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Surface drinking water infrastructure is an integral part of the development and
sustainability of societies around the world. However, these surface freshwater resources have
been a challenge to monitor due to the vast number of in-situ samples needed to accurately
quantify constituents, expenses of equipment, coordination of personnel, and laboratory costs.
Lake Bloomington and Evergreen Lake (Hudson, Illinois) are two vital surface water features
that serve as the drinking water reservoirs for the Bloomington, IL. Both reservoirs are within
agricultural watersheds, with watershed inputs typically being high in turbidity and nitrate.
We utilized an Unmanned Aerial Vehicle (UAV) coupled with a five-band multispectral
sensor to monitor two water quality parameters in the lakes: turbidity and chlorophyll-a (chl-a,
an indicator of algae). By using the UAV, along with in-situ data collected the same day as the
flight, we aim to answer the following questions: (1) What are the optical properties of the lakes
water quality parameters of chl-a and turbidity? (2) What is the spatial and temporal variation of
chl-a and turbidity within the lakes?
Results showed that at nearly 6 cm resolution, greater than 80% coverage can be
produced at each sample site and regularly above 90% coverage of the area can be obtained.
Through several proprietary algorithms, we were able to explain 70% of the variation of chl-a in

the lakes using UAV data. Although algorithms were created for turbidity, the algorithms were
only able to explain less than 20% percent of the variation of the observed samples. This poor
correlation may be due to low concentrations of turbidity observed in the lakes. This research
demonstrated the potential of using UAV-based multispectral sensor for monitoring chl-a in
small reservoirs.

KEYWORDS: Unmanned Aerial Vehicle (UAV); turbidity; algae; chl-a; reservoirs, Micasense
Mx Rededge
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CHAPTER I: INTRODUCTION
Surface freshwater resources are an integral part in the development of society around the
world. These resources have provided drinking water for the continual development of
communities both in the present and the past. During 2007, 91% of public water systems in the
United States were supplied by some aspect of groundwater, and 68% of American households
were supplied by public water systems that were integrated with surface water sources (CDC,
2009). Concerns about surface water reservoirs have been raised regarding their potential for
contamination and adverse effects to water quality. There is a growing need to reliably monitor
and maintain the quality of the water in these freshwater reservoirs (Mortula et al., 2020; Prior et
al., 2020).
The Bloomington-Normal population center in Central Illinois is an excellent example of
a Midwest population center that uses surface water as its primary water supply. Currently, Lake
Bloomington and Evergreen Lake serve as the primary source of drinking water for the
community of Bloomington-Normal and its surrounding municipalities (Bloomington, 2020).
With the location of the reservoirs in the center of a prominently agricultural watershed, runoff
from those agricultural practices entering the waterways that drain into those lakes make the
city’s fresh water supply vulnerable to contamination. The Water Quality Assessment Report
(WQAR), released by the EPA in 2016 for local surface water resources in central Illinois,
highlights that the aesthetic value, quality and abundance of edible aquatic life and condition of
public water supply are decreasing. In conjunction with population growth in the city center and
surrounding areas (as well as throughout the rest of the county), the demand for fresh water
subsequently increases, increasing the importance to quantify and understand how suspended
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material and nutrients reach and change the quality of the water in the Lake Bloomington and
Evergreen Lake basins (Census, 2020).
Monitoring and assessing the quality of surface water is critical for managing and
improving its overall quality (Ritchie et al., 2003). In the U.S., the Clean Water Act and Safe
Drinking Water Act govern the quality of water after it has been removed and processed from
reservoirs, and outlines the guidelines to monitor the contaminants in surface reservoirs
(Giardino et al., 2018). According to the WQAR, points of contamination in the two reservoirs,
Lake Bloomington and Evergreen Lake, stem from three main sources: development,
recreational, and agricultural uses. The WQAR for Lake Bloomington cites the causes of
contamination as aquatic algae and total suspended solids (TSS), to name a few, with the
probable source for each being cited as runoff from forest/grassland/parkland (algae), recreation
(both), tourism (non-boating) (TSS), and littoral/shore area modifications (non-riverine) for TSS
(EPA, 2016a). The WQAR for Evergreen Lake cites TSS as a main cause of impairment. Crop
production, other recreational pollution sources, and runoff from forest/grassland/park were cited
as being the contributors to the TSS impairment in Evergreen Lake (EPA, 2016b). Real estate
and infrastructure development (roads, park infrastructure, etc.) introduce anthropogenic
substances that may alter the chemical composition of surface water, in many cases for the worse
(Watanabe, Alcântara, et al., 2018). Recreational practices can also pollute surface water features
with hydrocarbons from fuels and oils that runoff from public areas. Although recreational uses
have been known to pollute the composition of surface water, the exposure to runoff from nearby
agricultural activities has a greater negative impact on the surface water features. Runoff from
agricultural lands is the main cause of excess suspended solids and subsequent eutrophication,
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which is the excessive input and enrichment of nutrients within surface water systems that
promotes harmful algal growth (Hajigholizadeh et al., 2021).
Once agricultural runoff reaches slower moving surface water features, the fertilizers that
were in suspension while the water column moves downstream begin to promote growth as they
slow and interact with algae in these reservoirs (Papenfus et al., 2020). Many forms of algae, also
known as cyanobacteria, exist within freshwater systems. While this threat can be minor, some
species of cyanobacteria can produce harmful toxins and create hypoxic conditions, harming the
other aquatic life in the system (Ogashawara et al., 2019). Human exposure to cyanobacteriatoxin contaminated water can result in serious health implications, and in some cases, even death
(Douglas Greene et al., 2021). With demand for drinking water becoming ever-more pressing as
well as prominent algae growth in shallow freshwater settings. The city of Bloomington and
others (Great Lake’s Green Bay, Saginaw Bay, and Lake Erie, all of which supply water and
commerce for their respective local communities), it is important to develop cost effective,
reliable and readily deployable methods to monitor cyanobacteria and water column constituents
(Auer et al., 2010; NOAA, 2017).
Water managers assess and monitor water quality parameters by using traditional
methods such as in-situ sampling, in-situ testing, and laboratory analyses. As outlined by the
World Health Organization (WHO), general criteria for water monitoring highlights that
sampling points should be selected to represent variability throughout the system being tested.
Sampling at point locations that are at risk for contamination often create a scenario where there
is a lack of representation and understanding of the entire system. A benefit of data generated
from in-situ sampling is that the calibration of a model derived from raw sample data is directly
representative of the water being measured at that point at a high resolution (Kotamaki et al.,
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2009). The drawback, however, is samples need to be taken in great quantity and at a great
frequency to produce a reliable model that represents the system spatially and temporally well
(Andres et al., 2018). To meet these criteria requires expensive lab tests, as well as collection
crews and resources to retrieve the raw in-situ sample. Relatively recently, a surge in remote insitu devices have been used to monitor the quality of the water without the direct aid of an in-situ
collection crew. This technique also has drawbacks, as initial deployment is costly, and service
teams need to maintain the sensor infrastructure from sensor data retrieval to data reception and
storage (Pobel et al., 2011). While both versions of physical water point sampling methods are
reliable in a relatively small study area or understanding variation at a pint location, however,
uncertainty increases in predicting spatial variations as the study size and space between sensors
increases.
The viable alternative to physical point sampling is using remote sensing technologies.
Any large-scale aerial capture is viable due to the cost-effectiveness of the method. As satellites
need to be launched and delivered to their final orbit, initial start-up cost is extremely high. Once
in orbit, the sensor captures data and subsequent data collection is relatively inexpensive.
Further, satellites have global coverage which makes them beneficial alternatives in areas that
are not readily accessible. Because of the availability and access to these satellites, countless
studies have been conducted since their initial startup with the Landsat program in the late
1970’s (Bresciani et al., 2018; Markogianni et al., 2018; Peterson et al., 2020). In recent years,
the resolution of these satellites improved (e.g., Sentinel Satellite which can produce images with
resolution of 5 to 10 m), as well as data interpretation methods and algorithms. Spectral
resolution has improved as well, where previously single RGB band images were taken of land
with a large wavelength range per band, now images taken by Landsat have multiple bands, each
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with narrow bandwidths, which can observe many precise constituents, both on land and water.
Since algae’s spectral reflectance patterns are within the 400-700 range, with a Green peak at
550-600 nm (Hansen et al., 2018), large satellite sensors with multiple band sensors could
identify algal constituents in the ocean with aid from special algorithms designed to be used with
that particular satellite’s sensor (Mhangara et al., 2018; Mora-Soto et al., 2020; Mortula et al.,
2020) by correlating images with in-situ data. Currently, remote sensing satellite data has
limitations when used on smaller bodies of water due to their spatial resolutions (Ambrose-Igho
et al., 2021). Cloud cover also impairs the sensor’s view of the water body and renders it
partially, or in some cases, completely ineffective, which is a major limitation to data collection
(Ambrose-Igho et al., 2021).
Prior studies have provided expansive and thorough testing across many satellite
platforms, which has given researchers a substantial background on the optical properties of
substances in surface water such as chl-a and turbidity (Doxaran et al., 2002; Ha et al., 2017;
Papenfus et al., 2020; Prior et al., 2020; Watanabe, Alcantara, et al., 2018). The optical response
of water, measured as reflectance by remote sensors, depends on the type, concentration, and
presence of substances in water. Clear water absorbs the EMR across the spectrum with low
reflectance in the visible wavelength ranges (400-600 nm) (Figure 1). Chl-a has shown distinct
adsorption patterns at 450-475 nm and 670 nm while producing reflectance peaks at 550 nm and
700 nm (Hajigholizadeh et al., 2021). High reflectance characteristics in the Red to Near-Infrared
(NIR) region (600–1400 nm) generally implies strong correlation with the presence of TSS in
water (Bachari Fouzia et al., 2018). TSS optically reflects in the range of 680 nm to 730 nm, with
710 nm being an optimal wavelength (Nechad et al., 2010). TSS presents issues, however, at
lower concentrations skew previous model predictions as the TSS adsorption and water
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adsorption curve overlap significantly. This causes an uncertainty that is only delineated once
higher concentrations are reached, as low concentrations carry similar optical qualities as pure
water (Shen et al., 2021). Increased concentrations of both chl-a and TSS can have an effect on
the reflectance property of surface water (Liu et al., 2017; Moore, 2017).
Unmanned Aerial Vehicles (commonly referred to as a UAV or drone) mounted sensors
are a solution to some of the limitations that exist in satellite remote sensing, such as visibility
impairment from cloud cover and resolution. With a UAV, higher resolution sensors and near
live images can be achieved even with some cloud cover present (Arango et al., 2019; Su et al.,
2015; Vivoni et al., 2014). UAVs are superior when it comes to the affordability and spatial
resolution combination as the ability of UAVs to provide sub-centimeter resolution imagery (and
frequently) is unmatched by satellite alternatives (Jeziorska, 2019). Several UAV studies have
been focused on quantifying and developing algorithms for chl-a, often a proxy for algae, total
suspended solids (TSS), and turbidity (Arango et al., 2019; Hajigholizadeh et al., 2021).
In this study, we investigated the applicability of a UAV-based multispectral sensor in
monitoring the spatial patterns of chl-a and turbidity in Lake Bloomington and Evergreen Lake.
We utilized a quadcopter (DJI M200V2 UAV) deployed with a five band sensor (Blue, Green,
Red, Red Edge, and Near Infrared (NIR)) – Micasense RedEdge-Mx (MicaSense, 2020). First,
we investigated the relationships between the collected in-situ lake water quality parameters of
turbidity and chl-a, and spectral signatures at each in-situ water sample collection sites. The
following research questions were implemented to guide the direction of the project. First, what
are the optical properties of the lake’s water quality parameters of chl-a and turbidity? Second,
what is the spatial and temporal variation of chl-a and turbidity within the lakes? This was
accomplished by conducting correlation and regression analysis between water samples analyzed
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for chl-a and turbidity and comparing it to the spectral signatures (individual bands and/or
combination of bands). Once the relationship was determined, we developed an algorithm which
explains the spatial variation of chl-a and turbidity. With this algorithm, we can remotely
monitor the lakes, without having to employ costly in-situ methodology for each deployment.

