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Abstract

:

It is a well-known fact that water bodies are crucial for human life, ecosystems and biodiversity. Therefore, they are subject to regulatory monitoring in terms of water quality. However, land-use intensification, such as open-cast mining activities, can have a direct impact on water quality. Unfortunately, in situ measurements of water quality parameters are spatially limited, costly and time-consuming, which is why we proposed a combination of hyperspectral data, in situ data and simple regression models in this study to estimate and thus monitor various water quality parameters. We focused on the variables of total iron, ferrous iron, ferric iron, sulphate and chlorophyll-a. Unlike other studies, we used a combination of airborne hyperspectral and RGB data to ensure a very high spatial resolution of the data. To investigate the potential of our approach, we conducted simultaneous in situ measurements and airborne hyperspectral/RGB aircraft campaigns at different sites of the Spree River in Germany to monitor the impact of pyrite weathering on water bodies after open-cast mining activities. Appropriate regression models were developed to estimate the five variables mentioned above. The model with the best performance for each variable gave a coefficient of determination R2 of 64% to 79%. This clearly shows the potential of airborne hyperspectral/RGB data for water quality monitoring. In further investigations, we focused on the use of machine learning techniques, as well as transferability to other water bodies. The approach presented here has great potential for the development of a monitoring method for the continuous monitoring of still waters and large watercourses, especially given the freely available space-based hyperspectral missions via EnMAP.
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1. Introduction


The abundance, distribution and use of water are becoming ever more critical on a global scale [1]. Nevertheless, water is a decisive factor in the evolution, distribution and maintenance of ecosystems and biodiversity. Severe anthropogenic influences (e.g., eutrophication, extraction, contamination, sewage, toxins, coal mines and climate change) have already led to a partially irreversible deterioration and disturbance of freshwater ecosystems, their associated biodiversity and their loss of ecosystem services.



Lignite and coal are important energy sources in many countries. However, mining directly and indirectly affects surrounding ecosystems and nearby water bodies [2]. Before contaminated water is discharged into local surface waters, it is often collected in sedimentation ponds and treated with lime [3]. The liming process generates copious amounts of chemically stable sludge, which contains heavy metals. Furthermore, the groundwater level is also lowered during open-cast mining activities. In areas with soils containing iron disulphide minerals, e.g., marcasite or pyrite, low groundwater levels enable the reaction between these minerals, atmospheric oxygen and precipitation water, which leads to the decomposition of the minerals into sulphate, ferrous iron (Fe(II)) ions and hydrogen [4,5]. The low groundwater level also has a negative impact on the surrounding flora and fauna, as well as stream biodiversity [6,7,8,9]. When the open-cast mining activities are over, renaturation occurs and the groundwater rises naturally. Through this process, the products of pyrite weathering reach the local surface waters through aquifers [6]. In the oxygen-rich surface waters, the Fe(II) ions oxidise to ferrous iron (Fe(III)) ions and flocculate, leading to an ochre-like colouring of the water, which is consequently called ochre-coloured water. The ochre causes high turbidity in the water, and the deposition of iron precipitates, thus attenuating the living conditions for sediment dwellers. As a result, biodiversity in the affected areas decreases [10].



Monitoring of the effects of open-cast mining and subsequent renaturation using in situ measurement methods has been carried out for some time now. However, extensive temporal and spatial studies are time- and cost-intensive [11]. Airborne and spaceborne multispectral [12] and hyperspectral remote sensing (RS) [13] provide an alternative approach for monitoring various water quality indicators [14,15]. RS approaches provide continuous spatial and temporal maps of specific water quality parameters. Furthermore, they enable efficient, repeatable and standardised monitoring of a specific area and the identification and quantification of water constituents [12,16].



Owing to technical and methodological developments, hyperspectral RS is being increasingly used to derive water quality parameters, such as chlorophyll a (Chl-a) content [17], turbidity and visibility [18], depth [19] or coloured dissolved organic matter (CDOM) [17]. The quality of RS approaches and algorithms was greatly improved by the use of in situ monitoring data for calibration and validation. The use of hyperspectral RS approaches to detect water characteristics will play a crucial role in the regional and global monitoring of water quality indicators in the context of existing and future hyperspectral satellite missions, such as the DLR Earth Sensing Imaging Spectrometer (DESIS) [20], the Environmental Mapping and Analysis Program (EnMAP) [21], the PRecursore IperSpettrale della Missione Applicativa (PRISMA) [22] or the Hyperspectral Imager Suite (HISUI [23]).



Knowledge of the traits of water and its dissolved and particulate components forms the basis for numerous RS algorithms [24,25]. Consequently, all optically active water constituents determine the reflectance (RRS) of the water through the specific absorption and backscattering behaviour per wavelength [26]. On the other hand, the RS of water constituents often relies on empirical models [16,25,27]. These models try to establish statistical relationships between remote sensing signals and in situ data from locally collected water samples. In empirical models, mechanistic explanations based on the radiative transfer equation are considered from statistical correlations. For waterbodies with similar optical properties, empirical models based on a limited amount of local field data may provide fast and accurate results with a high spatial resolution for a specific aquatic environment [28].



