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Abstract:

The hyperspectral imaging system (HSI) developed by the NASA Glenn Research Center was
used from 2015- 2017 to collect high spatial resolution data over Lake Erie and the Ohio River.
Paired with a vicarious correction approach implemented by the Michigan Tech Research
Institute, radiance data collected by the HSI system can be converted to high quality reflectance
data which can be used to generate near-real time (within 24 hours) products for the
monitoring of harmful algal blooms using existing algorithms. The vicarious correction method
relies on imaging a spectrally constant target to normalize HSI data for atmospheric and
instrument calibration signals. A large asphalt parking lot near the Western Basin of Lake Erie
was spectrally characterized and was determined to be a suitable correction target. Due to the
HSI deployment aboard an aircraft, it is able to provide unique insights into water quality
conditions not offered by space-based solutions. Aircraft can operate under cloud cover and
flight paths can be chosen and changed on-demand, allowing for far more flexibility than space-
based platforms. The HSI is also able to collect data at a high spatial resolution (~1 m), allowing
for the monitoring of small water bodies, the ability to detect small patches of surface scum,
and the capability to monitor the proximity of blooms to targets of interest such as water
intakes. With this new rapid turnaround time, airborne data can serve as a complementary
monitoring tool to existing satellite platforms, targeting critical areas and responding to bloom
events on-demand.

Keywords: Harmful Algal Blooms, Hyperspectral, Real Time Data Products, Lake Erie
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Introduction

Harmful algal blooms of cyanobacteria (cyanoHABs) commonly grow in environments throughout the
world, including freshwater bodies within the Great Lakes Basin (Bianchi et al., 2000; Vahtera et al.,
2007; Joehnk et al., 2008; Qin et al., 2010; Schindler et al., 2012). Water bodies that have abundant or
excessive nutrients such as nitrogen and/or phosphorus support the rapid growth or blooming of
cyanobacteria (Robarts and Zohary, 1987; Rapala et al., 1997; Ibelings et al., 2003; Kanoshina et al.,
2003; Paerl et al., 2011). The blooms that occur in the Great Lakes often float on the surface as a mat of
blue-green scum, but can also be mixed throughout the water column (Rowe et al., 2016; Sayers et al.,
2016; Bosse et al., this issue). In addition to being stimulated by nutrients, bloom formation and vertical
distribution are affected by water temperature, wind, waves, and currents (Wynne et al., 2010; Stumpf
et al., 2012; Rowe et al., 2016; Sayers et al., 2016). Blooms with a significant surface scum component
often occur during periods of hot air, warm water surface temperature, and relatively calm winds (van
Rijn and Shilo, 1985; Klemer et al., 1996). Some blooms of cyanobacteria produce toxic compounds
(cyanotoxins) which can harm animal and human health (Sivonen, 1996; Codd et al., 2005). Incidents of
cyanoHABs have been increasing in some regions across North America (Urquhart et al., 2017) including
in the Great Lakes Basin (Stumpf et al., 2012; Sayers et al., 2016), where the most common cyanotoxins
include microcystin (liver toxin), cylindrospermoposin (liver and dermatoxin), and anatoxin-a
(neurotoxin) (Boyer et al., 2007). Ingestion of, or exposure to water, polluted by cyanotoxins has adverse
health effects, which is a problem for both recreational and drinking water supplies, thus there is a need
for a cost-effective and timely monitoring procedure.

Because of the highly dynamic nature of cyanoHAB events (Jetoo et al., 2015; Lekki et al., this issue), the
rapid dissemination of extent and severity information is greatly desired. There are several water intakes
in Lake Erie that provide drinking water to more than one million people. Real-time knowledge of the
proximity of cyanoHAB occurrence to these intakes is critical for water treatment managers to take
action mitigating the threat of exposing harmful water to their residents. Similarly, hundreds of
recreational and commercial fisherman utilize Lake Erie for their businesses (Melstrom and Lupi, 2013),
and could benefit by knowing the precise location of blooms so as to make better choices where to
operate. A turnaround time of 24 hours or less is necessary to be useful to the stakeholders.

The near-real time (~24 hours) delivery of cyanoHAB monitoring data whether it be in situ
measurements or remote sensing observations is a significant challenge. It is time consuming and cost
prohibitive to make in situ water quality measurements at the spatial and temporal scales (i.e., basin-
wide within 24 hours) needed to provide near-real time feedback to stakeholders. Remote sensing is an
effective tool for monitoring the basin-wide dynamics, but this data must be collected, pre-processed,
downloaded, post-processed, and interpreted before it can be disseminated to stakeholders, which is a
time consuming process.

