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Abstract

:

Globally, many mines emit acid mine drainage (AMD) during and after their operational life cycle. AMD can affect large and often inaccessible areas. This leads to expensive monitoring via conventional ground-based sampling. Recent advances in remote sensing which are both non-intrusive and less time-consuming hold the potential to unlock a new paradigm of automated AMD analysis. Herein, we test the feasibility of remote sensing as a standalone tool to map AMD at various spatial resolutions and altitudes in water-impacted mining environments. This was achieved through the same-day collection of satellite-based simulated Sentinel-2 (S2) and PlanetScope (PS2.SD) imagery and drone-based UAV Nano-Hyperspec (UAV) imagery, in tandem with ground-based visible and short-wave infrared analysis. The study site was a historic tin and copper mine in Cornwall, UK. The ground-based data collection took place on the 30 July 2020. Ferric (Fe(III) iron) band ratio (665/560 nm wavelength) was used as an AMD proxy to map AMD pixel distribution. The relationship between remote-sensed Fe(III) iron reflectance values and ground-based Fe(III) iron reflectance values deteriorated as sensor spatial resolution decreased from high-resolution UAV imagery (<50 mm2 per pixel; r2 = 0.78) to medium-resolution PlanetScope Dove-R (3 m2 per pixel; r2 = 0.51) and low-resolution simulated Sentinel-2 (10 m2 per pixel; r2 = 0.23). A fractioned water pixel (FWP) analysis was used to identify mixed pixels between land and the nearby waterbody, which lowered spectral reflectance. Increases in total mixed pixels were observed as the spatial resolution of sensors decreased (UAV: 2.4%, PS: 3.7%, S2: 8.5%). This study demonstrates that remote sensing is a non-intrusive AMD surveying tool with varying degrees of effectiveness relative to sensor spatial resolution. This was achieved by identifying and successfully mapping a cross-sensor Fe(III) iron band ratio whilst recognizing water bodies as reflectance inhibitors for passive sensors.
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1. Introduction


Acid mine drainage (AMD) is the product of a series of reactions involving the oxidation of sulphide-bearing minerals, such as pyrite (FeS2), pyrrhotite (FeS), and arsenopyrite (FeAsS), with oxygen, water, and bacteria [1]. These reactions result in the release of protons, sulphate, and metal(loids) to waters, and ultimately, produce low pH and metal(oid)-rich sulfuric acid (AMD), which can severely contaminate receiving surface and groundwaters, soils and sediments [1,2,3,4]. Acid drainage may form naturally (acid rock drainage) [5] or by mining (acid mine drainage), with a continual need to monitor both. Above-ground mines cover more than 57 thousand km2 globally [6]. The costs of detecting AMD at mine sites using traditional methods, with a view to remediating or managing it, are significant, and thus, can be a substantial burden upon taxpayers and mining companies [7]. The scale of the problem is truly colossal: total worldwide liability associated with the current and future remediation of AMD is of the order of USD 100 B [8].



The breakdown of the Fe-bearing sulphides generates Fe2+, which is oxidized and used by chemotrophic microorganisms for energy generation. This, in turn, produces even more sulfuric acid through the production of Fe3+, which can act as an oxidant of the sulphides [2,3]. The solubility of Fe3+ at near-neutral pH is low, and thus, Fe(III) iron oxyhydroxide solids form rapidly. Fe(III) iron oxyhydroxides can be regarded as proxies for AMD because they are formed from it. They are also characterised by high concentrations of potentially toxic metal(loids) that they incorporate from the AMD. Fe2+ alteration can create a suite of secondary minerals (oxides, sulfates, carbonates, and more), such as goethite, hematite, and jarosite, which often exhibit similar colours [9]. pH plays a crucial role of secondary mineral precipitation and control, where goethite forms between pH 2 and12, and hematite at pH 7–9 [9,10,11]. Jarosite forms a magnitude lower in comparison (pH 1–3) [12]. As a known set of secondary mineral products exhibit an orange to red colour (with high concentrations of Fe (III)), they are distinguishable via remote sensing methods and have previously been used as proxies of AMD and iron ore deposits [13,14,15,16]. Band ratio operations are a well-established method that has been used as an effective geological surveying tool for decades, targeting and isolating geological material through their unique spectral signatures [17]. It is both low in cost as well as computational demand and covers vast areas in a short timeframe.



Remote sensing and band operations are useful tools, but band ratio products do not guarantee mineral presence with absolute certainty due to environmental interference [18]. Therefore, ground truthing is crucial and, in combination with the remote-based surveillance of AMD-impacted landscapes, has been successfully used to help identify mine waste by using band ratios for specific iron absorption features [15]. Ref. [19] successfully used ground-based reflectance spectroscopy to identify a suite of secondary iron oxide minerals indicative of the subaerial oxidation of pyrite. Multiple satellites can be used to increase the accuracy of AMD detection in mining environments by using a multi-sensor process chain alongside ground verification. A prerequisite is identifying a series of instruments with spectral sensitivities that overlap and cover Fe(III) iron signatures (Table 1). Using an interoperable set of wavelength bands is an effective method to link multispectral and hyperspectral observations using ground-based spectroscopy [16].



