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Abstract
Few studies have assessed mining-associated water pollution using spectral characteristics. We used high-resolution mul-
tispectral data acquired by unmanned aerial drones combined with in situ chemical data to assess water quality parameters 
in 12 relatively small water bodies located in the Tharsis complex, an abandoned mining area in the Iberian pyrite belt 
(SW Spain). The spectral bands of Micasense RedEdge-MX Dual and spectral band combinations were used jointly with 
physicochemical data to estimate water quality parameters and develop reliable empirical models using regression analysis. 
Physicochemical parameters including pH, ORP, EC, Al, Cu, Fe, Mn, S, Si, and Zn were estimated with high accuracy levels 
(0.81 < R2 < 0.99, 4 < RMSE% < 75, 0.01 < MAPE < 0.97). In contrast, the observed and modelled values for Ba, Ca, and 
Mg did not agree well (0.42 < R2 < 0.70). The best-fitted models were used to generate spatial distribution maps, providing 
information on water quality patterns. This study demonstrated that using empirical models to generate spatial distribution 
maps can be an effective and easy way to monitor acid mine drainage.

Keywords  Acid mine drainage · Abandoned mine · Water monitoring · Drone · Low altitude remote sensing, multispectral 
sensor

Introduction

Metalliferous mining has left a severe environmental legacy 
of numerous abandoned mining districts containing metal-
rich wastes that remain as long-term sources of acidic and 
metal-polluted water known as (Nieto et al. 2007; Runkel 
et al. 2012; Yang et al. 2020). Indeed, acid mine drainage 
(AMD) is the main environmental pollution problem associ-
ated with coal and metal-bearing mineral mining and it is of 
international concern (Acharya and Kharel 2020; Qian and 
Li 2019). Thus, it is imperative to develop cost-effective, 
efficient, and reliable monitoring tools that can be used by 

environmental agencies and companies in charge of mining 
concessions.

Traditional procedures for water quality monitoring in 
reservoirs involve in-situ measurements, sampling, and labo-
ratory analysis (Sagan et al. 2020). Remote sensing provides 
a powerful alternative tool that is less time-consuming and 
provides spatial and temporal information to monitor water 
quality changes. Several authors have successfully retrieved 
many water quality parameters by remote sensing, with the 
most commonly measured variables being total dissolved 
solids, chlorophyll-a, turbidity, Secchi disk depth, and 
colored dissolved organic matter (Abdelmalik 2018; Chawla 
et al. 2020; Japitana and Burce 2019; Zhu et al. 2011;). Most 
of them have been based on satellite datasets (Barrett and 
Frazier 2016; Bonansea et al. 2015; Hansen et al. 2015; 
Philipson et al. 2016), and most recently, unmanned aerial 
systems (UAS) platforms have been also tested for this pur-
pose (Arango and Nairn 2020; Castro et al. 2020; Olivetti 
et al. 2020; Su and Chou 2015).

Nonetheless, spectral characteristics has rarely been used 
to report water quality status in mining areas (Buzzi et al. 
2014; Davies and Calvin 2017; Flores et al. 2021; Gläßer 
et al. 2011; Modiegi et al. 2020; Pyankov et al. 2021; Riaza 
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et al. 2012; Swayze et al. 2000; Tesfamichael and Ndlovu 
2018; Williams et al. 2002). Water bodies associated with 
AMD have a complex composition that requires quantifying 
a wide range of parameters and few studies have addressed 
this issue by applying quantitative modeling of hydrochemi-
cal concentrations (Modiegi et al. 2020; Tesfamichael and 
Ndlovu 2018). Most recently, UAS-based hyperspectral data 
have been used to monitor acidic water, generating high-
resolution hydrogeochemical maps, proving it to be possible 
(Flores et al. 2021). Indeed, UAS is becoming increasingly 
popular in environmental monitoring due to the acquisition 
flexibility, the high spatial and temporal resolution achieved, 
and the possibility to acquire data unaffected by cloud cover.