Study Area
Lake Bloomington is located roughly 7 km NE of Hudson Township with a surface area
size of roughly 2.6 km2 and reaches a max depth of ~ 9.14 m. Private residents reside on the
lake. Evergreen Lake is located roughly 5km NW of Hudson Township with a surface area size
of roughly 2.8 km2 and a max depth of ~13.41 m. Both lakes are river dammed stream reservoirs,
Money Creek (Bloomington) and Six Mile Creek (Evergreen) that lie in surficial till from the
Wisconsin Glaciation. The surficial deposits are used for agricultural production of corn and soy
interpolated with medium-density forested regions throughout the watershed of each respective
lake. Both watersheds drain into the Mackinaw River, and subsequently the Illinois River.
Surficial deposits locally lie above Pennsylvanian shales, limestones and sandstones (Nelson et
al., 2013).
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Figure 1. Location map showing Evergreen Lake (left) and Lake Bloomington (right).
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CHAPTER II: METHODS
The methods used consist of a dichotomous but synchronous approach of in-situ physical
sampling and aerial surveillance remote image sensing. Utilizing both a UAV in combination
with in-situ parameters allowed for capture of data points mere hours apart. Based on the
relationship from the in-situ data, applied reflectance math, and cyclical checking, we created an
algorithm with the goal to help quantify chl-a and turbidity. Our steps are simplified in the flow
chart below.

Figure 2. Flow chart of methods.