The relevant spectral range to derive optically active water constituents, i.e., CDOM, phytoplankton and total suspended matter (TSM) [25,29], ranges between 400 and 1000 nm. Water absorbs a large amount of sunlight and exhibits low backscattering behaviour, which only increases within the wavelength range of 400 to 500 nm [30]. CDOM mainly absorbs light within the wavelength range of 400 and 500 nm [31,32]. Therefore, most CDOM-derivation models are based on this wavelength range [33]. Humic substances and other dissolved organic carbon (DOC) are often assigned to this group. Phytoplankton is one of the living and particulate components of waters measured using RS and Chl-a, which is a key molecule of photosynthetically active organisms that is often used as an indicator of biomass production. The spectral characteristics of Chl-a include the low reflectance between 400 and 500 nm [32] and maximum reflectance at 580 nm [27,30]. The non-living particulate matter can be assigned to TSM. This group includes particulate organic deceased matter or small sand particles [30]. Water bodies with a high TSM concentration exhibit increased backscattering behaviour. In addition to the abovementioned active water constituents, TFe, Fe(II), Fe(III) and sulphate also affect the water colouring.



Repic et al. [34] already used multispectral video data with three spectral channels in the wavelength range from 400 to 1500 nm to detect the iron ions of two abandoned open pit lakes. Furthermore, Anderson and Robbins [35] developed a method to spectrally discriminate acid mine drainage (AMD) and natural streams using water samples, in situ spectral data and multispectral RS data. They found that a pH < 4 may have prevented the oxidation of Fe(II) to Fe(III). As a result, iron could not precipitate in the form of Fe(III). On this basis, Anderson and Robbins [35] found wavelengths at 650 nm and 750 nm to be very sensitive to iron oxides. Williams et al. [36] used the same airborne multispectral video system to identify and map AMDs. At a pH of 3.2 and 6.9, they were able to show that the 650 and 750 nm wavelengths were sensitive enough to visualize the ochre precipitates of the mine water.



Following the initial studies on AMDs, in subsequent years, research focused on open-cast mining residual lakes [30,37,38].



In recent decades, significant progress was achieved in monitoring and assessing the quality of inland waters using RS [12,15,25]. Through improved computer-based interpretation techniques and spectrally (up to 3.25 nm per channel) plus spatially (up to 50 cm ground sampling distance) high-resolution satellites, coastal zones and lakes were increasingly monitored [39,40,41]. Owing to their small spatial extent and complex chemical composition, small watercourses have received relatively little attention [42] and the focus of previous analyses was on very wide rivers, such as the Mississippi, the Gironde or the Rhein, and river estuaries [13,43,44,45,46].



By using the institute’s own gyrocopter with extensive sensor technology (hyperspectral/RGB/TIR), Fe(II) and Fe(III) were thus recorded, modelled and derived separately for the first time with low spatial RS data resolution (50 cm), even with lower concentrations of iron for smaller flowing watercourses with a neutral pH.



The objectives of this study were as follows:




	
To show that airborne hyperspectral/RGB RS technologies are suitable for monitoring water quality parameters for small streams.



	
To propose simple linear modelling approaches for modelling and predicting TFe, Fe (II), Fe(III), sulphates and Chl-a in ochre streams.



	
To develop and test a robust procedure to derive TFe, Fe(II), Fe(III), sulphates and Chl-a based on airborne hyperspectral RS data and simultaneous field sampling in a river section influenced by mining activities.



	
To transfer the point results from the in situ field sampling to the area.



	
To discuss the framework conditions as well as the limitations of the presented approach.









2. Materials and Methods


2.1. Study Area


The study area was located southeast of Berlin in Lusatia along the River Spree and extended from the village Ruhlmühle to the end of the Spremberg reservoir (Figure 1). The flow direction of the Spree was from south to north.



Open-cast lignite mining in Lusatia has the greatest impact on this section of the river [47]. Increased loads from the products of pyrite weathering into the Spree River caused (1) an increased concentration of sulphate, (2) an increased concentration of Fe(II) and Fe(III), and (3) increased turbidity of the water body owing to sludge formation.



In the mid-20th century, the groundwater level in the study area was lowered significantly due to open-cast mining. Consequently, the pyrite in the soil reacted with oxygen in the air and precipitation water (Figure 1) and subsequently disintegrated into Fe(II), sulphate and hydrogen ions. Following the implementation of recovery measures in 1990, many open-cast mines were closed and flooded via the natural process. Thus, the groundwater level rose in many parts of the mining area [48]. The products of pyrite weathering in the hydrosphere reached surrounding surface waters via aquifers. The Fe(II) ions were oxidized in the oxygen-rich water to Fe(III) ions [5].



In pH-neutral water bodies, Fe(III) ions were hydrolyzed to ferrous-oxyhydroxide (Fe(III)-oxyhydroxide) and flocculated [5,49]. A Fe(III)-hydroxide concentration of 2 mg/L causes the water to appear yellow-to-reddish-brown in colour [50,51]. The process of iron clogging is schematically summarized in Figure 2.



The municipalities of Ruhlmühle and Spreewitz, the mouth of the industrial canal of Schwarze Pumpe industrial park, the pre-dam Bühlow and the Spremberg reservoir were significant spots in the study area (Figure 1). Analyses conducted by Bilek and Koch [6] showed the discharge of Fe(II) loads from anoxic groundwater into the oxygen-rich river water. Uhlmann et al. [52] observed the input of large amounts of Fe(II) into the river at the village Ruhlmühle (SP 1 in (Figure 1). In the oxygen-rich water and under natural pH conditions, the Fe(II)-oxide flocculated out as Fe(III)-oxyhydroxide, causing an ochre colour in the river water.



