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Abstract

:

Chromium is not only an essential trace element for the growth and development of living organisms; it is also a heavy metal pollutant. Excessive chromium in farmland soil will not only cause harm to crops, but could also constitute a serious threat to human health through the cumulative effect of the food chain. The determination of heavy metals in tailings of farmland soil is an essential means of soil environmental protection and sustainable development. Hyperspectral remote sensing technology has good characteristics, e.g., high speed, macro, and high resolution, etc., and has gradually become a focus of research to determine heavy metal content in soil. However, due to the spectral variation caused by different environmental conditions, the direct application of the indoor spectrum to conduct field surveys is not effective. Soil components are complex, and the effect of linear regression of heavy metal content is not satisfactory. This study builds indoor and outdoor spectral conversion models to eliminate soil spectral differences caused by environmental conditions. Considering the complex effects of soil composition, we introduce a support vector machine model to retrieve chromium content that has advantages in solving problems such as small samples, non-linearity, and a large number of dimensions. Taking a mining area in Hunan, China as a test area, this study retrieved the chromium content in the soil using 12 combination models of three types of spectra (field spectrum, lab spectrum, and direct standardization (DS) spectrum), two regression methods (stepwise regression and support vector machine regression), and two factors (strong correlation factor and principal component factor). The results show that: (1) As far as the spectral types are concerned, the inversion accuracy of each combination of the field spectrum is generally lower than the accuracy of the corresponding combination of other spectral types, indicating that field environmental interference affects the modeling accuracy. Each combination of DS spectra has higher inversion accuracy than the corresponding combination of field spectra, indicating that DS spectra have a certain effect in eliminating soil spectral differences caused by environmental conditions. (2) The inversion accuracy of each spectrum type of SVR_SC (Support Vector Regression_Strong Correlation) is the highest for the combination of regression method and inversion factor. This indicates the feasibility and superiority of inversion of heavy metals in soil by a support vector machine. However, the inversion accuracy of each spectrum type of SVR_PC (Support Vector Regression_Principal Component) is generally lower than that of other combinations, which indicates that, to obtain superior inversion performance of SVR, the selection of characteristic factors is very important. (3) Through principal component regression analysis, it is found that the pre-processed spectrum is more stable for the inversion of Cr concentration. The regression coefficients of the three types of differential spectra are roughly the same. The five statistically significant characteristic bands are mostly around 384–458 nm, 959–993 nm, 1373–1448 nm, 1970–2014 nm, and 2325–2400 nm. The research results provide a useful reference for the large-scale normalization monitoring of chromium-contaminated soil. They also provide theoretical and technical support for soil environmental protection and sustainable development.
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1. Introduction


Soils contribute to basic human needs like food, clean water, and clean air, and they are a major carrier for biodiversity. Healthy soils and healthy land are the basic conditions for the successful implementation and realization of the sustainable development goals (SDGs) [1,2]. In the development and utilization of mineral resources, human activities such as mining, transportation, sewage treatment, and fertilization have posed a continuous threat to soil health, and inevitably bring many environmental problems and disasters [3]. Among them, heavy metal pollution of tailings farmland soil is one of the most serious problems in the ecological environment of mining areas [4]. Chromium is not only an essential trace element for the growth and development of living organisms; it is also a heavy metal pollutant. Excessive chromium in farmland soil will not only cause harm to crops, but can also cause a serious threat to human health through the cumulative effect of the food chain. Therefore, the determination of quantities of heavy metals in tailings of farmland soil is a necessary means of soil environmental protection and sustainable development [5,6].



Although traditional methods of heavy metal detection in soil are highly accurate, they have low efficiency and high cost, and are only suitable for small-scale monitoring. Hyperspectral remote sensing technology has the advantages of high efficiency, low cost, and suitability for macro-monitoring. It provides a possibility for the rapid prediction of heavy metal content in soil [7,8,9,10,11,12,13]. However, due to the low content of heavy metals in the soil, the response to the soil spectral curve is weak. It is difficult to estimate the content by directly analyzing the characteristic spectra of heavy metal elements in soil samples.