In this context, we decided to calibrate empirical models 
through regression analysis to predict water quality param-
eters using in situ physicochemical parameters and spectral 
reflectance values obtained by the commercial Micasense 
RedEdge-MX Dual sensor. The Iberian pyrite belt (IPB), 
which hosts one of the largest concentrations of massive 
sulfide on Earth (Leistel et al. 1997), and is well-known 
for its extensive AMD environmental impacts (Cánovas 
et al. 2016; Galván et al. 2016; Grande et al. 2014; Nieto 
et al. 2007; Olías et al. 2019, 2021; Sánchez España et al. 
2005), was selected as the study area. The different compo-
sitions of the numerous acid drainages affects the color of 
the water, making the IPB an ideal scenario for testing water 
quality monitoring techniques using remote sensing (Riaza 
et al. 2014; Sanchez España 2008). This work is intended to 
implement an easily reproducible tool, which can be used 
to monitor water bodies with different complex composi-
tions in mine-affected zones. Nevertheless, it is important 
to highlight that this is an auxiliary tool for monitoring the 
acid drainage generation process, and does not replace con-
ventional environmental monitoring.

Methods

The methodology applied in this study is summarized in 
Fig. 1. Three flight campaigns were carried out during July 
and October 2020 with the Micasense RedEdge-MX Dual 
sensor onboard a UAS over the sampling sites. Concurrently 
with flights, in situ physicochemical data acquisition was 
performed in each waterbody. Afterwards, statistical analysis 
was used to get the best-fitted model for each water quality 
parameter.

Sampling Sites

The area of research involved two abandoned mining sites 
located in the Tharsis complex, in the IPB: Tharsis Mine 
(Fig. 2A) and Lagunazo Mine (Fig. 2B). Mining activity 
in the IPB dates to the Tartessians in prehistoric times, 

which has left a legacy of several abandoned sites, most 
of them closed without any environmental guidelines, 
mine closure, or control plans to protect the environment 
(Grande et al. 2014). As a result, numerous open mine pits 
and water bodies contain acidic water due to the dumped 
debris that continues to oxidize.

For this study, 12 different water bodies containing 
acid and non-acid waters were considered. At the Tharsis 
mine site (Fig. 2A), seven water bodies were sampled; four 
pit lakes flooded with acidic waters [Filón Norte (FN), 
Filón Sur (FS), Filón Centro (FC), and Sierra Bullones 
(SB)], a clean water reservoir used for agricultural pur-
poses (Embalse Grande (EG)), acid leachate water flow-
ing through a sulfide spoil heap (Th18), and a moderately 
acidified municipal reservoir (Embalse del Pino (EP)). 
In the Lagunazo mining area (Fig. 2B), five water bodies 
were sampled: a pit lake (Mina Lagunazo (ML)), a clean 
water dam (Embalse Lagunazo (EL)), and three surficial 
AMD sites, where water flows through a waste dump and 
pyrite-rich waste materials (Laguna Lagunazo (LLA, LLB, 
and LLC).

Fig. 1   Flowchart of the applied methodology
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Water Quality Data Collection

The exact locations for water samples collection are shown 
in Fig. 2 and supplemental Table S-1 (Online Resource, 
OR). Field physicochemical parameters such as pH, elec-
trical conductivity (EC), oxidation–reduction potential 
(ORP), and temperature were measured at each sampling 
point with a CrisonMM40 þ multimeter (Fig. 3E), previously 
calibrated with certified solutions. Turbidity was measured 
using a Hanna HI-93703 portable turbidity meter at the 
water surface in all of the studied water bodies. Water sam-
ples were collected in high-density polyethylene (HDPE) 
bottles previously washed with a solution of 10% HNO3, 
filtered immediately after sampling through a 0.45 mm pore 
size cellulose nitrate membrane, and acidified to pH < 2 with 
HNO3. The samples were analyzed by inductively coupled 
plasma-atomic emission spectroscopy (ICP-AES; Perkin-
Elmer® Optima 3200 RL) for major elements (Al, Ba, Ca, 
Cu, Fe, K, Mg, Mn, Na, P, S, Si, Sr, and Zn) at the Institute 
of Environment Assessment and Water Research (IDAEA-
CSIC, Barcelona). Detection limits were: 0.5 mg L−1 for 

K and Na; 0.2 mg L−1 for Al, Ca, Cu, Fe, Mg, P, S, Si, and 
Zn; and 0.005 mg L−1 for Ba, Mn, and Sr. The analytical 
precision error was estimated to be ≈ 7%. Certified solu-
tions (CPI International-CCV standard 1-solution A) and 
two AMD laboratory standards supplied by P. Verplank 
(USGS) were intercalated within the samples to check the 
analytical accuracy. The deviation from the recommended 
values was always less than 5%. Sierra Bullones was not 
water sampled due to its inaccessibility. However, as it is 
connected underground to Filón Norte, and their chemical 
properties have been shown to be similar (González et al. 
2018), they were considered the same for this study.

