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Abstract

This study demonstrated novel remote monitoring techniques for mining-impacted surface waters using spectral data from
two different platforms (multispectral sSUAS and handheld hyperspectral sensors) and the feasibility of using SUAS-derived
multispectral imagery to estimate in-situ metal concentrations in two passive mine drainage treatment systems. Strong linear
relationships (e.g. Rzadj_ > 0.74) were found between multispectral reflectance and various in-situ constituent concentrations
(e.g. Fe, Li, Mn, Pb, and Zn). Developed ordinary least squares (OLS) models estimated mean metal concentrations within 1%
of the observed value and a 70% confidence interval. Validation at a separate site treating waters of a different geologic origin
allowed us to assess the models’ site-specificity. Validation of some models was not possible within this study’s statistical
constraints (e.g. +25% of the observed in-situ value). However, two models were validated and when the linear relationships
were examined with site-specific spectra (i.e. sSUAS-derived multispectral imagery), significant improvements to the models
were observed. Employing hyperspectral remote sensing techniques yielded a novel identification procedure for optically
shallow waters. This exponential relationship (e.g. R>=0.73) evaluates the feasibility of using remote sensing technologies
to assess water quality before any model development efforts. A tool capable of identifying remote sensing interferences will
be crucial for the future of environmental remote sensing. Using SUAS to estimate in-situ water quality provides a new way
to monitor passive mine water treatment systems, potentially advancing the efficiency and cost-effectiveness of monitoring
and altering traditional environmental remote sensing strategies.
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Introduction is expected to continue for the foreseeable future (Martins

et al. 2020), with an ever-increasing need for sustainable rec-

Monitoring Mining Impacted Environments

All mining stages (e.g. exploration, design and planning,
construction, production, closure, and reclamation) influ-
ence landscapes worldwide (Ali et al. 2017; Bebbington
et al. 2018; Buczyriska 2020; Tiwari and De Maio 2018;
Werner et al. 2020). However, mineral and fuel extraction
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lamation practices based on sound science. Reclamation of
a mining-impacted landscape is not a rapid process and can
require in-situ data across vast spatial and temporal scales
(Werner et al. 2020). Unfortunately, evaluating the success
of mining reclamation projects is often overlooked due to
time, person-hours, monetary and logistical constraints. Spe-
cifically, these attempts often fail to capture the spatial and
temporal variation of complex inland water bodies (Becker
et al. 2019; Biber 2013; Holl 2002).

Therefore, advancements in environmental monitoring
strategies and data collection technologies are critical. One
such approach includes incorporating remote sensing data,
specifically small unoccupied aerial system (sUAS)-derived
information (e.g. multispectral reflectance) into traditional
environmental monitoring and reclamation projects (Becker
et al. 2019; Shi et al. 2019). As electromagnetic (EM) energy
passes through Earth’s atmosphere and encounters an object,
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several interactions occur (e.g. reflection, transmission,
absorption, and scattering) between the photons and parti-
cles within the medium. In a shallow and transparent water
body, photons interact with the bottom substrate, altering
and interfering with the expected energy signal [i.e. optically
shallow waters (OSWs)] (Albert and Gege 2006; Canniz-
zaro and Carder 2006; Salama et al. 2009). In other words,
if substrate is visible through a water column, multispec-
tral sensors will detect it, causing the reflected EM energy
signature to be modified and making the development of
statistical models a complex task. Conversely, if optically
active constituents (OACs) (e.g. particulate Fe, chlorophyll-
a, total suspended solids) are present in elevated concentra-
tions and hide the bottom substrate, even in physically shal-
low surface waters, visible (VIS) EM energy will decay at
an exponential rate, and interactions with the substrate will
be nominal (Cannizzaro and Carder 2006; Zeng et al. 2017).
These aspects of optically deep waters (ODWs) allow for
the development of relationships between reflected spectral
energy and in-situ metal concentrations.

Terrestrial applications of sUAS technologies have been
effective in several mining phases (Lee and Choi 2016;
Park and Choi 2020; Ren et al. 2019). Cress et al. (2015)
established a roadmap for performing geological surveys
in the conterminous United States. Lee and Choi (2016)
demonstrated how sUAS could produce high-resolution
topographic surveys. Fang et al. (2019) used hyperspectral
data and regression techniques to map Fe accumulation in
exposed soil at a reclamation site. Several authors have dem-
onstrated how spectral measurements in water bodies can
estimate concentrations of various traditional OACs (e.g.
chlorophyll-a, total suspended solids, and turbidity) (Arango
and Nairn 2020; Cannizzaro and Carder 2006; Dekker et al.
1996; Lim and Choi 2015; Matthews and Odermatt 2015; Su
2017). Limited research has examined how sUAS-derived
multispectral reflectance can describe an aquatic environ-
ment affected by mining activities and some recent efforts
have successfully demonstrated this using more advanced
(i.e. significantly more spectral bands) hyperspectral sensors
(Flores et al. 2021).

However, SUAS have limitations (Gholizadeh et al. 2016;
Whitehead and Hugenholtz 2014; Zhang et al. 2019; Zeng
et al. 2017). Some regulatory and technical constraints of
sUAS include flight altitude limitations, line of sight require-
ments, short flight times, and limited payload capabilities,
along with concerns about GPS and sensor accuracy (FAA
2016; Ren et al. 2019; Watts et al. 2012). From a scientific
perspective, the lack of a standardized operating procedure
for collecting environmental data and applying it to reclama-
tion monitoring has been a considerable limitation (Buters
et al. 2019; Shi et al. 2019). Many authors have also com-
mented on the difficulty of developing empirical models,
referencing the need to derive site-specific inherent optical
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properties (IOPs) and manage complex signals from turbid
water, bottom reflectance, and mixed pixels (Cannizzaro and
Carder 2006; Gholizadeh et al. 2016; Lee et al. 1998; Lee
and Carder 2002; Palmer et al. 2015; Salama et al. 2009; Su
2017; Voss et al. 2003). Thus, the need to establish robust
datasets for non-traditional water quality parameters (i.e.
metals) and explore the applications’ potential is apparent.