So far, a large number of studies have shown that the spectra obtained under laboratory conditions can quantitatively estimate the concentration of chromium in the soil to a certain extent, thanks to well-controlled measurement conditions. However, due to the pretreatment of soil samples, such as air-drying, grinding, and controlling the spectral measurement conditions in the laboratory, the spectra obtained in the laboratory and the spectra obtained in the field are inevitably disturbed. In fact, the soil spectra measured under field conditions are affected by many factors, such as soil moisture, soil particle size, soil surface conditions, solar radiation, ambient light, and temperature. This is significantly different from the corresponding factors that affect the spectra obtained by the laboratory. Comparing the hyperspectral inversion models of soil clay, calcium carbonate, and salt content based on laboratory spectra and field spectra, it is known that the inversion model of soil composition based on laboratory spectra is often difficult to directly apply to the field. Direct standardization (DS) algorithm is a common spectral correction method, which has been successfully used to estimate the content of soil organic matter and clay components [14,15,16,17,18,19].



In theory, the estimation of soil chromium concentration based on hyperspectral data depends on its correlation with soil spectral reflectance. In naturally contaminated soil samples, various soil properties (such as soil type, soil organic matter, and iron-containing oxide properties) strongly affect the spectral reflectance. In addition, multiple heavy metals may be present in the soil at the same time. Therefore, the spectral difference caused by chromium content is difficult to separate from complex factors. The linear model constructed by traditional precise mathematical methods is used to retrieve the nonlinear relationship between chromium content and the reflection spectra, which affects its predictive ability. In contrast, machine learning methods continuously learn feedback errors during model correction and improve the complex relationship between independent and dependent variables, which is an effective way to solve nonlinear regression problems. A support vector machine is a new type of machine learning algorithm developed on the basis of statistical learning theory. The algorithm learns according to the principle of structural risk minimization. It is a method in which decision rules obtained from limited training samples can still obtain small errors for independent test sets. There are many successful cases in hyperspectral regression [8,20,21,22,23,24,25,26].



Due to the differences in soil spectrum caused by different indoor and outdoor environmental conditions, the direct application of an indoor spectrum to investigate field pollution is not effective. Soil composition is complex, and the linear regression effect of heavy metal content is not ideal. In this study, a soil indoor–outdoor spectral conversion model was constructed to perform spectral conversion of the outdoor spectrum of soil samples to eliminate soil spectral differences caused by environmental conditions. Considering the complex effects of soil components, a support vector machine model that has advantages in solving problems such as small samples, nonlinearity, and high dimensions, is introduced to perform the inversion of chromium content [27,28,29,30].



Taking a mining area in Hunan, China as our test case, a strong correlation factor and principal component factor of the field spectrum, DS spectrum, and lab spectrum were used as input variables, and the soil chromium content was used as the dependent variable. A support vector machine combined with indoor and outdoor spectra was used to retrieve the chromium content. The results are expected to provide a useful reference for the use of hyperspectral data to carry out large-scale normalization monitoring of chromium-contaminated soil and provide theoretical and technical support for soil environmental protection and sustainable development.




2. Materials and Methods


2.1. Soil Sample Collection and Spectral Determination


A typical heavy metal-contaminated mining area is located in Hunan Province, China. Long-term mining activities have caused serious heavy metal pollution to the surrounding paddy fields, vegetable fields, and other soils. Taking into account a variety of pollution diffusion factors in the study area, a strip sampling route was set up, and 46 samples of natural contaminated soil surface (0–20 cm) were collected by the grid sampling method (Figure 1). The land-use type of the sampling site was mainly agricultural, although a small number of samples were from construction land and mining soil. Based on removing impurities such as stones and grass, the PSR-3500 field portable spectrometer (spectral wavelength range 350–2500 nm) is used for field spectrum measurement. Before the spectrum measurement, it is necessary to measure the white board, perform calibration, obtain absolute reflectance, and then use a spectrometer to collect the soil spectrum. To ensure the validity of the spectrum, the average value of the 10 spectra of each soil sample point is taken as the field spectrum of the sample point. The soil samples were taken back to the laboratory for chromium content determination and lab spectrum measurement.