Environments containing AMD are prone to morphological change. It is, therefore, important that the capture of spectra is carried out in the shortest time window possible, preferably on the same day. This has not previously been attempted. Testing the feasibility of multiple spectral devices within real-world conditions is important to determine how spatial resolution impacts the ability to detect AMD. Furthermore, it is important to explore each sensor’s resilience toward mixed pixels caused by nearby water bodies (often associated with AMD deposits). Sudden changes in soil moisture can lead to an overall reduction in soil reflectance for all wavelengths, as when soil moisture levels increase, reflection decreases for most soil types [25]. The use of binary water masking is often the go-to method to deal with water in mining environments, which is an indiscriminative method. This study aims to fill this research gap by observing the impacts that spatial resolution and waterbodies have on the detection and delineation of surface AMD deposits at a representative AMD site in Cornwall, UK, through the same-day data capture of ground-, air-, and space-borne spectroscopy.




2. Materials and Methods


2.1. Study Area


Wheal Maid (50°14′14.3196″N 5°9′40.7232″W, see Figure 1) is typical of AMD-affected sites globally and it is located within the Cornish Mining UNESCO site. Wheal Maid is a good candidate for a same-day remote sensing case study with its contrasting and distinctive mine waste colours [26], and its lack of vegetation that passive sensors cannot penetrate. Wheal Maid’s mine waste has been subject to much ground-based research [26,27,28,29,30] but had yet to be the subject of a remote sensing-based multi-scale study prior to this work.



Wheal Maid consists of two tailing lagoons, with the lower lagoon found at the centre (Figure 1). The valley of Wheal Maid was used as an infill tailings repository spanning approximately 0.08 km2 and containing around 220,000 m3 of fine-grained tailings material discharged from Mount Wellington Mine between 1976 and 1981 [31,32]. The lower lagoon contains grey tailings with visible pyrite crystals and fine-grained red, brown, and yellow marbled tailings that remain un-vegetated [19,27].




2.2. Sampling Plans and Geospatial Error


The sampling campaign occurred on 30 July 2020. It involved the use of a high-precision Global Navigation Satellite System (Trimble R10) position device to determine the coordinates of samples along an unbiased 10 m × 10 m grid (as displayed in Figure 1). Twice the distance root mean square (2DRMS-2D) was calculated for the ground-based spectrometer (see Equation (1)). This helped to account for geospatial error and align satellite images to allow for statistical comparison. For the GNSS Trimble R10, a standard deviation of a geodetic latitude and longitude of 50 mm2 was reported, and HeadWall Photonics Incorporated [22] reported a 1 m2 circular error probability (CEP). This was converted into 2DRMS by multiplying it with the conversion value of 2.4022 [33]. The 2DRMS equation used was as follows:


  2 D R M S = 2 ×      (   σ x   )   2  +    (   σ y   )   2     



(1)







Here,    σ x    represents the standard deviation of geodetic latitude, and    σ y    represents the standard deviation of geodetic longitude. After the 2DRMS was calculated, sample locations were plotted in ArcGIS Pro (3.0.2) [34] and converted into circular polygon features. This enabled the extraction of reflectance data overlapping with Wheal Maid’s central water body. We tested the Halo handheld spectrometer’s on-board GPS, which produced a circle feature with an 18.13 m2 area. The GNSS Trimble R10 produced circles with a 0.062 m2 area.




2.3. Data Acquisition


2.3.1. ASD TerraSpec Halo Handheld Spectrometer Mineral Identifier


The TerraSpec Halo handheld spectrometer Mineral Identifier [21] is a portable near-infrared spectrometer with a visible near-infrared (VNIR: 350–1000 nm) and near-infrared (SWIR: 1001–2500 nm) range [20]. It has an onboard GPS with a circular error probability of 1 m2 [35]. The Halo handheld spectrometer captures spectral, mineral, and scalar results. Scalar values provide information on the sample’s crystallinity and/or composition, which can serve as supplementary vectors to potential mineralization [20]. The Halo handheld spectrometer is able to capture Fe(III) iron mineral intensity as a scalar. This scalar depends on Fe(III) iron mineral surface abundance, and operates by calculating the ratio of the reflectance values found at a 742 nm to 500 nm wavelength. The higher the Fe3+i value recorded by the Halo handheld spectrometer, the more intense the Fe3+ absorption. The Halo handheld spectrometer was used to help with ground-to-air and space linear regression and correlation testing.



The Halo handheld spectrometer was deployed on 30 July 2020, taking samples at a 10 × 10 m grid along the Wheal Maid valley. The Halo handheld spectrometer’s window was wiped with a lint-free, nonabrasive cloth. Calibration was performed using the white reference disk provided. Fe3+i values were exported via the Halo handheld spectrometer Manager as ASD binary and ASCII files for the Fe(III) iron pixel distribution maps.