Multispectral Imagery Data Collection 
and Processing

The sensor employed to acquire the multispectral images 
was the Micasense RedEdge-MX Dual Camera (MicaSense, 
Inc., USA, http://​www.​micas​ense.​com/) onboard a DJI 
Matrice 210 V2 RTK (Fig. 3C). The sensor has 10 bands 
running from visible through the near-infrared spectrum, 

Fig. 2   Location map of the sampling sites. Seven water bodies [Filón 
Norte (FN), Filón Sur (FS), Filón Centro (FC), Sierra Bullones (SB), 
Embalse Grande (EG), Th18, and Embalse del Pino (EP)) sampled in 
the Tharsis Mine (A), and five water bodies (Mina Lagunazo (ML), 

Embalse Lagunazo (EL), Laguna Lagunazo A, B, and (LLA, LLB, 
and LLC, respectively)] in Lagunazo Mine site (B). Red diamonds 
indicate the water samples collection

http://www.micasense.com/
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capable of obtaining information in the coastal blue 444 nm 
(28), blue 475 nm (32), green 531 nm (14), green 560 nm 
(27), red 650 nm (16), red 668 nm (14), red edge 705 nm 
(10), red edge 717 nm (12), red edge 740 nm (18), and NIR 
842 nm (57). Micasense RedEdge-MX Dual is a lightweight 
camera of 508.8 g with a ground sample distance (GSD) of 
8 cm at the selected flight altitude of 120 m, a capture rate of 
1 capture per second of 12-bit RAW, and a 47.2 field of view 
(FOV) for the ten bands. The sensor resolution is 1.2-meg-
apixel for each of the multispectral bands and 3.2-megapixel 
for the RGB captures. It is equipped with a GPS, a down-
welling light sensor (DLS 2), and MicaSense’s calibrated 
reflectance panel (CRP; Fig. 3D). It also features a global 
shutter on the 10 lenses to avoid issues related to the move-
ment of the UAS during the flight. While the GPS is used for 
georeferencing, the last two (DLS 2 and CRP) are necessary 
for the radiometric calibration on the ambient light changes 
during the flight. For this purpose, a picture of the CRP 
was taken before and after the flight to capture the lighting 
conditions. The UAS flights were performed using the DJI 
GS Pro planning software, which ensured the autonomous 
take-off, flight, and landing of the UAS.

The water bodies sampled on July 7th were SB, FN, FS, 
and EP (Fig. 2, OR Table S-1). On July 8th, the flight was 
performed over EG and Th18. Finally, on the 7th of October, 
the water bodies located in the Lagunazo area (EL, ML, 
LLA, LLB, LLC) were overflown, and three water bod-
ies located in the Tharsis complex (FN, SB, and EG) were 
repeated to verify the results obtained in the previous cam-
paign. For all the missions, the height was set at 120 m AGL 
(above ground level) altitude to ensure a ground sample dis-
tance (GSD) of 8 cm/pixel, the overlapping was set at 80% 
frontal and 75% side image overlap, the grid was simple, 
and the speed was set at 10 m s−1. It is assumed that all of 
the multispectral imagery was in the nadir position due to 
the location of the camera. No ground control points (GCPs) 
were added to the flights since the Micasense sensor has an 
integrated GPS that geo-tagged each of the images acquired 
by the UAS.