2.2. Field Spectral Conversion


Due to the variation in the soil spectra due to different environmental conditions, it is difficult to effectively apply the indoor spectrum directly to a large-scale survey of soil heavy metal pollution in the wild. To this end, a suitable conversion sample set is selected to construct a conversion model of the lab and field spectra [31,32,33]. The specific steps are as follows: (1) Remove the influence band of water vapor and the band with a small signal-to-noise ratio, and obtain the effective soil spectral data of the lab and field spectrum. (2) Using the Kennard–Stone (KS) algorithm to calculate the Euclidean distance between the spectra, select the sample of the transform set of the filed spectrum and the lab spectrum. The specific implementation steps of the KS algorithm are: First, select the two samples with the largest distance between the two samples as the first and second transform-set samples. Then, calculate the distance between the remaining samples and the selected samples. For each remaining sample, the shortest distance from the selected sample is selected. Then, select the sample corresponding to the longest of these shortest distances as the third transform-set sample. Repeat until the number of selected transformation set samples equals a predetermined number. (3) The DS algorithm is used to construct the transformation model of the field and lab spectra of the selected transformation set samples. (4) Use the constructed conversion model to perform a spectral conversion on the field spectrum to obtain the converted field spectrum data (DS spectrum).




2.3. Spectra Pretreatment


During the process of collecting and transmitting spectral signals, some noise will be generated, which makes the signal-to-noise of spectral data relatively low. The preprocessing of spectral data can reduce its impact. The original hyperspectra can be transformed to eliminate background noise, enhance differences, and highlight spectral features. In this study, the bands with low signal-to-noise ratios from 350–380 nm, 2410–2500 nm, and those affected by water vapor, 1880–1965 nm, were removed. Hyperspectral data have high dimensionality, with information redundancy and high correlation between adjacent bands. Each spectrum was resampled at 10 nm intervals to reduce the correlation between bands and improve data processing efficiency. First-order differential processing is performed on each spectrum to eliminate the spectral shift caused by water absorption to a certain extent, amplify weak spectral information, and improve multicollinearity.




2.4. Inversion Factor Selection


2.4.1. Strong Correlation Factor (SC)


Correlation analysis can reflect the strength of the linear relationship between the two variables. The Pearson correlation coefficient between the reflectance and heavy metal content in this study can be used to indicate the strong correlation band of the difference in soil heavy metal content. A band with a significance level of 0.05 during the t-test of the correlation coefficient is a strong correlation band.




2.4.2. Principal Component Factor (PC)


Through principal component transformation, this study transforms the pre-processed spectrum into linearly independent principal component variables. The principal component transform converts the pre-processed spectrum into a linearly independent principal component variable. To avoid the false rejection of effective weak signals in the regression modeling process, all of the extracted principal components are retained as model-independent variables to be used as another factor for the inversion of chromium content.





2.5. Model Building


2.5.1. Stepwise Regression (SR)


Stepwise regression is a type of multiple linear regression that can select the best-fitting combination of independent variables for dependent variable prediction with forward-adding and backward-deleting variables. This method introduces variables one by one into the model. F-tests are performed after each explanatory variable is introduced, and t-tests are performed on the selected explanatory variables one by one. When the originally-introduced explanatory variable becomes less significant due to the introduction of later explanatory variables, it is deleted. This ensures that only significant variables are included in the regression equation before each new variable is introduced.




2.5.2. Support Vector Regression (SVR)


Support vector regression has received increasing attention from researchers due to its good generalization performance. SVR is an algorithm that minimizes structural risk as a regression goal. The basic idea is to use a kernel function to transform the nonlinear regression in the original sample space into a linear regression in a high-dimensional space. The penalty coefficient C and the kernel parameter Gamma are related to the prediction performance of the SVR. Selecting appropriate parameters can improve the generalization ability and prediction accuracy of the SVR. The Grey Wolf Optimizer (GWO) is an optimized search method, developed by the process of predation behavior of the gray wolf group. The algorithm has good self-organized learning, simple parameters, easy implementation, fast convergence speed, and strong global search ability. In recent years, GWO has received extensive attention from researchers, and has been successfully applied in many fields. In this study, we chose GWO to optimize SVR parameters.