At Spreewitz (SP 7 in Figure 1), the Kleine Spree River flows into the Spree River and is enriched with iron. In the south of Trattendorf town (SP 8 in Figure 1), the canal from the Schwarze Pumpe industrial park increases the sulphate concentration in the Spree River. The treatment of the water in a pre-dam of the Spremberg reservoir (Bühlow) is intended to increase iron retention [53] (SP 18 in Figure 1). In the Spremberg reservoir, the reduced flow velocity leads to the deposition of Fe(III)-oxyhydroxide, as well as reduced turbidity (between SP 18 and 19 in Figure 1). This process significantly reduces the brown colouring of the Spree below the Spremberg reservoir.




2.2. In Situ Data


On 22 September 2019, a field campaign was conducted to simultaneously collect RS data and field samples to develop empirical derivation models. Water samples were taken between 10 a.m. and 2 p.m. at the same time that a gyrocopter flew over (see Section 2.3) using a scoop down to a depth of 30 cm. Thus, every sample represented a composite sample of the top water column. The in situ data served as reference data for the development of additional empirical models in order to derive the distribution of water constituents over an extensive area from airborne hyperspectral data.



The total iron (TFe) was measured following digestion with 2 mL of H2O2 (5%) and 2 mL of H2SO4 (5 M) according to DIN 38406 using flame-atomic absorbance spectroscopy (AAS PinAAcle 900T, PerkinElmer, Waltham, MA, USA). The dissolved Fe(II) analysis was prepared on site according to DIN 38406 by stabilizing 15 mL of the filtrated water sample with 0.15 mL of 5 M sulphuric acid and storing it free of air bubbles. On the same day, the concentration of Fe(II) was determined photometrically after complexation with 1.10 phenanthroline (Spekol 1500, Analytik Jena, Jena, Germany). The total Fe(III) concentration was calculated using the difference between the TFe concentration and the Fe(II) concentration. Sulphate was determined according to DIN EN ISO 10304-1 by filtering the water sample on site. The sulphate concentration was quantified using ion chromatography (Compact IC Flex 930, Metrohm, Switzerland). To determine the dissolved substances, the sample was filtered using a syringe with a 0.45 µm filter (cellulose acetate; Whatman GmbH, Dassel, Germany). The unfiltered water samples for determining the Chl-a concentration were stored on site in 1 L vessels in a dark and cool place and processed further within 24 h. In the laboratory, the analysis was performed via HPLC (Waters Alliance, Milford, MA, USA) according to the procedure reported by Mehnert et al. [54]. The uncertainty of the analytical replicates in these analyses was typically <3%.




2.3. Remote Sensing Data


The gyrocopter at the Institute for Geoinformation and Surveying of the Anhalt University (see Figure 3) was used to record the hyperspectral RS data (HySpex VNIR, VSWIR) in the research area within the wavelength range of 400–2500 nm. The flight altitude was 600 m. Usually, hyperspectral data within the wavelength range of 400–1000 nm are used to derive water constituents. Because of the high turbidity and high TFe concentration throughout the study area, the wavelength range of 1000–2500 nm will be investigated further.



For the monitoring, the digital camera NIKON D800e (see Figure 3c) and the hyperspectral sensors HySpex VNIR 1600 (400–1000 nm) and HySpex SWIR 384 (1000–2500 nm) from Norsk Elektro Optikk AS (Neo) were used as optical sensors (see Figure 3d,e). An inertial navigation system (INS) was used for the high-precision acquisition of position and orientation data. The INS consisted of a GNSS receiver from PPM and an inertial measurement unit (IMU) from iMAR (see Figure 3f,g). The sensors are triggered automatically by the flight management software Aviatrix.



To detect small but significant spectral differences, the spectral sampling rate of the HySpex VNIR was set to a bandwidth of 7.4 nm. This resulted in 80 channels within the spectral wavelength range of 400–1000 nm. At an altitude of 600 m, the ground-sampling distance (GSD) was 20 cm. The data from the HySpex SWIR had a spectral sampling rate of 5.45 nm with 288 channels within the wavelength range of 1000–2500 nm. The GSD of the HySpex SWIR was 60 cm at a flight altitude of 600 m.



As a basis for processing the hyperspectral data, a near-true orthophoto with a GSD of 6 cm was calculated from the RGB images using the structure from motion (SfM) algorithm [55]. This served as the basis for determining the boresight angle for processing the hyperspectral data. These data were rectified, georeferenced and atmospherically corrected using PARGE Version 3.3 [56] and ATCOR-4 Version 7.2 [57] software. Owing to the flight altitude of 600 m and a field of view of the hyperspectral sensors of 34° and 32°, respectively, adjacent and atmospheric effects significantly influenced the hyperspectral images.



The atmospheric correction was carried out with the ATCOR software using an urban model based on the presence of open-cast mines, industry and urban areas. Specific absorptions and reflectances of the atmosphere influence a large part of the measurable radiance, which requires correction for reliable derivation [58]. For this reason, according to Ray [59], the determined pixel values represent an apparent reflectance (aRRS), which is comparable with the RRS in most cases.



Although aRRS is comparable to RRS, adjacent effects cannot be compensated for using an atmospheric correction because the information on the simultaneous illumination conditions is not available. To exclude these influences for subsequent calculations, the hyperspectral image data of the surrounding river environment were masked out, meaning that only the relevant spectral information of the river forms the basis of all subsequent model calculations. Adjacent effects can impair the measurable radiance through reflections and lead to saturation of the sensor [60]. The adjacent effects can be assigned, for example, to reflections of solar panels or waves from the water body or even shadows from vegetation on the water’s surface. If these influences could also be seen on the water’s surface, they were also masked.