2.3.2. UAV Nano-Hyperspec


Texo DSI [36] and HeadWall Photonics Incorporated provided a Nano-Hyperspec visible near-infrared (VNIR) Imaging Sensor on a six-rotor UAV [37]. This sensor had 12-bit depth imagery, a spatial resolution of ≈50 mm2, and pixel dispersion at 2.2 nm/pixel (270 bands over 400–1000 nm). It was operated by a Texo unmanned aircraft system (UAS) pilot as a ground-based controller on 30 July 2020, at noon GMT over Wheal Maid. The flight path was pre-programmed to improve resolution and drone orientation. The GNSS Trimble R10 provided position data via ground control points (GCPs) for image ortho-rectification and stitching. Points that were >50 degrees in slope gradient were omitted from the sampling plan, as this exceeded the Nano-Hyperspec sensors. Eight data strips were collected. Due to the high precision of the UAV raster image using multiple GCPs, the UAV orthoreferenced Nano-Hyperspec image acted as the master image for co-registration of the remaining instrument images. All other instruments’ images had varying georeferencing procedures during their post-processing, so to align all instruments, a common GCP system with the highest precision, to which all other images were corrected to, was used. A geo-referenced digital terrain model (DEM) of Wheal Maid Valley was created through overlapping aerial photographs in Geographic Tagged File Format (GeoTIFFs) [38]. This was delivered as a 2 GB, 11 mm2 ground sample distance (GSD) TIFF file.



Fe(III) iron band ratio surface reflectance images were provided by HeadWall Photonics and Texo DSI after their post-processing procedures were conducted. The 2DRMS polygons were intersected with the Normalized Difference Water Index (NDWI) and Fe(III) iron rasters after the data strips had been mosaiced. UAV strips south of the central lower lagoon were missing or encompassed dead pixels due to the corrupted strip.




2.3.3. PlanetScope Dove-R


The sensor onboard the PlanetScope Dove satellite constellation is named PS2, which is paired with a 2D frame detector; the detector has 6600 pixels across by 4400 lines down with 4 channels (blue, green, red, and NIR). PS2.SD bands are interoperable with those of Sentinel-2. This allowed for the creation of a simulated Sentinel-2 image. PlanetScope Dove-R 3 m2 per pixel resolution surface reflectance images were exported using the Planet Explorer interface [39] and imported to ArcGIS for post-processing. PlanetScope (PS2.SD) analytic assets are multispectral imagery that come orthorectified, calibrated, and corrected for sensor artifacts and atmospheric interference. PlanetScope PS2.SD was able to capture clear surface reflectance images of the site, which provided the opportunity for Sentinel-2 simulation due to the spectral range similarities of both sensors, which have previously been used to improve each other’s remote sensing applications [40]. Final images (including a top of atmosphere (TOA) reflectance version for the fractioned water pixel (FWP) analysis) were exported for the post-processing steps. Surface reflectance images were used for correlation testing.



For the FWP analysis and Otsu thresholding, additional steps were taken for the TOA image, which included masking cloud interferences’ cloud shadow, haze, and corrupted pixels using the useable data mask (UDM2 metadata file as per [41,42]. TOA image PS2.SD images come in 16-bit with values as watts per steradian per square meter (W/m2 sr µm), and these were converted to reflectance using the reflectance coefficients provided in the metadata files. The UDM2 labelled each image pixel using a convolutional neural network [43].



The PS2.SD image taken on 30 July 2020 was used to create a simulated surface reflectance Sentinel-2 image by matching the Sentinel-2 sensor’s spectral and spatial resolution, as the Sentinel-2 image was missing due to cloud cover during satellite pass over. This was achieved by increasing the raster cell size to that of Sentinel-2 (10 × 10 m2) using a resampling tool and shifting cells to the UAV master image via co-registration. The simulated Sentinel-2 RGB image and Fe(III) iron distribution map closely resembled a Sentinel 2 image and map taken on 7 August 2020. The simulated image underwent the same post-processing treatment as the PS2.SD images.



In total, six suitable images were identified. The products were 32-bit floating-point single band images exported for post-processing via the Planet Explorer interface.




2.3.4. Sentinel-2 2A


Sentinel 2 2A imagery was exported using Google Earth Engine (GEE) [44] API. A geometry polygon was first constructed as an area of interest around Wheal Maid tailing repository encompassing the central lower lagoon and used a date filter between 1 July 2018 and 1 August 2018. For JavaScript code, see ‘Data Availability Statement’.





2.4. Spectral Data Post-Processing


2.4.1. Unsupervised Band Ratio Classification of Fe(III) Iron and Pixel Distribution Maps


Previous studies have positively identified the absorption feature for endmembers such as Fe(III) iron, with wavelengths at 400–900 nm, and identified satellites (ASTER, LANDSAT, Sentinel-2) with bands that are operational within this region of the electromagnetic spectrum [17,18,45]. The ASD Halo handheld spectrometer Fe3+i scalar feature covers 500 nm to 742 nm; UAV Texo Nano-Hyperspec bands cover 665 nm and 560 nm; PS2.SD (multispectral imaging) MSI has bands 2 and 3, 566 nm and 666 nm, respectively; Sentinel-2 MSI bands 4 and 3 cover 560 nm to 665 nm. These interoperable bands were used in band combinations to create Fe(III) abundance maps using band parameter combinations and methodologies as set out by [14,17,46]; for example, dividing the red and green band to cover both spectral peaks in Fe3+ in the red spectrum, and absorption in the green spectrum. Past research also shows that the spectral pattern of secondary iron oxides shows strong absorption in the blue, green, and NIR bands, and strong reflection in the red bands [17,47,48,49]. For PS2.SD, this was achieved by dividing bands 3/bands 2 (for Fe3+), performed through the use of ArcGIS raster functions.