2.1 Water Quality
2.1.1 In-Situ Data Collection
The in-situ collection required the deployment of a vessel to reach the open water of the
sampling sites. A 18ft flat-bottomed vessel (commonly referred to as a skiff) was used to collect
in situ data and proved effective, seeming to create less disturbance on the surface than the
column mixing that a conventional v-hull could have potentially facilitated. Our skiff and
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outboard motor combination allow for a draft of only +/- 0.5 m. Lake Bloomington and
Evergreen Lake were subdivided into data collection “sites” to better distinguish and compare
results throughout the study period. For Lake Bloomington, there are three major “sites” on this
lake which will be referred to as northern (N), southwestern (SW), and southeastern (SE). Lake
Evergreen “sites” are the upper inlet (UI), pond (P), and lower inlet (LI), all located on the
western side of the study site (Figure 3).

Figure 3. UAV sampling sites for both Lake Bloomington (left) and Evergreen Lake (right). Each label corresponds
to the nearest open body of water (not white). Lake outlines are illustrated in red.

In situ sampling sites were chosen to be in as open of water as possible. These sites
changed throughout the study period, and mainly remained consistent in terms of quantity,
except for July 27th on Bloomington, where the usual three points in the SW inlet were
transferred to the SE and N inlet due to no UAV collection at the SW inlet on that day and June
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1st where we were unsure of the stitching capabilities of the drone. GPS Coordinates for these
sites and their respective dates are in XY format in the Appendix (A30).
Position marking of the sample sites required a stable GPS position to compare the in-situ
collection to the UAV imagery. The collection vessel was piloted to each site, then drifted or
idled into the wind, as to minimize sample disturbance. In shallow areas, a long anchor rode
(>5:1) was used, and the anchor was deployed 3m or greater away from the boat via a toss as not
to introduce the turbidity from the anchor to the water column being tested. In deeper waters, an
anchor rode of 2:1 was used to avoid large mooring arcs due to wind shifts, which could have
affected GPS position averaging. Mainly in, but not limited to, the inlets, we often had to deploy
two anchors securing both the bow and stern in a relatively fixed position as these provided
downdraft areas with typically stronger wind gusts. The second anchor was deployed similarly to
our primary anchor if it was being used.
Once at the site, multiple parameters were collected and documented in the designated
field notebook. The collection process began with positioning and anchoring the vessel. Once
anchored and stable, the GPS point averaging was started. The GPS would take 25 points and
average their location at each site. While the averaging continued, the YSI ExoSonde was placed
in the water and began to reach equilibrium (sensor was calibrated for DO sub parameters before
deployment). Secchi depth was taken at a 5 cm interval, and at least one meter away from
probes, as not to disturb the water column being observed by the probe. Once stable, readings
from the sensor for Turbidity, DO mg/l, DO%, Conductivity (Cond.), Specific Conductivity
(SPC) were documented. Starting during the fall season, the ExoSonde was used in conjunction
with a YSI 75 to compliment DO and Conductivity readings. After Secchi and Sensor parameters
were captured, two, one-liter Nalgene bottles were filled with sample water at one depth roughly
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5-10 cm depth, like that of the probe. Finally, once the GPS averaging was confirmed, the
anchor(s) were pulled and washed of any sediment that was brought up. This process was
repeated for each site on the lake until all sites were captured. Average time between UAV data
collection and vessel deployment was approximately 2-3 hours.

2.1.2 Lab Analysis of Water Samples
Filtration
Filtration was divided by site bottles. Each sample site had two bottles labelled as
follows “Lake Initials, Site_number.number in series” (i.e., EG (Evergreen) 1.1 and EG 1.2, both
collected at site 1). The bottles were each used for their own filtration sets. X.1 bottles were used
for turbidity, total suspended solids, and unfiltered water sample and X.2 bottles were used for
the algae and filtered water sample. Both X.1 and X.2 bottles were kept cool and refrigerated no
more than 24 hours later from the point of collection until filtering.

Turbidity and Unfiltered water
Although calibrated turbidity measurements were collected in the field, lab measurements
were also collected from the samples. The sample was shaken and inverted several times to
ensure equal distribution throughout. Once shaken, the vial was rinsed twice and wiped clean
with a Kimwipe before placement in the 2100P Turbidimeter, which was used to calculate a
NTU of the sample. This was repeated for each X.1 bottle from each site. A 60ml bottle was
rinsed three times and filled with unfiltered water at this stage for each X.1 bottle. These samples
were placed in the freezer until lab work was conducted.
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Total Suspended Solids
For each X.1 bottle, a glass-fiber filter with a pore opening of .45μm was pre-combusted
at 500 C. Once pre-combusted, the filter was weighed and stored in a covered aluminum tin
until use. A filter was placed on the filtration flask and a known volume of raw water was
passed through the filter, until it was fully saturated with detritus. Once saturated, the filter was
placed in the drying oven for 24 hours, ensuring the filter had no more moisture. From there, the
filters were weighed “dry”, and then combusted at 500C. After the final combustion, a final
weight, “combustion”, was taken. For TSS to be calculated from these measurements, the
following equation was used, resulting in a TSS value in g/l.
𝑇𝑆𝑆 =

𝑊𝑒𝑖𝑔ℎ𝑡 𝑜𝑓 𝑐𝑜𝑚𝑏𝑢𝑠𝑡𝑒𝑑 𝑠𝑎𝑚𝑝𝑙𝑒 − 𝑓𝑖𝑙𝑡𝑒𝑟
𝑉𝑜𝑙𝑢𝑚𝑒 𝑜𝑓 𝑠𝑎𝑚𝑝𝑙𝑒 𝑝𝑎𝑠𝑠𝑒𝑑 𝑡ℎ𝑟𝑜𝑢𝑔ℎ 𝑓𝑖𝑙𝑡𝑒𝑟

Algae
Each X.2 sample was filtered through a glass-fiber filter with a pore opening of .45μm
until a known volume was passed through the filter and saturated the filter. This volume was
documented. Once saturated, the filter was removed and placed into a 10 ml disposable capped
vial and placed into a freezer for 24 hours minimum. At a maximum, the samples were stable up
to one month, which was utilized to maximize centrifuge and spectrometry time and resources
later. The filtered water was then used to rinse a 60 ml bottle three times and fill it. Filtered
bottles were placed in a freezer with the other 60 ml samples. Once several algae samples had
been accumulated, (~20 samples or 5 samples from 4 sample dates) we began preparation for
spectroscopy. Vials with frozen filters were treated with 10 ml of a buffered 90% acetone
mixture. This amount was controlled via a 5 ml pipette. Samples were allowed to soak in the
freezer for at least 24 hours, but no longer than 48 hours as to ensure the buffered solution was
only mobilizing the chlorophyll-rich particles. After extracting for the required time, forceps
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were used to remove the filter from the vial while a second pair was used to wring out the excess
acetone solution back into the vial. Discarded filters were placed in a marked beaker in a fume
hood to allow for evaporation of the solvent, and properly discarded. The vials with the
remaining solution were placed into the centrifuge, 6 at a time, for ten minutes. Once a set of 6
vials ran, they were carefully removed and placed in the freezer until all centrifuged samples
were finished, being careful not to disturb the bottom of the vials. After centrifuge, each sample
had 1 ml pipetted into a glass cuvette used to rinse the cuvette. This was repeated once more,
and then the cuvette was filled with 3 ml of the sample with outside subsequently cleaned with a
Kimwipe. Ten of these samples could be ran at a time on the spectrometer (two sampling
sessions), plus one control cuvette.
Initial calibration of a wavelength on the spectrophotometer was straightforward and
required just placing the blank control cuvette into the machine, inputting the desired
wavelength, and zeroing based on the blank. Once zeroed, the cuvettes were placed, and
wavelengths were read for each sample. The first two readings were taken at 750 and 660nm for
each sample and calibrated to the blank. After these initial readings were collected, the samples
and control were treated with a drop of .1 M HCl. Parafilm and rotation of the sample allowed
for equal distribution of the HCl. Once acidified, these samples were retested (calibrated by the
control) at 750 and 665nm. chl-a content was then calculated using the following equation:
𝐶ℎ𝑙 𝑎 =

