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Abstract

:

Weathering and oxidation of sulphide minerals in mine wastes release toxic elements in surrounding environments. As an alternative to traditional sampling and chemical analysis methods, the capability of proximal and remote sensing techniques was investigated in this study to predict Chromium (Cr) concentration in 120 soil samples collected from a dumpsite in Sarcheshmeh copper mine, Iran. The samples’ mineralogy and Cr concentration were determined and were then subjected to laboratory reflectance spectroscopy in the range of Visible–Near Infrared–Shortwave Infrared (VNIR–SWIR: 350–2500 nm). The raw spectra were pre-processed using Savitzky-Golay First-Derivative (SG-FD) and Savitzky-Golay Second-Derivative (SG-SD) algorithms. The important wavelengths were determined using Partial Least Squares Regression (PLSR) coefficients and Genetic Algorithm (GA). Artificial Neural Networks (ANN), Stepwise Multiple Linear Regression (SMLR) and PLSR data mining methods were applied to the selected spectral variables to assess Cr concentration. The developed models were then applied to the selected bands of Aster, Hyperion, Sentinel-2A, and Landsat 8-OLI satellite images of the area. Afterwards, rasters obtained from the best prediction model were segmented using a binary fitness function. According to the outputs of the laboratory reflectance spectroscopy, the highest prediction accuracy was obtained using ANN applied to the SD pre-processed spectra with   R 2   = 0.91, RMSE = 8.73 mg/kg and RPD = 2.76. SD-ANN also showed an acceptable performance on mapping the spatial distribution of Cr using the ordinary kriging technique. Using satellite images, SD-SMLR provided the best prediction models with   R 2   values of 0.61 and 0.53 for Hyperion and Sentinel-2A, respectively. This led to the higher visual similarity of the segmented Hyperion and Sentinel-2A images with the Cr distribution map. This study’s findings indicated that applying the best prediction models obtained by spectroscopy to the selected wavebands of Hyperion and Sentinel-2A satellite imagery could be considered a promising technique for rapid, cost-effective and eco-friendly assessment of Cr concentration in highly heterogeneous mining areas.






Keywords:


remote sensing; reflectance spectroscopy; imaging spectroscopy; potential toxic elements; environmental pollution












1. Introduction


Mining and related activities are among the industries heavily releasing toxic elements into the environment. Accumulation of these elements in the upper soil horizons and their transfer into the food chain have adverse effects on crop yield, food quality and soil microbial groups [1]. Chromium (Cr), as one of the most harmful toxic elements, causes severe health implications such as skin and mucous membrane ulceration, allergic and eczematous skin reactions, allergic asthmatic reactions, perforation of the nasal septum and bronchial carcinomas [2]. Therefore, continuous environmental monitoring should be conducted to identify and track toxic elements, including Cr, at their early release stages.



The typical standard chemical analysis methods such as Inductively Coupled Plasma-Mass Spectroscopy (ICP-MS), Inductively Coupled Plasma-Optical Emission Spectroscopy (ICP-OES) and Atomic Absorption Spectroscopy (AAS), despite being precise and reliable, are expensive, time-consuming and very laborious since they require sample preparation with harmful acids containing solutions [3]. Hence, a fast, low-cost and environmental-friendly method is desired to evaluate and monitor changes in soils of contaminated areas.



The emersion of proximal and remote sensing in the range of Visible–Near Infrared–Shortwave Infrared (VNIR–SWIR: 350–2500 nm) has been recognized as alternative and efficient non-contacted detection methods for monitoring and mapping of various soil toxic elements [4,5]. Low to medium levels of toxic elements do not cause apparent signature changes in the soil reflectance spectra [6]; however, their indirect estimation employing laboratory reflectance spectroscopy and remote sensing in VNIR–SWIR region is possible via their correlation with spectrally active soil components such as organic carbon, Iron (Fe)-oxides/hydroxides and clay [7], or through their impacts on vegetation status [8]. Recent studies have reported successful application of VNIR–SWIR reflectance spectra for prediction of Cr, Arsenic (As), Cadmium (Cd), Copper (Cu), Lead (Pb), Nickle (Ni) and Zinc (Zn) in small field scales [9,10,11,12,13].



Satellite/airborne-based sensors have been developed and launched, and more are under development for the near future, generating massive data streams for land monitoring [14]. However, these sensors obtain the signal from the surface and the spectral information from them is related to the bare soil availability (i.e., no vegetation coverage), images derived from remote sensing have the capability of continuous and regular imaging of terrestrial phenomena, collecting data from inaccessible areas and integration with the Geographic Information System (GIS) [15,16,17]. These sensors can extend the related information to soil attributes (e.g., toxic elements) estimation over larger spatial areas. Moreover, spatial distribution of soil toxic elements has been mapped through remote sensing data for large-scale natural resources and environmental management purposes. For instance, Kemper and Sommer [18], Choe et al. [4], Wu et al. [19], Peng et al. [20] and Shi et al. [21] predicted and mapped several soil toxic elements (As, Cr, Ni, Zn, Cu and Pb), using images from the HyMap airborne sensor as well as Landsat and QuickBird satellites.



The use of some spaceborne/airborne sensors in quantitative soil estimation is still challenging due to considerable limitations [22]. For example, despite the high temporal, spectral and spatial resolutions in HyMap or other airborne imaging systems, they have low to medium coverage area and high operational costs compared to freely available existing multispectral and upcoming hyperspectral spaceborne sensors [23]. QuickBird satellite offers a limited spectral resolution. Landsat and Aster revisit cycle of 16 days can result in only a limited number of opportunities to observe bare soil in any given crop calendar and time-series studies [24]. Further research on applying higher spectral/spatial resolution spaceborne imaging sensors with open data policy and shorter revisit time is in high demand. This enables the accessibility of a large data stream, allowing the monitoring of soil contamination for repetitive coverage of large areas.