Pix4D mapper (Pix4D S.A., Lucerne, Switzerland, 
https://​www.​pix4d.​com/) was the Structure from Motion 
(SfM) software used to process the multispectral images. 
This software performs the radiometric processing and cali-
bration using the parameters written in the EXIF metadata 

Fig. 3   Photographs of the zone: 
Filón Sur (A), Embalse del 
Pino (B), DJI Matrice 210 V2 
RTK with the sensor Micasense 
RedEdge-MX Dual Camera 
(C), MicaSense’s Calibrated 
Reflectance Panel (CRP) (D), 
CrisonMM40 þ multimeter (E)

https://www.pix4d.com/
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and related to the camera, as well as the CRP to calculate 
the absolute irradiance and the DLS data for normalizing 
each image for changes in the incoming radiation during the 
flight. The final products of the process are 10 single reflec-
tance calibrated GEOTIFFs. These maps contained reflec-
tance values ranging between 0.0 and 1.0 for each pixel. 
Atmospheric correction was not considered for the UAS 
imagery, since it is a close-range remote sensing approach 
and the atmosphere layer between the UAS and the ground 
is so thin that it can be ignored (Castro et al. 2020).

Reflectance Extraction

To perform the extraction of the spectral signature of each 
of the water bodies from the multispectral imagery, the cen-
troid of the water body shape was extracted and the mean 
reflectance value of all the pixel values included in a circular 
buffer of 3 m around each centroid point was estimated using 
the QGIS 3.10.7 Zonal Statistics Plugin. The centroid was 
set as a location that assures the absence of aquatic vegeta-
tion and avoids shallow waters since the chlorophyll and the 
bottom substrate may affect the water spectra (Zeng et al. 
2017). The buffer was set to consider the variability of pixel 
values due to the heterogeneous nature of water affected by 
environmental variables such as sunglint, waves, and parti-
cles in the water.

Model Calibration and Validation

The collected data were divided into two subsets, the model 
calibration (70%) and validation (30%) datasets, to ensure 
a wide range of the physicochemical variables to obtain a 
model as robust as possible. The waterbodies flights from 
July (EP) and October (FC, FN, EG, EL, ML, SB, LLA, and 
LLB) were used for the model calibration, while the valida-
tion dataset comprised the Th18, EG, and FS flights from 
July and LLC from October.

Many authors have found a better relationship between 
transformed chemical parameters and spectral satellite data 
(Bonansea et al. 2015; Brezonik et al. 2005; Sriwongsitanon 
et al. 2011), so the chemical parameters were ln-transformed 
to assess possible stronger correlation to the spectral data. 
To determine which spectral bands and spectral band com-
binations (SBCs) were the best predictor for each chemical 
parameter, a correlation analysis was carried out between 
the raw and the ln-transformed chemical data vs. the mean 
reflectance values of the 10 spectral bands and the tested 
SBCs, which are either an index or a ratio (Bonansea et al. 
2015). The Shapiro–Wilks’ test (p > 0.05) was used to test 
for normality in the raw and ln-transformed parameters. 
Only normal distributed data were used in this study and 
correlations based on bivariate analysis were tested using 
Pearson-r.

Using the model calibration dataset, empirical models were 
constructed relating the mean reflectance values of the signifi-
cant bands and/or the SBCs as the predictable variable with the 
chemical data and ln-transformed chemical data as the depend-
ent variable. A total of 17 water quality parameters (pH, ORP, 
EC, Al, Ba, Ca, Cu, Fe, K, Mg, Mg, Na, P, S, Si, Sr, and Zn), 
the 10 sensor’s spectral bands, and 10 SBCs (Table 1) were 
considered in this study. To ensure reliable models, SLR and 
MLR were tested using a stepwise selection method.

The two best-performing models per chemical parameter 
were chosen statistically according to five factors, the: coef-
ficient of determination (R2), adjusted coefficient of determi-
nation (AdjR2), standard error of estimation (SEE), Akaike 
information criterion (AIC), and significance (p) value (Abdel-
malik 2018). All of the correlation and regression analyses 
were performed using the IBM SPSS statistics (IBM 2020).

Once the two best fits for each chemical parameter were 
determined, the prediction quality of the models was assessed 
using the validation dataset. The performance metric statis-
tics calculated were: root mean square error (RMSE, Eq. 1), 
normalized root mean square error (RMSE%, Eq. 2), mean 
absolute percentage error (MAPE, Eq. 3, 4), and bias (Eq. 4) 
(Castro et al. 2020).