Advancements in satellite remote sensing platforms and techniques have allowed for the development
and application of cost-effective synoptic information for monitoring cyanoHAB events over large spatial
and temporal gradients (Wynne et al., 2008; Stumpf et al., 2012; Wynne and Stumpf, 2015; Sayers et al.,
2016; Ho et al., 2017). While the application of satellite remote sensing has been useful to help provide
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cause and effect linkages between basin-wide cyanoHAB extent and severity (Stumpf et al., 2012; Sayers
et al., 2016), the moderate (300 m) to coarse (1 km) spatial resolutions associated with current
platforms with near-daily revisit times (i.e., OLCI, the Ocean and Land Colour Instrument and MODIS, the
Moderate Resolution Imaging Spectroradiometer) hampers their ability to provide detailed information
at small spatial scales. Water treatment managers and recreational users need the information at these
small scales to know where cyanoHAB occurrences are located relative to a specific point of interest.
There are remote sensing platforms with higher spatial resolution (i.e., Landsat-8, Sentinel-2, and
WorldView-2 and 3) that have been shown to be sufficient to adequately estimate chlorophyll-a
concentrations and monitor algal blooms in small lakes (Beck et al., 2016; Beck et al., 2017). However,
these platforms either have an extended revisit time (8 days for the Landsat-7 and 8 constellation, 5
days for the Sentinel-2a and 2b constellation) or are commercial platforms that would require a
significant investment for long-term monitoring. These satellite sensors also have limited spectral
resolution, limiting the ability to use preferred water quality algorithms such as the Cyanobacteria Index
(ClI; Stumpf et al., 2012). Aside from spatial and temporal resolution tradeoff issues, satellite platforms
are unable to observe the water surface through significant cloud cover, which is quite prevalent in the
Great Lakes region (Ackerman et al., 2013; Wynne et al., 2013).

Coinciding with advancements in multispectral satellite remote sensing platforms, many algorithms have
been developed to monitor chlorophyll-a and harmful algal blooms using multispectral remote sensing
retrievals. These algorithms fall into three categories: analytical, semi-analytical (or ratio-based), and
derivative (or spectral shape) (Stumpf et al., 2016). Derivative algorithms are least sensitive to
atmospheric contamination and have been shown to do a good job of estimating chlorophyll-a which
has been found to be a good predictor for phycocyanin, an indicator of cyanobacteria (Stumpf et al,
2016). Research has shown that several chlorophyll-a algorithms perform well with airborne imagery to
estimate concentrations in inland water bodies (Beck et al., 2016). These include the Cl, Maximum
Chlorophyll Index (MCI; Binding et al., 2013), Florescence Line Height (FLH; Zhao et al., 2010),
Normalized Difference Chlorophyll Index (NDCI; Mishra and Mishra, 2012), 2BDA (Dall’Olmo and
Gitelson, 2005), and 3BDA (Gitelson et al., 2003) (Beck et al., 2016). Like the NDCI, the Surface Scum
Index (SSI; Sayers et al., 2016) is a variation of the common Normalized Difference Vegetation Index
(NDVI). Results from the Cl and SSI algorithms are used by NOAA for monitoring harmful algal blooms in
western Lake Erie during the cyanobacteria growing season (via the NOAA HAB Bulletin and CoastWatch,
respectively).

Airborne remote sensing systems offer several advantages over satellite-based systems to monitor
cyanoHAB occurrences at the smaller spatial scales that water resource managers and recreational users
find beneficial. Airborne sensing systems are generally flown at relatively low altitudes (<10,000 feet) in
conjunction with high resolution camera optics, which produce high spatial resolution (~1-3 m) images
of the ground target. At these resolutions it is possible to resolve cyanoHAB occurrences in localized
areas such as docks and marinas as well as near water intake stations. Airborne systems also afford the
potential to monitor rivers and small lakes that are not resolvable using daily polar-orbiting satellite
platforms for blooms, and their results have been shown to compare well with in situ measurements
(Lekki, et al., 2009; Beck et al., 2016, 2017). Additionally, airborne platforms can usually provide



120
121

122
123
124
125
126
127
128
129
130
131

132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149

150
151
152
153
154
155
156
157
158

observations under higher altitude clouds which often obscure images taken by satellite-based
platforms.

Airborne remote sensing is not without its own difficulties for near-real time (i.e., within 24 hours) water
quality monitoring applications. The process of georectifying airborne images can be problematic due to
uncertainties in knowing the aircraft’s exact location (latitude and longitude) and orientation (pitch, roll,
and yaw) at the time of image capture. Careful measurements with a quality Global Positioning System
(GPS) and Inertial Navigation System (INS) are required to accurately georectify airborne imagery. (Ortiz
et al., 2017) Other issues with using airborne systems for monitoring blooms include that the spatial
coverage is limited by lower flying altitudes, making basin-wide monitoring and mapping generally
unfeasible. It has also been historically true that the high cost of airborne remote sensing missions
(including the costs of planning, acquisition, and processing data) limited the ability to use this method
for routine monitoring.

Also critical to producing scientific quality data is the process of atmospheric correction which can
complicate the near-real time processing of airborne remote sensing data. Like satellite remote sensing
systems, airborne remote sensing observations are often contaminated by atmospheric effects, even at
low altitudes, as the atmosphere is very dense close to the Earth’s surface (Mobley et al., 2016).
Moreover, many areas experiencing cyanoHAB conditions are in close proximity to shore and urbanized
locations that contribute varying particle compositions into the atmosphere that must be taken into
account. Atmospheric contamination in the signal observed from airborne sensors is a significant
problem for algorithms that rely on precise spectral shapes and magnitudes of the water leaving
radiance. Atmospheric correction for airborne systems are typically carried out using radiative transfer
modeling (e.g. MODTRAN) or empirically using coincident in situ radiometric measurements as reference
(Brando and Dekker, 2003; Ortiz et al., 2017). Both of these approaches can also be problematic to
incorporate into a near-real time monitoring system. While MODTRAN has been demonstrated to be
useful in some scenarios (Brando and Dekker, 2003), it requires rigorous knowledge of atmospheric
characteristics such as the aerosol type, water column contents, atmospheric gases, as well as platform
altitude. Because these inputs can be highly variable over water, particularly those close to land, it
cannot be assumed they are constant, thus making MODTRAN difficult to implement for operational
use. Furthermore, no robust aerosol models have been developed for inland waters such as the Great
Lakes.