2.4. Model Development for the Area-Wide Derivation


The empirical approach links the in situ sampling points (SPs) and airborne hyperspectral RS data via regression to determine the coefficient of determination (R2) between them [26,61]. For the area coverage derivation of the water constituents, the workflow can be divided into six tasks: (1) image pre-processing, (2) data linking in two steps, (3) development of spectral indices, (4) data filtering using the standard deviation (SD), (5) regression determination and (6) derivation. Due to the two separate steps for linking the SP data with the RS data, an identification number (ID) was assigned to each SP (SP-ID) (see Figure 4).



Initially (task 1), the hyperspectral data was processed as described in Section 2.3. This was followed (task 2) by linking the in situ data with the hyperspectral data in two steps. First, the link was made through the GNSS position. This allowed for the extraction of specific spectral information for each sampling point and the assignment of the particular information to the sampling point identification number (SP-ID). Second, we linked the spectral indices based on specific wavelength bands with the in situ data. As described by Ulrich et al. [62] the spectral indices are based on previous studies on the determination of water quality [27,30,32,45,63,64,65,66], spectral simulations and analyses. Based on this, the following spectral indices were developed as a template (Equations (1)–(5); task 3):


Type 1 single Wavelength: SI 1 = RRS(b1)



(1)






  Type   2   Ratio :   S I   2 =    R  RS    (  b 1  )  −  R  RS    (  b 2  )     R  RS    (  b 1  )  +  R  RS    (  b 2  )     



(2)






  Type   3   Ratio :   S I   3 =    R  RS    (  b 1  )  −  R  RS    (  b 3  )     R  RS    (  b 2  )  −  R  RS    (  b 3  )    t  



(3)






  Type   4   Ratio :   S I   4 =    R  RS    (  b 1  )  −  R  RS    (  b 3  )     R  RS    (  b 2  )  +  R  RS    (  b 3  )     



(4)






  Type   5   Slope :   S I   5 =    R  R S    (  b 2  )  −  R  R S    (  b 1  )    b 2 − b 1    



(5)




where RRS: reflectance and b: band of the hyperspectral image.



To improve the derivation accuracy, the water samples were filtered using 2.5 times the SD to eliminate incorrect samples or analyses (task 4).



Next (task 5), suitable regression models were determined for each water constituent: TFe, Fe(II), Fe(III) and sulphate. For this purpose, each chemical parameter was related to 100 spectral indices and tested for linear, logarithmic, exponential and potential regressions (Equations (6)–(9)) following the general regression model presented by the International Ocean-Colour Coordinating Group [67].


  Linear   regression :    p ^  = α ×  (  S I  )  + β  



(6)






  Logarithmic   regression :    p ^  = α × l o g  (  S I  )  + β  



(7)






  Exponential   regression :    p ^  = β ×  e  α *  (  S I  )     



(8)






  Potential   regression :    p ^  = β ×    (  S I  )   α   



(9)




where   p ^  : parameter to be estimated in the quantitative unit;   S I  : spectral index; Ri: spectral band; and α and β: regression parameters between the spectral and in situ data.



The most suitable type was determined using the coefficient of determination (R2) value and stored with the corresponding regression parameters. Consequently, this procedure resulted in a specific regression model for each water constituent per spectral index for the area coverage derivation.



Finally, for the accuracy analysis, the RMSE and relative RMSE (rRMSE) values were calculated for 10 derivation models with the highest R2 (task 6). For this purpose, the derived concentrations at the sampling site were linked to the filtered limnic data. The rRMSE was calculated according to the procedure reported by Gao et al. [68] and Wang and Lu [69] (Equation (10)). This allowed for the most appropriate spectral index to be selected for each water body constituent.


  r R M S E    [ % ]  =   R M S E     O b s  ¯    × 100 %    



(10)




where     O b s  ¯   : mean value of the observations.





3. Results and Discussion


The limnological characteristics of watercourses influenced by mining differ from those of natural watercourses [37]. This is because of the geological conditions, the geohydrological processes of the mining areas and a rise in the groundwater level [38]. In this study, a framework consisting of simultaneous monitoring of in situ data and airborne hyperspectral/RGB data was presented, enabling the modelling of water quality indicators (TFe, Fe(II), Fe(III), sulphate and Chl-A).



3.1. In Situ Measurements of Water Quality


In situ data from 19 sampling locations were analysed for TFe, Fe(II), Fe(III), sulphate and Chl-A (see Table 1). Only 15 of the sampling locations were covered by the gyrocopter survey and used to calibrate the remote sensing data. Table 1 gives an overview of the monitored limnic parameters and their mean values, standard deviations, minima and maxima.



Figure 5 shows the plot of the distribution of the recorded in situ water parameter measurements for Chl-a, TFe, Fe(II), Fe(III) (Figure 5a) and sulphate (Figure 5b) based on a probability function. The value range of the sulphate concentration deviated strongly from the concentrations of the other water constituents.



Likewise, the correlation matrix (Table 2) shows that the in situ water parameters Chl-a, TFe, Fe(II), Fe(III) and sulphate were correlated with each other, making modelling and a clear delineation of the individual water parameters using hyperspectral data difficult. TFe and Fe(II) showed the highest correlations with r = 0.97. This indicates a high proportion of dissolved Fe(II) in the measured water depth of 30 cm. Furthermore, the water body might not have been completely saturated with oxygen on the day of the measurement. The correlation between Fe(III) and TFe was r = −0.50 and between Fe(III) and Fe(II) was r = −0.70. Both values indicated that the Fe(III) concentration increased or decreased inversely to the concentrations of TFe and Fe(II) (see Table 2).