Extracted Fe(III) iron values from the band ratio combination maps for all instruments were imported as CSV databases into IBM SPSS Statistics 27, alongside the Halo handheld spectrometer results collected on 30 July. Datasets that were not normally distributed (such as the Halo handheld spectrometer Fe3+i dataset) underwent Box–Cox power transformation to identify the corresponding Lambda values. Reciprocal power transformations were recommended and performed. The normality of the transformed data was confirmed by checking for normal distribution via plotting probability plots and histograms in SPSS and performing a Kolmogorov–Smirnov test [50] for normality. All Fe(III) iron reflectance scatterplots were fitted with linear regression models to test how well air- and space-borne observations predict Halo handheld spectrometer ground-based observations. To test the strength of the relationship between aerial and ground Fe (III) iron spectral reflectance, both the correlation coefficients and coefficient of determinations were calculated. These permitted testing of the hypothesis that, as the air- and space-borne Fe(III) iron reflectance values increase, so do the aerial Fe(III) iron reflectance values. When datasets were flagged for containing extreme outliers during the regression analysis due to saturated or defective pixels, a bivariate outlier analysis was performed to help identify them for further scrutiny.




2.4.2. NDVI, NDWI, and Fractioned Water Pixel Analysis


To identify and mask water and vegetation in the remote sensing data sets, the Normalized Difference Vegetation Index (NDVI) [51] and Normalized Difference Water Index (NDWI) [52] were calculated using the equations below:


NDVI = (Red − NIR)/(NIR + Red)



(2)






NDWI = (Green − NIR)/(NIR + Green)



(3)







The NDVI ranges from −1 to +1, where values closer to 1 indicate increased green leaf density, and closer to −1 equate to clear water, whereas barren rock exhibits very low NDVI. The NDWI also ranges from −1 to +1, where values closer to 1 usually correspond to water bodies, and between 0 and 0.5 (depending on the instrument and ground conditions) is either land or urbanized areas.



Due to the close proximity between AMD and the water deposits, this study adapted a water classification methodology that was previously used in [41,42], using atmospheric screened TOA images to identify regions of mixed pixels (that interfere with Fe(III) iron classification). The use of band ratios with TOA-R images has the advantage of feasibly yielding indices that are atmospherically stable enough for delineation purposes [11]. However, the use of TOA images should be restricted to simplistic classifications [42]. The equations can be found below:


LL = heightlp − 0.9 ×promlp



(4)






WL = heightwp − 0.9 ×promwp



(5)




where LL and WL stand for land limit and water limit, respectively. Both LL and WL were used as 100% land and water thresholds. heightlp and heightwp are maximum heights of the land and water peaks, whereas promlp and promwp are the respective prominence (maximum point of elevation versus its depth) of the land and water peaks. FWPtotal is the total percent of mixed water pixels as calculated for the PS2.SD, Sentinel-2 (simulated), and UAV images taken on the 30 July 2020..



In order to generate the NDWI histograms needed for the above FWP analysis, a modified OTSU adaptive thresholding [53] methodology was used to create buffered polygon features needed to capture the maximum extent of the waterbody at Wheal Maid and some of the surrounding land and vegetation. Buffered water polygons around Wheal Maid’s central lower lagoon were intersected with the NDWI images, and the values were extracted so that histograms could be made for the FWP analysis.



An NDWI pixel distribution graph was generated for each instrument, which needed to exhibit sufficient bi-model distribution that could be divided into two distinct peaks (one peak for water, the other for land). The plateau between both land and water peaks was then used to identify the region of mixed pixels, which can impact Fe(III) iron values.




2.4.3. Spectral Signatures of Known Fe(III) Iron Occurrences


Best practice and design were followed to create spectral signature graphs for all air and spaceborne sensors [54]. Using the results of the ground spectroscopy sampling campaign, an area with known Fe (III) secondary mineral occurrences (specifically goethite) was selected to host four training sites, which in this case were the north embankment of the lower lagoon, home to Wheal Maid’s marbled tailings [25]. The spectral signature data recognized as goethite by the Halo handheld spectrometer device were exported and imported in R [55] as an ASD binary file, where the meta and reflectance data were extracted and displayed as spectral signature response curve diagrams of the four Halo handheld spectrometer goethite samples. These were cross-referenced with a known goethite spectral response curve [13]. This acted as a baseline to compare with the spectral output of the devices used in this study. Areas of interest were drawn across four training sites using ArcGIS, and the spectral information of all available bands across Sentinel-2 2A, PS2.SD, and UAV Nano-Hyperspec sensors were extracted (using bottom-of-atmosphere surface reflectance images from July 2020). The spectral signatures across all sensors were imported into GraphPad PRISM (9.4.1) [56] and displayed as mean line graphs.