Hypotheses and Purpose

Therefore, the two hypotheses of this study were: (1) com-
bining various bands or band transformations from sUAS-
derived multispectral imagery and in-situ surface-water
quality will allow for the development of statistical mod-
els capable of predicting metal concentrations in mining-
impacted surface waters, and (2) water quality models will
remain valid when developed and tested in waters of dif-
ferent geologic origin. First, the feasibility of using SUAS-
derived multispectral imagery to estimate in-situ metal con-
centrations in lead—zinc mine drainage was examined. Then,
models were assessed for accuracy and statistical validity in
coal mine drainage of a different geologic origins. Finally,
a method to remotely evaluate a waterbody’s potential for
these applications of SUAS technologies was developed.

Materials and Methods
Study Site Descriptions

The study locations for this study were two mine water
passive treatment systems (PTS). The Mayer Ranch PTS
(MRPTS) and the Hartshorne PTS (HPTS) served as the test
and validation study sites, respectively. MRPTS is located
within the Tar Creek Superfund Site, in the Oklahoma por-
tion of the 6475 km? tri-state lead—zinc mining district
(Fig. 1a—d). Nearly 460 million tons of lead and zinc ore
were produced from the mid-1800s to 1970, leaving a der-
elict landscape contaminated with mining-related hazards,
such as mining waste and contaminated water resources
(ODEQ 2017). MRPTS was designed and implemented to
address nearly 1000 L/min of net-alkaline artesian-flowing
mine water contaminated with elevated levels of As, Cd,
Fe, Ni, Pb, Zn, and SO42_ (Nairn et al. 2020). Operated in
two parallel treatment trains, the ten-cell PTS has effec-
tively treated net alkaline ferruginous mine drainage since
2008 (Nairn et al. 2010). HPTS is located within the Okla-
homa portion of the 87,500 km? Arkoma Basin coalfields
(Fig. 1a, b, e, and f). Specifically, HPTS is located at Rock
Island Improvement mine #7, which from 1907 to 1931 pro-
duced ~ 500,000 t of Lower Hartshorne coal from more
than 100 m underground (Friedman 1996; USGS 1996).
HPTS was designed to treat about 40 L/min of net-acidic
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Fig. 1 a The study location
within the United States of
America; b the general loca-
tion of Mayer Ranch passive
treatment system (MRPTS) and
Hartshorne passive treatment
system (HPTS) within the

state of Oklahoma; ¢: MRPTS’
process units: oxidation (Ox.)
pond, surface flow wetlands
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(SFWs), vertical flow bioreac-
tors (VFBRs), re-aeration basins
(RABS), and horizontal-flow
limestone beds (HFLBs), with
the general flow path indicated
by white arrows; d: locations
where in-situ samples were col-
lected and hyperspectral profiles
were completed; e: HPTS’
groups of process units (vertical
anoxic limestone drain (VALD),
Ox. pond(s), and VFBRs, with
the general flow path indicated
by white arrows; and f: the
locations where in-situ samples
were collected and hyperspec-
tral profiles were generated
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artesian-flowing mine drainage contaminated with elevated
levels of Fe, Mn, and SO42_. Since 2007, the six-cell PTS
has consistently removed trace metals and mineral acid-
ity and discharges a net alkaline effluent (LaBar and Nairn
2009).

Both PTS have an initial oxidative unit near the begin-
ning of the treatment trains which were of focus in this
study. It was the similarities concerning optical depth
(OD), system design and age, influent water quality, and
dominant optical properties that made the two oxidative
units ideal candidates for testing water quality models
developed using visible/near-infrared (NIR) EM energy.
One important note is that each system’s source waters dif-
fered in geologic origin and the targeted mining products
(e.g., Pb and Zn at MRPTS; coal at HPTS). Mine drainage

In-situ Sampling Locations|
@
Optical Depth Transects

at MRPTS was produced from Mississippian carbonate
host rocks (i.e., limestone and dolostone) with ores domi-
nated by galena and sphalerite (McKnight and Fischer
1970). In contrast, mine drainage at HPTS stems primarily
from the Hartshorne coal and associated quartzose sand-
stone with interbedded shales (Trumbull 1957). Due to the
geologic host rock present at MRPTS and the incorpora-
tion of a vertical anoxic limestone drain (VALD; alkalinity
production via anoxic limestone dissolution and bicarbo-
nate generation; Fig. le) at HPTS, influent waters at both
sites were net alkaline with elevated metal concentrations.
Even though the studied waters were similar in nature,
assessing the validity of sSUAS-derived models in waters
sourced from different geologic origins remains an unex-
plored scientific question.
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In-situ Data Collection
Spectral Measurements

Before collecting spectral data, instruments were field-
calibrated. An Analytical Spectral Devices FieldSpec3 was
optimized and standardized with a white calibrated reflec-
tance panel to reflect 95-99% of EM energy. This calibration
procedure was completed every 10 min or when illumination
conditions (e.g. cloud cover) changed during data collection.
The data generated at each wavelength represents the aver-
age of ten samples taken in 0.1 s increments. The hyperspec-
tral (i.e. 350-2500 nm) profiles were collected with respect
to nadir (i.e. perpendicular to the water surface). Measure-
ments were collected ~ 1 m above the water surface at 1 m
horizontal increments starting at the water’s edge, or 0 m
(Fig. 1d and e). Each set of ten measurements was collected
five times, averaged, and post-processed to spectral reflec-
tance using Analytical Spectral Devices ViewSpec Pro V6.2
processing software.