Similarly, sulphate also showed a correlation of r = −0.58 with TFe and r =−0.70 with Fe(II). This was due to additional inputs of sulphate from the Schwarze Pumpe industrial park at sample point 8 (see Figure 1). Chl-a indicated a correlation of r = 0.79 with TFe and Fe(II). This indicated a uniform decrease of the Chl-a concentration in relation to the TFe and Fe(II) concentrations, resulting from the increasing ocherous colour due to the flocculation of the Fe(III) ions. Accordingly, the correlation between Chl-a and Fe(III) was r = −0.56. Moreover, Chl-a also showed a correlation of r = −0.84 with sulphate.



Figure 6 shows five spectra within the wavelength range of 415 to 1615 nm. The corresponding chemical parameters are listed in Table 1. These spectra were extracted from the hyperspectral images at sampling points 4, 7, 11, 16 and 19.




3.2. Airborne Hyperspectral RS and Modelling


Thanks to the institute’s own gyrocopter with the hyperspectral sensor technology HySpex, it was possible to record airborne hyperspectral images in the wavelength range from 420 to 1500 nm at the same time as the in situ measurements. Figure 6 shows the results of the refluxes in the wavelength range from 440 to 1400 nm at five in situ measuring points for which airborne hyperspectral RS was conducted.



Figure 6 clearly shows that the reflectance in the wavelength range from 560 to 700 nm increased with increasing iron(III) concentration. This can also be seen from the correlation of R2 = 0.78 with the wavelength at 675 nm (see Table 3). Within the wavelength range of 400–560 nm, the aRRS was low owing to absorption by CDOM and Chl-a [32]. In addition, Weyhenmeyer et al. [70] observed that Fe(II), like DOC, correlates with absorption at 420 nm. Moreover, according to Asmala et al. [31], the influence of Fe(II) on the absorption behaviour of the water body is visible beyond 520 nm. However, based on the acquired data, the spectral influence of Fe(II) and sulphate was not visible within this wavelength range. This was particularly due to the rapid oxidation of Fe(II) to Fe(III). In addition, in the spectral range of 560–700 nm, most maxima exceeding 6% could be determined at the measuring points with a TFe concentration exceeding 3 mg/L. The highest maximum at 580 nm shows the spectrum of SP 16 with the highest Fe(III) concentration of 2.89 mg/L (see Figure 6a). Owing to the high concentration of Fe(III) and the resulting flocculation, the water became very turbid, which, according to Frauendorf [30], makes Fe(III) classifiable as TSM.



By means of the multi-spectrometer Ocean and Land Colour Instrument (OLCI) on board the Sentinel 3, Knaeps et al. [71] established that with increasing TSM concentration up to 402 mg/L, additional information on the short-wave infrared (SWIR) range contributes to more accurate modelling. Furthermore, iron compounds in the soil show specific spectral characteristics, especially in the SWIR range [72]. The spectra with a TFe concentration under 3 mg/L are similar to the aRRS of natural rivers (SP 19 in Figure 6). Absorption by water is clearly visible between 700–1000 nm. The aRRS between 1000–1615 nm do not show additional information.



The most suitable regression models to link particular spectral indices to water constituents are shown in Figure 7. They are also displayed in Table 3, which additionally shows the number of samples used, the spectral index, the ID to link to the regression models, the regression equation, R2, the RMSE and the rRMSE. The number of samples for modelling was lower than indicated because not every sampling location was within the coverage area of the RS data. The empirical models achieved a derivation accuracy of 0.93 mg/L for the total iron concentration, 0.95 mg/L for ferrous iron, 0.22 mg/L for ferric iron and 21 mg/L for sulphate.



Both indices for the derivation of TFe were based on the wavelengths of 455 and 580 nm and can be explained based on spectral analysis. The wavelength range between 450–500 nm was characterized by a broad absorption band of iron oxides. This was also confirmed by Rowan and Goetz [72]. As shown in Figure 7, there was a maximum in the reflectance at 580 nm, which was caused by an increased scattering by TSM and a low absorption by Chl-a [32,73]. Since TFe and Chl-a are correlated, it is difficult to distinguish between these constituents based on regression models. A linear regression of the single wavelength at 580 nm and TFe and Chl-a (Equations (1) and (6)) shows that the reflection decreased with increasing TFe (r2 = 0.5) and Chl-a (r2 = 0.3) concentrations, indicating that iron was mainly responsible for the optical properties within this wavelength range.



As a result, there was a steep slope from 450–580 nm in the spectral curve. The most suitable model for deriving the TFe content obtained an rRMSE of 21.91% and an R2 of 0.64. The regression model for determining the Fe(II) concentration with the highest correlation of 0.78 was based on the same spectral analysis as TFe but the validation showed a higher rRMSE of 35.33%. The use of the same spectral index as the basis for the derivation model can be explained by the high correlation r = 0.97 between TFe and Fe(II). The first model for the derivation of Fe(III) was based on the study conducted by Knaeps et al. [46] and is suitable for inland waters with a TSM concentration of 30 to 1400 mg/L. The index showed an R2 of 0.80 and an rRMSE of 14.53%. The second model used to derive Fe(III) was based on the spectral index RRS(701)/RRS(563) and yielded an accuracy of 11.86% and an R2 of 0.76. According to Gitelson [32], this index is suitable for deriving Chl-a. However, spectral analyses with the software package WASI [74] showed that the reflectance increases around 580 nm with increasing TSM concentration. Furthermore, the absorption by water increased steadily from 700 nm, resulting in a strong reduction in reflectance. As a result, there was a strong gradient between 580 and 700 nm.