This paper describes the development of a new approach to produce near-real time (i.e. within 24
hours) cyanoHAB monitoring products from an experimental Hyper-Spectral Imaging (HSI) system
developed and operated by NASA Glenn Research Center (GRC) showing the distribution of cyanoHAB in
the Western Basin of Lake Erie (WBLE) as well as surrounding lakes and rivers in northern Ohio. The HSI
system is briefly described along with the data processing procedures used to georectify and
radiometrically correct the data, including a novel approach of using a nearby parking lot to correct the
airborne reflectance signal. The algorithms used to generate the cyanoHAB products are described.
Several case studies are also presented to highlight the utility of the new approach with ground truth
comparisons for validation.
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Methods

The HSI system is a custom-built hyperspectral pushbroom sensor designed by the NASA GRC to be
mounted in an aircraft to collect hyperspectral radiance of the earth surface. For this study, the HSI
system was mounted on a Twin Otter aircraft which was flown routinely over western Lake Erie in the
summers of 2015, 2016, and 2017. This included 15 flights in 2015 between July 13 and September 18,
14 flights in 2016 between June 6 and October 25, and 10 flights in 2017 between June 21 and October
18. The flight paths were generally targeted to include water intakes and to intersect with in situ
sampling locations. Flight paths also included the parking lot at the Maumee Bay State Park for
calibration purposes. Example flight paths over western Lake Erie from August 10, 2015 can be seen in
Figure 1, which also shows the ability of the airborne sensor to collect water imagery while the satellite
view is obscured by clouds. Targeted overflights of small lakes and rivers were also undertaken,
including flights over the Ohio River on September 3, 2015.

<Figure 1>

The HSI was designed to allow flexible replacement of key components, such as replacing the field-of-
view (FOV) lens to modify swath width and cross-track resolution, or to replace other components in
order to incorporate system upgrades as they become available. Nominally the system generated pixels
that were 1 m in the along-track direction by limiting the rate of image sampling according to the
aircraft velocity and altitude. Cross-track pixel width was variable depending on system configuration,
however using a 12° optic at an altitude of 3 km would result in a swath width of 658 m and a pixel
width of 1 m. The radiance sensor covered the visible wavelengths between 400 and 900 nm ata 2.5 nm
spectral resolution. An ASD spectroradiometer with a remote cosine receptor mounted on the top of the
aircraft collected downwelling irradiance from 400-950 nm which was used to normalize measured
radiance into at-sensor reflectance. The aircraft also had an INS and GPS which were used in the
georeferencing process.

The GRC HSl is optimized to measure water-leaving radiances which are typically very low in magnitude
compared with other targets on land or in the atmosphere (Mobley et al., 2016). This resulted in
terrestrial features within HSI images frequently being saturated in some bands while measurements of
aquatic targets usually fell within the dynamic range of the sensor.

The GRC HSI system was calibrated utilizing a NIST traceable Labsphere and a mercury argon calibration
lamp. The mercury argon lamp was used to determine the wavelength scale by imaging the lamp
outputs with the HSI imager. The Labsphere produced a certified radiance vs wavelength profile which
was used to determine a radiance per count image. This calibration image was used after data was
collected to convert the sensor output images to radiance. To accommodate for possible shifts in the
wavelength calibration in flight, post-processing scripts used the solar “G” and “b” lines (760 and 517
nm, respectively) to check and correct the wavelength calibration if necessary. These shifts are thought
to be due to in-flight temperature and pressure changes impacting the sensor geometry. Together, the
pre-flight calibration and post-flight adjustments increased the confidence in the quality of the radiance
data acquired with the HSI system.
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The HSI data was georectified using a ray-tracing technique in which the angular view of each pixel
through the fore-optic lens was combined with the roll, pitch, yaw, and GPS coordinate obtained by the
system’s inertial guidance package (Ortiz et al., 2017). Elevation was assumed to be a constant above-
ground-level value, which works well over large bodies of water such as the Great Lakes but limits the
georectification accuracy in flights over land.

Utilizing HSI data in a near-real time cyanoHABs monitoring scenario required a number of pre- and
post-processing steps as summarized in Figure 2. Due to the high spatial and spectral resolution, the HSI
system generated a substantial volume of data, with each flight track occupying upwards of 30 gigabytes
of data and approximately 30 tracks collected per flight. In order to deliver derived products in a timely
fashion, the collected data was subjected to a battery of automated processing routines at the NASA
GRC that, using the calibration described above, transformed the collected raw data cube into
radiometrically calibrated, georeferenced radiance images with supplementary irradiance files. These
files were then delivered via FTP to the Michigan Tech Research Institute (MTRI) where the radiance
images were converted to at-sensor reflectance and atmospherically corrected using a vicarious
empirical line fit correction to generate surface reflectance. The surface reflectance data was then used
to compute the Cl and SSI products, algorithms routinely used to characterize cyanoHAB events in the
Great Lakes. Finally, these derived products were rendered into flight track maps and compiled into
reports which were delivered to stakeholders, such as water intake managers, who might incorporate
the information into their decision making process.