26.7 ∗ [(664𝑏 − 750𝑏) − (665𝑎 − 750𝑎)] ∗ 𝑣𝑜𝑙𝑢𝑚𝑒 𝑜𝑓 𝑎𝑐𝑡𝑒𝑜𝑛𝑒
𝑣𝑜𝑙𝑢𝑚𝑒 𝑜𝑓 𝑠𝑎𝑚𝑝𝑙𝑒 ∗ 𝐿

Where b is the absorbance measured before, a is the absorbance measured after, and L is the
length the light traveled through the sample (1 cm).

14

LEA Nutrient Processing
Lab processing was carried out through Illinois State University’s Lab for Environmental
Analysis (LEA) for nitrogen and phosphorus parameters for each sample site. Technicians in
LEA took both the filtered and unfiltered samples and used them to measure. This was conducted
by taking the sample and running through a spectrophotometer after binding the compound to a
metal. Each run had a dedicated calibration curve created in order to maintain continuity and
error correction for samples.

2.2 Remote Sensing
2.2.1 Field Work
Field work consisted of a dual acquisition method in efforts to verify the UAV imagery.
The UAV imagery was coupled with the in-situ sampling taken on the same day, mere hours
apart to ensure a as close as possible datum that could be referenced to the imagery. Samples
were not collected simultaneously with the imagery, due to two major factors: potential to
disturb samples before the image was completed and limited size of the collection team.

2.2.2 UAV imagery
The UAV used in this project was the DJI Matrice 200 V2, an enterprise-grade quadrotor
drone. The UAV was equipped with a positioning mode, allowing for a vertical accuracy of +/0.1 m and a horizontal accuracy of +/- 0.3 m according to DJI’s product specifications, making it
more desirable over other commercial grade products for this application. Using DJI’s
proprietary software and touchscreen pad, a predetermined flight path was created each study
site. The flight paths for each site were saved and implemented during each deployment.
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Coupled with the UAV was the Micasence RedEdge-MX package with DJI SkyPort, consisting
of a five-band camera (Blue, green, Red, Red Edge, and Near-Infrared (NIR)) and optional
upward-facing sun sensor. Light modifications to the UAV were needed to mount the sun sensor
in a proper, unbroken upward facing field of view.
Before each flight, the camera was attached to the SkyPort on the Matrice, the camera
was connected to the sun sensor via a removable ribbon cable, allowing for communication and
sun intensity data to be recorded in conjunction with the simultaneous five image capture. Each
shutter trigger propagated the collection an image from each of the five band sensors on the
RedEdge-MX along with capture sun exposure data from the sun sensor simultaneously. The
shutter was programmed through DJI’s Software and triggered via the SkyPort connection. The
MX sensor itself, however, stores image data on a removable SD card for quick access to the
data. Image collection occurred at a 120 m altitude and followed a shutter time interval of every
two seconds. The calibrated reflectance panel is vital to allow for the calibration of the
reflectance over the flight time. Several sub-flights during each sampling were conducted to
cover the entire study area each location. All flights were flown in the morning hours with the
sun at a low to medium angle to the horizon. We found through preliminary fights that any sun
angle within 20 degrees of perpendicular to the water surface caused a reflective glare.

2.2.3. Image Processing
Datum was ingested from the RedEdge-MX’s SD after each paired sampling event to a
performance computer in the Water and Remote Sensing research Lab (WRES) computational
lab. Data was stored on the shared server and redundantly backed up to a high-performance
computer (HPC) located off-site, but on the same campus as the WRES lab. The HPC was
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utilized to carry out the image stitching and was graciously allotted though the IT
department/Comp Sci department.
Image stitching was processed in Agisoft Metashape on the HPC. Workflow started by
importing the photos into the program. All photos from an individual flight were uploaded,
including calibration photos, which are automatically moved to their own separate folder file.
Reflectance was calibrated using the Calibrate Reflectance tool, which takes the images of the
reflectance panels (calibration photos) and adjust the reflectance to a factory camera calibration
sheet. Adjusted reflectance is then applied to each individual image that was collected during the
sampling. The reflectance corrected images were then aligned based on GPS positions in the
metadata for each photoset using the Align Photos tool. Implemented at an accuracy of medium,
this served as balance between accuracy and decreasing overall processing time. Aligned photos
then allowed for the building of a dense cloud (Build Dense Cloud Tool), which also was done
with a medium intensity. The dense could, which functions as a point cloud source, was then the
datum for generating a DEM. Finally, the five orthorectified bands were stitched together to
make five, individual band orthomosaics (each set to have a 0m resolution) which covered the
study site. With the orthomosaic complete, the orthomosaic was then exported out of Agisoft
with the resolution at 0 m. After export, orthomosaics were then transferred back to their
respective sample date folders on the WRES server.

2.2.4 GIS Work
ArcGIS Pro proved to be crucial in the workflow efficiency of this project. With ArcPro,
utilization of the project file format .aprx allowed for a map to be made for each date showing us
changes throughout time throughout sites while being under one project and geodatabase. The
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individual maps were developed first by adding the raw GPS in-situ data points, and then TIFF
orthomosaic for each site. In-situ data points need a 1.5 m radius buffer applied to them,
accounting for the GPS point accuracy error.
The orthomosaic opens in Arc as a six band TIFF with each individual band being
greyscale for the individual reflectance (Blue, Green, Red, RedEdge, Near IR, and a No Data
band, which is the filler band for the area between sample sites that was not rendered). While the
last band was not used, the other five were crucial to the development of the model. Agisoft
exports the orthomosaic bands in grayscale with each pixel having a 16-bit color code assigned.
In order to display each pixel’s true reflectance value, each band, for each date, was divided by
32768 in order to get a reflectance value. If the reading was over 1, then the pixel was deemed to
be oversaturated or no data is present. The new bands (TrueB”number”of”date”) were the ones
implemented for further analysis.
After all the band transformations took place for each sampling date, the buffer was used
to average the cells within the sampling point using the Extract Values to Tables tool. Mean
statistics from each band, from each date, were extracted and placed into an Excel spreadsheet
where further analysis could be conducted.