3. Results


3.1. Fe(III) Iron Distribution Maps and Spectral Linear Regression


A simple linear regression model was used to test if Fe(III) iron spectral values derived from aerial and spaceborne imagery significantly predicted the ground-based Fe(III) iron spectral values at Wheal Maid. The results of the main regression test between the Fe(III) iron values taken by the highest spatial resolution (< 50 mm2) sensor onboard UAV and ground-based Fe(III) iron reflectance values revealed that the model could explain 77.6% of the total variance (Figure 2c). The overall regression was statistically significant (R2 = 0.776, F(1, 32) = 110.67, p < 0.000), and the Fe(III) iron reflectance values from the Nano-Hyperspec sensor onboard the UAV significantly predicted the ground-based Fe(III) iron reflectance values (β1 = 0.998, p < 0.000). When the spatial resolution of the sensors began to decrease (inversely, pixel size began to increase), the explanatory variables’ (air- and space-borne Fe(III) iron values) ability to predict the response variable (ground-based Fe(III) iron values) diminished, albeit remaining statistically significant across all sensors (low and moderate correlation for Sentinel-2 and PlanetScope PS2.SD, respectively). The remainder of the regression model results between PS.2SD, S.2 (simulated), and the ground readings can be found in Figure 2a–c.



The layered raster models’ scenes depicting Fe(III) iron pixel distribution maps in Figure 2a–c) demonstrate that Fe(III) iron is concentrated around the perimeter of the central lower lagoon. The central lower lagoon is clearly visible in Figure 2e’s natural image of Wheal Maid (taken on 30 July 2020), as is the grey and marbled tailing distribution. The tiered raster models begin with the lowest resolution instrument, labelled (a) Sentinel-2 (simulated), and progress to the medial resolution (b) PlanetScope 2.SD, up to the highest resolution of c) UAV Nano-Hyperspec. The western part of Wheal Maid’s lower lagoon (grey tailings area) remained largely uninfluenced by surface Fe(III) iron in these maps, and the area remains largely yellow to green (Figure 2c). Fe(III) iron designated pixels were predominantly located below Wheal Maid’s winter water level. The Halo handheld spectrometer’s Kriging model in Figure 2d shows interpolation between Fe3+i point data taken across Wheal Maid, where an easterly retreat in the winter water level can be seen; the largest reflection occurred on marbled tailings.



The regression model with the highest ability to predict ground values was recorded between the high-resolution UAV Nano-Hyperspec sensor and Halo handheld spectrometer ground reflectance values. Corresponding regression scatterplots can be found below the tiered raster model scenes (Figure 2f–h). Increased homoscedasticity can be seen within the residuals when progressing from Figure 2f (simulated Sentinel-2) to Figure 2h (UAV Nano-Hyperspec).




3.2. NDWI and FWP Analysis Results


The NDWI band ratio indices calculated for all RGB images are compiled in Figure 3. The Wheal Maid DEM is included as the base layer. NDWI index value ranges differed amongst the instruments due to radiometric nuances in the spectral bands (as seen in Figure 3). The FWP analysis helped to identify maximum water and land limits, and these were plotted as histograms (Figure 3e–g). These charts descend in order of increasing spatial resolution, moving from multispectral to hyperspectral sensors. Each of the sensor’s NDWI rasters is accompanied by its corresponding FWPtotal from a–c, starting with Sentinel-2 (simulated) (a) and ending with the UAV raster (c). FWPtotal exhibits an inverse relationship, as FWPtotal increased as the instrument’s spatial resolution decreased. The simulated Sentinel-2 image had an FWPtotal of 8.5%; PlanetScope FWPtotal: 3.7%; and UAV Nano-Hyperspec FWPtotal: 2.4%.



NDWI histograms (Figure 3e–g) exhibited weakly bimodal distributions with land peaks being more prominent due to greater pixel count, as nearby water bodies were relatively small. The identified water and land limits differed amongst the instruments. The Sentinel-2 (simulated) and PlanetScope FWP plateau ranged from 0.17 to 0.25 and from 0.16 to 0.19, respectively, whereas UAV Nano-Hyperspec exhibited a more commonly reported NDWI range of 0.5 to 0.75, where the water limit maximum was closer to 1. The histograms exhibited a weak multimodal distribution, where a third lesser peak would arise left of the land peak.





4. Discussion


4.1. Remote Sensing as Means of Detecting AMD


The results show that all sensors were able to detect AMD and delineate it independently or in a multi-sensor configuration. However, UAV had the highest success. Recent attempts in AMD monitoring have seen similar success, with similar correlation rates between UAV and ground-based readings (R2 ≈ 0.7) [15]. This demonstrates the efficacy of UAV-based band ratio operations to detect AMD at higher accuracy, highlighting its importance in the field of geosciences.



The notion of hyperspectral imaging superiority in AMD discrimination has previously gained traction [16]. This is partly due to the capability to deal with mixed pixels between vegetation and tailings material [16], a problem magnified with multispectral data, especially when mapping AMD near water bodies. A UAV mounted with a hyperspectral sensor had the additional benefit of being able to bypass the potential adverse impacts of atmospheric interference [57], which passive space-borne sensors must circumnavigate with additional post-processing steps (which can cause unforeseen problems whilst detecting AMD). This study echoes the findings of [16] that hyperspectral imaging had the highest coincidence between the spatial extent of secondary Fe minerals and high surface Fe index values but goes one step further in investigating what impacts spatial resolution has on AMD mapping. Even with the use of next-generation MSI instruments such as Sentinel-2, we saw a diminishing ability to forecast surface conditions as the spatial resolution decreased. This, however, does not neglect multispectral sensors as an AMD detection tool. Another mutual conclusion with [16] is that multispectral sensors, such as those affixed on the Sentinel-2 and PlanetScope Dove-R satellites, can be used in conjunction with hyperspectral imaging (such as UAV Nano-Hyperspec) to effectively execute a multi-scale analysis of AMD. The current belief that medial-to-high resolution sensors should be prioritized over coarser resolution images such as Sentinel-2 can, therefore, be amended. Satellite imagery at a coarser spatial resolution that is freely accessible, has a high revisit window, and can cover large swathes of land (such as Sentinel-2) should not be neglected during AMD detection studies [58]. Each instrument has its use and is applicable in different scenarios when monitoring AMD sites.