Calibration of the MicaSense RedEdge multispectral sen-
sor (RedEdge sensor) required pre- and post-flight reflec-
tance information from the same calibrated reflectance
panel. To account for changes in solar conditions throughout
the flight, the processing software (Pix4DMapper) used both
the pre- and post-flight sets of images. The sensor was fixed
via a gimbal to an Aerial Technologies International (ATT)
vertical take-off and landing AgBot quadcopter. This vertical
take-off and landing SUAS simultaneously collected imagery
in five discrete spectral bands (i.e. blue, green, red, red-edge,
and NIR) with center points at 475, 560, 668, 717, and
840 nm, respectively. At both PTS, the sUAS-derived mul-
tispectral imagery was collected autonomously within+2 h
of local solar noon. Use of Mission Planner V.1.3.37 soft-
ware allowed for the development of autonomous missions.
Parameters at each PTS included operations at 6 m/s, 60 m
above ground level, with at least 75% image side and over-
lap. With these parameters, the raw uncompressed 16-bit
digital number imagery was transformed to high-resolution
(i.e. <10 cm per pixel) 32-bit spectral reflectance ortho-
mosaics using the processing software. If remote sensing
interferences affected either multispectral spectral dataset,
outliers were identified and removed using the interquartile
range of each multispectral band.

Water Quality

The model development dataset consisted of 30 in-situ
surface water grab samples collected from MRPTS during
the summer of 2019. The use of a fully extended 3.6 m
swing-arm sampling pole allowed us to collect 20 samples
from the pond’s shore below the surface (< 1 m) or until
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the 1 L HDPE bottle was no longer visible. Ten additional
samples were collected similarly from the center of the
pond via a canoe. The validation data set was comprised of
ten in-situ surface water grab samples from HPTS during
the fall of 2020. Samples at HPTS were collected in the
same manner as the shoreline samples at MRPTS. At every
sampling location, GPS coordinates, along with samples
for total and dissolved (< 0.45 pm) metal analyses, were
collected. Samples were filtered in the field immediately
after collection for dissolved metals analyses using a 0.45-
um inline disposable groundwater filter capsule and hand
pump. Samples for both total and dissolved metals analy-
ses were pH adjusted with trace-metal grade nitric acid to
a pH <2 and stored out of sunlight at 4 °C until analyses
could be completed. Total and dissolved constituents (i.e.
Ag, Al, As, Ba, Ca, Cd, Co, Cr, Cu, Fe, K, Li, Mg, Mn, Na,
Ni, Pb, S, Se, Si, and Zn) were analyzed following EPA
approved methods, i.e. EPA 3015A (1994) and EPA 6010C
(2000), allowing for calculation of the particulate metal
fraction (i.e. total minus dissolved). The analytical instru-
mentation used included a CEM microwave accelerated
reaction system with a MarsXpress temperature control
system and a Varian Vista-PRO simultaneous axial induc-
tively coupled plasma-optical emission spectrometer (ICP-
OES), following US EPA Methods 3015A and 6010C,
respectively. In-field analytical quality assurance and qual-
ity control protocols included collection of field blanks
(deionized water) and randomly selected field duplicates
for every ten samples collected. Laboratory analytical
quality assurance and quality control efforts followed US
EPA approved quality assurance project plans and quality
management plans and included blanks, duplicates, diges-
tion blanks, randomly selected digestion duplicates and
known additions, laboratory fortified blanks, randomly
selected laboratory duplicates and known additions, and
check standards (i.e. 0.001-10, 50, and 100 ppm Varian
ICP-OES calibration solution), which comprised greater
than 20% of the total samples analyzed for any given sam-
ple analysis run. To further characterize the water body
while remaining within the desired one hour time window
of sUAS flights, total alkalinity (i.e. EPA 310.1 1978),
turbidity (i.e. ASTM 2130-B 2017), and multiple physico-
chemical parameters (e.g. temperature, pH, specific con-
ductance) measurements were collected from the center
of the pond at MRPTS. Statistical differences between the
two water quality data sets were quantified using Welch’s
unequal variances ¢ test and Tukey—Kramer test in Micro-
soft Excel. These tests allowed sets of data to be compared
without assumptions regarding variance or sample size.
Outliers in each water quality dataset were identified and
removed using the interquartile range of each water qual-
ity parameter.
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Examining Optical Depth Influences

After collecting spectral data, Secchi disk depth (SDD) and
actual water depth (AD) were measured in transects at equal
increments (i.e. 1 m) from the shores of the oxidation ponds
(Fig. 1d and e). To minimize the resuspension of substrate
and modification of the water column’s optical properties,
SDD was measured first. AD was then measured by lowering
a weighted line into the water column until it contacted the
substrate’s surface. Assuming that SDD is proportional to
OD, an SDD to AD ratio equal to one would result in remote
sensing interferences (i.e. bottom substrate). Derivation of
the relationship involved using the SDD to AD ratio and
reflectance from the center point of the RedEdge sensor red
band (668 nm) from both PTS (i.e. OD model). Utilizing the
raster calculator in ArcMap V. 10.6.1 to generate a surface
demonstrated the ability to identify remote sensing interfer-
ences in ODWs (i.e. SDD:AD > 1).

Modelling Surface Water Quality

Overall, the approach used to develop the water quality mod-
els followed the empirical method described by Dekker and
Donze (1994) and applied by numerous other authors (e.g.
Arango and Nairn 2020; Cannizzaro and Carder 2006; Dek-
ker et al. 1996; Lim and Choi 2015; Matthews and Odermatt
2015; Su 2017). This method utilizes derived statistical rela-
tionships between measured multispectral reflectance and
in-situ water quality. However, we attempted to disprove the
Dekker and Donze (1994) statement that “the results have no
multitemporal validity,” when commenting on the practical
limitations of such models.

Candidate water quality models were identified by first
performing exploratory ordinary least squares (OLS) regres-
sion in ArcMap V. 10.6.1. OLS regression uses the entire
dataset to minimize the mean squared error (MSE) of the
algorithm. Each exploratory run evaluated every possi-
ble combination (x~ 40,000) of one, two, and three input
candidate explanatory variables (i.e. untransformed and
log-transformed multispectral reflectance bands and band
ratios) to develop the OLS models that best explained the
dependent variable (e.g. in-situ total and particulate metal
concentrations). Relationships among these variables were
identified using the correlation coefficient (R), allowing for
simple data exploration. Model selection criteria (Table 1)
were set to satisfy OLS regression assumptions and produce
statistically significant, well-fit, and unbiased surface water
quality models.

