are orders of magnitude greater than those 
observed during this study. For example, the chlorophyll-a 
concentrations observed in this study never exceeded 15 µg/L, 
compared to other studies worldwide in which ranges can 
exceed 100,000 µg/L (Rousso and others, 2020; Chorus and 
Welker, 2021). Data collected over a wider range of condi-
tions that represent a larger number of CyanoHAB events are 
required to better define the relations between sensor- and 
laboratory-measured data, and to develop more complex 
data-driven models for predicting CyanoHABs (such as 
time-lagged or artificial neural networks), which may provide 
greater insights than traditional linear modeling approaches 
(Rousso and others, 2020).
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Figure 23.  Scatterplots showing predicted cyanobacterial biovolume by stepwise regression models related to laboratory-measured 
cyanobacterial biovolume. A, All lake data; B, Seneca Lake data only; C, Owasco Lake data only.
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Figure 23.—Continued

Informing Future Monitoring and 
Research Approaches

Sensor data can provide valuable insights on physiochem-
ical and biological conditions affecting natural waters. From 
near real-time information to the facilitation of high-resolution 
representation of trends in multiple timescales through con-
tinuous time-series, sensor data can overcome the shortfalls 
of traditional discrete sampling, which can miss ephemeral 
events. However, such sensors can be costly to obtain, operate 
and maintain, and may require diverse technical expertise 
to verify sensor function, identify outlier data from valid 
observations, and apply corrections for interferences and (or) 
calibration drift. While many in-place and external environ-
mental sensors can produce measurements equivalent to (or 
representative of) laboratory measurements, those specifically 
targeting phytoplankton biomass or other measures associated 
with CyanoHABs commonly demonstrate variability because 
of the many interferences that can affectt their measurements 
(Choo and others, 2018; Foster and others, 2022).

Although chlorophyll has become the measurement 
of choice for many studies and monitoring programs as a 
proxy for phytoplankton biomass, community composi-
tion and abundance or biovolume—particularly regard-
ing cyanobacteria—remain an important measurement for 
researchers and managers in light of specific concerns about 
taste-and-odor compounds, cyanotoxins, and (or) changing 
population dynamics (Canfield and others, 2019; Foster and 
others, 2019; Linz and others, 2023). Based on this and other 
studies, chlorophyll is generally not a good variable for mod-
eling cyanobacteria abundance (Bowling and others, 2016; 

Johnston and others, 2022). Recent studies have demonstrated 
improvements in sensor-based characterizations of cyano-
bacteria dynamics, in addition to chlorophyll concentrations, 
with the use of multichannel fluorescence sensors over the 
more widely used single- and dual-channel models (Chaffin 
and others, 2018; Johnston and others, 2022). Furthermore, 
additional improvements were observed when custom calibra-
tions and (or) correction models were employed (Kring and 
others, 2014; Prestigiacomo and others, 2022).

Remote sensing techniques have also demonstrated 
efficacy and become increasingly popular as a strategy to 
expand the spatial range of CyanoHABs study from in-place 
sensor observations (Rousso and others, 2020). However, 
these strategies also have limitations, such as interference 
from clouds and weather, satellite movement, processing and 
storage of data, and limit of vision to the surface layer (Bosse 
and others, 2019). The limit of vision to the surface layer may 
be the most important, because not all CyanoHABs are pres-
ent at or near the water surface; temperature-induced changes 
in stratification and seasonal mixing can result in downward 
transport of cyanobacteria and associated toxins into deeper 
waters (Hamre and others, 2018; Reinl and others, 2021). In-
place sensors, like the ones deployed in this study, can assist 
in characterizing the spatio-temporal variability in the verti-
cal structure of cyanobacteria that remote sensing may miss 
(Bosse and others, 2019).