The model used to derive sulphate yielded an R2 = 0.53 and an rRMSE of 5.31%. The derivation algorithm used a potential regression model based on the spectral index (RRS(580)-RRS(480))/(RRS(580)+RRS(480)). This spectral index was based on the analyses carried out. As described, there was an increased scattering at 580 nm owing to the TSM concentration [32]. Furthermore, the aforementioned absorption of iron oxides at the 480 nm range contributed to a strong gradient in the 480–580 nm range.



The spectral indices obtained for the derivation of Chl-a were similar to those of the derivation of TFe. This was probably related to the high correlation of r = 0.79 between Chl-a and TFe, as well as Fe(II). Nevertheless, the best fitting regression model was (RRS(580) − RRS(480))/(RRS(580) + RRS(480)) based on a logarithmic approach and a derivative accuracy of RMSE = 0.98 µg/L.



To summarize, it was concluded that the derivative models, with the exception of Fe(III), mainly referred to the spectral range from 450 to 580 nm. Based on the day of the investigation, this spectral range had the highest derivation accuracy. Wavelengths beyond 560 nm were only considered for the derivation of Fe(III).



Figure 8 shows the derivation results of TFe, Fe(II), Fe(III), sulphate and Chl-a using three different locations as examples (see Figure 1). The background of the derivation results consisted of channels 580, 680 and 780 nm of the hyperspectral image. Therefore, the River Spree and the Spremberg Dam appeared blue. Masked areas are shown in black. Areas outside of the water body are displayed in grey. Data-free areas are presented in white. For the derivation of the water constituents TFe, Fe(II), Fe(III), sulphate and Chl-a, the models displayed in bold in Table 3 were used.



Figure 8 shows the mouth of the Kleine Spree into the River Spree. Based on the derivation results of TFe (see Figure 8(a-II)), a difference was observed between the concentration in the Kleine Spree and that in the River Spree. In the case of Fe(II) derivation (see Figure 8(a-III)), the influence of the Kleine Spree was comparatively low. The influence of the Kleine Spree River can only be observed directly at the river mouth based on Chl-a derivatives (see Figure 8(a-VI)). The derived Fe(III) (see Figure 8(a-IV)) and sulphate (see Figure 8(a-V)) concentrations showed no visible change. In the case of Fe(III), this could be attributed to the low oxygen saturation in the Kleine Spree River, as observed by Uhlmann et al. [52], whereby only a small amount of Fe(II) was oxidised.



Figure 8 column b shows the mouth area of the industrial canal from the Schwarze Pumpe industrial park. A clear increase in the sulphate concentration can be seen there (see Figure 8(b-V)). Based on the derived TFe (see Figure 8(b-II)), Fe(II) (see Figure 8(b-III)) and Chl-a (see Figure 8(b-VI)) concentrations, a decrease in the mouth area of the industrial canal was first identified. After that, the concentration rose. From the Fe(III) concentration shown (see Figure 8(b-IV)), no change was detected.



Figure 8 column c displays the mouth of the Spree into the Spremberg reservoir. Owing to chemical and spectral differences between the River Spree and the southern part of the Spremberg reservoir, no suitable concentrations could be derived. Nevertheless, clear differences between the River Spree and the Spremberg reservoir were observed, except for the derivation result of Fe(III) (see Figure 8(c-IV)). Thus, the derived TFe concentration clearly showed that the River Spree only had a low TFe concentration after the upstream pre-dam Bühlow (see Figure 8(c-II)). This concentration increased in the Spremberg reservoir. Similar observations were made with respect to the Fe(II) (see Figure 8(c-III)) and Chl-a (see Figure 8(c-IV)) concentrations. However, the derived sulphate concentration was different (see Figure 8(c-V)). In the resulting image, the River Spree shows a very high concentration and the reservoir initially exhibited a low concentration. This raises the possibility that another source of iron input was located south of the Spremberg reservoir, such as swamps that were drained during open-cast mining activities.





4. Conclusions and Outlook


In this study, a combination of airborne imaging hyperspectral/RGB-RS was used to monitor water quality parameters of smaller rivers that were altered by open-cast mining processes with subsequent renaturation and groundwater recharge. The focus of monitoring, modelling and prediction was on the water quality variables TFe, Fe(II), Fe(III), sulphate and Chl-a. Due to the availability of a university-owned gyrocopter with corresponding RS sensors (HySpex, RGB, TIR), simultaneous imaging airborne RS data and in situ measurement data could be collected on site in the Spree.