Hyperion provides high spectral resolution data with 242 bands at 10 nm spectral resolution, 30 m length pixels and swath width of 7.5 km [25]. Sentinel-2A with a high temporal resolution provides moderate spatial and spectral resolution images containing 13 spectral bands with 10 to 60 m pixel length [26]. Hence, Hyperion and Sentinel-2A were considered in this study to overcome the shortcomings mentioned above, which to the best of our knowledge, images derived from these sensors have not been used to assess and predict concentration of toxic elements in highly polluted areas. The main objective of the current study is prediction and mapping Cr in the Sarcheshmeh mine (the largest mine in Iran and one of the largest porphyry copper mines in the world) using images from Hyperion and Sentinel-2A satellites. The capability of Hyperion and Sentinel-2A in Cr prediction and mapping is then compared to the performance of Aster and Landsat 8-OLI satellites, as well as laboratory reflectance spectroscopy as a common approved optical technique for toxic elements determination while testing the potential of Artificial Neural Networks (ANN), Stepwise Multiple Linear Regression (SMLR) and Partial Least Squares Regression (PLSR) machine learning methods and PLSR coefficients and Genetic Algorithm (GA) feature selection techniques.




2. Materials and Methods


2.1. Study Area, Soil Sampling and Chemical Analysis


Sarcheshmeh copper mine, with average annual precipitation of about 400 mm, is located in an arid to semi-arid zone in Southwest of Kerman province and South of Iran [11]. Several waste dumps, which are the main sources of Acid Mine Drainage (AMD), have caused spreading of toxic elements in mine’s surrounding environment. The dumpsite no. 31, located in the northeastern part of the mine’s main pit, was chosen as the study area (Figure 1). This dump site was selected according to the following criteria: (i) waste dump inactivity, so that no change occurs in the time gap between sampling and the image acquisition date, (ii) dump surface be accessible via road network, (iii) being highly contaminated and has severe acid generation risk; therefore, no vegetation can grow on its surface due to the extreme condition of the dump environment, and (iv) has a flat surface that avoids spectral diffraction.



One-hundred twenty (120) soil samples were collected on August 12th, 2015 from depths 0 to 2 cm above the dump surface while recording the coordinates using Garmin etrex 30×, Handheld Global Positioning System (GPS) with an accuracy of ±3 m. Due to the importance of uniform sampling, an attempt was made to take samples from all predetermined points of the dump. For each sample, about 4 kg of waste materials were collected using a geological hammer and a plastic shovel (to prevent any possible contamination) and poured into plastic bags after passing through a 4 mesh (4.76 mm) sieve.



The samples were then transferred to the laboratory, dried at 40 °C and ground to <75 µm (200 mesh) to minimize the impacts of particle size on soil spectral reflectance. Afterwards, they were divided into two parts, one for chemical and the other for spectral analysis. The concentration of Cr was analyzed by ICP-MS (LabWest Minerals Analysis Pty Ltd., Malaga, WA, Australia). X-Ray Diffraction (XRD) along with study of the thin and polished sections were also carried out for quantitative and qualitative analyses of Fe-oxides/hydroxides and clay minerals. Each sample’s pH was measured using a pH electrode inserted in the slurry containing 50 g of soil in 50 mL of distilled water [10].




2.2. Laboratory Reflectance Spectra Measurement and Pre-Processing


Before spectral measurements, samples were dried at 105 °C overnight to reduce the disturbing effects of moisture on soil spectra [27]. An ASD FieldSpec® 3 spectroradiometer (Analytical Spectral Devices Inc., Denver, CO, USA) was used to measure the soil samples’ reflectance spectra in the laboratory. For each measurement, soil samples were placed into 2 cm diameter glass containers and leveled with a stainless-steel blade, formed a 10 cm layer of soil, to guarantee a flat surface flush with the top of the container as a smooth soil surface ensures maximum light reflection and a high Signal-to-Noise Ratio (SNR) [28]. The average of three consecutive readings was considered as the final record of each sample. The spectrometer was re-calibrated every ten samples using a Barium Sulphate (BaSO4) panel.



Variations in the structural properties of the soil samples and the operating condition of the spectrometer cause nonlinearities in the spectra, which may result in random noise, multiple scattering effects and baseline drift [6]. Therefore, spectral pre-processing procedure was applied to the data to reduce these effects. First, spectral bands in the range of 350 to 400 nm and 2451 to 2500 nm were removed from the measured spectra to decrease the instrumental noise and improve the SNR. The reflectance spectra were then transformed to absorbance using Equation (1) to avoid scattering effects [29]:


     A  =  l o g  ( 1 / R )     



(1)




where A is the Absorbance and R is the Reflectance spectra.



After performing the spectral jump correction, the resulting spectra were re-sampled to 10 nm wavelength intervals to transform each sample’s spectra into 205 variables. Savitzky-Golay (SG) smoothing [30] with a moving window size of 7 smoothing points and a second-order polynomial fit was also used to remove the artificial noise caused by the spectrometer [10]. The smoothed spectra were then subjected to the polynomial First-Derivative (FD) and Second-Derivative (SD) filters.