With all these observing system technologies available, 
establishing relations between those data and laboratory mea-
surements to determine real-time or future measures of Cyano-
HABs may be challenging, especially those comparable across 
locations and conditions. Artificial intelligence and machine 
learning techniques have the potential to improve estimations 
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and predictions of phytoplankton biomass and CyanoHABs 
based on their ability to handle large and complex datasets, 
identify non-linear relationships between variables, and adapt 
to changing environmental conditions (Ye and others; 2014; 
Rousso and others, 2020). Machine learning algorithms can 
identify patterns in the data and learn over time (artificial 
neural networks), enabling accurate predictions and detection 
of subtle changes in the environment. Additionally, incorporat-
ing multiple data sources (such as satellite imagery, in-place 
data, weather data, and citizen science observations) is more 
feasible, allowing for the potential identification of a more 
focused subset of key variables and types of data collection 
that could achieve study or regulatory objectives at reduced 
cost (Cruz and others, 2021; Cao and others, 2022). With the 
limitations of sensor data and remote sensing well documented 
the incorporation of artificial intelligence and machine learn-
ing techniques into laboratory-based studies or monitoring 
programs may improve our understanding of the dynamics of 
phytoplankton biomass and CyanoHABs, enable more timely 
and effective management of these important phenomena, and 
push forward to the next-generation of CyanoHABs science.

Summary
Harmful algal blooms, particularly cyanobacterial harm-

ful algal blooms (CyanoHABs), are an increasing problem 
globally, affecting drinking water supplies and recreational 
resources through the production of a variety of toxins and 
taste- and odor-causing compounds. Because early detec-
tion and preventative management have become increas-
ingly important, many State and governmental agencies have 
implemented monitoring strategies to better understand factors 
related to the development and decline of CyanoHABs.

In New York State, the U.S. Geological Survey (USGS), 
in collaboration with the New York State Department of 
Environmental Conservation, started the CyanoHAB advanced 
monitoring pilot study to monitor and understand CyanoHABs 
in the Finger Lakes region. The Finger Lakes provide impor-
tant recreational, drinking water, and economic resources for 
New York State, and have reported CyanoHABs in increased 
frequency during recent decades (since the 2000’s). The 
advanced monitoring pilot study consisted of a series of 
studies, done between 2018 and 2020, to assess a range of 
traditional and innovative monitoring approaches and tech-
nologies with the goal of informing future monitoring strate-
gies and improving the understanding of CyanoHABs in 
New York State.

The USGS deployed three monitoring-station platforms 
in open water at Seneca Lake, Owasco Lake, and Skaneateles 
Lake in 2019, and in Seneca Lake and Owasco Lake in 2020. 
The platforms were designed to support a large suite of high-
frequency sensors and allow for evaluating the sensors’ ability 
to make representative measurements of dissolved organic 
matter, nutrients, and algal pigments (as indicators of phyto-
plankton biomass). Other, more-routine measurements (water 

temperature, specific conductance, pH, dissolved oxygen, tur-
bidity, and weather and light) were collected to help interpret 
the more-novel sensor results. The leveraging of information 
from high-frequency sensor data can provide high-resolution 
information about physiochemical and biological conditions 
and trends that traditional discrete grab sampling may not reli-
ably capture.

The monitoring-station platforms were constructed out 
of aluminum pontoon utility service barges. Instruments 
were deployed through to the full depth of the water column 
(multiparameter sondes at near-surface, mid-, and near-bottom 
depths; and temperature/illumination sensors at 1-meter 
increment depths) to capture physiochemical and biologi-
cal changes throughout the water column. The orthophos-
phate, phytoplankton classification, and nitrate sensors were 
deployed in wells at the open end of the platforms; the weather 
and light sensors were affixed to the platforms above the 
water surface.

Many sensors were operated and analyzed in accordance 
with USGS protocols and guidance; however, some modifica-
tions were required for orthophosphate, phytoplankton classi-
fication (multichannel fluorometer), combined water tem-
perature and illumination, photosynthetically active radiation 
(PAR), and weather sensors that either incorporated emerging 
technologies or where standard USGS protocols and guidance 
do not exist or are not applicable. Biweekly, multidepth dis-
crete samples were also collected and analyzed for nutrients, 
dissolved organic carbon (DOC), chlorophyll-a, total phyto-
plankton biovolume, and cyanobacterial biovolume.