<Figure 2>

In order to generate surface reflectance images in near real time to support timely monitoring of
cyanoHAB events, a vicarious correction procedure was utilized to account for sensor and environmental
(atmospheric) effects. Using a reference target in the image with known surface reflectance, the
empirical line fit method (Ortiz et al., 2017) was used to generate a vicarious correction factor to
transform at-sensor reflectance to surface reflectance at the reference. This correction factor was then
applied to all pixels to generate a surface reflectance image. In this case, the reference target was the
Maumee Bay State Park (MBSP) parking lot which offered an optically stable, large, flat, immobile target
in close proximity to other areas of interest (i.e. Lake Erie). Coincident with the overflight,
measurements of the parking lot were gathered by field crew using a FieldSpec Il (ASD, Inc.)
spectroradiometer gathering both upwelling radiance and cosine-corrected downwelling irradiance
(detailed collection methods will be described later in this section). These values were used in
conjunction with the HSI radiance and irradiance observations to produce a correction factor from at-
sensor to surface reflectance. The at-sensor reflectance was then multiplied by the correction factor to
correct the remaining flight track data under the assumptions that the errors the correction is
accounting for do not significantly deviate throughout a given flight and that the parking lot reflectance
does not change significantly over time (this assumption is examined in this study).

The wavelength specific correction factors (C(A)) were calculated by equation 1:



234

235
236

237
238
239
240
241
242

243
244

245

246

247

248

249

250

251
252
253
254
255

256

257

258

259

260
261

Calger ()

= Uncalger(2)

(1)

Where Calg¢(A) is the in situ reflectance of the known target (MBSP parking lot) and Uncalg,r () is
the at-sensor reflectance of the target (MBSP parking lot).

This vicarious correction approach allowed for the generation of cyanoHAB maps within 24 hours of the
flight, meeting the near-real time processing requirement. This simplistic approach performed better
than the more complicated and time-consuming MODTRAN-based methods, with the vicarious
correction preserving the chlorophyll-a absorption features which were masked out in a MODTRAN
(6SV) atmospheric processing algorithm implementation (Lekki et al., 2017). A more detailed
comparison of MODTRAN and the vicarious correction approach was outside the scope of this study.

The surface reflectance served as the input to the Cl and SSI algorithms. The Cl was calculated according
to Equation 2:

A—M
cl=-— (Re f(1) — Ref(AM) — (Ref (A7) — Ref (AM)) x W) @

Where Ref(A) is the reflectance at A nanometers and

A=679 nm
AM =664 nm
AP =709 nm

as described in Stumpf et al., (2012).

The SSI algorithm was calculated using Equation 3. Lake Erie water typically returns negative NDVI values
due to strong pure water absorption in the near-infrared (NIR) wavelengths while surface vegetation
returns positive values due to NIR scattering significant enough to mask the pure water absorption.
Surface scums are optically similar to any other terrestrial or wetland vegetative growth so a positive
response in known water pixels is a reliable indication of scum presence.

_ Ref(A%) — Ref (AR

SST= RefGM) + Ref 9

(3)

Where Ref(]A) is the reflectance at A nanometers and
A* =667 nm
AN =858 nm

The last step in producing the cyanoHAB near real time products was to produce GeoTiff files and
colorized maps of the flight tracks for dissemination to stakeholders. Maps of key features were
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compiled into a brief report including comments about what is visible in the image including details such
as bloom extent, severity, and proximity to critical locations such as water intakes. Algorithmic failures
were identified visually and commentary was included on these instances, such as unaccounted
atmospheric contamination that occasionally produced spurious indications of Cl presence that might be
difficult to recognize for end-users unfamiliar with the algorithms and image interpretation techniques.

Coincident with the HSI flights, an extensive field collection campaign took place in 2015 and 2016 in
order to provide validation data for the HSI instrument and its derived products. Long-term radiometric
data was calculated at the Maumee Bay State Park parking lot in 2017 in order to assess its stability.

The field measurements in 2015 and 2016 included the use of a FluoroProbe Il (bbe-Moldaenke GmbH),
hereafter referred to as the FluoroProbe, to measure the surface concentration of bluegreen algae as
the metric of comparison for the HSI-derived CI. This instrument uses six light-emitting diodes (emitting
light at 370, 470, 525, 570, 590, and 610 nm) which interact with phytoplankton in the water.
Abundances of different phytoplankton groups (green algae, bluegreen algae, diatoms, and cryptophyta)
are estimated by comparing the retrieved fluorescence excitation spectra to group-specific standard
curves (Beutler et al., 2002).

The FluoroProbe was deployed by hand over the side of MTRI's research vessel with a rope. After
equilibriating just below the water's surface as the instrument warmed up, the instrument was allowed
to descend slowly through the water column until it hit the lake bottom, at which point it was pulled up
and out of the water. Data was extracted off the FluoroProbe into the bbe++ software (version 2.1; bbe-
Moldaenke GmbH) where standard calibrations were applied in order to derive chlorophyll-a
concentrations for each phytoplankton group from the fluorescence returns.

Ground-based radiometric data was also collected in 2015 and 2016 using a FieldSpec IlI
spectroradiometer to compare with the HSI-derived surface reflectance. This instrument has a spectral
range of 350-2500 nm and a data collection time of 0.1 seconds. Spectral data was collected through the
RS3 software program (v6.4; ASD, Inc.) and analyzed using the ViewSpecPro software program (v6.2;
ASD, Inc.).