The raw, Savitzky-Golay First-Derivative (SG-FD) and Savitzky-Golay Second-Derivative (SG-SD) pre-processed spectra were later used for development of the prediction models. A Principal Component Analysis (PCA) transformation was independently applied to each raw and pre-processed spectra using a varimax rotation to detect outliers. Two- and three-dimensional plots were obtained by plotting the score plots of the first three PCs. Data points lying outside the 95% confidence ellipse were considered as the outliers.




2.3. Feature Selection


The important spectral wavelengths were extracted using filter-based PLS regression coefficients ( β ) and wrapper-based GA methods. In filter methods, the selected subsets of variables are assessed and scored independently and the n top score features are used as input to the classifier/regressor. Wrapper methods iteratively select variables while being evaluated by a classifier/regressor based on a randomized population. The possible interactions between variables can be detected and taken into concern using wrapper-based feature selection [31,32]. Both feature selection techniques were performed on the calibration (training: 75%) data set.



Correlation analysis was performed between the contents of Cr, clay and Fe-oxides/hydroxides of the samples to determine which soil spectral features have leading roles in the prediction mechanism. Furthermore, the important wavelengths affected by the level of Cr in soil were defined using Pearson correlation coefficients between Cr concentrations of the samples and their absorbance spectra. By this procedure, the most effective spectral variables for estimating Cr concentration were identified.



The PLSR method, sometimes called projection to latent structures, generates a linear model to predict a dependent response variable from a large set of independent variables [33].  β -coefficients or Regression Coefficients (RCs) are single measures of association between each variable and the response. They are obtained from the PLSR calibration model and used for selecting the optimal wavelengths. In our study, the top 15 wavelengths corresponding to the highest absolute values of  β -coefficients (i.e., regardless of sign) were selected as the optimal wavelengths.



GA yielded wavelengths used to select the optimal ANN input variables. It is a general-purpose random search and optimization technique based on Darwinian principle mechanics of natural selection and natural genetics. It is a particular class of Evolutionary Algorithms (EA), which uses mutation, natural selection, and crossover as techniques inspired by evolutionary biology. The following literature can be referred for detailed theory of GA [34,35,36]. GA parameters were set as follows: population size = 100 chromosomes, cross-over ratio = 0.8, cross-over probability = 0.5, mutation rate = 0.01, mutation probability = 0.2 and number of iterations = 1000. Wavelengths selected by PLSR were then used to develop the PLSR, while the GA-selected variables were subsequently used for calibration of the ANN and SMLR prediction models.




2.4. Model Development


The ANN, SMLR and PLSR methods were used in this study to predict Cr concentrations of the soil samples. The implementation of the techniques for spectroscopic modeling has been described in detail in some literature [37,38]. Our previously developed three-layered feed forward ANN was implemented in this study. The Levenberg–Marquardt (LM) training algorithm was used for adjusting weight and bias values of the ANN. Sigmoid (tansig) and linear (purelin) activation functions were implemented for neurons of the hidden and output layers, respectively [10]. The number of neurons in input and hidden layers were optimized to obtain maximum performance.



Before performing the modeling process, data were randomly divided into calibration (training: 75%) and validation (testing: 25%) data sets. Models were then developed using the Leave-One-Out Cross-Validation (LOOCV) on the variables selected from the calibration data set. According to Gomez et al. [39], in LOOCV, all samples participate in model construction except one. The model is then evaluated by the sample that did not participate in modeling and the prediction error is obtained. This process continues until all samples are excluded from the modeling process once and the final error is calculated by averaging the error for each sample. The final evaluation of the developed models was also conducted on validation data set. In this study, random division of samples and development of the prediction models, and the final evaluation of each model were performed in triplicate. The final result was finally determined by averaging. It is noteworthy to mention that all models were developed using log-transformed Cr concentration data. The predicted concentrations were then back transformed to non-logarithmic values to calculate performance evaluation metrics.




2.5. Spatial Distribution Mapping


Geostatistics is based on the theory of regionalized variables and is used to describe the spatial structure of the data [40]. Kriging is the key spatial interpolation and estimation tool used in geostatistics and is continuously being used in soil science, particularly due to its unbiased nature [41]. In this study, the spatial distribution of Cr concentration obtained through chemical analysis and lab spectroscopy (the best prediction model) was mapped as follows:



First, semi-variograms were created to estimate the spatial correlations and the appropriate variogram models. Then, spatial distribution maps of Cr concentration were obtained using an ordinary kriging method. The resulting maps were compared to evaluate the capability of prediction models to determine the spatial distribution of Cr.




2.6. Satellite Image Selection and Pre-Processing


Hyperion, Sentinel-2A, Aster and Landsat 8-OLI images were selected for this study (Table 1). Selecting appropriate images was based on spectral coverage, regional parameters and acquisition conditions such as (i) date and time, (ii) cloud coverage, (iii) the coordinates of the area, (iv) water vapor in the atmosphere and (v) climate.



Before processing, standard pre-processing scenarios were applied to each image. Since Aster SWIR sensor stopped functioning in April 2008 due to high SWIR detector temperature [42], VNIR bands of the image was subjected to radiometric calibration using the Internal Average Relative Reflection (IARR) method and then processed to mask the clouds and shadows. For Hyperion, the uncalibrated and overlay bands with low SNR were removed [43]. Atmospheric correction was also implemented using the Fast Line-of-sight Atmospheric Analysis of Hypercubes (FLAASH) algorithm [44]. Sentinel-2A was atmospherically corrected using the SNAP toolbox included the Sen2Cor algorithm [45]. The bilinear interpolation method was then used to resample the image bands to 10 m. Radiance calibration and atmospheric correction using FLAASH algorithm were conducted for Landsat 8-OLI pre-processing. The spectral bands one to seven were down-scaled to 15 m using the Landsat 8-OLI panchromatic band. Geometric rectification of all four images was finally performed using 20 Ground Control Points (GCP).




