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ABSTRACT

Mines and their related-industries are able to affect their surrounding environment,
not only by their activities, but also after being abandoned. Among their different
harmful effects, under water and surface water contaminations, and soil
contamination can be mentioned. In order to manage these environmental effects,
it is necessary to use reasonable methods for modelling heavy metal concentration
in soil. This study aims to present a framework for modelling heavy metal soil
contamination based on spectroscopy and statistical models. For this purpose, the
spectral curves of the 53 soil samples, derived from an abandoned mine and its
surrounding areas in New South Wales, Australia, were collected using a
spectroradiometer in visible to short wavelength infrared (SWIR) wavelengths.
Calculating the second derivative of the collected spectral data, random forest
feature selection method (RFFS) was used to determine the most important spectral
data for modelling heavy metal concentrations including lead, silver, cadmium and
mercury. Then, the modelling techniques including multiple linear regression,
random forest regression, and support vector regression (SVR) were applied on the
selected spectral data. The results indicated that SWIR wavelengths are the most
important spectral data for modelling heavy metal concentrations. Moreover, the
non-linear machine learning methods, especially random forest with RMSE of 0.8
ppm and R? of 0.51 for lead and RMSE of 9.4 ppm and R? of 0.46 for cadmium
performed better than multiple linear regression.
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Extended Abstract
Introduction

oils of abandoned mines are often contaminated with heavy metals and require a regular
monitoring. One of the most important measures, in this regard, is the modeling of soil
contamination with heavy metals using indirect methods, which are less expensive than the
direct ones and require less time to perform. In other words, the modeling methods
quantitatively predict the heavy metals in soil with a good accuracy. The most popular statistical
models used in the soil pollution modeling include multiple linear regression, non-linear
regression, logistic regression, artificial neural networks or random forest classification and
regression. The aim of this research is to identify and extract the most important effective
wavelengths in the heavy metal analysis of soil and use them to model the concentration of
pollutants in the soil of a mining area near Sydney, Australia. For this purpose, random forest
regression, vector regression machine, and multiple linear regressions are used.

Methodology

During the chemical analysis, the concentration of 4 heavy metals including silver (Ag),
cadmium (Cd), mercury (Hg) and lead (Pb) were measured in the collected samples. For this
purpose, each of the soil samples were dried well and then grounded into fine powder. After
that, 1 gram of the samples was used for the chemical analysis and the rest for the spectral
measurement of soil samples. The spectrum of soil samples was measured in the laboratory
using FieldSpec 3 spectrometer (ASD). The spectrometer device in this research is capable of
measuring the electromagnetic spectrum in wavelengths from 350 nm to 2500 nm with a
spectral resolution of 1.4 nm (for wavelengths from 350 to 1000 nm) and 2 nm (for wavelengths
1000 to 2500 nm). In order to measure the relative reflectance for each sample, the radiation
spectrum was normalized using a 99% white reference surface spectral. In the current research,
the second derivative of the measured spectra was used as input features for modeling using
different machine learning methods. Many of those methods have been proposed as feature
selection, among which the random forest being the more common one. Therefore, in order to
extract the most important variables, the aforementioned random forest feature selection
method was used. After selecting the most important second derivative of the wavelengths,
regression methods such as random forest, support vector and multiple linear were used in order
to model the concentration of the heavy metals including mercury, silver, cadmium and arsenic
in the soil.

Results and discussion

With regard to modeling, the second derivative of short-wavelength infrared was selected in
lead, the second derivative of near and short-wavelength infrared in silver, whereas for
cadmium, the second derivative of ultraviolet and short-wavelength infrared, as well as for
mercury, short-wavelength infrared was selected. The main soil compounds that absorb visible,
near and short-wavelength infrared are powerful variables to increase the accuracy of soil's
heavy metal prediction. Although most of the heavy metals in soil with a concentration greater
than 1000 mgkg* are difficult to detect from a spectral point of view, several studies have
shown a significant correlation between the concentration of heavy metals and spectral data
acquired in near and short wavelength infrared. According to the results, mercury heavy metal
modeling using the random forest regression method with a root mean square error of 0.26 ppm
has less error than the modeling of other heavy metals in this study. The lowest accuracy of the
modeling is related to that of cadmium using the multiple linear regression method, which has
a root mean square error of 12.18 ppm. For estimating most soil pollutants, the random forest
regression method has a lower root mean square error than other methods heavy metals has
been confirmed in the studies of other researchers.
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The random forest regression method, as such, is able to better identify relationships
between predictors and pollutant concentrations with minimum number of independent
variables. Also, this method has a good performance and high accuracy in identifying a
complex non-linear relationship between independent and dependent variables.

Conclusion

The results of the random forest feature selection method showed that the second derivative of
the spectral data derived from soil samples in short wavelength infrared are the most important
in modeling the concentration of heavy metals. Also, the results of this research showed that
although statistically, there is no significant difference between the methods used to model the
heavy metal concentrations in soil, but overall, machine learning methods have had better
performance than the multiple linear regression method.
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4, Support Vector Machine (SVM)
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Table 2. Selection of the most important wavelengths with the random forest regression method
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Table 3. Modeling with random forest regression, support vector regression and multiple linear regression
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Table 4. Comparison of modeling methods with T-Test statistical method
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