All sensor- and laboratory-measured data were compiled 
using R statistical software because the size and breadth of 
the total dataset collected for this study made it necessary to 
use a tool with more power and flexibility than traditional 
spreadsheet software. Paired sensor and laboratory measure-
ments were evaluated through correlation analysis to reveal 
monotonic (Spearman’s rank correlation coefficient [ρ]) and 
linear (Pearson’s linear correlation coefficient [r]) relation-
ships. Correlations were statistically significant when prob-
ability values (p-values) were less than or equal to 0.05. 
Relations between sensor readings and laboratory measure-
ments collected through to the depth of the water columns did 
not vary substantially, so all data collected at multiple depths 
were combined, which facilitated a larger number and range 
of observations. Stepwise regression analyses were used to 
identify model(s) that explained the most variance in labora-
tory measurements (indicated by the coefficient of determina-
tion [R2]), because many studies have used regression models 
to improve estimations of CyanoHABs.

Overall, the sensors used to collect routine parameters 
performed well, demonstrating relative stability in accordance 
with standard calibration criteria. However, malfunction of 
the daisy chaining feature of the multiparameter sonde did 
cause loss of data in 2019. Two nitrate sensors were used and 
demonstrated relative stability in accordance with standard 
calibration criteria. However, the s::can nitro::lyser II had 
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more issues than the other nitrate sensor, specifically the exter-
nal controller malfunctioned. The Nitratax plus sc performed 
well during its use in the study lakes.

The orthophosphate sensor was complex to operate and 
maintain because of the wet-chemistry required, and determin-
ing sensor function was difficult; nearly all sensor measure-
ments were below the minimum detection limit. Loss of data 
was primarily attributed to damage (typically as pinching) 
of the waste line of the sensor, which required a site visit to 
remedy—adding to the already increased maintenance time 
required. The multichannel fluorometer was also complex to 
operate and can require unique procedures to acquire inte-
grated, site-specific corrections. Instrument stability was 
difficult to determine on the basis of its use of multiple fluores-
cence sensor measurements to calculate the reported values. 
One instrument indicated relative stability on the basis of total 
chlorophyll measurements alone using solid reference stan-
dards; however, the other indicated potential drift of 27.8 per-
cent during the 4-month deployment based on the same 
method. Additionally, two issues resulted in loss of data: (1) 
malfunction of the anti-fouling wiper parking over the sensors, 
and (2) outlier values generated by the florescent dissolved 
organic matter (fDOM) sensor, which affected all reported 
measurements. R was used to identify and remove outli-
ers, defined as two times the standard deviation of adjacent 
values. Removal of the outliers resulted in the loss of about 
2 percent of the total record at Seneca Lake and Owasco Lake. 
The combined water temperature and illumination sensors 
performed well; however, drift is more frequently observed in 
illumination measurements than water temperature measure-
ments. Lack of integration into the datalogger and telemetry 
equipment made identifying issues less timely, because a site 
visit was required to identify problems. The PAR and weather 
sensors performed well, and were only affected by global 
power issues on the monitoring-station platforms.

A total of 147 discrete samples and 15 replicates (that 
is, a single replicate from each lake and depth for each year 
sampled, or about 10 percent of total samples) were collected 
and analyzed. All analytes were associated with median rela-
tive percent difference (RPD) values of less than 10 percent. 
No RPD values for any analyte were greater than 20 percent 
for any replicate pair except chlorophyll-a, which had 3 of 
13 replicate pairs associated with RPD values ranging from 
23.7 to 29.5 percent. Calculating RPD for orthophosphate 
replicate pairs was limited to a single pair because concentra-
tions of all other environmental samples and paired replicates 
were less than the reporting limit of 0.008 milligram per liter 
as phosphorus. The absolute value logarithmic differences 
(AVLDs) for phytoplankton across all replicate pairs ranged 
from 0.14 to 0.86 (median AVLD=0.25, n=15 replicate pairs) 
for total biovolume and 0.11 to 0.61 (median AVLD=0.26, 
n=15 replicate pairs) for cyanobacterial biovolume, respec-
tively. No result pairs for either total or cyanobacterial 
biovolume had AVLDs greater than 1 and were considered of 
acceptable quality for the purposes of this report.