The OLS tool in ArcMap V. 10.6.1 was used to calcu-
late and evaluate the criteria in Table 1. However, a brief
explanation of each metric may assist with interpreting the
results of this study. An insignificant Jarque—Bera statistic
(p value>0.01) indicated that the regression residuals (i.e.

Table 1 Exploratory regression model criteria set to satisfy the
assumptions of OLS regression in ArcMap V. 10.6.1

Statistical parameter Selection threshold

>0.75
p-value>0.01
p-value>0.01
p-value>0.05
p-value >0.05
p-value <0.01
<15

R?
Minimum Jarque-Bera

adjusted

Minimum Koenker
Minimum Moran’s |
Minimum Getis-Ord
Maximum Joint-F
Maximum VIF

observed minus predicted value) were normally distributed
and the predictions displayed no significant bias. Non-
normally distributed residuals suggest that not all explana-
tory variables were accounted for, nonlinear relationships
were being modeled, or outliers significantly affected the
models. The Koenker studentized (Breusch-Pagan, or BP)
statistic was used to assess the consistency of the relation-
ship between the independent and dependent variables in
geographic and data space. In other words, if the relation-
ship (i.e. slope) was similar between the variables at all of
the sampling locations (i.e. stationary) and that relationship
did not change (i.e. linear to nonlinear) with changes in the
magnitude of the explanatory variable (i.e. homoscedastic-
ity), the models were specified correctly (i.e. a key variable
was not missing). Moran’s I and Getis-Ord Global G (Gi")
were used to assess spatial autocorrelation and clustering of
the raw data and regression residuals. Evidence of signifi-
cant spatial autocorrelation (p-value > 0.05) further suggests
that an explanatory variable was excluded from the model.
Clustering was used to identify if any sampling location or
region produced consistently higher or lower values (i.e.
high-low clusters) that were significant at p-values >0.05.
The joint-F test statistic (Joint-F) provided an assessment
of multiple regression model significance (p-value <0.01)
compared to a model with no independent variables (i.e. an
intercept only model). Finally, the variance inflation fac-
tor (VIF) was a metric describing the redundancy among
explanatory variables in the multiple regression model.
VIF is the reciprocal of tolerance. Although no explicit rule
exists, it has been suggested that VIF > 10 indicates severe
collinearity, poor estimation of regression coefficients, and
an inflated standard error of regression (Marquardt 1970).
All of the statistical metrics and tools described in this para-
graph were outputs from the OLS tool or analyzed separately
in ArcMap V. 10.6.1 (ESRI 2018).

Models selected for further evaluation outperformed the
selection criteria. In these cases, models with the highest
adjusted (i.e. number of explanatory variables) coefficient of
determination (Radjvz) and lowest Akaike information crite-
rion adjusted for small sample sizes (AICc) were chosen for
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testing and validation. Several metrics (e.g. residuals, % dif-
ference, MSE, mean absolute error (MAE), along with upper
and lower confidence intervals) assessed the validity of the
models developed and tested in MRPTS waters at HPTS.
Acceptance of the experimental hypotheses required that the
models produce predictions of MRPTS metal concentrations
within the 75% confidence interval and that the predicted
HPTS mean metal concentrations fall within +25% of the
measured value.

Results and Discussion
In-situ Water Quality
Mean in-pond metal concentrations at MRPTS and HPTS

were similar to mining-impacted waters found throughout
the tri-state lead—zinc mining district and Arkoma Basin,

respectively (Table 2; LaBar and Nairn 2009; Nairn et al.
2010). Some parameters were not detected in either system
(e.g. Ag, As, Cr, and Se). Others (e.g. Ba, Ca, K, Mg, Na,
and Si) were not considered because of the minimal environ-
mental risk posed at the observed concentrations. Further-
more, some metals (e.g. Cd, Co, and Cu) were quantifiable
(i.e.> practical quantitation limit (PQL)) at MRPTS but not
at HPTS; thus, they were not considered within the context
of this study (Holzbauer-Schweitzer and Nairn 2020). There-
fore, the emphasis was placed on in-situ concentrations of
particulate Fe and total Li, Mn, Ni, Pb, S, and Zn.

A review of the relationships between water quality
parameters revealed that Li, Mn, Ni, Pb, S, and Zn were
strongly and collinearly related (R >0.90) at MRPTS. Inter-
estingly, the dominant OAC (i.e. particulate Fe) exhibited
no relationship (R <0.10) with the other metals. At HPTS,
only the Li, Mn, Ni, and Pb displayed strong collinearity
(R<—0.80). S exhibited weak relationships (R <0.20) with

Table 2 Observed in-situ

X Parameter Site Mean Median Min Max Var W-T T-K
multispectral reflectance for p-value p-value
each band and water quality for
the constituents examined Reflectance

Blue MR 0.040 0.038 0.027 0.079 1.15E-04  6.46E-02 -
H 0.036 0.037 0.029 0.038 7.27E-06

Green MR 0.106 0.105 0.082 0.125 1.95E-04 - 1.48E-01
H 0.115 0.125 0.082 0.136  3.70E-04

Red MR 0.205 0.191 0.175 0.262 8.51E-04 - 7.57E-04*
H 0.246 0.255 0.216 0.275 4.82E-04

NIR MR 0.130 0.113 0.083 0.303 2.61E-03 3.99E-03* -
H 0.089 0.079 0.075 0.134 3.72E-04

RedEdge MR 0.199 0.197 0.153 0.316 1.41E-03  7.86E-01 -
H 0.197 0.198 0.175 0.206  7.53E-05

Metals (mg L")

Total Li MR 0.259 0.245 0.231 0.289 6.51E-04 - 6.35E-12%*
H 0.378 0.373 0.330 0.432  9.08E-04