The acquisition of simultaneous RGB data guaranteed the creation of a highly accurate terrain model, which was urgently needed for processing (geometric correction of) airborne hyperspectral data. With this approach, airborne hyperspectral RS and in situ data could be used for the first time to separately derive the water quality indicators Fe(II) and Fe(III) for smaller streams with neutral pH by means of regression. They were then modelled and the point measurements were transferred into space. The determination of the total iron concentration in open-cast mining lakes was already carried out by numerous studies, but the differentiation between the types Fe(II) and Fe(III) had not yet been made in any study available so far. This was partly due to the very low concentration of Fe(III) in the open-cast mining lakes. In addition, the examples on AMDs showed that iron could be identified, but no concentrations have been derived directly; therefore, the results should only be understood as an index. Furthermore, the advantage of our study was that in situ measurements could be conducted at the same time as hyperspectral measurements (400–2500 nm). Especially in rapidly changing aquatic systems, this method was found to be useful. The empirical models achieved a derivation accuracy of 0.93 mg/L for the total iron concentration, 0.95 mg/L (R2 = 64%) for iron, 0.22 mg/L (R2 = 79%) for ferric iron and 21 mg/L (R2 = 64%) for sulphate (R2 = 53%). An empirical approach was chosen for the study because it was robust; could be implemented quickly; and, with the focus on sulphate, was particularly target-oriented.



The obvious disadvantages, such as its low transferability and high statistical dependence, were taken into account by investigating a large number of spectral indices and using a valid statistical evaluation from the coefficient of determination and RMSE value. This also avoided an overspecialisation of the algorithm. The derivation results shown in Figure 8 demonstrate how inflowing river water could be clearly distinguished from reservoir water and how local phenomena, such as inflowing channels or rivers, could be reliably detected. This underlines the applicability of airborne RS for smaller flowing waters for continuous water quality monitoring.



The general conditions and requirements were as follows:




	
The present results were only achieved by combining airborne hyperspectral RS data with simultaneous in situ measurements.



	
Airborne hyperspectral sensors acquire very high-resolution and continuous spectra that allow detailed analyses to be carried out. The high spatial resolution offers significant advantages over satellite data (multispectral and hyperspectral) with a low spatial resolution for the derivation of water constituents from inland waters.



	
Machine learning methods must be applied rather than simple regression models for modelling and prediction to achieve a better generalisation and transferability of the results.



	
Spectral databases need to be in place for the quantification of water quality indicators.



	
Scale dependencies have to be undertaken to transfer from high-resolution airborne hyperspectral RS data to the now freely available spaceborne hyperspectral data (EnMAP, DESIS, Prisma).








The method has tremendous potential to be practically established and transferred into official monitoring procedures in order to combine official in situ measurements with airborne and spaceborne RS information and to achieve added value for the monitoring of water quality indicators.
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Figure 1. Study site in the south-east of Berlin in Lusatia along the Spree River from the Ruhlmühle village to the Spremberg reservoir. The flow direction of the Spree from south to north. (a–c) shows the sites for more in-depth studies. 
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Figure 2. Schematic diagram of the weathering of pyrite from the source material (pyrite) to the clogging in the flowing water (Spree), Fe(III)-oxyhydroxide is represented by Schwertmannite. 
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Figure 3. (a) Image of the gyrocopter from the Institute for Geoinformation and Surveying of HSA and (b) the measurement technology on the co-pilot’s seat. Integrated sensor technology: (c) Nikon D800e modified by ATS, (d) HySpex VNIR, (e) HySpex SWIR from Neo, (f) GNSS receiver from PPM and (g) IMU from iMAR. 
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Figure 4. Flowchart of the methodical approach used to derive specific constituents of an ochre-coloured watercourse based on sampling points (SP) and airborne hyperspectral remote sensing data. Image pre-processing, development of spectral indices, data linking in two steps, data filtering using the standard deviation (SD), regression determination and derivation. Due to the two separate steps for linking the SP data with the RS data, an identification number (ID) was assigned to each SP (SP-ID). 
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Figure 5. Plot of the distribution of the recorded in situ water parameter measurements: (a) Chl-a, TFe, Fe(II), Fe(III) and (b) sulphate based on a probability function in a concentration range from 0 to 475 mg/L. The value range of the sulphate concentration deviated strongly from the concentrations of the other water constituents. 
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Figure 6. Representation of five airborne hyperspectral spectra in the wavelength range of 420 to 1500 nm with different TFe concentrations at the sampling points. The jump at 1000 nm resulted from the inaccuracies of the internal calibration of the two hyperspectral data sets of HySpex VNIR and HySpex SWIR to the one final hyperspectral data set (400–2500 nm). These overlapped in the wavelength range of approximately 1000 nm and could occur with differences of up to 4%. The table contains the in situ measurements of the five measuring points (see also Table 1). 
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Figure 7. Representation of the regression models (in Table 3) showing the regression equivalence and the coefficient of determination. (a–h) The most suitable regression models to link particular spectral indices to water constituents. 
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Figure 8. Three different regions with the corresponding derivation results of (II) TFe [mg/L], (III) Fe(II) [mg/L], (IV) Fe(III) [mg/L], (V) sulphate [mg/L] and (VI) Chl-a [µg/L] are shown in columns: (a) the estuary of the Kleine Spree River, (b) an industrial canal, and (c) the estuary of the Spree River into the Spremberg Dam. (I) represents the study area based on the high-resolution true orthophoto. The models shown in bold in Table 3 were used for the area coverage derivation. The background of the derivation results consisted of channels 580, 680 and 780 nm of the hyperspectral image, whereby the water body appeared blue. Masked areas, e.g., due to shadows or adjacent effects, are shown in black, and areas outside the water body are shown in grey. Data-free areas are shown in white. The locations of the in-depth studies are shown in Figure 1a–c. 
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Table 1. List of the in situ monitored chemical parameters. The SP-IDs 3-14 and 16-18 were used for the derivation models. Thus, the total quantity (N) ranged between 13 and 15 values. This was due to suitable spatial overlaying with the RS data.