Downwelling irradiance was measured by attaching a remote cosine receptor (RCR) to the FieldSpec Il
fiberoptic cable. Pointing the RCR straight up and avoiding any potential shadows, 10 spectral
measurements were taken and averaged together. The radiance of the water's surface was measured
following the NASA standard protocol (Mueller et al., 2003). An 8-degree foreoptic was attached to the
fiberoptic cable and pointed at the water at approximately a 45 degree angle off-nadir to reduce
specular reflection (Mobley, 1999). Radiance was measured approximately 1 meter from the target at
approximately 150 degrees from the sun's position while avoiding shadows, sun glint, and floating debris
(Mobley, 1999). Samples of 20-30 radiance spectra were collected and averaged together. Spectra were
processed and extracted via ViewSpecPro and reflectance was calculated as the averaged radiance
divided by the averaged irradiance. The reflectance of the parking lot was measured following the same
protocol.
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In an effort to more rigorously monitor changes in the MBSP parking lot reflectance over long and short
time scales to evaluate its viability as a long-term site for vicarious atmospheric correction of airborne
HSI data, a hyperspectral lightweight portable radiometer (LPR) system was deployed in 2017 at the
MBSP parking lot. This system used two OceanOptics STS (https://oceanoptics.com/product-
category/sts-series/) sensors mounted to a pole to measure upwelling radiance and downwelling
irradiance at wavelengths from 350 to 800 nm with 1.5 nm spectral resolution. Measurements were
made once per minute during daylight hours for the duration of the field season. The device was solar
powered and communicated back to MTRI using a cellular network connection. Data was logged on the
device using a SQlite3 database so data was preserved even during network failures. The STS sensors
were relatively calibrated to the FieldSpec Il using a 99% reflective Spectralon panel and a halogen lamp
source in a dark room. Figure 3 shows the location of the MBSP parking lot and its proximity to Lake Erie
as well as the location of the LPR.

<Figure 3>
Results

Figure 4 shows MBSP parking lot reflectance derived from the HSI instrument collected on various dates
in July, August and September 2015 before (panel a) and after (panel b) application of the vicarious
correction routine (using one correction for all flights within the same year), as well as an in situ ASD
measurement of the MBSP parking lot collected on August 3, 2015 (shown as a thick red line). In Figure
4a, the HSI reflectance exhibits significantly lower reflectance compared to the ASD field measurement.
Additionally, the uncorrected HSI data shows a lack of sensitivity in the blue (<500nm) wavelengths, and
the HSI reflectance in general retains strong atmospheric absorption features, i.e., the prominent
vertical features around 700 nm. In Figure 4b, despite using a single correction factor across the wide
range of dates observed, the corrected HSI data shows strong agreement with the single field
measurement. Cloudy days are labeled using dashed lines, two out of three were the only data sets to
widely disagree with the field-truth data with magnitudes well above the rest.

<Figure 4>

To confirm the efficacy of the vicarious correction factor when applied to aquatic targets, MTRI
compared HSI corrected and uncorrected reflectance to same-day in situ measurements observed using
the ASD FieldSpec lll. Figure 5 shows typical spectra for ASD, uncorrected HSI, corrected HSI, and the
difference between corrected HSI and ASD for 2015 (A) and 2016 (B). The vicarious correction factors
are shown in panels C and D for 2015 and 2016 respectively, with the difference in shape and magnitude
between years due to instrument recalibration and reconfiguration of system components. The
corrected HSI measurements show higher reflectance magnitudes than the ASD measured reflectance in
both 2015 and 2016. However, the 2016 correction factor typically reduces the reflectance
measurement, where the 2015 correction factor typically raises the reflectance compared to
uncorrected data. Also of note, the uncorrected 2015 HSI reflectance is typically well matched with the
ASD in magnitude but not shape, while the uncorrected 2016 HSI reflectance is typically much higher in
magnitude but better matched in shape. Correspondingly, the 2015 correction factor dramatically
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improves spectral shape, while the 2016 correction factor has little effect on the shape except for low
wavelengths (<450 nm).

<Figure 5>

The time series of data collected by the MBSP LPR system (Figure 6) shows day-to-day variability of the
parking lot spectra but no obvious long term trend. The spectra is sampled at three wavelengths, 450
nm, 530 nm, and 667 nm (blue, green, and red respectively). The three reference wavelength retrievals
co-vary to a high degree. Pairwise Spearman’s correlation tests indicate r=0.989 for blue-green, r=0.934
for blue-red, and r=0.958 for green-red. Data from four days (July 2, 4, 9 and September 5, 2017) were
excluded because they were not representative of parking lot spectra, which appear as vertical lines in
Figure 6 due to significant variability in the reflectance measurements. The blue and green band
retrievals were found to be stable throughout the season using a median-based non-parametric
regression (Theil, 1950; Sen, 1968) with p-values of 0.61 and 0.95, respectively. The red band reflectance
significantly increased through the season (p=0.01) but at a rate of only 0.000028 Sr! per day.

<Figure 6>

The culmination of the automated processing systems digesting HSI data are the colorized map outputs.
For every flight track of data generated, both Cl and SSI maps are created with a generic colorization
scheme to convey the cyanoHABs severity in order to be easily understandable for stakeholders. As seen
in figure 7, the HSI swath produces local but extremely high resolution images: at approximately half a
kilometer across, depending on altitude, the entire cross-track FOV of the HSI swath represents less than
half of a pixel from MODIS AQUA imagery. In the flight track processed with Cl (Figure 7a), a boat wake
is visible as a loop of lower Cl concentration near the middle of the image, caused by the boat propeller
mixing the water column, thus demonstrating the stratified nature of heavy cyanobacterial blooms. The
flight track processed with SSI (Figure 7b) also shows the often sharp boundaries between scum and
non-scum conditions.