The coefficient of determination (R2), the root mean square error (RMSE) of the modeled samples, the root mean square error (RMSEp), and the relative analysis error (RPD) of the predictive samples are used as criteria for judging the predictive ability of the model. In general, the larger the R2 and RPD, the smaller the RMSE and RMSEp, and the higher the model’s accuracy.






3. Results


3.1. Descriptive Statistics of Soil Cr Concentrations


The chromium content in the soil in the study area is low, and the sample average value is lower than the first-class pollution standard (90 mg/kg) of the Chinese soil environmental quality standard (GB15618-1995) (Table 1). However, among the 46 sampling points, the chromium content of one sample point exceeded the standard. The standard deviation of the statistical value of soil chromium content is large, indicating that the pollution in the study area is quite different. The χ2-test (   χ 2  = 2.38 <  χ  0.05 , 3  2   ,    χ  0.05 , 3  2   =   7.815   ) showed that the chromium content data obeyed a normal distribution at a significant level of 0.05. Seventy percent of the 46 samples were randomly selected as training samples, and the remaining 30% were used as test samples.




3.2. Spectral Characteristics of the Soil Samples


According to the amount of chromium content, all samples were divided into six groups at equal intervals. The average spectral reflectance of all samples in each group was calculated. The spectral curve is shown in Figure 2a–c. The field spectrum, lab spectrum, and DS spectrum curve shapes are roughly the same, and the curves are approximately parallel. The reflectance in the visible light band is lower than that in the near-infrared band, and the spectral difference is also slightly smaller than in the near-infrared band. The positions of the characteristic absorption bands are roughly the same, but the absorption depth is slightly different. Comparing Figure 2a–c, the direction of the field spectrum is chaotic and changes drastically, while the direction of the lab spectrum and the DS spectrum are more consistent, and the changes are more stable. As shown in Figure 2d–g, the mean and standard deviation of the lab spectrum, DS spectrum, and field spectrum are closer to each other after preprocessing. As shown in Figure 2h, the differences between the field spectrum and the lab spectrum and the difference between the field spectrum and the DS spectrum are both large, indicating that the field environment has a significant impact on the spectrum of Cr-contaminated soil. In the visible-light region, the three types of reflectance are almost the same, but the reflectance of the field spectrum in the near-infrared region is significantly higher than the reflectance of the lab spectrum and the DS spectrum. As shown in Figure 2i, the difference of the pre-processed spectra is significantly reduced, which indicates that pre-processing can effectively improve the quality of the spectral data participating in subsequent modeling.




3.3. Correlation Analysis


Table 2 and Figure 3 show the Pearson correlation coefficients of the Cr content and the three types of the spectrum (field spectrum, lab spectrum, and DS spectrum). After resampling, the number of bands of the three types of spectra is 192, and the number of strongly correlated bands of the field spectrum, lab spectrum, and DS spectrum are 65, 132, and 108, respectively. In particular, the number of strongly correlated bands with a correlation coefficient greater than 0.5 is 8, 44, and 30, respectively. The results show that the field spectrum has fewer strong correlation bands due to the large environmental impact, the lab spectrum has more strong correlation bands due to the small environmental impact, and the DS spectrum is centered on the number of strong correlation bands due to the indoor and outdoor environment. The strong correlation bands of the three types of spectra were used as the inversion factors of chromium content. A field_SC (strong correlation band of the field spectrum) with an absolute correlation coefficient greater than 0.5 appears near positions 1032, 1044, 1172, 1218, 1510, 1554, 1576, and 1746 nm. A lab_SC (strong correlation band of the lab spectrum) with an absolute correlation coefficient greater than 0.5 appears near 676–744, 973, 1218–1230, 1466–1641, 1736, 1987–2093, 2206, 2351–2388 nm. A DS_SC (strong correlation band of the DS spectrum) with an absolute correlation coefficient greater than 0.5 appears near 391, 400, 587–765, and 1987–2125 nm.