Each platform deployed in the three study lakes held 
40 separate instruments, generated over 200 time series, and 
collected greater than 10,000 data points per day, which posed 
several challenges and resulted in many lessons learned. 
Issues stemming from the platform design included large 
power requirements, effects from excessive heat in the data 
enclosure, galvanic corrosion from use of dissimilar metals, 
and wave action. These issues were mitigated by additional 
solar panels, a heat shield within the data enclosure, sacrificial 
anodes, and anchor lines with good elasticity. Polyvinyl chlo-
ride wells held the sensors more securely in wave action than 
a suspended metal cage and provided easier access. However, 
the larger surface area for fouling increased the amount of 
cleaning required. Daisy chaining the multiparameter sondes 
together allowed for shorter cable lengths and reduced tan-
gling during maintenance; however, power issues resulted in 
malfunctions that were mitigated by using separate cables. 
The external controller of the nitro::lyser II nitrate sensor 
frequently malfunctioned because of high temperatures and 
jarring movement from wave action. Nitrate sensors are gener-
ally sensitive to ambient temperature and have a substantial 
power requirement, so appropriate model selection is impor-
tant. For the orthophosphate sensor, the instrument cable and 
waste line were susceptible to physical damage, such as pinch-
ing and (or) abrasion, and was the primary cause of lost data. 
Users of this instrument could consider running the cable and 
waste line through a flexible conduit to protect them. Increased 
anti-fouling measures and frequency of site visits improved 
the quality and quantity of the sensor data, taking into account 
the unexpected heavy fouling from dreissenid mussels.

Correlation analyses between sensor measurements and 
related laboratory measurements were performed collectively 
and by lake. The overall monotonic relation between sensor-
measured and laboratory-measured concentrations of nitrate 
was strong (ρ=0.87, p-value less than [<] 0.05; n=24), and 
78 percent of the variation in the values was explained by 
linear regression (r=0.88, p-value<0.05, R2=0.78). In general, 
nitrate values were underestimated relative to laboratory-
measurements at Seneca Lake, and 64 percent of the varia-
tion in values was explained by linear regression. Nitrate 
values were more consistent with laboratory-measurements 
at Owasco Lake, and 88 percent of the variation in values 
was explained by linear regression. Results from this study 
not only indicate that nitrate sensors performed well in the 
study lakes but also suggest that the relation between sensor- 
and laboratory- measured nitrate values may vary among 
lakes. The relation between sensor- and laboratory-measured 
concentrations of orthophosphate (in milligrams per liter as 
phosphorus) could not be evaluated given that orthophosphate 
was rarely detected by sensor measurements or laboratory 
analyses in any of the three lakes during the study. Only 4 per-
cent (6 out of 147; 4 from Seneca Lake and 2 from Owasco 
Lake) of discrete-sample measurements and <0.1 percent 
(11 out of 1,454; Owasco Lake in October 2020) of sensor 
measurements were above the method detection limits. Results 
from this study indicate the orthophosphate sensor did not 
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experience the challenges reported in other types of environ-
ments in these low-turbidity systems; however, concentra-
tions were too low to conduct a meaningful comparison of 
sensor- and laboratory-measured concentrations. The relation 
between raw, sensor-measured fDOM (in micrograms per 
liter as quinine sulfate equivalent) and laboratory-measured 
concentrations of DOC (in milligrams per liter) was difficult 
to determine in this study, owing to the limited range of DOC 
concentrations observed. The monotonic relation between 
fDOM and DOC was statistically significant at Seneca Lake 
(ρ=−0.31, p-value<0.05; n=57) and Owasco Lake (ρ=−0.60, 
p-value<0.05; n=55) but was not statistically significant at 
Skaneateles Lake (ρ=−0.27, p-value=0.35; n=14). The linear 
relation between fDOM and DOC was marginally significant 
at Owasco Lake (r=0.27, p-value=0.04, R2=0.08). Although 
the linear association in Owasco Lake was statistically signifi-
cant, only 8 percent of the variation in the relation between 
fDOM and DOC was explained. The linear relation at Seneca 
and Skaneateles Lakes was not significant.