2.7. Spectral Similarity between Samples and Images Spectra


The degree of similarity between each sample’s spectra and the spectra of the same position pixel was calculated using the Spectral Angle Mapper (SAM) [46]. In this method, spectra are considered as space vectors with dimensions equal to the number of spectral bands (Equation (2)).


     θ   (  x →  )   =  c o  s  − 1    (    t →  .   r →     | |   t →   | | . | |   r →   | |    )      



(2)




where t is the spectra of the image pixel and r is the spectra of the soil sample measured using a spectrometer. Lower values indicate a higher degree of similarity between the two spectra [46].



The one-way ANOVA method tested the statistical similarity between the spectral properties of images and soil samples. According to the null hypothesis in ANOVA, there was no significant difference between the mean values of the selected image features and the lab spectra. In other words, the null hypothesis is that the samples in the two groups are drawn from populations with the same mean values. This hypothesis was tested by calculating the F-value at the significant level of 0.05. In the case of significant correlation, the spectral features of the image were used as independent variables for the prediction model obtained by lab spectroscopy to determine the concentration and spatial distribution of Cr. The resulting maps were compared to the measured Cr distribution maps.




2.8. Image Segmentation


Rasters resulted from the best models were also segmented using a binary fitness function. Accordingly, if the predicted concentration of Cr for a pixel is greater than a threshold value (i.e., the average measured concentration), the desired pixel got the value of one; otherwise, it obtained the zero value. The binary fitness function used to classify image pixel is as Equation (3):


     C  (  X  i , j   )   =       1    if     P  (  X  i , j   )   ≥   T v        0    if     P  (  X  i , j   )   <   T v           



(3)




where   X  i , j    is the pixel in row i and column j of the image matrix,   T v   is the threshold value, and   P (  X  i , j   )   and   C (  P  i , j   )   are the predicted and segmented values for the same pixel, respectively.




2.9. Models Performance Evaluation


The performance of the prediction models in both lab reflectance spectroscopy and satellite imaging spectroscopy was assessed by comparing the predicted values on the validation data set with the observed ones using the metrics; correlation coefficient (R2), Root Mean Square Error (RMSE) and Residual Prediction Deviation (RPD). R2 (Equation (4)) and RMSE (Equation (5)) can be measured considering the difference between observed and predicted values:


      R  p  2   =  1 −    ∑  n   i = 1      (  y  p i    ′   −   y  p i    )  2     ∑  n   i = 1      (  y  p i    ′   −   y ¯  )  2        



(4)






     R M S  E p   =      ∑  i = 1  N     (   y i  ^   −   y i  )  2   N       



(5)




where   y  p i    ′    is the predicted value, and   y  p i    is the observed value and N is the number of samples.



In addition to the correlation between the predicted and measured values, the reliability of each model can be better confirmed by checking its RPD [47,48], which is the ratio of standard deviation to RMSE (Equation (6)). According to a five-level criterion, the models with RPD values less than 1.5 are considered unreliable, while ones between 1.5 and 2.0 are appropriate for rough predictions, between 2.0 and 2.5 are fit for quantitative predictions, those between 2.5 and 3.0 are regarded as good models and those greater than 3.0 are assumed as satisfactory models [47,49].


     R P D  =    S T D   R M S  E p        



(6)




where STD is the Standard Deviation of the validation data set.



Figure 2 shows a concise description of the procedure used in this study.





3. Results and Discussion


3.1. Statistics of the Soil Samples


According to the 2D plots obtained from the first two PCs of raw and pre-processed spectral data, five similar samples were outside the 95% confidence level ellipse, which were considered as outliers and excluded from the data set (Figure 3). All further analysis was performed using the remaining 115 samples.



Descriptive statistics of the remaining samples’ Cr concentration, pH, Fe-oxides/hydroxides and clay (as a spectrally active attribute) are presented in Table 2. It can be indicated that the Cr concentration ranged between Minimum (Min) and Maximum (Max) values of 3 and 137 mg/kg, with the mean value of 36.26 mg/kg (Table 2), which is very high considering the World Health Organization (WHO) recommended safe limits of 0.05 and 0.1 mg/kg in wastewater and soils used for agriculture, respectively [50]. Furthermore, Cr concentration of the soil samples showed high Standard Deviation (Std) of 28.10 mg/kg and Coefficient of Variation (CV) of 77%, which shows heterogeneity of Cr in the area mainly attributed to soil gathered from different areas of the mine. It can also be seen that the Cr data had strong positively skewed distribution with the skewness of 1.49. The pH of the samples ranged from 2.1 to 7.7 with a mean value of 5.1, which suggests an acidic condition in the study area. The Fe-oxide/hydroxides ranged between 5.13 and 31.82% with a mean value of 14.53%. The average clay content was 9.12% with Min and Max values of 4.33% and 15.31%, respectively. As can be seen, soil under study contains both Fe-oxide/hydroxides and clay minerals, which can affect spectral properties of the samples.



Based on the Kolmogorov–Smirnov statistical test at the 5% significance level, Cr concentration of the samples didn’t meet the requirements of a normal distribution and hence was subjected to logarithm transformation (log10). p-value plot of Cr concentration indicated the log-normal distribution of the data (Figure 4).