(1)RMSE =

�∑n

i=1
(M

i
− O

i
)2

n

(2)RMSE% = 100
RMSE

1

n

∑n

i=1
O

i

Table 1   List of spectral band combinations (SBCs) tested in this 
study

a Normalized difference vegetation index (NDVI; Rouse and Space 
1978)
b Normalized difference water index (NDWI; McFeeters 1996)

Algorithm Band math References

A1 (NDVI)a (NIR-R650)/(NIR + R650) Rouse and Space (1978)
A2 (NDWI)b (g560-NIR)/(g560 + NIR) McFeeters (1996)
A3 r650/re705 Simple ratio
A4 re705/nir Simple ratio
A5 (g531/g560)*r650 Three-band algorithm
A6 (re705/re717)*r668 Three-band algorithm
A7 (g560*g531)/b475 Three-band algorithm
A8 (g560-g531)/b475 Three-band algorithm
A9 (g560/g531)*b475 Three-band algorithm
A10 (re705/r650)*g531 Three-band algorithm
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where M is the modeled value, O is the observed value, and 
n is the sample size.

Results and Discussion

Water Quality and Airborne Surveys Data

Supplemental table S-1 (OR) summarizes the results of the 
in situ and laboratory measurements of the water quality 
parameters, which are representative of the water surface 
layer’s composition at the time of sampling. According to 
the data, the waterbodies selected show a wide range of 
water compositions, from neutral to extremely acidic pH 
(< 1–7.8) and from low to high metal-enriched solutions 
(e.g. 0.04–4795.70 mg L−1 Al, 0.04–318.67 mg L−1 Mn, 
0.06–2011.35 mg L−1 Zn). The pH, EP, FC, FN, FS, SB, 
ML, TH18, LLA, LLB, and LLC were acidic (pH < 1–3.8) 
while EG and EL were non-acidic (pH 6.6–7.7).

Apart from the physicochemical composition, the water 
bodies can be grouped based on their colors. According to 
some authors, the color of non-acidic waters mainly depends 
on the amount of organic matter, algae, suspended particu-
lates, and nutrients (Ye et al. 2018). Thus, while EG and 
ML (Fig. 2) have shades of brown or green, EP and ML 
present greenish-blue color (Fig. 3B), and the rest of the 
acid water bodies have a dark reddish-brown color (Fig. 3A). 
The Fe2+ ions give water a greenish color and when Fe3+ 
ions are more abundant, they are responsible for giving the 
water an intense red color (Davies and Calvin 2017; Flores 
et al. 2021; Riaza et al. 2014; Schroeter and GläÄer 2011). 

(3)MAPE =

∑n

i=1

�Mi−Oi�
Oi

n

(4)bias =

∑n
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�
M

i
− O

i

�

n

Although in this study, the Fe speciation was not quantified, 
the ORP values around 500 mV that were found in all of the 
dark reddish-brown acid waters indicate oxidized aqueous 
environments and the prevalence of ferric iron (Flores et al. 
2021). In contrast, in the greenish-blue acidic water bodies 
(i.e. EP and ML), the redox potential is around 300 mV, 
suggesting that Fe2+ ions prevail over Fe3+. The dissolved 
iron composition in the dark reddish-brown acid waters was 
between 352.37 (TH18) and 68,940 (LLB) mg L−1, while 
it ranged between 0.05 (EL) and 0.99 (ML) mg L−1 for the 
rest of the water bodies.

The color difference can be observed in the spectral sig-
natures of the water bodies shown in Fig. 4, where EG and 
EL (Fig. 4A) displayed higher overall reflectance in the 
blue-green region of the spectrum than the rest of the acid 
waters (Fig. 4B), with decreasing reflectance towards longer 
wavelengths of up to 842 nm. In dark waters, most of the 
incident radiation is absorbed by the water body, and so the 
energy captured by the sensor decreases. For this reason, the 
spectral signatures of the dark reddish-brown color water-
bodies have lower reflectance values over the entire analyzed 
spectrum. This spectral behavior can also be explained by 
another variable, turbidity, which is particularly important in 
remote sensing because it enhances the energy flux reaching 
the sensor due to the backscattering produced by the parti-
cles present in the water (Moore 1980; Sagan et al. 2020; Ye 
et al. 2018). In this sense, EG and EL were the only water-
bodies that presented considerable turbidity values (8.69 
and 30.35 FTU, respectively; Table S-1), ML presented 1.02 
FTU, while the rest of the measured waterbodies had values 
near 0 FTU. In this case, the analyzed acidic waters had no 
significant turbidity, again decreasing the remote signal in 
the visible and NIR spectrum.