3.4. Inversion Modeling


Table 3 and Figure 4 are the results of inversion using a combination model of three types of spectra (field spectrum, lab spectrum, and DS spectrum), two regression methods (stepwise regression and support vector machine regression), and two factors (strong correlation factor and principal component factor). The abbreviations of the models are defined in Table 3. The results show that, in terms of the combination of regression methods and inversion factors, the inversion accuracy of each spectral type of SVR_SC is higher than that of the corresponding spectral types of SR_SC, SR_PC, and SVR_PC. We proved the feasibility and superiority of support vector machine for the inversion of soil heavy metals, which provides a reference for selecting the inversion method of soil chromium content. However, the inversion accuracy of each spectrum type of SVR_PC is generally lower than that of other combinations, which indicates that, to obtain superior inversion performance of SVR, the selection of characteristic factors is very important. As far as the type of spectrum is concerned, the inversion accuracy of each combination of field spectra is generally lower than the accuracy of the corresponding combination. It shows that the field environmental interference caused some factors of the field spectrum to lose their original physical interpretation power. This resulted in the real effective factors not being recognized by the model during the modeling process, which ultimately affects the modeling accuracy. The inversion accuracy of each combination of the DS spectrum is higher than that of the corresponding combination of the field spectrum. The R-square of the DS_SVR_SC combination reaches 0.98, and the RMSE and RMSEp are 3.21 and 11.91, respectively. This shows that the DS spectrum has a certain role in eliminating soil spectral differences caused by environmental conditions.





4. Discussion


The principal component regression modeling method inversely transforms the principal component regression coefficients to obtain each band’s contribution to the model, thereby identifying characteristic bands. Figure 5a–f shows that the standard deviation range of the regression coefficient of the pre-processed model is smaller than that of the original model, which indicates that the pre-processed model is more stable for the inversion of Cr concentration. The regression coefficients of the principal component regression model of the field spectrum have significant peaks around 934–990 nm, 1373–1437 nm, 1970 nm, 2008 nm, and 2332–2400 nm. The regression coefficients of the principal component regression model of the lab spectrum have obvious peaks around 390–400 nm and 969–993 nm. The regression coefficient of the principal component regression model of the DS spectrum has obvious peaks around 384–409 nm and 959–991 nm. Figure 5g shows that the regression coefficient curves of the three types of original spectra are inconsistent, the peaks are scattered, and the characteristic band is not obvious. Figure 5h shows that the regression coefficients of the three types of differential spectra are roughly the same, and the reflection peaks are mainly around 384–458 nm, 959–993 nm, 1373–1448 nm, 1970–2014 nm, and 2325–2400 nm. These five characteristic bands are of statistical significance.



Compared with previous studies, the characteristic bands of chromium in the soil identified in this study have certain similarities and differences. The similarities are as follows. A previous study found the characteristic bands of chromium in the soil to be 1430, 1439, 1440, 2226, 2228, and 2230 nm [34], which are basically within the characteristic band intervals found in this study. Most of the previous work focused on the study of Cu and Pb in the soil, and there has been relatively little research on chromium in the soil. The five statistically significant characteristic bands found in this study provide a basis for the future inversion of chromium content in the soil.



Healthy soils and healthy land are the basic conditions for successful implementation and realization of the SDGs [2,35]. The rapid and accurate determination of heavy metals in soil provides technical support for soil environmental protection and sustainable development. Following previous research on the hyperspectral inversion of heavy metal content, this study explored the possibility of quantitative inversion of chromium content based on soil spectra. Compared to the previous studies, its novelty lies in the use of a multi-source spectrum (field spectrum, lab spectrum, and DS spectrum), two types of regression methods (SR and SVR), and two types of factors (SC and PC) to invert soil chromium content. The performance of each combined model is compared to provide a reference for the selection of modeling spectrum types, modeling methods, and modeling factors for inversion of chromium content in soil based on hyperspectral data.



