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A B S T R A C T

Mining and smelting releases toxic contaminants such as zinc (Zn), lead (Pb) or cadmium (Cd) into the soil
thereby poisoning it and rendering it unproductive. Remotely alternatives have been widely employed in the
attempt of estimating heavy metal content within soils. The present study provides a methodological approach
based on VNIR-SWIR field hyperspectral data and multispectral Landsat OLI 8 imageries for the prediction and
mapping of Pb, Zn and Cd heavy metal contents around the abandoned Jebel Ressas mine site in Northern Tunisia.
Thus, eighty-seven soil and tailing samples were collected from the study site and VNIR-SWIR field reflectances
were measured on the same collection points, as well. All samples were analysed by atomic absorption for the
estimation of heavy metal concentrations. The partial least squares regression PLSR was conducted considering
the measured heavy metal concentrations and using multi-scale data: VNIR-SWIR field hyperspectral data and
multispectral Landsat OLI 8 imagery. Standard normal variable (SNV) and multiple scatter correction (MSC)
preprocessing methods were applied for further mapping improvement. Thus, this work aims to automate the
estimation of the heavy metal contents in contaminated soils, by carrying out: a modeling approach based on the
PLSR using VNIR-SWIR field hyperspectral data, ii) the mapping of Pb and Zn contents thanks to the exploitation
of Landsat OLI8 multispectral imagery and iii) the application of both MSC and SNV preprocessing methods to
optimize the performance of the developed models, when using such spectrally and spatially degraded data.
1. Introduction

Soil contamination has been highly exaggerated by human activities.
Particularly, soil is chiefly polluted by tailings left over after mining ac-
tivities (Zhiyuan et al., 2014; Fashola et al., 2016). Indeed, mining and
smelting releases toxic contaminants such as lead or cadmium into the
soil thereby poisoning it and rendering it unproductive (Razo et al., 2004;
Zhou et al., 2007; Zhiyuan et al., 2014; Fashola et al., 2016). Geology
remote sensing appear as interesting tool, which its efficiency, its low
cost and its rapidity have been confirmed trough previous works.
Particularly, this technique was successfully tested for estimating heavy
metal content within soils, the critical compartment of successful agri-
culture. Indeed, techniques based on reflectance spectroscopic data,
multispectral and hyperspectral data have proven their efficiency for the
prediction of the chemical and physical properties of soils (Gomez and
al., 2008; Rossel and Webster, 2012; Hribkou et al., 2012; Laone et al.,
2012; Lu et al., 2013a,b; Mohamed et al., 2020).
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Several previous studies used the visible-near infrared (VNIR)
reflectance spectroscopy for the effective analysis of important properties
of Mediterranean soils (Laone et al., 2012). Indeed, some authors have
evaluated the potential of Vis-NIR spectroscopy for the prediction of
chemical and physical properties of soils, in southern Italy, such as clay,
organic carbon (OC), total nitrogen (N), cation exchange capacity (CEC),
and calcium carbonate (CaCO3). Others have however combined labo-
ratory spectroscopy with Hyperion imagery to analyze (SOC), total
phosphorus (TP), pH and cation exchange capacity (CEC) in soils in a
typical area of Chinese Gansu Province (Lu et al., 2013a,b). A recent
study (Mohamed et al., 2020), was focused on the use of Visible near
infrared and shortwave infrared VNIR-SWIR spectroscopy and Landsat-8
operational land imager (OLI) images to predict the content of different
soil nutrients (nitrogen (N), phosphorus (P), and potassium (K)), pH, and
soil organic matter (SOM) in the Wadi El-Garawla arid area (the north-
west coast of Egypt). Hbirkou et al., have only used airborne
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Figure 1. The location of the Jebel Ressas mine site in the North of Tunisia, showed on: (a) the Google earth map of Tunisia, (b) the zoomed window of the map and
(c) the 3 D dropped false color composite image on the terrain digital model TDM, showing the topography of the study region. The black numbers (1, 2 and 3) locates
the three tailing dumps (Dikes).
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hyperspectral data (HyMap) for an accurate prediction of the soil organic
carbon (SOC) content on cultivated fields in Germany.