<Figure 7>

Over the 2015 field season, 16 matchups were found where there were in situ FluoroProbe retrievals
and HSI imagery for the same site on the same day and the results were utilized to generate the
scatterplot in Figure 8. These 16 matchups were spread throughout the basin and across the season,
representing the range of conditions seen in WBLE. In Figure 8, the x-axis is the HSI-derived Cl index
value, which has traditionally been related to cell counts (Stumpf et. al., 2012). The y-axis is the
FluoroProbe-derived bluegreen algae concentration in mg/m3. An R? coefficient of 0.72 was generated
indicating a strong relationship between HSI-derived Cl and FluoroProbe-derived bluegreen algae
concentration. The SSI algorithm was not validated in this study due to insufficient in situ scum
observations coincident with aircraft overflights, but this algorithm was extensively validated in WBLE
showing a 93% surface scum classification accuracy (Sayers et al., 2016).

<Figure 8>
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Case Study 1: Ohio River, September 3, 2015

One of the primary advantages of the GRC HSI system is the high spatial resolution, which means the
system is capable of monitoring small freshwater systems such as inland lakes or rivers that would
normally be beyond the resolving capabilities of space-based platforms. In this instance, the EPA had
reports of potential cyanobacterial presence, but was unsure of the extent or severity of the bloom. The
derived Cl products (Figure 9) revealed cyanobacteria presence in three municipalities along the river,
including Miller, OH (A), Proctorville, OH (B) and Huntington, KY (C). Of these the most extensive was
Proctorville, which showed clear indications of cyanobacteria bloom patterning flowing downriver. The
brighter green colors represent higher Cl values. In this case, significant cyanobacteria presence is
depicted by streaks of bright green. The Ohio EPA found these results particularly useful in their water
quality management decision making process (pers. comm. John Lekki). This cyanoHAB presence in the
Ohio River would not have been detected using the 1 km resolution MODIS satellite data and there is no
guarantee that a satellite with higher spatial resolution would have flown over the river while the bloom
was present (according to USGS EarthExplorer, Landsat-7 flew over the region on September 6, Landsat-
8 flew over on September 7, and Sentinel-2 did not fly over the region within 5 days of the HSI
overflight).

<Figure 9>
Case Study 2: Toledo Water Intake, July 27, 2015

Monitoring potential cyanoHAB presence in the vicinity of water intakes in Lake Erie was an important
element of the NASA GRC HSI system. This monitoring potential is demonstrated by the results of the
July 27, 2015 overflight of the Toledo Water Intake. This intake provides drinking water for more than
one million people, and was central to the Toledo water crisis in which the water supply was
contaminated with toxins produced by cyanobacteria (Jetoo et al., 2015). Figure 10 shows the HSI-
derived Cl maps (green and black strips) overlaid on the MODIS-derived algal bloom extent (orange
pixels) produced by MTRI. The location of the Toledo Water Intake is indicated as a red dot on the
figure. The 1 km resolution MODIS cyanoHAB data show the general extent of the bloom, but do not
show sufficient detail of the cyanoHABs extent in the proximity of the Toledo Water Intake. In contrast,
the HSI track shows the water intake is in a region of low to moderate cyanoHAB presence, but that
higher concentration blooms (shown as brighter green in the figure) are in close proximity (~500-1000
m) to the intake. The HSI data provides sufficiently detailed spatial information for the water intake
managers.

<Figure 10>
Discussion

Methodology to generate near-real time (within 24 hours) cyanoHAB mapping products from high
resolution airborne remote sensing data has been developed and tested using the NASA GRC HSI data
collected over Lake Erie and the Ohio River. Near-real time water quality monitoring protocols using
airborne remote sensing data are not well reported in the literature due to the difficulty standardizing



410
411
412
413
414
415
416
417
418

419
420
421
422
423
424
425
426
427
428
429
430

431
432
433
434
435
436
437
438
439
440
441
442
443
444
445
446
447
448
449

13

airborne data over many flights. Quantification and correction of atmospheric effects are a significant
challenge to overcome in airborne water remote sensing and are typically quantified using coincident in
situ radiometric observations. While this approach works well for a single flight, it is generally cost and
time prohibitive to make in situ measurements for many flights in a routine operational application. The
vicarious correction approach using a persistent and well characterized target (i.e. the parking lot at
Maumee Bay State Park) in close proximity to the area of interest (i.e. WBLE), can allow for the
correction of many images from many days to be corrected provided the calibration target is imaged
each day. An additional advantage of this approach is that it accounts for sensor system variability along
with atmospheric contribution.

The vicarious correction methodology utilized to correct HSI data generally performed well but there are
still some unresolved issues. For instance, Figure 4 shows how cloud cover can impact the HSI
reflectance retrievals, even after correction. One potential cause of this issue is the infrequency of
irradiance measurements gathered by the HSI system. On days with varying cloud cover, this can result
in significant error when the surface conditions at a given point in the swath are mismatched with the
relative position of clouds and the aircraft at the time of measurement. This issue would be less a
concern on days with total cloud cover as the illumination would be consistently low across the imaged
area. As seen in Figure 4, this results in increased reflectance magnitude after the vicarious correction is
applied but the spectral shape remains mostly similar. This magnitude shift would be problematic for
analytical and semi-analytical algorithms, but shape-based algorithms are less impacted by this issue.
This finding suggests that while the airborne system does have the advantage of being able to view
water conditions under cloud cover, caution needs to be used on days with intermittent cloud cover.