3.2. Soil Samples Spectral Pattern


Figure 5 illustrates the raw absorption spectra of four randomly-selected soil samples along with their continuum-removed spectra, which are calculated to highlight the absorption features.



Visual inspection of the spectra of the selected samples in Figure 5 shows that the overall forms and patterns of the spectral curves were roughly the same and comparable indicating their relatively similar characteristics. The spectral range of Fe-oxide/hydroxides is obvious in the VNIR region, which is linked to the electron transition of Fe3+ in Fe minerals such as goethite (FeOOH) and hematite (Fe2O3) [13,51]. Moreover, O-H bonds in hydroxyl or clay minerals are responsible for the peaks in the NIR and SWIR regions [52,53,54]. The absorption peak at 1900 nm is also attributed to the O-H binding in water [55].




3.3. Correlation of Cr with Soil Properties and Spectra Wavelength


Table 3 shows the correlation coefficients between Cr concentration with clay and Fe-oxide/hydroxide of the soil samples.



Notably, soil Cr contents exhibited significant positive correlations with both Fe-oxide/hydroxide and clay minerals, which highlight the positive association of Cr with both clay and Fe contents of the soil. However, the correlation between Cr and clay minerals was slightly higher (r = 0.67). These results were further supported by the correlation plot between the soil samples’ FD absorbance spectra and Cr concentration, showing the most effective spectral variables in the prediction mechanism of Cr (Figure 6).



According to Figure 6, the key spectral bands for predicting Cr concentration in VNIR range are at about 430, 460, 560, 590 and 930 nm. The wavelengths of 430 and 930 nm correspond to the spectral response of goethite while hematite causes absorption bands at 520, 650 and 880 nm [37,56]. High correlation coefficients in the SWIR region are apparent at about 1400, 1900 and 2200 nm respectively, linked to the spectral response of O-H, molecular water and Al-OH in clay minerals such as kaolinite, illite, muscovite and montmorillonite [57] suggesting an internal relationship between them and Cr as another important prediction mechanism. The higher correlation between Cr and the clay spectral features shows the higher ability of these minerals to absorb Cr compared to Fe-oxide/hydroxides. High affinity of clay minerals and Fe-oxide/hydroxides with Cr has also been noticed in other studies [58,59,60].




3.4. Feature Selection Using GA and PLSR Techniques


Figure 7 highlights the important wavelengths obtained by applying GA and PLSR on the consecutive 205 wavelengths selected in increments of 10 nm. Spectral wavelength related to Fe-oxide/hydroxides and clay minerals can be observed among the key variables selected using both GA and PLSR techniques. This further indicated the internal relations of Fe-oxides and clay minerals with Cr ions in soil.




3.5. Prediction Results of Cr Using Laboratory Spectra


The summary of Cr concentration prediction results using the laboratory Raw Spectra (RS), FD and SD spectra are tabulated in Table 4.



Based on Table 4, SD of the absorbance spectra provided better results compared to RS and FD, regardless of the applied data mining technique. Although high noise sensitivity of the derivative transformations [61], the SD technique’s superiority can be due to its ability to remove both baseline drift and linear trend, separate overlapping absorption bands and increase apparent spectral resolution [62].



Considering different data mining algorithms for developing the Cr prediction models, an optimized ANN structure of 18-14-1, obtained after 400 iterations, had the highest performance in the SD spectra (R2 = 0.91, RMSE = 8.73 mg/kg and RPD = 2.76). The poorest performance was derived using PLSR on the RS (R2 = 0.35, RMSE = 22.85 mg/kg and RPD = 1.23). The superiority of ANN can be attributed to the internal nonlinear relationship between Cr and the active spectral components of the soil and the inherent ability of ANN to deal with these nonlinear conditions and complex relationships [63]. Various types of ANNs have also been successful in prediction of As [64], Pb [3], Zn [10,65] and Cd [65,66].



ANN was followed by the SMLR model. SD-SMLR showed the best performance after SD-ANN with R2 = 0.78, RMSE = 12.27 mg/kg and RPD = 2.29 clearly indicated a fit model for quantitative prediction of Cr. FD-SMLR and RS-SMLR with RPD values of 1.88 and 1.26 were appropriate for rough prediction and unreliable models, respectively.



Regarding PLSR and based on the lowest RMSE and the optimal number of hidden factors, each factor was added to the model in case of decreasing RMSE by 2% or more. Among the PLSR models tested, the SD-PLSR had the minimum number of hidden factors (4) with the minimum RMSE (12.95 mg/kg). RS-PLSR and FD-PLSR had 7 and 5 hidden factors in their least RMSE values, respectively. According to the five-level criterion, RPD of the SD-PLSR model was 2.17, which shows a very good quantitative prediction. On the other hand, FD-PLSR and RS-PLSR models were appropriate for rough prediction and unreliable models, with RPD values of 1.82 and 1.23, respectively.



In a study conducted by Song et al. [59], to estimate Cr concentration in a river delta in China by univariate regression method, the R2 value of 0.58 was obtained. R2 values obtained in the study of Cr concentration prediction by PLSR method were generally in the range of 0.2 < R2 < 0.89 [19,58,59,60,67,68]. Models calibrated in this study can be seen, compared to similar publications, provided relatively acceptable Cr predictions. Moreover, in all literature mentioned above, models built on pre-processed spectra showed better performance than those calibrated on raw spectra, which is comparable to the outcome of this study.