2.2.5 Field and UAV Conjunctive Analysis
A dedicated Excel sheet was allotted for the computation or “band math” for each
constituent of interest. Initial correlation relationships between the constituent and individual
bands were conducted. Prior and conjunctive work suggested certain band ratios (Band-x/ Bandy) that produced results with previous satellite and UAV endeavors on similar reservoirs (Cillero
Castro et al., 2020; Hansen et al., 2018). The suggested wavelengths were then implemented
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according to the comparison of our band wavelengths and band range (edge to edge wavelength
the sensor can sense) to satellites used in those studies. These are what were deemed simple
ratios (ratios with less than 2 bands predicting reflectance). If the first two implementation did
not provide correlations, logarithmic and exponential fits were applied where it was deemed
appropriate. After the three efforts to transform the reflectance values were applied in the case of
each constituent, the best correlation of constituent to reflectance value was chosen to represent
the model.
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CHAPTER III: RESULTS
3.1 In-Situ Measurements
The measurements for chl-a varied throughout the collection period. Individual point
values ranged from 0.67 to 107.69 μg/L (Table 1), however the average chl-a reading of each of
the sites combined for a collection date ranges from 12.02 to 107.69 μg/L and 0.67 to 107.69
μg/L for Evergreen Lake and Lake Bloomington, respectively (Table 1). Overall, the highest
average turbidity for both lakes was relatively low throughout the study. Turbidity measurements
ranged from 4.92 to 49.70 NTU (Table 1). The highest turbidity value was recorded on Lake
Bloomington, which was 49.7 NTU on sampling day September 9th, 2021. For total suspended
inorganic solids (TSS), the highest recorded measurement was 0.0006 g/ml and the lowest
measurement being 0.0002 g/ml. The overall distribution of data varied between the two lakes,
with Lake Bloomington displaying a significantly greater spread within the three major data
collection parameters (chl-a, turbidity, and TSS) than Evergreen Lake (Figure 4a-4c).
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Figure 4. Box plot illustrating the variation in data from Evergreen Lake and Lake Bloomington for chl-a (a),
Turbidity (b), and TSS (c).

3.2 Remote Sensing
Although both lakes have their own watershed dynamics, initial analysis (Figure 4a - c)
showed that both lakes exhibited similar characteristics. Evergreen spectral characteristics
highlight the sharp contrast between the RGB bands, with Green reflecting significantly higher
20

than the Blue and Red bands. The flattening of the Evergreen Spectral curve in the Red to NIR
wavelengths responds similarly to that of the water adsorption curve. Those dates exhibiting a
peak with the Red Edge band typically occur in the fall sampling dates. This peak could be
related to a significant presence of algae and subsequently Chl-a. Although Bloomington
exhibits similar characteristics along its spectral curve, the NIR band does not decrease as much
as on Evergreen Lake. This could be due, in part, to additional turbidity in the water column, or
the greater depth variability throughout the Lake Bloomington sites.
Table 1. Summary Chart exhibiting the Minimum, Maximum, Average, Median, and Standard Deviation for each of
the parameters on the vertical axis. Each parameter utilized the entire dataset from both lakes.

BLOOMINTON
Chl-a (μg/L)
Turbidity (NTU)
Secchi Depth (cm)
TSL (g/ml)
Temp (C°)
DO %
DO sat. (mg/L)
SPC
C

Min
0.67
4.92
20
0.0002
20.7
57.6
4.66
381.4
351.6

Max
107.69
49.7
140
0.0006
20.7
257.9
20.61
665.3
648

Average
40.7
17.5
62.2
0.0003
25.24
142.4
11.50
476.01
479.65

Median
45.39
16.55
50
0.0003
25.03
128.5
11.16
437.3
441.85

St. Dev
34.36
9.65
32.24
0.0001
2.68
65.71
5.03
89.64
100.95

EVERGREEN
Chl-a (μg/L)
Turbidity (NTU)
Secchi Depth (cm)
TSL (g/ml)
Temp (C°)
DO %
DO sat. (mg/L)
SPC
C

Min
12.06
6.33
20
0.0002
20.8
82.3
6.74
402
379.6

Max
107.69
37.9
130
0.0004
30.96
186.4
14.79
722.5
630.7

Average
38.80
13.89
63.13
0.0003
25.51
132.58
10.86
489.28
481.69

Median
26.26
11.23
62.5
0.0003
25.137
139.2
11.425
475.9
475.2

St. Dev
24.89
7.23
19.87
.00009
2.99
32.78
2.60
79.92
64.20
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Chl-a exhibited promising results for several of the two band calculations (add R2). Red
reflectance value to the previous equation, we were able to obtain an R2 of 0.59 with a linear fit.
The “simple” algorithm that produced the best correlation for chl-a;
𝑦 = J−93.04 ∗ MN

𝑏3
O + 𝑏3QR + 132.64
𝑏4

Where b3 is the Red band reflectance, b4 is the Red Edge band reflectance, and y is chl-a
concentration.
After careful analysis of the previous algorithm, the higher concentration values were not
represented well. Further development and band addition allowed for the best algorithm to be
produced from our data. This algorithm was also a linear fit and produced an R2 of 0.60. The
“complex” algorithm:
𝑏4 + 𝑏5
U 2 V − 𝑏3
𝑏3
𝑦 = J−134.41 ∗ TMN O + 𝑏3Q + J
R + 𝑏1WR + 174.73
𝑏4 + 𝑏5
𝑏4
U 2 V + 𝑏3
Where b3 is Red band reflectance, b4 is Red Edge reflectance, b5 is Near Infrared reflectance, b1
is Blue reflectance and y in chl-a concentration.
Turbidity did not produce further promising results beyond “simple” combinations. Best
fit combination for the relatively low values of turbidity was the ratio of Blue to Red. Fitted with
the linear equation below, this band ratio ultimately produced an R2 of 0.1687. The algorithm is
as follows;
𝑦 = M−20.069 ∗ N

𝑏1
OQ + 36.896
𝑏3

Where b1 is Blue reflectance, b3 is Red reflectance and y is turbidity (NTU).
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3.3 Remote Sensing and In-Situ Temporal Variations
Using the algorithms mentioned in the results, images were created for both lakes for
each study date. Color scales used on the maps were chosen to represent similar colors to real life
water color for chl-a, while the color scale for turbidity is meant to illustrate the color of turbid
waters that would be visible to an onlooker from shore. Each study date has simple and complex
algorithms for chl-a and turbidity map (see appendix). Both lakes exhibited several indications of
spatial variation throughout the study period, on all three image sets. The spectral signature for
both lakes (Figure 5 in results) trend similarly throughout the study period, however higher
reflectance values trend the graph overall in the later study dates (September-October 2021).
While this could be due to the cloud cover that was experienced during the sample dates (see
limitations), many of the points during the later sample dates have elevated levels of in-situ chl-a
as well. Both the simple and complex models for chl-a exhibit this characteristic.