Model Calibration and Validation

Bands and SBCs correlation was calculated between the 
Micasense Rededge MX-dual data and the in situ/laboratory 

Fig. 4   Spectral signature of the sampled water bodies. A EG and EL 
are non-acid waters, EP and ML are greenish-blue acid waters. B FC, 
FN, FS, TH18, SB, LLA, LLB, and LLC are dark reddish-brown acid 

waters. Vertical gray lines indicate the spectral bands collected by the 
sensor at 444, 475, 531, 560, 650, 668, 705, 717, 740, and 842 nm
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measurements. The elements K, P, Na, and Sr did not show 
a significant correlation with any spectral band, and so were 
discarded from the model calibration (OR Table S-2). The 
parameters correlated to a band or SBC with a Pearson coef-
ficient exceeding 0.8 were used to construct different SLR 
and MLR models (OR Table S-3). The best two perform-
ing models of each parameter were chosen, considering that 
R2 and AdjR2 should be close to one and SEE, AIC, and 
p value should have low values. LLC, EG, TH18, and FS 
flight data were used to validate the models. Among the 
various regression representations, the models having the 
best performance metric statistics were selected as the final 
model to predict the spatial distribution (Table 2). Addition-
ally, Fig. 5 shows the relationship between observed and 
modeled values derived from the Micasense RedEdge-MX 
Dual multispectral imagery, confirming the robustness of the 
best-performing models. The high value of the coefficients 
of determination (R2 between 0.81 and 0.98) showed very 
strong relationships.

The lowest values of RMSE% registered by the selected 
models (RMSE% = 4 for ln(ORP) and RMSE% = 12 for 

ln(Ca) reflected the good predictive capability of the mod-
els. Ln(Al), ln(Ca), and ln(Mn) showed a tendency to under-
estimate the observed values (bias ranging from − 0.11 to 
− 0.73), while the rest of the models tended to overestimate 
the real values, giving a positive bias (from 0.0 to 0.75). 
Even though ln(Ca) showed good results in the model cali-
bration and the validation metrics were better than other 
models, the graphical output showed a poor correlation 
between observed and modeled values (R2 = 0.56) (Fig. 5, 
OR Fig. S-1). Due to the low accuracy in the prediction, 
ln(Ca), Ba, and ln(Mg) were dismissed (0.42 < R2 < 0.70) 
(OR Fig. S1). The rest of the models presented good fit-
ness between modeled and observed values, with R2 val-
ues between 0.81 and 0.99, showing robust relationships 
between the spectral and physicochemical data. Ln(Si) had 
the best correlation between modeled and observed val-
ues R2 = 0.99) (SI Fig. S-1) and low RMSE% value (18%, 
Table 2).

The AMD-affected waters had a very high concentra-
tion of dissolved inorganic elements, especially Fe ions 
(Davies and Calvin 2017; Riaza et al. 2014; Schroeter and 

Table 2   Performance metric 
statistics for the best-fitted water 
quality parameters

Bold data indicates the selected model for the spatial distribution maps
SLR simple linear regression, MLR multiple linear regression

WQP Regression Candidate model RMSE RMSE% MAPE Bias

pH SLR 3.017–8.116*A1 0.85 30 0.27 0.55
MLR 2.046–5.674*A1 + 56.413*A7 0.43 15 0.19 0.31

ln(ORP) SLR 6.397–25.657*A7 0.22 4 0.03 0.16
MLR 6.265–65.699*A7 + 57.656*g560 0.24 4 0.04 0.17

ln(EC) SLR 3.633–138.510*g531 0.53 32 0.04 0.09
SLR 3.460–128.212*g560 0.59 35 0.15 0.02

ln(Al) SLR 7.361–213.119*A7 0.83 19 0.06 0.57
MLR 6.230–142.199*A7 + 6.751*A1 0.61 14 − 0.04 − 0.17