Table 1. List of the in situ monitored chemical parameters. The SP-IDs 3-14 and 16-18 were used for the derivation models. Thus, the total quantity (N) ranged between 13 and 15 values. This was due to suitable spatial overlaying with the RS data.





	SP ID
	TFe [mg/L] (1)
	Fe(II) [mg/L]
	Fe(III) [mg/L]
	Sulphate [mg/L] (2)
	Chl-a [µg/L]





	1
	0.7
	0.04
	0.66
	356
	11.9



	2
	2.8
	2.19
	0.61
	362
	12.31



	3
	3.8
	2.45
	1.35
	364
	9.76



	4
	5.7
	4.53
	1.17
	369
	10.64



	5
	6.3
	4.47
	1.83
	367
	9.96



	6
	6.3
	5.17
	1.13
	366
	11.04



	7
	7.0
	5.28
	1.72
	336
	10.20



	8
	4.9
	3.1
	1.8
	436
	7.41



	9
	4.7
	2.74
	1.96
	434
	7.06



	10
	3.9
	2.00
	1.9
	422
	6.92



	11
	3.9
	1.89
	2.01
	420
	7.18



	12
	4.00
	1.52
	2.48
	421
	7.03



	13
	3.2
	0.94
	2.26
	421
	6.63



	14
	2.3
	0.58
	1.72
	426
	6.15



	15
	3.1
	0.64
	2.46
	419
	6.32



	16
	3.2
	0.31
	2.89
	398
	8.66



	17
	1.8
	<0.05
	-
	399
	6.43



	18
	2.9
	<0.05
	-
	399
	6.35



	19
	0.6
	<0.05
	-
	430
	10.39



	Mean
	3.74
	2.37
	1.75
	3.74
	2.37



	Standard deviation
	1.74
	1.68
	0.62
	31
	2.05



	Maximum
	7.00
	5.28
	2.89
	436
	12.32



	Minimum
	0.60
	0.04
	0.61
	336
	6.15







Note: The regulatory limits according to German law are (https://www.gesetze-im-internet.de/trinkwv_2001/BJNR095910001.html, accessed on 4 December 2023): (1) 0.2 mg/L for (total) iron and (2) 250 mg/L for sulphate.
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Table 2. Correlations matrix with the recorded in situ water parameters: TFe, Fe(II), Fe(III), sulphate and Chl-a.
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	TFe [mg/L]
	Fe(II) [mg/L]
	Fe(III) [mg/L]
	Sulphate [mg/L]
	Chl-a [µg/L]





	TFe [mg/L]
	1.00
	0.97
	−0.50
	−0.58
	0.79



	Fe(II) [mg/L]
	0.97
	1.00
	−0.70
	−0.70
	0.79



	Fe(III) [mg/L]
	−0.50
	−0.70
	1.00
	0.48
	−0.56



	Sulphate [mg/L]
	−0.58
	−0.70
	0.48
	1.00
	−0.84



	Chl-a [µg/L]
	0.79
	0.79
	−0.56
	−0.84
	1.00
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Table 3. List of the area coverage derivation results showing the number of samples used (N), the ID to link to the regression models in Figure 1, the spectral index, the regression equation, the coefficient of determination (R2), the RMSE and the rRMSE. The models displayed in bold font were used in Figure 6 for the specific concentration derivation.
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Parameter

	
N

	
ID

	
Spectral Index

	
Equation

	
R2

	
RMSE

	
rRMSE






	
TFe

[mg/L]

	
15

	
(a)

	
(RRS(580)-RRS(455))/(RRS(580)+RRS(455))

	
    p ^  = 51.04 ×  (     R 1     R 2     )  + 27.69   

	
0.70

	
0.95

	
22.19%




	
(b)

	
(RRS(455)-RRS(580))/(RRS(480)+RRS(580))

	
    p ^  = 55.86 ×  (     R 1     R 2     )  + 30.14   

	
0.64

	
0.93

	
21.91%




	
Fe(II)

[mg/L]

	
13

	
(c)

	
(RRS(580)-RRS(455))/(RRS(580)+RRS(455))

	
    p ^  = 59.43 ×  (     R 1     R 2     )  + 29.78   

	
0.78

	
0.95

	
35.33%




	
Fe(III)

[mg/L]

	
13

	
(d)

	
(RRS(580)-RRS(1250))/(RRS(650)-RRS(1250))

	
    p ^  = 2.17 ×    (  S I  )    − 2.8     

	
0.84

	
0.27

	
14.53%




	
(e)

	
RRS(701)/RRS(563)

	
    p ^  = 0.24    e  2.81  (  S I  )      

	
0.79

	
0.22

	
11.86%




	
Sulphate

[mg/L]

	
15

	
(f)

	
(RRS(580)-RRS(480))/(RRS(580)+RRS(480))

	
    p ^  = 1.03 ×    (  S I  )    1.07     

	
0.53

	
21

	
5.31%




	
Chl-a

[µg/L]

	
15

	
(g)

	
(RRS(580)-RRS(455))/(RRS(580)+RRS(455))

	
    p ^  = 201.69    e  − 7.05  (  S I  )      

	
0.72

	
1.09

	
13.48%




	
(h)

	
(RRS(580)-RRS(480))/(RRS(580)+RRS(480))

	
    p ^  = 26.3 × l n  (  S I  )  − 15.48   

	
0.67

	
0.98

	
12.09%
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