3.4 Lake Models: Chl-a Simple vs Complex Algorithm
The applicability of having two algorithms describing chl-a is to not only better
understand the reflectance properties of the constituent, but to better allow for the translation of
theses algorithms to different platforms. With that, both algorithms, while able to apply a linear
fit regression can be visually interpreted that the data for both algorithms does not have a linear
nature overall (Figure 6). The linear model makes it relatively easy to apply to imagery and
raster calculation. Both models tended to estimate the chl-a values from in-situ below 100 μg/L,
however, they did not account for the major spikes or outliers highlighted by the abnormally high
points on the graphs below. These outliers could have been isolated pockets of algae or
experienced a sudden spike due to a wave crest or glint from clouds above.
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Figure 5. Average spectral reflectance of the sample sites plotted by date for both Evergreen Lake (a) and Lake
Bloomington (b).
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Figure 6. Simple (left) and Complex (right) linear fits of Reflectance Ratio Value versus measured in-situ
for all data.
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CHAPTER IV: DISCUSSION
Both the simple and complex algorithms are designed to highlight chl-a, and both
ultimately do. The issue that arose in this study was how accurate each model was. Looking at
the models, the open waters generally agree between the simple and complex models but are off
in many shoreline-influenced places by their magnitude. This could be because of the colors of
reflected shoreline features (trees) could be mistaken for algae. There is an unclear answer along
the edges to which model should be used, as they both read incorrect values when dealing with
shadows and reflective properties of shoreline features (trees, houses, etc.). The complex
algorithm handles the potential shoreline reflectance of the surface of the water as a negative,
rather than positive, proving better than the simple algorithm.
Due to the narrow bandwidth limitations of the RedEdge-MX, the more factors you have
in an algorithm, the more precise another camera’s bandwidth would need to be to replicate the
results (MicaSense, 2020). Although the complex algorithm has a better correlation, it ultimately
is by a small margin, and mainly helps to address of some shoreline and cloud reflectance issues.
The complex algorithm is much more difficult to translate to another platform.

4.1 Lake Models: Spatial Variation
For Lake Bloomington, the chl-a simple and complex models agree on spatial trends.
Starting with the SW corner, which is a tributary inlet to the lake from Big Slough Creek. This
section of the lake exhibits high concentrations of chl-a which tend to increase towards the main
channel of the lake. Depending on the date, the concentrations can increase upstream, but these
are influenced mainly by water temperature and turbidity being optimal to deliver nutrients (i.e.,
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warm, slow-moving water). If the inlets are actively flowing, then algae are actively being
moved towards the middle of the lake.
SE inlet is relatively homogeneous throughout the study period, with concentration not
varying as significantly as in the SW inlet. This could be related to the flow regime and
subsequent discharge at this inlet, which is relatively minor compared to that of the SE inlet. The
watershed that this inlet drains is significantly smaller than that of the SW inlet. The N inlet also
exhibits similar characteristics to the SE inlet, ultimately not varying much throughout an
individual sampling date. The N inlet is the deepest compared to all locations from both lakes
and has no flow readily influencing it from the north.
Turbidity varied significantly throughout each of the sampling sites from Lake
Bloomington. Some dates in late summer and late fall exhibited homogeneity in the SE and N
sites while earlier sampling dates tended to showed heterogeneity. General trends during the
diverse dates (more heterogeneity throughout a site) tend to show less turbidity in deeper water
than in shallower headwaters (June 12th appendix A1 and A4).
Evergreen exhibited similar characteristics throughout all three sites in terms of both
chl-a and turbidity. All three sites, UI, P, and LI varied from homogeneous to heterogeneous.
For most sampling dates, however, both the simple and complex UAV-based models displayed a
more homogeneous characteristic. As for turbidity, each date and each site were spatially
variable, in a similar manner to that of the shallow water inlets at Lake Bloomington, potentially
since all three of the Evergreen sites are relatively shallow.
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4.2 Lake Models: Temporal Variation
The SW, SE, and N inlets did not display a specific trend for each site. Magnitude of
predicted chl-a differs between the models. All three sites start the sampling on June 12th with
low chl-a levels except for the most southern part of the SE inlet, which experiences values
upwards of 50 μg/L. The June 22nd data showed similar trends in the N and SE sites (little to no
chl-a), but the SW inlet begin to increase in almost a migratory pattern downstream from the
previous sampling date. The mid-July (14th) data showed low levels return to the SW site, while
N and SE stay stable for predicted chl-a concentration. Although no data exist in the SW site for
July 22nd, both the N and SW site increase predicted chl-a concentration up to 40 μg/L. The
September 8th concentrations was moderately elevated in both the SW and SE sites but are only
slightly decreased in the N site compared to the end of July. Finally, the September 28th data
exhibits that the SW inlet saw similar concentrations as the beginning of September, however
elevated levels appeared in the southernmost portion (80 μg/L) while both the SE and N
experienced high concentrations of chl-a.
Turbidity started low for all three inlets in areas where the lake is relatively deeper. As
exhibited by the SW and SE sites, the further upstream the more turbidity. By the 22nd of June,
the N inlet had moderate levels of turbidity, while the SE and SW sites both increased, albeit
slightly. The July 14th data showed an increase in the SW inlet to moderately high levels of
turbidity, while both the N and SE stabilize around 12 NTU. Data from June 22nd showed high
concentration of turbidity in the SE site, while remaining stable in the N site. All three sites show
elevated levels of turbidity at the start of September and slowly taper those values and reduce
slightly at all three sites at the end of September.
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Chl-a models agreed on variation throughout the study period on Evergreen Lake, but
disagreed in magnitude (similar case to Bloomington). The models suggested that chl-a levels on
Evergreen generally started at a medium level (20-40 μg/L) at the beginning of June 2021, and
decreased at all sites until June 2021, where at the beginning of the month, the chl-a funneled to
the deeper parts of both the main channel and UI, P, and LI, leaving most of the rest of the study
area with very little chl-a along the shore. Then, in the middle of July (20th) both models show
that chl-a began to reconcentrate in the southern half of the study site. The end of July (27th)
exhibited that the basin again saw tapered off levels of chl-a throughout the study site, with
magnitude being varied between both models (0-40 simple and 0-60 complex). September
showed that the chl-a had reached a high throughout the lake (all open waters in both models
above 40), with a slight decrease in chl-a levels which returned at the end of the study period in
October.
Turbidity follows a similar trend as chl-a on Evergreen. At the start of the study, turbidity
is in the middle of the observable range for this model, with shallower areas exhibiting a higher
turbidity than deeper areas in general (P: June 1st). The middle of June saw the increase of
turbidity in P site, and a slight increase at the inlets of UI and LI. The month of July shows a
decrease to the lowest level of turbidity seen throughout the study. The end of July sees a slight
decrease of turbidity values, but the greatest values are observed in both the September and
October sampling dates.
Lake Bloomington chl-a seemed to advance and retreat throughout the study period, with
the end of the study period ultimately holding a relatively high concentration. Surface water
temperature was relatively stable throughout the study period, remaining abnormally warm
during the fall sampling sessions (20 C minimum), pointing to the nutrients and flow as the cause
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for the variations. For the summer months, there is a balancing act with the SW and SE inlets, as
there is the fluctuation with inflows potentially moving algae. This is not as prevalent in the N
inlet. As for turbidity, the variation could be from inflows or windswept surfaces, as
Bloomington inlets are sunken within the surrounding shoreline structures, which create
preferential wind channels. Evergreen Lake’s study sites have a different dynamic, as they are
more readily influenced but the main channel (shorter inlets, main channel flows towards inlets
unlike Lake Bloomington which the inlets flow with the channel). Chl-a follows the trend of the
section of the main channel that the site in question is adjacent to throughout the study period. In
essence, these inlets, for the most part, serve much smaller watersheds than those on Lake
Bloomington, and are not as affected by inflows because there is not as much water running into
these basins. These sites serve as a shallow region for nutrients to begin to stagnate, and algae to
grow. On Evergreen, turbidity appears to be tied with algae growth, which is not necessarily the
case on Lake Bloomington.