Total Mn MR 1.167 1.118 1.053 1.285 9.31E-03  2.19E-23* -
H 1.918 1.919 1.885 1.946  3.09E-04

Total Ni MR 0.658 0.634 0.581 0.742 4.13E-03  4.33E-23* -
H 0.045 0.045 0.042 0.049 4.28E-06

Total Pb MR 0.297 0.279 0.260 0.333 8.70E-04  8.67E-22% —
H 0.067 0.067 0.064 0.072  6.54E-06

Total S MR 746.289 708.630 660.988 831.560 5.39E+03 3.46E-14* -
H 477994 477.558 473.786 485357 1.11E+01

Total Zn MR 4.115 4.110 3.556 4.580 1.39E-01 2.03E-24* -
H 0.025 0.023 0.020 0.036  3.45E-05

Particulate Fe MR 10.593 9.151 4.886  22.010 257E+01 - 9.35E-01
H 10.749 9.909 4512 17.009 1.28E+01

Welch’s T-test assuming unequal variance (W-T) and Tukey—Kramer (T-K) Test was used to assess signifi-
cant differences between the two sets [e.g., Mayer Ranch Passive Treatment System (MR) and Hartshorne

Passive Treatment System (H)] of samples;

“w

in the T-K column indicates samples were analyzed using

the W-T test, and vice versa both examinations were evaluated at p-value <0.05, indicated by “*” for sig-

nificantly different sets
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the investigated metals, and Zn was only moderately related
(R=0.64, — 0.55, and 0.68) with Li, Mn, and Ni, respec-
tively. However, the dominant OAC (e.g. particulate Fe)
in this system displayed relationships of varying strength
(R=0.83,-0.48,0.71, — 0.54, 0.14, and 0.59) with Li, Mn,
Ni, Pb, S, and Zn, respectively. Neither set of water quality
data displayed significant signs of spatial autocorrelation
(Moran’s I) or hotspots (Getis-Ord Gi"). In total, outliers
represented 10% (i.e. one water sample) and 7% (i.e. two
water samples) of the data at HPTS and MRPTS, respec-
tively. It appeared that both sets of outliers were produced
while attempting to collect surface samples representative
of reflectance measurements near surface debris (i.e. amor-
phous iron-oxyhydroxide) persistent in each oxidation pond.

Spectral Measurements

At MRPTS, an evaluation of the relationships between
individual reflectance bands revealed strong relationships
between blue and NIR (R=0.76) and NIR and red-edge
(R=0.76). The red band exhibited relationships with the
red-edge and green bands (R=0.68 and 0.52, respectively).
Otherwise, little to no correlation (R < 0.50) was observed
for reflectance values at MRPTS sampling locations. For-
tunately, issues with wind action (i.e. glint), cloud cover,
and OD were minimal. However, interferences from surface
debris (i.e. amorphous iron-oxyhydroxide) and algae growth
were present, particularly in the southwestern and north-
eastern portions of the MRPTS oxidation pond, respectively
(Fig. 1d).

Multispectral reflectance values at HPTS were more
strongly correlated than MRPTS, but the most robust
relationships were observed between the different sets of
bands. The green band exhibited strong correlations with
the red and NIR bands (R=0.92 and -0.93, respectively).
The red and NIR bands also displayed a strong negative
relationship (R=— 0.78). Surprisingly, little correlation
between the red and red-edge bands (R=0.11) existed.
The lack of association between these bands could be due
to some remote sensing interferences, even though all of
the samples were collected outside of shade-affected areas.
For example, the surface debris present at MRPTS was
also present at HPTS but to a greater degree. On average,
the red-edge band had a 25% greater response (i.e. higher
reflectance) than the red band reflectance. Anderson and
Robbins (1998) supported these results, finding that iron-
oxyhydroxide precipitates have peak reflectance values
above 700 nm where the center point (717 nm) of the red-
edge band is positioned.

Furthermore, Jackisch et al. (2018) indicate that goe-
thite has an absorption edge at 668 nm, which is the red
band’s center point, resulting in less reflectance. An evalu-
ation of the hyperspectral profiles confirms the presence of
this absorption feature in ODWs at both PTS (e.g. MRPTS
2 and 4 m, HPTS 2 and 3 m in Fig. 2). The absence of
spectral outliers was confirmed using the remote sensing
interference raster described above.

Fig.2 Hyperspectral profiles MRPTS Om © HPTS Om

displaying the effect that m::;: im . :z;g ';’m

remotely sensing substrate m ° m
o ng su 0.25 - ® Pure Goethite Powder

(e.g. OSW) had on measured
reflectance (e.g. MRPTS and
HPTS 0 m) compared to ODWs
(e.g. MRPTS 2 and 4 m; HPTS
2 and 3 m), with all compared
to the reflectance of a sample of
dried pure goethite powder from
Kokaly et al. (2017)
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Developing and Testing Surface Water Quality
Models: MRPTS

Every explanatory variable (e.g. band or band ratio) included
in each OLS regression model made significant contribu-
tions (p-value < 0.05). Each model was also statistically sig-
nificant (p-value <0.01; joint F statistic). The explanatory
variables displayed no significant redundancy (VIF <7.5),
spatial autocorrelation (p-value > 0.05; global Moran’s
I), or clustering (p-value > 0.05; Getis-Ord Gi") with one
another. Values produced by the models displayed no sig-
nificant bias (p-value > 0.01; Jarque—Bera statistic), and
the residuals were not significantly different from a normal
distribution. Overall, the Koenker statistic (p-value>0.01)
verified that the observed relationships were stationary and

homoscedastic, indicating the models were properly speci-
fied (Table 3).