Ba SLR 0.003 + 0.818*g560 0.01 57 0.97 0.00
SLR 0.005 + 0.589*A7 0.01 60 1.00 0.00

ln(Ca) SLR 6.223–81.167*g531 0.59 12 0.10 − 0.11
SLR 6.142–76.486*g560 0.63 13 0.10 − 0.15

ln(Cu) SLR 3.467–8.490*A2 2.11 68 0.05 − 1.16
SLR 4.957–170.154*A7 1.77 57 0.17 1.09

ln(Fe) SLR 9.489–275.345*A7 1.38 25 0.01 0.75
7.794–367.208*A7 + 597.606*re740 3.88 71 0.27 − 2.76

ln(Mg) SLR 6.606–114.772*g531 0.71 14 0.10 0.13
SLR 6.448–105.262*g560 0.72 14 0.10 0.07

ln(Mn) SLR 3.661–6.690*A2 2.98 166 0.28 − 2.51
SLR 4.865–135.763*A7 1.35 75 0.056 − 0.73

ln(S) SLR 9.874–181.692*g560 1.10 14 0.09 0.33
SLR 9.531–130.218*A7 1.08 14 0.11 0.36

ln(Si) SLR 4.336–99.318*A7 0.51 18 − 0.19 0.19
MLR 9.140–77.383*A7–4.872*A3 0.76 27 − 0.33 − 0.65

ln(Zn) SLR 6.259–184.166*A7 1.33 40 0.11 0.22
MLR 12.536–155.498*A7–6.368*A3 1.82 55 0.40 − 0.88



	 Mine Water and the Environment

1 3

GläÄer 2011). Fe concentrations can affect other water 
quality parameters, such as pH, ORP, and EC (Davies 
and Calvin 2017). Previous studies have shown that the 
spectral region between 400 and 600 nm may be used to 
quantify Fe3+ concentration (Crowley et al. 2003; Davies 
and Calvin 2017). In this study, the correlation of pre-
dicted concentration values of ln(Fe) from remote sensing 
data with physicochemical data shows the highest corre-
lation (r = − 0.93) with the SBC A7 [(g560*g531)/b475] 
(Table 1), a green–blue ratio. Furthermore, the resulting 
regression models showed a strong association of A7 
to ln(Fe), ln(ORP), ln(Cu), ln(Mn), ln(Si), and ln(Zn) 
(Table 2), indicating that these parameters are sensitive 
in the visible spectra. This characteristic is also true for 
ln(EC) and ln(S), whose models fit with the green bands 
g531 and g560, respectively. On the other hand, pH and 
ln(Al) were best estimated with A7 and A1. A1 is the 
NDVI index, which has previously shown a good correla-
tion with other chemical parameters such as phosphate and 
turbidity (Mushtaq and Nee Lala 2017).

Few studies have quantitatively analyzed water bodies 
in mining environments applying remotely-sensed spectra 
to compare with the above findings. Schroeter and Gläβer 
(2011) characterized some water quality parameters in 
lignite mining lakes, among them pH and Fe. They used 
a bivariate correlation between Landsat TM satellite data 
and the chemical analysis, but no models were developed. 
The highest correlation was found between the red band 
and Fe (r = 0.645), while pH and the red band were poorly 
correlated (r =  − 0.378). However, in the present study, 
the correlations found were stronger for both parameters. 
The pH was correlated with r650 (r = 0.765) but had the 
highest correlation with A1 (r = − 0.92). The Fe concen-
tration was also correlated with r650 (r = − 0.66), having 
the best correlation with A7 (r = − 0.93). Tesfamichael 
and Ndlovu (2018) estimated physicochemical param-
eters from ASTER and Landsat imagery in a gold mining 
area. Both satellites performed similarly in estimating Eh 
and Ca (0.25 < R2 < 0.36 and 19 < RMSE% < 56). Redox 
potential was estimated using the blue band (Landsat) and 

Fig. 5   Best performing models for retrieving physicochemical parameters from Micasense RedEdge-MX Dual multispectral imagery. All the 
models were performed with ln-transformed data, except pH
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SWIR 6 (ASTER); while Ca was estimated using short-
wave infrared band (Landsat) and NIR (ASTER). In this 
study, ORP was best estimated using A7 (R2 = 0.85 and 
RMSE% = 4) and ln(Ca) using g531 (R2 0.56 and RMSE% 
12). In light of this, the models generated with UAS-multi-
spectral imagery were different in the selected bands when 
compared with previous studies but the accuracy of the 
obtained models was higher, enhancing the value of low 
altitude remote sensing at a local scale.