Another issue is with the impact of diffuse sky and sun glint on reflectance retrievals over water. The
diffuse sky influence can be seen in Figure 5 where the shape of the corrected HSI observation does not
match ASD measurements, unlike what was observed in the parking lot comparisons (Figure 4). The two
spectra share a similar shape between the 500-750 nm wavelengths, but in the blue bands the ASD
shows a gradual increase in reflectance from 400 to 500 nm while the corrected HSI shows a local peak
at 400 nm and a gradual decrease from 400 to 500 nm. This shape difference accounts for the bulk of
the HSI error (represented by the black ‘Difference’ line in Figure 5) which is highest in the blue
wavelengths but levels off between 500 and 750 nm. Neither dataset was corrected for diffuse sky
contamination, but the ASD viewing angle was optimized by the operating personnel so the diffuse sky
influence would be reduced compared to HSI measurements which had a non-optimized viewing
geometry typically determined happenstance due to the flight path of the aircraft. Since the observed
differences in instrument measurements consistently follow this pattern, we can conclude that the
correction factor computed using the vicarious correction procedure is effectively accounting for system
calibration errors. The impact of sun glint can be seen in Figure 5 by the increased magnitude of the
corrected HSI retrieval compared to the ASD reflectance which was collected using methods explicitly
avoiding sun glint. In summary, the vicarious correction procedure results in reasonable spectral shapes
that enable the use of shape-based algorithms focused on longer wavelengths (>500 nm), such as the ClI
or SSl algorithms. However, additional investigation is required into the removal of diffuse sky
contamination and sun glint from airborne reflectance retrievals to generate robust reflectance data in
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order to utilize algorithms that rely more heavily on magnitude or retrievals in the blue wavelengths
(<500 nm) as well as radiative transfer-based water quality remote sensing algorithms.

While the vicarious correction procedure is not perfect, it has the advantage of being fast: it is quickly
and easily applied to any HSI spectra and results in a much improved output signal. This approach also
works well regardless of the quality of instrument calibration. This is demonstrated in Figure 5 with the
corrected HSI reflectance largely matching the shape of the in situ reflectance in both 2015 and 2016
despite the uncorrected 2015 data failing to capture the spectral shape of the water.

The LPR data from 2017 show that the MBSP parking lot is a stable calibration target. Aside from a few
days, the intra-day variability of reflectance was relatively minor. When extreme variability was seen,
this was likely due to the presence of vehicles, people, or even animals (seagulls often flock on the
pavement) in the path of the sensor. The observed covariance of different wavelengths indicates that
the variability over time is primarily in the magnitude of reflectance (brightness) rather than a change in
spectral shape. Considering sources of variability, any contaminant, such as standing water (contrasted
with merely damp pavement, which would look spectrally similar to dry pavement but darker) or sand,
would have to have identical spectral ratios to the parking lot to preserve this level of co-variance,
otherwise the spectral mixing would alter the ratios between wavelengths.

Previous experience comparing STS cosine receptor response to the FieldSpec Il cosine receptor
indicates the STS receptor has an additional response to sensor orientation, manifesting most heavily
when the solar angle is nearly perpendicular to the sensor. This, combined with imperfect orientation of
the sensor (1-2 degrees off nadir), introduces an elliptic error (the plot of any given day’s reflectance vs.
zenith angle creates an elliptical pattern, rather than a straight line) into the irradiance measurement.
The presence of this error is dependent on the nature of the light field, such that diffuse or partially
diffuse conditions would alter the irradiance measurement which would impact the final reflectance as
well. Since these errors are independent of wavelength, illumination changes would then co-vary for
every wavelength. We believe this elliptic error introduced by the STS cosine receptor geometry is the
primary source of error expressed in Figure 6, which if eliminated would show the parking lot to be
exceptionally stable.

The mean daily reflectance at the reference wavelengths in the blue and green region showed no
significant change over the observation period (July — mid-September) and while the red band showed a
statistically significant increase, the rate of change is small enough to be effectively meaningless.
Combined with its size and proximity to the target body of water, this makes the parking lot a rare and
ideal candidate as a calibration target for airborne remote sensing measurements of western Lake Erie.

Using the LPR to collect persistent, long-term measurements of a stable target removes the expense of
sending a field crew out to collect radiometric measurements of a calibration target during each flight.
This approach would likely work in other scenarios as well, but a concerted effort to assess the stability
of the target is important. For instance, a grassy field near the study area may provide a reference
similar to a surface scum, but such a target is neither spectrally homogenous nor Lambertian-like, two
characteristics of an ideal calibration target (Smith and Milton, 1999). If no viable stable target is
available near the target, a more standard calibration approach would be necessary in which a
calibration target such as a tarp or mirror array is brought to the sampling location.
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The case studies presented demonstrate the utility of near-real time airborne hyperspectral data
products for water resource managers and other stakeholders. While the smaller geographic coverage
of airborne sensors limits the ability to use it for fully monitoring large lakes, airborne remote sensing
systems such as the HSI allow for the targeted monitoring of important areas (i.e., water intakes) and
small water bodies potentially affected by cyanoHABs, independent of cloud cover and spatial size. The
fine spatial resolution of the HSI system allows for the capture of fine spatial variability as seen in
Figures 7 and 9 and the ability to collect data on demand allows for rapid response to bloom events. The
hyperspectral nature of the instrument allows for the application of any water quality monitoring
algorithm to the data, though the impact of atmospheric and diffuse sky contamination should play a
role in selecting algorithms. The near-real time processing methodology described above and the Ohio
River case study demonstrate the ability of the system to be used for rapid response monitoring of
cyanoHAB events. The latest version of the HSI sensor (HSI3) has a wider swath, potentially making it
feasible to fully map large areas such as the Western Basin of Lake Erie using overlapping flight lines.