When tested at MRPTS, the assessed models (Table 4)
produced promising results. All tests were performed on
each sample and averaged to create a single value to simplify
and more closely resemble the results of a traditional in-situ
sampling event (i.e. one in-situ sample). Only three models
(e.g. Fe, Ni, and S) produced a greater than 1% difference
from the observed mean concentrations. The same models
also exhibited the greatest bias at 0.64, 0.02, and 18.73 mg
L™, respectively. Furthermore, only a 90% confidence inter-
val for the Ni and S models could be achieved ([0.64, 0.66]
and [718.45, 742.99], respectively). The standard devia-
tion of the predicted Ni concentrations was the greatest for
metals with mean concentrations below 1 mg L™! (e.g. Li,

Table 3 Developed total and

) Metal Total Total Total Total Total Total Zn Particulate Fe

partl‘culate metal model; ‘ Li Mn Ni Pb S

passing the set model criteria at

MRPTS Coefficient 1 —1.66  0.30 -119  —161 —1508.99 —4.267 11048
Variable 1 G* RE_G* R* G* R* R* NIR*
Coefficient 2  0.21 —-0.98 -0.23 0.11 —282.67 -0.71 —5.81
Variable 2 B_NIR* L_R* NIR_R* L_R_RE* NIR_R* NIR_G* NIR_B**
Coefficient 3 0.094 -0.62 0.19 0.11 225.18 1.39 24.49
Variable 3 L_B_RE* L_R_NIR* RE_G* L_NIR_RE* RE_G* RE_G* L_B_R**
Intercept 0.18 0.40 0.67 0.22 788.49 3.21 —35.51
AlCc —126.60 —65.18 -8597 —121.98 240.28 -2.19 112.12
R2adjusled 0.76 0.76 0.77 0.78 0.76 0.74 0.81
Jarque-Berap 0.99 0.97 0.67 0.98 0.70 0.70 0.74
Koenker p 0.17 0.42 0.63 0.26 0.34 0.99 0.05
Moran’s I p 0.08 0.07 0.07 0.07 0.08 0.10 0.79
Getis-Ord p 0.84 0.86 0.77 0.96 0.90 0.70 0.24
Joint-F p <0.01 <0.01 <0.01 <0.01 <0.01 <0.01 <0.01
VIF 2.57 2.10 2.10 1.22 2.10 3.27 2.56

Blue, green, red, rededge, and NIR symbolized B, G, R, RE, and NIR, respectively. Log transformations of
bands or band ratios abbreviated with “L”. Significance at p-value (p) <0.01 and 0.05 symbolized with *

and **, respectively

Table 4 MRPTS testing metrics

Total Total Total Total Total Total Particulate Fe
from developed OLS models Li Mn Ni Pb S 7n
passing set criteria
Measured mean 0.26 1.17 0.66 0.30 749.45 4.15 12.40
Predicted mean 0.26 1.17 0.65 0.30 730.72 4.14 11.76
Mean residual —345E-4 278E-3 1.58E-2 299E-4 187E+1 1.34E-2 6.36E-1
MSE 0.00 0.07 0.01 0.00 10,523.59  0.01 12.13
MAE 0.01 3.24 0.03 0.01 18.73 0.17 3.61
Mean % difference  -0.13 0.24 2.39 0.10 2.50 0.32 5.13
Upper CL 0.27 1.18 0.66 0.30 745.96 4.20 12.75
Lower CL 0.26 1.15 0.63 0.29 715.48 4.10 10.78

All values presented in mg L', unless otherwise noted [e.g., mean percent (%) difference]; Confidence
limits (CL) for Li, Mn, Pb, Zn, and Fe were established at 70 percent while values for Ni and S represent
the 90 percent confidence limit; MSE and MAE stand for Mean Standard Error and Mean Absolute Error,
respectively
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Ni, and Pb), increasing the relative size of the interval. As
expected, Ni fell within the established confidence interval.

Regardless, the observed success of all of the other mod-
els (e.g. particulate Fe, and total Li, Mn, Pb, and Zn) warrant
further discussion. These models displayed negative rela-
tionships (R <— 0.36 and — 0.58) with the blue and green
bands, respectively, while exhibiting strong collinearity
with each other (R > 0.90). Because the total metals were
considered non-optical (i.e. constituents with little to no
contribution to the observed spectra), the relationships with
visible reflectance must be explained. The fact that the red
band was not used more extensively to model the dominant
optical parameter (i.e. particulate Fe) was somewhat unex-
pected. Theoretically, regions with deeper red colors would
contain elevated particulate Fe concentrations and reflect
proportionally more red EM energy. The observed strength
(R=0.88) of the linear relationship between the red band
and particulate Fe supported this theory. Since the blue and
green bands were included in every non-optical model, addi-
tional interactions must have occurred. Torrent and Baron
(2002) note that Fe oxides can also reflect strongly in the
NIR while absorbing blue energy. Therefore, as particu-
late Fe concentrations increased, so did the quantity of red
EM reflected, which proportionally decreased the amount
of blue and green EM reflected (i.e. spectral shifting). As
concentrations of non-optical metals collinearly decreased,
the amount of blue and green EM increased. However, due
to the spectral shifting (i.e. dominant optical properties),
the increase likely occurred at longer wavelengths (red, red-
edge, or NIR). This shift was evident in the band or band
ratios used to estimate the non-optical metals (a combination
of blue, green, or NIR in every model).

Due to the novel nature of this study and lack of pub-
lished literature on remotely estimating mine drainage metal
concentrations, further discussion on relationships between
non-optical metals and sUAS-derived reflectance is specula-
tive. Even some of the most recent reviews (Dierssen et al.
2021) of spectral aquatic remote sensing fail to mention

applications described in this study. Dierssen et al. (2021)
do describe remote sensing science as being on the threshold
of producing new techniques to describe aquatic ecosystems.
New relationships and novel parameters, like those provided
in this study, allow decision-makers and environmental
monitors to make more informed choices. Thus, it appears
this study exploited these fundamental EM interactions and
physical relationships (e.g. prominence and adsorption capa-
bilities of iron-oxyhydroxides) to successfully develop pre-
dictive, unbiased, and robust surface water quality models.