In addition, Modiegi et al. (2020) assessed the perfor-
mances of individual and combined bands of Landsat, 
ASTER, Sentinel 2, and SPOT 6 as predictors of water 
quality parameters of a river in a mining area. Results 
showed that Sentinel-2 and Landsat data had the best per-
formance for most of the parameters due to their band 
composition, which is similar to the sensor used in this 
study, whose band distribution allows comparing the 
UAS data directly with Landsat and Sentinel images. This 
characteristic of the sensor provides a monitoring tool to 
quantify pollutants in AMD-affected water bodies at a 
catchment scale.

Spatial Distribution Maps

To show the real potential of UAS for monitoring acidic 
water and predicting water quality parameters, the empiri-
cal relationships obtained were extended to the validation 
dataset, producing spatial distribution maps for each stud-
ied parameter. The LLC maps are shown in Fig. 6, while 
the rest of them are in supplemental Fig. S-2, S-3, and S-4 
(OR). The maps show that according to the physicochemi-
cal concentrations, LLC, FS, and TH18 are highly affected 
by AMD, while EG is a non-acidic dam. The higher values 
of pH (up to 7) were found in EG, while extremely acidic 
waters were found in LLC, FS, and TH18 (below 1). Fur-
thermore, the lowest values of ORP, EC, Al, Cu, Fe, Mn, 
S, Si, and Zn were found in EG. In contrast, LLC has the 
most extreme concentrations of toxic elements, which could 
be due to a modification in the dissolution‒precipitation 
processes caused by the water flowing through the waste 
dump and the presence of pyritic ash (Sarmiento et al. 2018; 
Soyol-Erdene et al. 2018). In LLC, the water is stagnant and 
its composition is expected to be homogeneous throughout 

Fig. 6   Spatial distribution maps for the estimated water quality parameters in Laguna Lagunazo C (LLC), which was sampled on the 7th of 
October 2020
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the water surface. Nevertheless, Fig. 6 shows that the surface 
water intake at the right edge has a different composition 
from the rest of the water body.

In FS, TH18, and EG (supplemental Fig. S-2, S-3, and 
S-4), the surface water composition data is noisy. The pres-
ence of noise is due to non-ideal environmental conditions, 
e.g. sunglint and wind-driven waves. The portion of down-
welling irradiance that is reflected from the surface back to 
the atmosphere originates sunglint, which causes a variation 
in the spectra. Waves also modify the water reflectance by 
changing the line of sight from the sun to water to sensor 
generating glint and shadows pixels (Dekker et al. 2006; 
Zeng et al. 2017). Thus, these environmental conditions 
should be avoided in future flights.

Conclusions

The current study demonstrates that the use of empirical 
models to generate spatial distribution maps can be an effec-
tive and easily applicable monitoring tool in AMD-affected 
sites. Moreover, the commercial Micasense RedEdge-MX 
Dual sensor performed well in predicting several water qual-
ity parameters, which is especially valuable for small water 
bodies that cannot be monitored by satellites due to low spa-
tial resolution. The results obtained here are intended to con-
tribute to water resources management and decision-making 
during the exploitation and closure phase of mining sites. 
Once the models have been calibrated, they can be applied 
to new UAV surveys without the necessity for further water 
quality data collection, making them a more affordable and 
less-time consuming tool than traditional monitoring. It is 
noteworthy that empirical models are data-driven and are 
based on in situ water quality measurements (Chawla et al. 
2020; Sagan et al. 2020). Thus, the models found in this 
study should be calibrated for application in other loca-
tions, water type, and/or season. Also, studies should be 
done to investigate the influence of seasonal variability on 
the reflectance values of the water bodies due to changes in 
the dissolved pollutant concentrations (Moreno González 
et al. 2020).
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