3.6. Spatial Distribution Maps


The Cr logarithmic values of soil samples were transformed back to their original values. The resulting semi-variogram parameters (Table 5) show that the spherical models fitted both predicted and measured concentrations. However, a weak spatial dependence was obtained due to Nugget/Sill values of 0.86 and 0.9 for Cr measured and predicted concentrations, respectively. The measured values higher compatibility to experimental semi-variogram and lower RMSE, resulted in a better spatial distribution pattern of soil Cr contamination.



Ordinary kriging and semi-variograms of measured and SD-ANN predicted values were used to provide two spatial distribution maps of Cr concentration (Figure 8).



A similar spatial trend can be observed between two maps, although there were slight differences in the Cr intensity of very high and low risk areas. Highly polluted areas located in central and western parts of the waste dump need significant remediation plans. Conversely, very low concentrations of Cr were detected in northwest and south of the study area (Figure 8). This implies the heterogeneity and complexity of the dump surface in terms of Cr content of topsoil. The combination of VNIR-SWIR spectroscopy and geostatistics successfully mapped Cr spatial distribution of soil and delivered important information for further remediation and contamination restoration planning. This was in agreement with our previous works [10,11] where spatial variability maps of soil Cu, Pb and Zn were rapidly produced using VNIR-SWIR spectroscopy in combination with the kriging interpolation technique.




3.7. Degree of Spectral Similarity


To evaluate the feasibility of applying the best prediction models obtained in the previous section on selected bands of the image’s pixels, the degree of similarity between samples measured spectra and corresponding co-located pixels spectra was determined. The mean SAM values obtained showed different degrees of similarity between the spectra of different images and samples laboratory spectra (Table 6). As expected, SAM values between the samples’ spectra and Sentinel-2A and Landsat 8-OLI were significantly lower in the VNIR region comparing to the SWIR, which is mainly due to better spectral resolution of these images in VNIR. On the other hand, Hyperion showed more similarity to the samples’ spectral response in the SWIR region. This can be explained by the better SNR of Hyperion in SWIR. These results supported the idea that the prediction models can be applied to all desired images (except Aster in the SWIR region).



The statistical difference-one-way ANOVA-between the mean reflectance values of the selected bands of the samples’ spectra and same location image pixels are shown in Table A1.



The null hypothesis was tested by calculating the F-value at the significance level of 0.05. There would be no significant difference between the image spectral parameters’ mean values and the laboratory spectra in the case of approving. According to the results, at 460 nm, the p-values for Hyperion and Sentinel-2A were greater than 0.05 and the F-value was less than the critical F indicating no significant difference between average spectral reflectance of the band in two data sets. The statistical similarity was also found between samples’ spectra and Aster and Sentinel-2A at 560 nm. In summary, statistical similarity was found between the samples’ spectra and three (Aster), eleven (Hyperion), eight (Sentinel-2A) and six (Landsat 8-OLI) wavebands. Wavelengths that show no significant difference between two data sets and confirmed the null hypothesis were used in the prediction models applied to the images.




3.8. Prediction Results of Cr Using Satellite Images


Figure 9 shows the laboratory spectra of one of the randomly selected samples resampled to 9, 191, 13 and 8 bands of Aster, Hyperion, Sentinel-2A and Landsat 8-OLI images, respectively, and the pixels’ spectra with the same location to that sample.



Considering the results obtained from lab spectroscopy (Table 4), SD-ANN, SD-SMLR and SD-PLSR prediction models were applied to the selected bands of the satellite images’ spectra to predict the concentration of Cr (Table 7). Due to limited spectral wavebands, it was not possible to use all independent variables for multispectral images.



Table 7 highlights that the results obtained from multispectral images (Aster, Sentinel-2A and Landsat 8-OLI) were not as acceptable as the Hyperion results. Moreover, it can be seen that SMLR provided the highest R2 values for all satellites (0.68, 0.53, 0.45 and 0.31 for Hyperion, Sentinel-2A, Landsat 8-OLI and Aster, respectively). Therefore, image segmentation was performed on rasters obtained by the SMLR approach (Figure 10) and were compared to the measured Cr distribution map in Figure 8a. Accordingly, segmented Hyperion raster showed the highest similarity to the Cr distribution map, which could be explained by the continuous coverage of the VNIR–SWIR region. The other reason is that Hyperion had the most significant number of similar waveband with the samples’ spectra (11 wavebands) compared to other sensors. The superiority of Hyperion followed by Sentinel-2A, which showed an acceptable similarity with the Cr distribution map. This can be attributed to its relatively high spatial resolution in both VNIR and SWIR regions.



The results of applying the SMLR prediction model to Aster and Landsat 8-OLI pixels’ spectra are also shown in Figure 10. It can be seen that the resulting rasters did not indicate sufficient similarity to the Cr concentration map (Figure 8a), which is not far-fetched due to lack of SWIR bands in Aster and low spatial resolution of both sensors (Aster and Landsat 8-OLI). Nevertheless, some similar trends were observed between the Landsat 8-OLI segmented image and distribution map of Cr (Figure 8a), which can be attributed to the higher spectral resolution of Landsat 8-OLI in the VNIR range and the medium inter-relations of Cr with this spectral region. In addition to spectral and spatial resolutions of the images, it should be noted that the level of Cr affinity with Fe-Oxide/hydroxide and clay minerals is another important factor affecting the prediction performance of prediction models, which is in agreement with results obtained by several authors [12,58,60,69].