Although the 75% confidence interval of two models (e.g.
Ni and S) did not contain the observed mean values, the
overall success of the study warrants an acceptance of the
first hypothesis. The observed mean values for only these
two models were within all calculated confidence intervals
above 85%. All other models had observed mean confidence
level values of at least 70%. According to Petty (2012), a
95% confidence level is acceptable; however, some simu-
lation experts use a confidence level of 80% for statistical
validation. Therefore, the levels of confidence established
were deemed appropriate for a novel environmental study
of this nature.

Validating Surface Water Quality Models: HPTS

Validation of the models developed and tested at MRPTS
at HPTS produced mixed results. Ideally, at each PTS, the
relationships between the independent and dependent vari-
ables (i.e. in-situ water quality and multispectral reflectance,
respectively) would be proportional. Unfortunately, that was
not observed, either in terms of the band and band ratios
used or the relationships’ directionality. Otherwise, most
models exhibited bias proportional to the differences in the
two datasets’ mean metal concentrations, and all concentra-
tions, except Zn, produced randomly distributed residuals
(Table 5 and Fig. 3).

The Zn model did not perform well because not only
were the two water quality datasets significantly different

Table 5 HPTS validation

- . Total Total Total Total Total Total Particulate Fe

metrics from applied OLS Li Mn Ni Pb S 7n

models developed at MRPTS
Measured mean 0.38 1.91 0.45 0.07 477.99 0.03 10.75
Predicted mean 0.29 1.23 0.67 0.10 790.09 4.04 10.21
Mean residual 0.09 0.68 -022 -0.03 -312.09 —-4.01 0.54
MSE 0.07 4.69 0.42 0.01 876,610.00 144.79 2.60
MAE 0.09 0.76 0.22 0.03 312.09 4.01 1.55
Mean % difference  —23.18 —35.75 48.51 46.92 65.29 16,582.46 —0.53
Upper CL 0.30 1.26 0.69 0.11 814.34 4.16 11.96
Lower CL 0.27 1.20 0.64 0.09 765.83 391 8.46

All values presented in mg L~!, unless otherwise noted [e.g., e.g., mean percent (%) difference]. All estab-
lished confidence limits (CL) represent the 95th percentile. MSE and MAE stand for Mean Standard Error
and Mean Absolute Error, respectively
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(p-value =2.03E-24; Welch’s Test), but the difference was
greater than two orders of magnitude. Reflectance meas-
urements did not appear to be the cause because the bands
(e.g. red and NIR) that exhibited significant differences

@ Springer

6.0 8.0 10.0 12.0 14.0 16.0
Predicted Fe (mg L")

(p-value < 0.05) between the two PTS were also used in
some combination for all other models. These results sug-
gest that the linear relationships developed at MRPTS
were not capable of estimating the lesser concentrations
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of Zn observed at HPTS. Since the color of the mine water
at MRPTS and HPTS was comprised primarily by Fe, the
ability to derive meaningful statistical relationships must
be attributed to the prominence and adsorption capabilities
of iron-oxyhydroxides.

The apparent need to develop site-specific IOPs
(Salama et al. 2009) seems unnecessary and overly com-
plicated, considering the disagreements regarding the
theory of IOPs (Morel 2005). In-situ determinations of
IOPs can prove problematic due to various physical, envi-
ronmental, and instrumental limitations (Roesler and Boss
2007). Incorporating IOPs requires several assumptions,
further complicating the modeling process, especially
because it is impossible to measure the IOPs of each con-
stituent (Roesler and Boss 2007). Thus, it appears that
when remote sensing in the VIS/NIR range with lim-
ited spectral resolution (i.e. five narrow bands), sensor-
perceived color had a greater impact. The color of the
studied systems was primarily a result of reflectance from
iron-oxyhydroxides within the water column. The opti-
cal prominence of Fe paired with its linear relationship
with total Li (R=0.83) allowed for the development of
models capable of accurately (i.e. +25% of the measured
value) describing these two metals (Table 4). However, in
this study, the application of empirically derived surface
water quality models confirmed the site-specific limitation
discussed by numerous studies (Cannizzaro and Carder
2006; Gholizadeh et al. 2016; Lee and Carder 2002;
Palmer et al. 2015; Salama et al. 2009; Su 2017; Voss
et al. 2003). Although validation of meaningful statistical
relationships was possible for two models (e.g. particulate
Fe and total Li), all other models failed to meet the valida-
tion criteria (i.e. +25% of the measured value) (Table 4)
and warrant further examination. Thus, the second hypoth-
esis was rejected because five of the seven studied metal

models were not verifiable within the criteria and scope
of this study.

By completing several other analyses, it could be deter-
mined whether the hypothesis’s rejection was due to the
applied models or simply lack of relationships between vari-
ables. As mentioned earlier, the relationships between some
of the independent and dependent variables at each PTS
were drastically different. Exploratory regression was com-
pleted at HPTS to quantify these differences. This exercise
resulted in an entirely different set of independent variables
(e.g. band or band ratios) capable of effectively describing
in-situ water quality at HPTS. All models were properly
specified and homoscedastic (p-value > 0.01; Koenker statis-
tic), produced statistically unbiased and normally distributed
residuals (p-value > 0.01; Jarque—Bera statistic), and exhib-
ited no evidence of spatial autocorrelation (p-value > 0.05;
Moran’s I; Table 6). The idea of using sUAS-derived mul-
tispectral imagery to model in-situ water quality appears
to be statistically valid. Unsurprisingly, some data used to
develop models tested at HPTS were significantly differ-
ent (p-value < 0.05; Welch’s Test and Tukey—Kramer) than
values measured at HPTS (Table 2). The only variables
that did not exhibit significant differences were the blue,
green, and red-edge bands and particulate Fe concentrations
(p-value=0.07, 0.15, 0.79, and 0.94, respectively). Thus, the
empirical nature of these models, particularly the range of
OAC concentrations and types modeled paired with the dif-
ficulty of identifying relationships between various environ-
mental processes across spatial and temporal scales, remains
a complex challenge and requires future studies (Bennett
et al. 2013; Dekker and Donze 1994; Seppelt et al. 2009).