Acceptable correlation and determination coefficients were identified for each instrument when conducting ground verification during the multi-sensor analysis (see R2 values in Figure 2). These values can be used in future multi-scale studies as reference points during ground-truthing and campaigns and sensor verification.



Fe(III) Iron Distribution at Wheal Maid


The known spectral response curve of goethite [13] was used to identify comparable goethite spectral signatures from Wheal Maid’s marbled tailings across two out of the four instruments (Halo handheld spectrometer and Sentinel-2; see Figure A1a,d). The handheld spectrometer was able to export spectral signatures directly, with three out of four spectral responses bearing resemblance to the baseline goethite example (Figure A1d, Fe(III) iron occurrences 1 to 3); however, the fourth spectral signature did not, even though it had been previously identified by the Halo handheld spectrometer as goethite, using its real-time prediction based on its internal spectral library. This emphasises the importance of exporting raw reflectance data and interpreting the spectral response curve with an external verified library of spectral signatures. Sentinel-2, with its 12 available bands across 490–2200 nm, captured a response curve more like to that of goethite (Figure A1a) and the Halo handheld spectrometer. The sensors of the PS2.SD and Nano-Hyperspec were limited in available bands (4 and 3 bands, respectively) yet showed absorption in the blue and green band (490–560 nm), and increased reflectance around the red band (660 nm), which is indicative of the start of a goethite signature (Figure A1b,c). Past research also shows that the spectral patterns of secondary iron oxides show strong absorption in the blue, green, and NIR bands, and strong reflection in the red bands [47,48,49]. These findings reinforce the capabilities and versatility of a multi-sensor chain in AMD detection processes, as goethite was discovered within the area of the four training sites [26]. However, the spectral resolution of the sensor can be a limiting factor when the entirety of the spectral response is of interest. Through increased spectral and radiometric accuracy, enhanced spectral graphs can be achieved with the Nano-Hyperspec, as it has an additional 264 bands available. PlanetScope DOVE-R fleet has up to eight bands (431–885 nm) and has increased radiometric sensitivity compared to PS2.SD, yet it is still not as spectrally sensitive as the Halo handheld spectrometer, Sentinel-2, or UAV Nano-Hyperspec.



Studies on the spectra of iron have discovered absorption features between 430 nm and 1300 nm [59], which are known as either Fe(III) iron absorption features or iron feature depth. These absorption features have previously been used to delineate areas where mine waste is present and active AMD generation takes place [16,19]. Using similar Fe(III) iron band ratio operations, it was possible to distinguish between the grey tailings to the west of the lower lagoon, which had less Fe(III) iron, and the marbled tailings surrounding the lower lagoon (see Figure 2 tiered rasters), which had a higher abundance of Fe(III) iron minerals as a result of the weathering of pyrite [26]. Ground samples that were taken within areas successfully delineated by Fe(III) iron bands across the globe have also observed the presence of mixed ferrous- Fe(III) iron minerals such as copiapite, and Fe(III) iron-based minerals such as jarosite, goethite, and hematite [16,19,60]. Likewise, this study was able to identify spectral signatures resembling goethite within our outlined AMD deposits.





4.2. The Impacts of Nearby Waterbodies on AMD Mapping


The material at Wheal Maid comprises a fine particle size (dominated by clay-sized fractions) and exhibits low hydraulic conductivity. This results in the formation of one (or a series of) perched lake, with its volume dependent upon the balance between rainfall and evaporation [17]. Inside the lower lagoon, the mine waste embankments slope averages around 26°, with a maximum of 89°. Slope stability can be greatly impacted, where runoff can contaminate and increase nearby water deposits [61,62,63]. The lower lagoon therefore acts like a receptor for all incoming rainfall runoff due to steep embankments (as seen in Figure 3, d DEM), impacting soil moisture distribution. The grey and marbled tailings have previously been sampled for moisture, pH, and geochemical analysis at three depths (surface level, 30 cm, and 50 cm) [29]. Both types of tailings had similar pH ranges (marbled tailings: 1.78–2.55; grey tailings: 1.62–2.96) and metal(loid) concentrations typical of AMD (Al, As, Cu, Fe, Pb). The pH ranges of the marbled tailings coincide with the presence of goethite (and possibly another, secondary mineral) spectral observations made across the sensors taken from the grey tailings at Wheal Maid (known to contain goethite, as identified through an XRD analysis [26]), as seen in the spectral signature graphs in Figure A1. The pH ranges also coincide with ranges known to foster goethite and jarosite formation [9,10,26]. The marbled tailings, however, had a higher average moisture level (20.9% surface; 25.7% at 50 cm) compared to the grey tailings (7.1% surface; 22.2% at 50 cm depth). This observation agrees with the findings of this study’s FWP analysis taken on 30 July, as most of the fractioned water pixels were concentrated around the perimeter of the lower lagoon, indicating how influential waterbodies can be on AMD mapping.