This study revealed that the satellite imagery from Hyperion and Sentinel-2A combined with SD-SMLR were superior approaches for monitoring and mapping Cr polluted soils of Sarcheshmeh mining area in Iran in a cost-effective and environmentally-friendly way. The technique permits the creation of massive soil data, which can facilitate soil contamination monitoring and mapping. Future studies need to focus on developing new prediction models using geometric characteristics of the soil spectra (e.g., depth, symmetry, area, etc.). Moreover, in future, employing spectroradiometers in field condition and comparing their performance with satellite images should also be considered. Basic research is also needed on how toxic elements affect soil spectral properties by increasing the number of samples and using higher spectral resolution spectrometers and advanced spectral enhancement methods such as wavelet analysis. Other regression and feature selection techniques can also be evaluated based on efficiency in predicting the concentration of different toxic elements. Available, newly-developed and forthcoming hyper/multispectral aerial and satellite images with high spectral and spatial resolutions (e.g., HyMap, EnMAP, Prisma, Worldview, etc.) can be used for more reliable prediction of toxic elements concentration. Finally, satellite data fusion can be considered to obtain proper images with higher spatial/spectral/temporal resolutions.





4. Conclusions


The purpose of this study was predicting and mapping Cr in the Sarcheshmeh mine (the largest mine in Iran and one of the largest porphyry copper mines in the world) investigating the capability of lab reflectance spectroscopy and satellite imaging. The following are the most important conclusions:




	1.

	
Cr content was successfully monitored and mapped through applying models derived from lab spectroscopy to the Hyperion and Sentinel-2A images pixels’ spectra.




	2.

	
The second-derivative was the best pre-processing method among the others used in this study. None of the models built on the raw spectra had an acceptable prediction accuracy.




	3.

	
Based on the lab spectroscopy, the best prediction model and the most similar distribution map to the map constructed on measured Cr were obtained using the ANN method.




	4.

	
The wavelength 650 nm with significant similarity between the samples’ spectra and four images and the wavelength 2200 nm with significant similarity with three images were identified as the most effective wavebands.




	5.

	
SMLR model obtained from lab spectroscopy and applied to satellite image pixels showed superior performance, providing a prediction map with comparable similarity to the measured Cr distribution map.









Using the outcomes of this study, surface reflectance derived from remote sensing data coupled with feature selection and machine learning algorithms, pollution control establishments can quickly survey soil pollution.
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Table A1. One-way ANOVA test results between selected bands of samples’ and image pixels’ spectra.






Table A1. One-way ANOVA test results between selected bands of samples’ and image pixels’ spectra.













	Spectral Parameter
	ANOVA
	Aster
	Hyperion
	Sentinel-2A
	Landsat 8-OLI





	
	p-value
	-
	0.424
	-
	0.003



	430
	F
	-
	3.127
	-
	9.01



	
	F-critical
	-
	6.381
	-
	6.043



	
	p-value
	-
	0.491
	0.067
	0.000



	460
	F
	-
	3.342
	4.105
	10.432



	
	F-critical
	-
	7.402
	8.098
	7.519



	
	p-value
	-
	0.04
	0.411
	0.289



	500
	F
	-
	5.121
	3.361
	3.144



	
	F-critical
	-
	6.821
	6.230
	5.509



	
	p-value
	0.481
	0.017
	-
	0.077



	530
	F
	2.217
	4.442
	-
	2.653



	
	F-critical
	4.112
	8.172
	-
	4.118



	
	p-value
	0.539
	0.022
	0.103
	0.006



	560
	F
	2.627
	8.193
	0.873
	12.497



	
	F-critical
	5.602
	7.213
	7.918
	7.483



	
	p-value
	0.005
	0.035
	-
	0.481



	590
	F
	13.347
	12.238
	-
	3.209



	
	F-critical
	6.073
	7.452
	-
	7.163



	
	p-value
	0.067
	0.099
	0.105
	0.111



	650
	F
	3.402
	2.216
	6.352
	5.817



	
	F-critical
	4.591
	5.229
	9.128
	8.641



	
	p-value
	-
	-
	0.953
	0.304



	880
	F
	-
	-
	3.056
	1.667



	
	F-critical
	-
	-
	7.168
	8.531



	
	p-value
	-
	0.327
	-
	-



	930
	F
	-
	5.218
	-
	-



	
	F-critical
	-
	7.458
	-
	-



	
	p-value
	-
	0.701
	-
	-



	1290
	F
	-
	1.208
	-
	-



	
	F-critical
	-
	7.394
	-
	-



	
	p-value
	-
	0.351
	-
	-



	1400
	F
	-
	6.610
	-
	-



	
	F-critical
	-
	8.642
	-
	-



	
	p-value
	-
	0.219
	-
	-



	1410
	F
	-
	5.831
	-
	-



	
	F-critical
	-
	7.452
	-
	-



	
	p-value
	-
	0.003
	-
	-



	1720
	F
	-
	6.002
	-
	-



	
	F-critical
	-
	5.461
	-
	-



	
	p-value
	-
	0.431
	-
	-



	1810
	F
	-
	4.042
	-
	-



	
	F-critical
	-
	6.412
	-
	-



	
	p-value
	-
	0.082
	0.078
	0.006



	2160
	F
	-
	6.116
	8.853
	11.938



	
	F-critical
	-
	7.298
	18.176
	7.309



	
	p-value
	-
	0.083
	0.247
	0.633



	2200
	F
	-
	5.461
	7.762
	2.381



	
	F-critical
	-
	7.316
	10.148
	7.218



	
	p-value
	-
	0.002
	0.674
	0.04



	2210
	F
	-
	14.108
	2.883
	9.336



	
	F-critical
	-
	7.556
	7.148
	7.218



	
	p-value
	-
	0.563
	-
	-



	2340
	F
	-
	2.513
	-
	-



	
	F-critical
	-
	7.619
	-
	-
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Figure 1. Study area in Iran (a), in Kerman province (b), in Sarcheshmeh copper complex (c) and dump number 31 (d). 
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Figure 2. Flowchart of the procedure applied in this study. 
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Figure 3. 2D score plot of the first two PCs provided by Principal Component Analysis (PCA) applied on the spectra (calibration set, validation set and outliers are shown as black circles, blue triangles and red circles, respectively). 
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Figure 4. Histogram (a) and P-P plot (b) of Cr concentration in soil samples. 
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Figure 5. Raw absorbance (a) and continuum-removed (b) spectra of four randomly-selected soil samples. 