4.3 Limitations
There are several limitations regarding the use of UAV remote sensing. Stitching, or
creating the orthomosaic images, is not without issues. Stitching through Agisoft Metashape
allows for a rotation of the given individual image about its center to best fit the image to its
neighboring images. While this is beneficial when working with heterogeneous images, like farm
fields, 3D structures, and others, it does not help with homogenous waterscapes. Evidence of
stitching issues can be found in (Figure 7 below) and reoccurring in the SE site on Lake
Bloomington. This also occurred in other studies with UAV imagery (Wei et al., 2019). Part of
the stitching problem resulted because of cloud cover reflecting on the surface of the water,
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washing out whatever points were there in the RGB photos for stitching, rendering the process
useless in those areas. This resulted in holes or image studder prevalent on some of the maps.
Stitching software, although becoming more readily available in both affordability and
open-source spaces, still has its limitations. Homogenous materials (such as open waters)
require a larger field of view, often to include shoreline features such as trees for reference
points, as identifiable cloud points are difficult for the software to pull readily from the water.
While few stitching points exist in the open water, it is difficult to obtain a complete stitched
image across open water. This is evident in the Evergreen Lake maps. Because of the
homogeneity of open waters, this type of sampling is not recommended for large bodies of open
water.
Shoreline influences are prevalent throughout all the maps, although more so in higher
concentration areas. This is a result of the band math highlighting the constituents for open
water. Near the shorelines, there is vegetation which overhangs the lakes (south shore of SW
site, south shore of north shore, and south shore of the Evergreen maps in appendix). This is
more prevalent in the turbidity maps than the chl-a maps.
Practical depth for the surveying equipment is optically restricted by the clarity of the
water. In this study, we believe that the optical properties of the water were limiting visibility to
10-20 cm. This means that this particular method of remote data collection would limit results to
the uppermost part of the water column. While this is not out of the reach for defining
photosynthetic organisms and inorganics that come to the surface, organisms and inorganics that
create turbidity are all throughout the water column and may not register to their fullest effect at
the surface.
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Figure 7. Stitching issues from the Chl-a Complex algorithm applied to Evergreen Lake, 1st of June, 2021.

The applicability of the algorithms developed in this study to other water bodies is likely
to be limited due to several physical and optical factors. Physically, the system studied here is a
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relatively dynamic system, with little to no standing water. The dynamic nature of the system
means that there is sediment mixed into the water column, and that sediment mixture is unique to
the local watershed (i.e. surface soil geology, fertilizers, road salts, septic influences, and various
native biota). The algorithm would need to be calibrated to adjust for the optical properties of the
sediment in each watershed. Optically, there are no provisions for sun angle compensation in
Metashape, and if this was used in another region of the world, on a lake with similar water
quality parameters, the results may not be congruent with ours. Again, calibration for that lake
would be necessary.
The concentration versus received spectral signal also poses challenges at low
concentrations. Overall, concentrations for all constituents measured are very low compared to
larger inland and coastal waters. Because water is inherently optically dark (absorbing most light
emitted by solar radiation), the surrounding matrix can visually overwhelm low quantities of
constituents with it. Low concentrations of the in-situ parameters, as well as sensor noise, can
skew the optical image. Ultimately, UAV optical sensing techniques have the potential to highly
sensitive to camera and external factors, and slight errors do have the potential to compound and
overshadow lower levels of in-situ data in the final image product.

4.4 Future Work
Recommendations for implementing this technology in future studies consist of two
changes. If waterbodies of large surface area are needed to be surveyed through this method, a
special Federal Aviation Administration clearance to fly beyond the 400 ft (~120 m) recreational
height limit would be required to increase the Field Of View (FOV). While this lowers
resolution, this extra height will help mitigate issues with image stitching over homogenous
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waters as the larger FOV will likely incorporate edge effects that can be used for stitching (trees
and shorelines). Height needed depends on equipment and how wide of an area being surveyed,
however, we were able to achieve 100% coverage of a 400 ft wide channel at 400 ft with a 152 ft
end to end FOV. This FOV is relatively narrow, as an inherent property of the lens type and
placement on the RedEdge-MX. Other cameras may offer a better FOV, although they were not
heavily researched for this project.
Sample collection should be done in tandem with the drone imagery. Although samples
in this study were collected within three hours of sample flying, there is still the potential for
error introduction to the in-situ measurements. The implication of this proposed method would
require coordination with the flight team, especially to avoid creating surface effects that could
distort the drone imagery.
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CHAPTER V: CONCLUSION
Both lakes exhibit varying trends throughout time, as we saw both lakes exhibiting the
highest chl-a concentrations in the early fall months. Turbidity was especially difficult to display
trends due to low concentrations. Although this method of chl-a sampling works moderately well
for surface features, it should not be used with an expectation of an accurate subsurface result.
Open waters and cloud reflectance are currently the most significant issues that need to be
addressed with the algorithm. Ultimately, if the aforementioned issues were resolved, this
technology could be used as a supplement to satellite technology and allow for quick analysis of
a large area without having to deploy an in-situ measurement team. The following are the major
conclusions of the research:
•

Generally, chl-a, turbidity, and TSS concentrations are very low for both lakes
considering other coastal and large inland water bodies such as the Great Lakes and the
time of year these samples were collected.

•

Water is a dark object exhibiting very low reflectance which makes the remote sensing
analysis and interpretation difficult. However, the UAS-based multispectral signature
depicted a signature typical of chlorophyll-a in the lakes water.

•

Time of day played a factor into when a quality orthophoto of the reflective surface of
water could be taken.