Correlations, as a metric for sensor performance for 
phytoplankton fluorometers, are confounded by the lack of 
accuracy specifications and the variable relationship between 
laboratory measures themselves. In this study, the monotonic 
relation between laboratory measurements of chlorophyll-a 
and total phytoplankton biovolume was strong (ρ=0.80, 
p-value<0.05; n=147); however, only 25 percent of the varia-
tion in values was explained by linear regression (r=0.50, 
p-value<0.05, R2=0.25). The range observed in these measures 
was particularly narrow and indicates a lack of substantial 
phytoplankton accumulation at the open-water monitoring 
locations for all three study lakes during the project duration, 
although nearshore CyanoHABs were reported during that 
time at Seneca, Owasco, and Skaneateles Lakes. The relations 
differed between lakes; linear regression explained 52 per-
cent of the variance in the values at Seneca Lake, 49 percent 
at Skaneateles Lake, and 25 percent at Owasco Lake. These 
differences may be attributed to phytoplankton community 
composition and (or) dominance, which tended to be diatom 
genera (41 of 67 samples). Cyanobacteria was dominant in 
11 samples and included Aphanocapsa, Microcystis, and 
Pseudanabaena. Overall, the lack of CyanoHABs observed in 
this study further limited the ability to fully assess the perfor-
mance of sensor measurements for cyanobacteria indicators. 
The amount of variance in laboratory-measured chlorophyll 
explained by sensor measurements differed in varying degrees 
between the lakes and by sensor. Both the dual-channel and 
multichannel fluorometers demonstrated the ability to explain 
about 45 percent of the variance in laboratory-measured 
chlorophyll-a by linear regression, and about 15 percent of 
the variation in laboratory total phytoplankton biovolume, 
collectively. However, the relationships differed across the 
study lakes individually. For cyanobacterial biovolume, the 
phycocyanin measurements from the dual-channel fluorometer 
were insignificant and did not differ meaningfully by lake. 
These results indicate that the dual-channel fluorometer may 
not be sensitive to changes in cyanobacteria. The multichannel 

fluorometer results were mixed, explaining 88 percent of the 
variation in cyanobacterial biovolume by linear regression; 
however, 10 of the 16 observations were zero, in contrast to 
the laboratory measurements of cyanobacterial biovolume, 
which ranged from 1,018 to 175,571 cubic micrometers per 
milliliter in those same 10 observations. Even though the 
sensor performance indicated by these results is possible, the 
sample size and range are relatively small, and the develop-
ment of site-specific relationships may improve the overall 
amount of variance explained by the sensor(s).

Correlation analyses performed with all the parameters 
collected indicated water temperature (collectively measured 
through to the full depth of the lakes by the multiparameter 
sonde and the combined water temperature/illumination 
sensor) was among the highest related monotonically for all 
laboratory measurements (chlorophyll-a, total phytoplankton 
biovolume, and cyanobacterial biovolume). Linear relations 
differed overall; however, one or more measurements from the 
multichannel fluorometer were the highest for chlorophyll-a, 
total phytoplankton biovolume, and cyanobacterial biovolume. 
Although the range and number of observations is small, the 
use of signals from multiple phytoplankton pigments by the 
instrument may be useful in improving estimations of phyto-
plankton biomass and abundance over the use of single sensor 
measurements. Water temperature was highly correlated 
linearly as well for chlorophyll-a and cyanobacterial biovol-
ume, however not for total phytoplankton biovolume. Also, 
for cyanobacteria, sensor-measured turbidity was among the 
highest correlated linearly, attributed to the clear conditions in 
these systems, whereas cyanobacteria contribute substantially 
to the total suspended particles in the water column. Analyses 
of sensor measurements from the top position only did not 
indicate substantial changes to the most highly correlated 
variables using all the data collectively.