Soils with high moisture can lead to the misclassification of pixels and reduce reflectance in the Fe(III) iron bands. Our findings support [25], in that reduction in all wavelengths occurs in soil as soil moisture increases. However, reflectance may also increase when a critical point in soil moisture has been reached with time. Soils with a high moisture content may also have reflectance characteristics with continuous wavelengths with troughs into the water absorption bands [64]. These troughs, or ‘drops’, were almost absent in dry soils and sands, leading to the conclusion that soil moisture could lead to land being classified as water. This water overestimation is a by-product of hard binary labelling on moist soils, where pixels are labelled either as 1 or 0, when using a water index such as NDWI. Additionally, if the nearby water surface has been impacted by runoff, it can lead to pixels being labelled as Fe(III) iron deposits, as the green band is sensitive to water turbidity, with clearer water having less reflection than turbid water [64]. The water surface can now share the same colour as the surrounding ‘marbled’ tailings mentioned in other studies [26,27]. This phenomenon occurred in Wheal Maid’s central lower lagoon during our field campaign, as seen via the natural colour image taken by the UAV on the 30 July 2020 (Figure 2e). Instruments with lower spatial resolution are more likely to mis-classify these pixels, as well as some post-processed surface reflectance images such as the SenCor2 products.



As with Fe(III) iron mapping, UAV Nano-Hyperspec had the highest accuracy (in terms of the FWP analysis). This allowed mixed water and debris pixels to be better distinguished, and thus, allowed for a lower FWPtotal. Moving from hyperspectral to multispectral introduced a greater number of misclassified pixels. The larger the pixel dimensions, the more they began to encompass the water-impacted ground. The use of a GNSS system that provides the extraction polygons a lower 2DRMS circular error is, therefore, recommending during ground verification processes to avoid extracting data values overlapping with nearby waterbodies—often a presence within derelict mining areas. The choice of spatial resolution is also important, as when spatial resolution increases, the number of mixed pixels decreases [65]. Variations in the FWPtotal percentage were accompanied by a contrast in image clarity amongst the instruments.



An FWP analysis is, therefore, recommended when mapping AMD in mining environments inundated with water features, especially using handheld spectrometers. Samples taken by handheld spectrometers containing just traces of moisture cause influential outliers during statistical analysis. Pixels between land and water bodies are prone to spectral mixing, including every spectral resolution, especially at the pixel boundary between land and water [66,67]. Identifying mixed pixels during spatial data extraction is, therefore, a crucial step, as this can suppress the data extraction of areas of interest such as river areas [66], or in this case, AMD/ Fe(III) iron distribution on former mine sites. The FWP thresholds were successful at identifying the mixed pixel boundary found between land and water bodies for all sensors.




4.3. Limitations


Using lower reflectance values to delineate areas of Fe(III) iron deposits became problematic, as false positives on Wheal Maid’s higher terrain were detected, and AMD was not usually found there [29]. This has been the case in other research using basic spectral indices [16,61]. Ref. [14] observed this when mapping ferrous and Fe (III) iron distribution over two sites known for their banded iron ore deposits, where red soils were flagged as potential iron deposits, even though these did not correspond to iron mineralization itself. The issue of false positives is not only restricted to geological band ratios, but also to water indices such as NDWI, where cloud, snow, and terrain and cloud shadows are often mistaken for water pixels [68]. Predetermined areas of interest can be created and binary hard-thresholding can be used to limit these ‘false-positives’, but all potential sources of Fe(III) iron deposits were of interest in this study. Although it is known that mine waste particles can be re-suspended from mine waste piles by wind or redistributed by recreational activities, and that the upper lagoon had remedial seeding to prevent this [27,61], the hypothesis that low reflectance values could be due to wind redistribution was not tested. The ASD TerraSpec Halo performed well during ground sampling campaign, with a quick and user-friendly interface, calibration, and in-built GPS system with an internal spectral library and useful geochemical scalars; however, the Halo struggled with high albedo and moist surfaces, and thus, should be used alongside a GNSS system. The GNSS system should reach full epochs before moving to the next sample to decrease 2DRMS circular error when measuring near waterbodies residing in mine sites. The Halo cannot successfully register an accurate sample if the surface is not homogeneous or contains traces of vegetation.




4.4. Future Research


Further work needs to be carried out to classify minerals in an attempt to negate or reduce false positives (such as FWP analysis, land, and mineral classification through machine learning). A four-way multivariate correlation test between all remote sensing instruments is a logical next step, including the use of quality indicators such as mean structural similarity index measure (MSSIM) to measure subtle variations between all four similar resampled images. The next step would be to extract more spectral profiles from the Halo handheld spectrometer and identity additional Fe secondary mineral endmembers beyond that of goethite. USGS MICA spectral end-member information could also be used within GEE API to study the nuances between multi and hyperspectral sensors. The FWP analysis would also benefit from incorporating a sub-pixel mapping (SPM) algorithm to improve river boundary delineation accuracies, with coarser imagery benefiting the most [66], and aid the spatial allocation of fractioned water pixels. Methods such as sub-pixel mapping and further detailed sub-pixel swapping techniques could also compliment the FWP analysis and conduct band ratio operations. To fully investigate sensor sensitivity to external factors, such as heavy rainfall events or changes in climatic conditions, the UAV Nano-Hyperspec would need to be used year-round, preferably with all instruments across a range of varying weather conditions.