•

Cloud Cover and subsequent cloud reflectance had a significant impact on the quality of
the images produced.

•

Homogeneity of water itself makes stitching of orthomosaics time consuming, often
yielding distorted results.
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APPENDIX A: IMAGE PLATES

Appendix A1. Chl-a complex algorithim for the N inlet of Bloomington, June 12th (top left), June 22nd (top right),
July 14th (middle left), July 22nd (middle right), September 8th (bottom left), and September 28th (bottom right)
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Appendix A2. Chl-a simple algorithim for the N inlet of Bloomington, June 12th (top left), June 22nd (top right), July
14th (middle left), July 22nd (middle right), September 8th (bottom left), and September 28th (bottom right)
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Appendix A3. Turbidity algorithim for the N inlet of Bloomington, June 12th (top left), June 22nd (top right), July
14th (middle left), July 22nd (middle right), September 8th (bottom left), and September 28th (bottom right)
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Appendix A4. Chl-a complex algorithim for the SW inlet of Bloomington, June 12th (top left), June 22nd (top right),
July 14th (middle left), September 8th (bottom left), and September 28th (bottom right)
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Appendix A5. Chl-a simple algorithim for the SW inlet of Bloomington, June 12th (top left), June 22nd (top right),
July 14th (middle left), September 8th (bottom left), and September 28th (bottom right)
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Appendix A6. Turbidity algorithim for the SW inlet of Bloomington, June 12th (top left), June 22nd (top right), July
14th (middle left), September 8th (bottom left), and September 28th (bottom right
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Appendix A7. Chl-a complex algorithim for the SE inlet of Bloomington, June 12th (top left), June 22nd (top right),
July 14th (middle left), July 22nd (middle right), September 8th (bottom left), and September 28th (bottom right)
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Appendix A8. Chl-a simple algorithim for the SE inlet of Bloomington, June 12th (top left), June 22nd (top right),
July 14th (middle left), July 22nd (middle right), September 8th (bottom left), and September 28th (bottom right)
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Appendix A9. Turbidity algorithim for the N inlet of Bloomington, June 12th (top left), June 22nd (top right), July
14th (middle left), July 22nd (middle right), September 8th (bottom left), and September 28th (bottom right)
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Appendix A10. June 16th chl-a complex algorithm, Evergreen
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Appendix A11. July 2nd chl-a complex algorithm, Evergreen
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Appendix A12. July 20th chl-a complex algorithm, Evergreen
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Appendix A13. July 27th chl-a complex algorithm, Evergreen
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Appendix A14. September 15th chl-a complex algorithm, Evergreen
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Appendix A15. October 5th chl-a complex algorithm, Evergreen
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Appendix A16. June 1st chl-a simple algorithm, Evergreen
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Appendix A17. June 16th chl-a simple algorithm, Evergreen
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Appendix A18. July 2nd chl-a simple algorithm, Evergreen
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Appendix A19. July 20th chl-a simple algorithm, Evergreen
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Appendix A20. July 27th chl-a simple algorithm, Evergreen
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Appendix A21. September 15th chl-a simple algorithm, Evergreen
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Appendix A22. October 5th chl-a simple algorithm, Evergreen
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Appendix A23. June 1st turbidity algorithm, Evergreen
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Appendix A24. June 16th turbidity algorithm, Evergreen
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Appendix A25. July 2nd turbidity algorithm, Evergreen
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Appendix A26. July 20th turbidity algorithm, Evergreen
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Appendix A27. July 27th turbidity algorithm, Evergreen

68

Appendix A28. September 15th turbidity algorithm, Evergreen
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Appendix A29. October 5th turbidity algorithm, Evergreen
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Evergreen

Bloomington

Site

Date

X

Y

Site

Date

X

Y

1

2021-06-01

-89.0407

40.63943

4

2021-06-12

-88.9356

40.64512

2

2021-06-01

-89.0383

40.6368

3

2021-06-12

-88.9367

40.64483

3

2021-06-01

-89.041

40.63463

2

2021-06-12

-88.9412

40.64178

4

2021-06-01

-89.0411

40.6321

1

2021-06-12

-88.9197

40.63945

5

2021-06-01

-89.0385

40.63314

5

2021-06-12

-88.9277

40.65872

1

2021-06-16

-89.0415

40.63933

1

2021-06-22

-88.9188

40.63891

2

2021-06-16

-89.0433

40.63983

2

2021-06-22

-88.9418

40.64165

3

2021-06-16

-89.042

40.63474

3

2021-06-22

-88.9411

40.64089

4

2021-06-16

-89.042

40.63216

4

2021-06-22

-88.9416

40.64273

5

2021-06-16

-89.0431

40.63134

5

2021-06-22

-88.9278

40.65909

1

2021-07-02

-89.0413

40.63217

1

2021-07-14

-88.9193

40.6392

2

2021-07-02

-89.0427

40.63149

2

2021-07-14

-88.9352

40.64533

3

2021-07-02

-89.0421

40.6354

3

2021-07-14

-88.9403

40.64333

4

2021-07-02

-89.0418

40.63424

4

2021-07-14

-88.941

40.64176

5

2021-07-02

-89.0405

40.63974

5

2021-07-14

-88.9276

40.65871

1

2021-07-02

-89.0413

40.63217

1

2021-07-20

-89.0418

40.63916

2

2021-07-02

-89.0427

40.63149

2

2021-07-20

-89.0415

40.63442

3

2021-07-02

-89.0421

40.6354

3

2021-07-20

-89.0421

40.63535

4

2021-07-02

-89.0418

40.63424

4

2021-07-20

-89.042

40.63155

5

2021-07-02

-89.0405

40.63974

5

2021-07-20

-89.0431

40.63122

1

2021-07-27

-89.0427

40.63144

1

2021-09-08

-88.9193

40.6392

2

2021-07-27

-89.0422

40.63446

2

2021-09-08

-88.9359

40.64517

3

2021-07-27

-89.0421

40.63524

3

2021-09-08

-88.9409

40.64291

4

2021-07-27

-89.0416

40.63946

4

2021-09-08

-88.9411

40.64166

5

2021-07-27

-89.043

40.63965

5

2021-09-08

-88.9278

40.65892

1

2021-09-15

-89.0411

40.6396

1

2021-09-28

-88.9194

40.63938

2

2021-09-15

-89.0416

40.6343

2

2021-09-28

-88.919

40.63905

3

2021-09-15

-89.0424

40.635

3

2021-09-28

-88.9352

40.64547

4

2021-09-15

-89.0416

40.63208

4

2021-09-28

-88.9398

40.64365

5

2021-09-15

-89.0429

40.63139

5

2021-09-28

-88.928

40.65883

1

2021-10-05

-89.0419

40.63185

2

2021-10-05

-89.0431

40.63134

3

2021-10-05

-89.0417

40.63431

4

2021-10-05

-89.0423

40.63514

Appendix A30. Tables of XY Coordinates for each site on a given sample date
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