Stepwise regression analysis was used to identify which 
of all the parameters could be used in model(s) that explained 
the most variance in the laboratory measures of phytoplankton 
biomass compared to linear regressions with the individual 
phytoplankton fluorometers. One or more of the variables 
of chlorophyll fluorescence, pH, water temperature, fDOM, 
turbidity, measures of light, precipitation, wind speed and 
direction were incorporated into regression models, vary-
ing by lake, near surface measurements only, or using all 
data. The explanatory power of stepwise regression models 
for laboratory-measured chlorophyll-a, total phytoplankton 
biovolume and cyanobacterial biovolume was weak, explain-
ing less than half the variance in the laboratory measurements. 
For chlorophyll, the difference in explanatory power of the 
multivariate stepwise regression was negligible compared 
to linear regressions using only single fluorometer measure-
ments. However, the stepwise regression did have substan-
tially more explanatory power (greater than 20 percent) than 
linear regression using only single fluorometer measurements 
for laboratory-measured total phytoplankton biovolume. For 
cyanobacterial biovolume, the stepwise regression explained 
about 40 percent more variance than the model based on 
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phycocyanin concentration measurements from the dual-
channel fluorometer. In fact, the analysis indicated that turbid-
ity was a much more significant indicator of the variability in 
cyanobacterial biovolume than phycocyanin measurements 
from the dual-channel fluorometer, by several orders of magni-
tude. Multichannel fluorometer measurements of chlorophyll 
concentration contributed from cyanobacteria have strong 
explanatory power based on these results; however, the 
number of observations and range was small. Analyzing the 
data by top location and by lake did not indicate substantial 
differences (plus or minus 20 percent) in explanatory power 
over models developed with all data combined (especially in 
consideration that a higher R2 does not necessarily represent a 
higher level of accuracy). The inability to develop models with 
explanatory power greater than 50 percent was directly related 
to the lack of substantial accumulations of CyanoHABs at 
the open-water monitoring locations within Seneca, Owasco, 
and Skaneateles Lakes during this study. Models developed 
for predicting CyanoHABs typically have ranges greater 
than those observed during this study and explanatory power 
greater than 50 percent (when R2 was used to assess model 
performance). In terms of chlorophyll, for example, these 
ranges can exceed 100,000 micrograms per liter. In this study, 
the maximum chlorophyll observed was 14.6 micrograms 
per liter.

In all, sensor data can provide valuable insights on phys-
iochemical and biological conditions affecting natural waters, 
overcoming the shortfalls of traditional discrete sampling, 
which can miss ephemeral events. However, such sensors 
can be costly to obtain, to operate and maintain, and require 
diverse technical expertise to verify sensor function, identify 
outlier data from valid observations, and apply corrections 
for interferences and (or) calibration drift. Although many 
sensors can produce measurements representative of labora-
tory measurements, those specifically targeting phytoplankton 
biomass, or other measures associated with HABs, commonly 
demonstrate variability because of the many interferences 
that can affect their measurements. Although chlorophyll has 
become the measurement of choice for many studies as a 
proxy for phytoplankton biomass, community composition 
and abundances—particularly with regard to cyanobacteria—
remain an important issue. However, based on this and other 
studies, chlorophyll is generally not a good variable for 
modeling cyanobacteria abundance. Also supported by the 
results of this study, other recent studies have demonstrated 
improvements in sensor-based characterizations of cyanobac-
teria dynamics, in addition to chlorophyll concentrations, with 
the use of multichannel fluorescence sensors over the more 
widely used single- and dual-channel models. Furthermore, 
additional improvements were observed when custom cali-
brations and (or) correction models were employed. Many 
observing system technologies are available, including remote 
sensing, and in the age of artificial intelligence, machine learn-
ing techniques have the potential to improve estimations and 
predictions of phytoplankton biomass and CyanoHABs, owing 
to their ability to handle large and complex datasets from 

diverse sources, identify non-linear relationships between 
variables, and adapt to changing environmental conditions. 
With the limitations of sensor data (and remote data) well 
documented, incorporating artificial intelligence and machine 
learning techniques into laboratory-based studies or monitor-
ing programs may improve our understanding of the dynamics 
of CyanoHABs and push forward to the next generation of 
HAB science.
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