Figure 5. Raw absorbance (a) and continuum-removed (b) spectra of four randomly-selected soil samples.



[image: Remotesensing 13 01277 g005]







[image: Remotesensing 13 01277 g006 550] 





Figure 6. Correlation between the samples’ FD absorbance spectra and Cr concentration. 
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Figure 7. Important wavelengths selected by GA and PLSR methods. 
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Figure 8. Spatial distribution maps of Cr measured (a) and predicted by an SD-ANN method (b). 
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Figure 9. Full laboratory spectra of a randomly selected sample (a), sample’s spectra resampled to image bands (b) and the pixel’s spectra with the same location to the sample (c). 
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Figure 10. Segmented Aster (a), Hyperion (b), Sentinel-2A (c) and Landsat 8-OLI (d) images (the red dots are the pixels got the value of one after image segmentation using binary fit function). 
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Table 1. Satellite image information.
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	Image
	Platform
	Number of Bands
	Spectral Range
	Spatial Resolution (m)
	Pre-Processing Level





	Aster
	TERRA
	3
	VNIR
	15
	Level-1T



	Hyperion
	EO-1
	242
	VNIR–SWIR
	30
	Level-1T



	Sentinel-2A
	Sentinel-2A
	13
	VNIR–SWIR
	10, 20, 60
	Level-1C



	Landsat 8-OLI
	Landsat 8
	8
	VNIR–SWIR
	30
	Level 1T
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Table 2. Descriptive statistics of the soil attributes.
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	Parameter
	Min
	Max
	Mean ± Std
	Skewness
	C.V. (%)





	Cr (mg/kg)
	3.00
	137.00
	36.26 ± 28.10
	1.49
	77



	pH
	2.08
	7.53
	4.76 ± 1.31
	0.25
	28



	Fe-oxide/hydroxides (%)
	1.16
	25.33
	12.27 ± 6.14
	−0.49
	50



	Clay (%)
	6.04
	8.44
	7.46 ± 0.56
	−0.85
	7.5
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Table 3. Pearson correlation coefficients of Cr, clay minerals and Fe-oxides/hydroxides in soil (The numbers in bold are significant at the p < 0.01 level).
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	Cr
	Clay Minerals
	Fe-Oxides/Hydroxides





	Cr
	1
	0.67
	0.62



	Clay minerals
	
	1
	−0.49



	Fe-oxides/hydroxides
	
	
	1
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Table 4. Prediction results of Cr concentration using lab spectra and different data mining methods (validation data set).






Table 4. Prediction results of Cr concentration using lab spectra and different data mining methods (validation data set).





	
Model

	
Pre-Processing

	
R2

	
RPD

	
RMSE

	
Latent Factor






	
ANN

	
RS

	
0.43

	
1.31

	
21.45

	
-




	
FD

	
0.63

	
1.95

	
14.41

	
-




	
SD

	
0.91

	
2.76

	
8.73

	
-




	
SMLR

	
RS

	
0.44

	
1.26

	
22.30

	
-




	
FD

	
0.59

	
1.88

	
14.95

	
-




	
SD

	
0.78

	
2.29

	
12.27

	
-




	
PLSR

	
RS

	
0.35

	
1.23

	
22.85

	
7




	
FD

	
0.53

	
1.82

	
15.44

	
5




	
SD

	
0.68

	
2.17

	
12.95

	
4
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Table 5. Parameters of an ordinary kriging semi-variogram model for Cr concentration.
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	Model
	Nugget (C0)
	Sill (C0 + C)
	Nugget/Sill
	Effective Range (m)
	RMSE





	Measured
	Spherical
	0.746
	0.869
	0.86
	572
	0.99



	Predicted
	Spherical
	0.434
	0.811
	0.90
	440
	1.14
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Table 6. Spectral similarity of soil samples and images spectra calculated by the SAM method.
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	Spectral Parameter
	Aster
	Hyperion
	Sentinel-2A
	OLI





	VNIR
	0.39
	0.086
	0.089
	0.094



	SWIR
	-
	0.049
	0.19
	0.24
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Table 7. Prediction results of Cr concentration using satellite images.
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Model

	
Criteria

	
Aster

	
Hyperion

	
Sentinel-2A

	
Landsat 8-OLI






	
SD-ANN

	
R2

	
0.21

	
0.61

	
0.33

	
0.24




	
RMSE

	
48.81

	
25.82

	
36.29

	
45.06




	
SD-SMLR

	
R2

	
0.31

	
0.68

	
0.53

	
0.45




	
RMSE

	
42.63

	
23.61

	
34.51

	
40.58




	
SD-PLSR

	
R2

	
0.22

	
0.54

	
0.31

	
0.24




	
RMSE

	
45.37

	
29.11

	
40.58

	
41.55
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