The demonstrated methodology which includes geometric, radiometric, and vicarious corrections, and
derived product generation in near-real time can be utilized by other aircraft and unmanned aerial
vehicle (UAV) remote sensing systems.

Conclusions and Recommendations

The NASA GRC HSI system is a high resolution hyperspectral imager capable of generating quality
radiance data and a reasonable estimate of reflectance after implementing vicarious corrections.
Coupled with the Cl and SSI algorithms, which are easy to implement and automate, this allows for the
near-real time (within 24 hours) processing of large quantities of data gathered in a given flight. The
flexible nature of aircraft deployment (i.e. flight line location, under cloud operation) combined with the
high resolution and rapid analysis provides unique insights into water quality conditions not offered by
space-based solutions. While the cost of deployment and limited spatial coverage of airborne remote
sensing limit the ability to do daily monitoring of large lakes, this is an effective tool for long-term
weekly monitoring of targeted areas including water intakes and smaller water bodies while also
allowing for on-demand deployments to capture bloom events in progress. This approach is not meant
to replace the use of satellite remote sensing which can provide valuable region-wide context. Rather, it
is meant as a complementary dataset to aid in the monitoring of cyanoHABs at scales not easily or
effectively monitored by existing systems.

The vicarious correction technique does a good job in converting at-sensor HSI reflectance to surface
reflectance. Future work will focus on implementing a correction for diffuse sky reflectance to isolate
the aquatic contribution to spectra. This will play a vital role in the applicability of bio-optical algorithms,
such as the CPA-A (Shuchman et al., 2013), QAA (Lee et al., 2009), and GIOP (Werdell et al., 2013) which
retrieve inherent optical properties of water but are less robust to diffuse sky contamination than
simpler shape-based algorithms such as the Cl or SSI. Further work will also investigate the use of
phytoplankton and cyanobacteria pigment absorption and scattering features to potentially assess
species and size distributions to take advantage of the hyperspectral nature of the sensor. Additionally,
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this could allow for the early detection of cyanoHAB events which is currently not possible using the Cl
approach.
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Figure Captions

Figure 1: HSI flight tracks processed with the Cl algorithm (horizontal and diagonal lines across the lake)
in the Western Basin of Lake Erie overlaid on a true-color image derived from MODIS imagery on the
same day (August 10, 2015). Note that the MODIS true-color image is dominated by clouds while the HSI
data were obtained under the clouds and are able to indicate areas of significant cyanoHAB presence
(shown in green on the flight tracks).

Figure 2: NASA GRC HSI data near-real time processing procedure.

Figure 3: Map showing the location of the Maumee Bay State Park parking lot and the location of the
LPR (white square in inset). The LPR was approximately 150 meters from Lake Erie.

Figure 4: NASA GRC HSI parking lot reflectance over the 2015 season. In situ reflectance from the ASD
FieldSpec Il is shown as a thick red line in both panels. Before correction (panel A), the HSI spectra
exhibit uncharacteristically low reflectance relative to the ground-truth and are spectrally misshaped.
After correction (panel B), the HSI spectra group nicely around the in situ reflectance spectra with the
exception of 2 of the 3 cloudy days (shown as dashed lines).

Figure 5: Typical aquatic spectra are shown from 2015 (A) and 2016 (B), including in situ spectra from
the ASD FieldSpec Il and airborne data from the HSI system (before and after correction). The
Difference line (in black) is the corrected HSI signal minus the ASD signal. Correction factors from 2015
(C) and 2016 (D) are also shown. Note that the 2016 correction factor is largely flat and of much lower
magnitude than the 2015 correction factor.

Figure 6: Daily variability of MBSP parking lot reflectance, including mean and standard deviation error
bars, for 3 reference wavelengths (450 nm, 530 nm, and 667 nm are colored as blue, green, and red,
respectively). The extreme intra-day variance events (dates where the vertical bars extend outside the
range of the plot) are likely caused by anomalous events, such as cars, people, or animals passing under
the sensor. Days with low mean reflectance values in July and late August are indicative of wet
pavement due to rain.

Figure 7: NASA GRC HSI tracks from August 10, 2015 near the Toledo Water Intake processed with CI (A)
and SSI (B) showing the spatial variability of algal blooms and surface scums. The high resolution of the
HSI imagery reveals details that would be obscured by space-based observation platforms. The Toledo
Water Intake is shown in both tracks as a black circle.

Figure 8: 2015 comparison of HSI-derived Cl values (x-axis) and in situ blue-green algae concentrations
(y-axis) from the same site on the same day show a strong correlation between Cl values and field
measured cyanobacterial abundance (R? = 0.72).

Figure 9: NASA GRC HSI tracks processed with the Cl algorithm over the Ohio River on September 3,
2015. Flight tracks are shown over three municipalities: Miller, OH (A), Proctorville, OH (B), and
Huntington, KY (C). Within the flight tracks, the color ranges from dark to bright green indicating very
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low to moderate cyanobacterial presence and the scale is transparent when the Cl algorithm detects no
cyanobacterial presence.

Figure 10: NASA GRC HSI tracks (colored on a scale of dark to bright green based on HSI-derived Cl)
overlain on MTRI MODIS cyanoHAB mapping product (colored in orange) on July 27, 2015. The Toledo
Water Intake is shown as a red dot.