Through the analysis of the differences among the lab spectrum, the DS spectrum, and the field spectrum, the correlation analysis of the three types of spectra and chromium content, and the inversion results of each combined model, it is shown that the different indoor and outdoor environmental conditions will cause variation in the soil spectrum. This will affect the accurate determination of heavy metal content, similar to that of previous studies [32,33]. In this study, 12 combined models were established to invert the chromium content, and the inversion accuracy of each spectral type of SVR_SC was the highest, indicating the feasibility and superiority of inversion of heavy metal content in soil by support vector machine. However, the inversion accuracy of each spectral type of SVR_PC is generally lower than other combinations, which indicates that the selection of characteristic factors is crucial for SVR to obtain superior inversion performance. In addition, many new methods of machine learning (e.g., random forest, extreme learning machine, convolutional neural network, etc.) can continuously feedback errors during the training of the model, and improve the complex relationship between the independent variable and the dependent variable, which is an effective method for solving nonlinear regression problems [20,21,36]. Therefore, stable and robust machine learning methods are further needed for high accuracy inversion of chromium content in soil based on hyperspectral data recently.



Finally, the ultimate goal of developing hyperspectral remote sensing technology is to achieve low-cost, high-precision, and high-efficiency quantitative estimation of soil heavy metal content. Although this study initially verified the theoretical feasibility of our method, there are still some problems that have not yet been explored and countered in practical applications, such as soil thickness, soil moisture, vegetation coverage, atmospheric absorption, and sunlight.




5. Conclusions


Taking a mining area in Hunan, China as a test area, this study retrieved the chromium content in soil using 12 combination models of three types of spectra (field spectrum, lab spectrum, and DS spectrum), two regression methods (stepwise regression and support vector machine regression), and two factors (strong correlation factor and principal component factor). The results show that: (1) The differences between the field spectrum and the lab spectrum and the difference between the field spectrum and the DS spectrum are both large, indicating that the field environment has a significant effect on the spectrum of Cr-contaminated soil. (2) The field spectrum has fewer strong correlation bands due to the large environmental impact, the lab spectrum has more strong correlation bands due to the small environmental impact, and the DS spectrum is centered on the number of strong correlation bands due to the indoor and outdoor environment. (3) In terms of the combination of the regression method and inversion factor, the inversion accuracy of each spectral type of SVR_SC is higher than that of each corresponding spectral type of SR_SC, SR_PC, and SVR_PC. This shows the feasibility and superiority of support vector machine in the inversion of heavy metals in soil. However, the inversion accuracy of each spectrum type of SVR_PC is generally lower than that of other combinations, which indicates that, in order to obtain superior inversion performance of SVR, the selection of characteristic factors is very important. (4) As far as the type of spectrum is concerned, the inversion accuracy of each combination of the field spectrum is generally lower than the accuracy of the corresponding combination, which indicates that the field environmental interference has an impact on the accuracy of the model. Each combination of DS spectra has higher inversion accuracy than the corresponding combination of the field spectra, indicating that the DS spectra have a certain role in eliminating soil spectral differences caused by environmental conditions. (5) The standard deviation range of the regression coefficient of the pre-processed model is smaller than that of the original model, which indicates that the pre-processed model is more stable for the inversion of Cr concentration. The regression coefficient curves of the three types of original spectra are inconsistent, the peaks are scattered, and the characteristic band is not obvious. The regression coefficients of the three types of differential spectra are roughly the same, and the reflection peaks are mainly around 384–458 nm, 959–993 nm, 1373–1448 nm, 1970–2014 nm, and 2325–2400 nm. These five characteristic bands are of statistical significance.
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Figure 1. Sampling point location map. 
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Figure 2. Spectral characteristics of the soil samples. (a) Grouped field spectrum curve of chromium content; (b) grouped lab spectrum curve of chromium content; (c) grouped direct standardization (DS) spectrum curve of chromium content; (d) the mean and standard deviation of the original spectrum; (e) the mean and standard deviation of field differential spectrum; (f) the mean and standard deviation of DS differential spectrum; (g) the mean and standard deviation of lab differential spectrum; (h) the spectral difference of the original spectrum; (i) the spectral difference of the differential spectrum. 
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Figure 3. Correlation analysis between differential spectrum and chromium content. +Dots represent strong correlations. 
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Figure 4. Scatter plot of the inversion of Cr content. (a) field_SR_SC; (b) field_SR_PC; (c) field_SVR_SC; (d) field_SVR_PC; (e) lab_SR_SC; (f) lab_SR_PC; (g) lab_SVR_SC; (h) lab_SVR_PC; (i) DS_SR_SC; (j) DS_SR_PC; (k) DS_SVR_SC; (l) DS_SVR_PC. SR: Stepwise Regression; SC: Strong Correlation; PC: Principal Component; SVR: Support Vector Regression. 
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Figure 5. Feature band recognition. (a) Regression coefficients of the field spectrum; (b) regression coefficients of the field differential spectrum; (c) regression coefficients of the DS spectrum; (d) regression coefficients of the DS differential spectrum; (e) regression coefficients of the lab spectrum; (f) regression coefficients of the lab differential spectrum; (g) regression coefficients of the original spectrum; (h) regression coefficients of the differential spectrum. 