Optical Depth Interferences

Detecting substrate through a water column decreased the
overall EM reflected and, more importantly, altered the

Table 6 Results of exploratory regression analysis with models using only in-situ HPTS data that passed set criteria

Total Total Total Total Total Total Particulate Fe
Li Mn Ni Pb S Zn
Variable 1 + R_NIR* - + NIR* + G_NIR* — B_R* + NIR* — G_NIR*
Variable 2 + RE_G* — RE_R* + R_B* + RE_R* — B_NIR* + G_NIR* — NIR_B*
Variable 3 + [Part. Fe]* + L_NIR* — NIR_B* — Turb** +L_B* +RE_R + Turb*
AlCc —96.03 —2.54 —202.41 —169.45 153.02 —143.94 99.75
R2adjusled 0.99 0.90 0.99 0.80 0.99 0.77 0.96
Jarque-Bera p 0.11 0.10 0.45 0.93 0.23 0.57 0.12
Koenker p 0.14 0.21 0.12 0.16 0.27 0.03 0.16
Moran’s I p 0.45 0.25 0.49 0.48 0.59 0.44 0.39
VIF 4.35 1.45 3.97 4.56 7.30 4.87 4.61

Blue, green, red, rededge, and NIR symbolized B, G, R, RE, and NIR, respectively. Particulate Fe concentrations and turbidity values symbol-
ized as [Part. Fe] and Turb, respectively. Positive and negative signs before the variable indicate the directionality of the relationship. Signifi-
cance at p-value (p) <0.01 and 0.05 symbolized with * and **, respectively
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overall spectral response (i.e. changes to peak reflectance
wavelengths). Because it is impossible to separate individ-
ual OAC contributions to the response, some authors have
used peak reflectance wavelengths to develop meaningful
relationships (Anderson and Robbins 1998; Gholizadeh
et al. 2016; Jackisch et al. 2018; Matthews and Odermatt
2015; Roesler and Boss 2007). Accounting for this issue
often requires empirically derived models with numerous
in-situ measurements (e.g. OAC concentrations, absorption
coefficients, bottom depth, and bottom albedo) (Albert and
Gege 2006; Cannizzaro and Carder 2006; Voss et al. 2003).

Instead, utilizing only sUAS-derived red band reflec-
tance, in-situ measurements of SDD and AD, and the SDD
to AD ratio, this study suggests a method to identify opti-
cally shallow or regions affected by other remote sensing
interferences within ODWs. Using the SDD:AD ratio and
red band reflectance at each PTS transect (OD model) pro-
duced a moderately strong negative exponential relationship
(R*=0.73) (Figs. 1d, f, and 6). The established exponential
function (see equation in Fig. 4), modeled after the Beer-
Lambert law, represented the decay of spectral energy in
water. Considering that the OD model was developed from
PTS with significantly different optical properties (e.g. red
band reflectance), the agreement between the observed and
predicted values, although small in sample size (n=7), was
encouraging (Fig. 5). It appears that the established method-
ology represents a reasonable approach to remotely evaluate
a waterbody’s potential for the application of sUAS tech-
nologies. Two spatial maps identifying the extent of remote
sensing interferences (e.g. OSWs, algal blooms, surface

debris, and shadows) demonstrate this application (Fig. 6a
and b). Neither sSUAS mission was void of remote sensing
interferences. However, nearly all sampling locations were in
areas unaffected by OD interferences (i.e. SDD: AD < 1.0).
In future studies, optically complex waterbodies should first
be evaluated with the OD model to assess the feasibility
of employing remote sensing technologies for in-situ water
quality monitoring.

Conclusions

Remote sensing with sUAS can produce accurate and reli-
able surface water quality models in ODWs with promi-
nent optical properties. The exploitation of the natural (e.g.
physical and chemical) relationships between various OACs
allowed the development of non-optical metal models. When
developed with PTS-specific reflectance and in-situ water
quality, the results produced robust, unbiased, and accurate
statistical models. Attempts to validate MRPTS models at
HPTS suggest that the models were somewhat site-specific.
However, further research will be required to determine
whether the limitation resulted from the applied models,
chemical and physical relationships (e.g. sorption) in the
ponds, or significant differences between the test and valida-
tion datasets. A statistically derived exponential relationship
represents a methodology to remotely assess the feasibil-
ity of utilizing the technologies described herein to assess
ODWSs. Currently, given the variability in accuracy, along
with the lack of a standardized sUAS operating procedure

Fig.4 Exponential relation- 1.2
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and reporting criteria, these technologies should only be
used as exploratory tools. This study expands on the current
OAC:s that can be estimated remotely and demonstrates the
benefits of incorporating SUAS technologies into traditional
mine water monitoring efforts. Ideally, in applications, these
models will be continually refined, tested, and validated with
surface water quality data from various types and forms of
mine drainage systems. The systems and models discussed
in this study may provide a reasonable alternative to in-situ
surface water quality sampling and offer further insight into
the nature of optically complex mine waters.

The methodology presented herein should be tested in
ODWs dominated by an OAC with different optical prop-
erties (e.g. As, Cu, Pb, and Zn precipitates), on waters
with lower OAC concentrations, and the commonly clear
artesian source waters of mining-impacted environments.
Alternative multispectral reflectance extraction techniques
must be examined to determine which represent real-world
conditions more accurately (Su and Chou 2015; Arango
and Nairn 2020). If the goal is to minimize traditional
in-situ sampling events and save time, money, and human
hours, the widespread application requires that the models
be refined with up-to-date water quality and reflectance
measurements. Including data from each PTS in the model
development phase could further refine and expand on the
effective range of the models. Additional studies should
be dedicated to understanding the effects of surface com-
plexation with iron oxides on the sensitivity and validity
of sUAS-derived surface water quality models.
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