5. Conclusions


Our findings determine the impacts that spatial resolution has on mapping AMD in water-impacted mining environments. This multi-scale feasibility study confirms that both UAV-borne hyperspectral-based imaging and spaceborne-multispectral-based imaging successfully delineate AMD-related Fe(III) iron minerals and predict surface reflectance within the same day. However, there is a gradual decay in the ability to predict surface reflectance as the spatial resolution of the instrument’s decreases. Other noteworthy findings include:




	
The visible-to-shortwave infrared surface measurements of AMD material support the initial hypothesis, such that when the areal and spaceborne Fe(III) iron reflectance values increased, so did the surface Fe(III) iron reflectance values.



	
Spectral signatures resembling the spectral profile of goethite were detected on Wheal Maid’s surface and from space, in areas known for goethite formation.



	
A decrease in spatial resolution saw increases in the total amount of fractioned water pixels, which was caused by a nearby waterbody. Fractioned water pixels lower Fe(III) iron reflectance, and may cause erroneous results.



	
Proximity to waterbodies and geospatial error must be noted when mapping AMD, especially in lower resolution sensors, as they are less resilient to soil moisture and more prone to overlapping.



	
Hyperspectral imaging emerged as the most promising in terms of AMD mapping, yet it works well in tandem with other instruments of different spatial resolutions.








A multi-sensor, multi-scale mapping of AMD alongside future research considerations (Section 4.4) would help remote sensing better reflect the complexity of mining environments.
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Appendix A. Spectral Signatures of Goethite Across Sensors
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Figure A1. Spectral signatures of known Fe(III) iron occurrences (goethite) at Wheal Maid’s marbled tailings, as taken by (a) Sentinel-2 2A; (b) PlanetScope PS2.SD (SR); (c) UAV Nano-Hyperspec; and (d) ASD Halo handheld spectrometer Mineral Identifier. 
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Figure 1. Wheal Maid Valley digital elevation model (DEM). Northing and Easting displayed in British National Grid (BNG) coordinates. The sampling campaign surrounds the lower-central lagoon and is in red. Spectral instruments are shown above, from Halo handheld spectrometer Mineral Identifier to air- and space-borne platforms (UAV, PlanetScope 2.SD and Sentinel-2). 
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Figure 2. Tiered raster model scenes depicting Fe(III) iron band ratio indices for Sentinal-2 (simulated), PlanetScope 2.SD, UAV, Halo handheld spectrometer Kriging results, and a natural RGB image of Wheal Maid (GSD: 11 mm). Red areas indicate high Fe(III) iron pixel distribution, yellow areas show that Fe(III) iron indicates medium-low Fe(III) iron surface abundance, and very dark green areas denote vegetated areas. A Kriging interpolated model of the Halo handheld spectrometer Fe3+i point with an index ranging from low (2.25) to high (9). Below the raster scenes, graphs (f–h) show corresponding regression scatterplots, with linear regression trend lines fitted. (f) Sentinel-2; (g) PlanetScope 2.SD; (h) UAV. 
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Figure 3. NDWI results for Wheal Maid (30 July 2020). TOA images increased in spectral and spatial resolution downwards on the image, starting with the simulated Sentinel-2 image, then PS2.SD, and ending with the UAV Nano-Hyperspec image. Corresponding FWPtotal percentages are displayed next to each image. The coloured gradient depicts NDWI spectral intensity index. (d) DEM of Wheal Maid. NDWI histogram classifications are displayed for (e) Sentinel-2 (simulated); (f) PlanetScope 2.SD; (g) UAV Nano-Hyperspec. The histogram’s land level, FWP, and water regions are labelled accordingly. 
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Table 1. Instruments used in a multi-satellite study configuration, with specifications and interoperable wavelengths.
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	Instrument
	Products
	Wavelength Range (nm)
	Interoperable Band Ratios (with

Central Wavelengths)





	ASD TerraSpec Halo handheld spectrometer [20,21]
	Mineralogical scalars; Spectral signature profiles (ASD binary files); Ore mineralogy
	350–2500
	Fe3+i * scalar (742 nm/500 nm)



	UAV Nano-Hyperspec [22]
	50 mm2 (12-bit hyperspectral products)
	400–1000 (270 bands)
	Bands1/bands2 (665 nm/560 nm)



	PlanetScope PS2.SD [23]
	3 m2 (8-bit multispectral products)
	464–888 (4 bands)
	Bands3/bands2 (666/566 nm)



	Sentinel-2 2A/1C [24]
	4 bands at 10 m2; 6 bands at 20 m2; 3 bands at 60 m2 (8-bit multispectral products)
	443–2190 (13 bands)
	Bands4/bands3 (665/560 nm)







*: i = intensity
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