Figure 5. Feature band recognition. (a) Regression coefficients of the field spectrum; (b) regression coefficients of the field differential spectrum; (c) regression coefficients of the DS spectrum; (d) regression coefficients of the DS differential spectrum; (e) regression coefficients of the lab spectrum; (f) regression coefficients of the lab differential spectrum; (g) regression coefficients of the original spectrum; (h) regression coefficients of the differential spectrum.



[image: Sustainability 12 04441 g005a][image: Sustainability 12 04441 g005b]







[image: Table] 





Table 1. Descriptive statistics of chromium content in soil samples (mg/kg).
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	Minimum Value
	Maximum Value
	Mean
	Standard Deviation
	Skewness





	25.47
	92.08
	60.93
	12.70
	−0.04
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Table 2. Number of strong correlation factors for different spectral types.
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	Spectral Type
	Number of Strong Correlation Factors
	Number of Strong Correlation Factors with a Correlation Coefficient Greater than 0.5





	Field spectrum
	65
	8



	Lab spectrum
	132
	44



	DS spectrum
	108
	30
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Table 3. Inversion results.






Table 3. Inversion results.





	
Spectral Type

	
Inversion Method

	
Factor

	
Model Abbreviation

	
R2

	
RMSE

	
RMSEp

	
RPD






	
field

	
SR

	
SC

	
field_SR_SC

	
0.48

	
11.67

	
21.09

	
1.58




	
PC

	
field_SR_PC

	
0.41

	
15.13

	
21.57

	
1.57




	
SVR

	
SC

	
field_SVR_SC

	
0.86

	
7.64

	
17.95

	
1.15




	
PC

	
field_SVR_PC

	
0.55

	
19.62

	
15.54

	
21.95




	
lab

	
SR

	
SC

	
lab_SR_SC

	
0.56

	
14.27

	
13.07

	
1.25




	
PC

	
lab_SR_PC

	
0.49

	
13.16

	
19.89

	
1.71




	
SVR

	
SC

	
lab_SVR_SC

	
0.94

	
5.49

	
16.11

	
1.11




	
PC

	
lab_SVR_PC

	
0.29

	
15.47

	
22.18

	
6.24




	
DS

	
SR

	
SC

	
DS_SR_SC

	
0.55

	
14.59

	
13.97

	
1.32




	
PC

	
DS_SR_PC

	
0.59

	
12.41

	
25.65

	
1.57




	
SVR

	
SC

	
DS_SVR_SC

	
0.98

	
3.21

	
11.91

	
1.06




	
PC

	
DS_SVR_PC

	
0.49

	
12.94

	
18.29

	
1.34












© 2020 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (http://creativecommons.org/licenses/by/4.0/).
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