Furthermore, other researchers, as human activities continues to
exacerbate soil degradation, have focused on predicting heavy metal
contents, such as As, Cu, Ni, Cr, Pb, Zn, Hg, Cd, etc., to assess soil
contamination around mining and industrialization areas (Wu et al.,
2005; Choe et al., 2008; Peng et al., 2016; Goltappeh et al., 2018; Wei
et al., 2019). Laboratory VNIR (400–2500) data were well used in several
studies aiming the prediction of contaminant contents, such as cadmium
(Cd) and zinc (Zn) in Flood plain in Netherlands (Kooistra et al., 2001),
lead (Pb) within soils in Australia (Al Maliki et al., 2014),
zinc-copper-lead-chromium-nickel (Zn–Cu–Pb–Cr–Ni) in farming soils in
Southern Bulgaria (Todorova et al., 2014), arsenic-lead-zinc-copper
(As–Pb–Zn–Cu) in Chinese farming (Wang et al., 2014), arsenic (As) in
farming soils in Italy (Stazi et al., 2014), and cadmium (Cd) (Chen et al.,
2015) and zinc (Zn) (Sun and Zhang, 2017) within soils in China.

In almost of these research studies, several regression algorithms have
been operated such as principle component regression (PCR) (Wu et al.,
2005), multiple linear regression (MLR) (Choe et al., 2008), the cubist
approach using spectral indices (Peng et al., 2016) and linear and non
linear regression (LR & NLR) (Goltappeh et al., 2018). Among these
regression approaches dedicated for interpreting spectral data to predict
contents of heavy metals, the most used technique is partial least squares
regression (PLSR), which handles multi-linear data and allows for the
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number of samples to be exceeded by that of variables (Shi et al., 2014;
Wang et al., 2014; Wei et al., 2019).

Few works were however, interested in heavy metal mapping using
PLSR and multispectral data. Particularly, PLSR and Landsat 8 imageries
were used for mapping contents of soil arsenic (As), cadmium (Cd),
nickel (Ni), and lead (Pb) (Fard et Matinfar, 2016), soil copper (Cu) (Fang
et al., 2018) and soil chromium (Cr) (Khosravia et al., 2021).

In this context, the present work aims to optimize the capability of
both VNIR-SWIR field hyperspectral spectroscopy and multispectral
Landsat OLI 8 data for mapping heavy metal contents, particularly those
of Pb, Zn and Cd, around the abandoned Jebel Ressas mine site in
Northern Tunisia. Thus, this research study consists of: i) conducting
PLSR algorithm for the prediction of heavy metal contents using field
spectroradiometer, ii) mapping the spatial distribution of heavy metals
using multispectral Landsat OLI8 data and iii) optimizing the perfor-
mance of the developed models basing on standard normal variable
(SNV) and multiple scatter correction (MSC) preprocessing methods.

2. Materials and methods

2.1. Study area

The district of Djebel El Ressas (Figure 1) which is considered as a
pilot site (36�36023.7000N, 10�19005.8600E), is located 30 km South East



Figure 2. Map showing the point location of the eighty-seven soil (red point circles) and tailing (green point circles) samples as well as of the spectral measurement,
selected around the Jebel Ressas mine. D1, D2 and D3 indicate the three tailing dumps (Dikes) Dike 1, Dike 2 and Dike 3, respectively.
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from Tunis between the Ressas mountain and the Hma River, near the
village of Djebel El Ressas in the North of Tunisia (Sainfeld, 1952). This
abandoned mine site is characterized by a Mediterranean semi-arid
climate and was exploited for the lead (Pb) and Zinc (Zn) ores. Mining
wastes are stocked in three dikes, surrounded by agricultural soils, olives
groves and forest. High levels of pollutants such as lead, zinc, cadmium
and other heavy metals; have been reported (Mezned et al., 2020;
Ghorbel, 2012; Alayet et al., 2017).
2.2. Field campaign

Eighty-seven soil samples were collected from agricultural soils
around the three dykes in the Jebel Ressas mine site in 2014 (Figure 2).
Samples were gathered from the first 3 cm of the soil surface, from the
sampling points that were selected with respect to the contaminant
transport direction. Moreover, hyperspectral field measurements were
operated for all soil samples using an Analytical Spectral Device ASD
Field Spec HiRes Full-Resolution spectroradiometer, under natural light
between 10 AM and 2 PM (Figure 3). Three consecutive measurements of
VNIR and SWIR reflectance spectra were practically taken per sample.
The mean spectrum was considered after that for processing. The used
instrument operates between visible (VIS) and Shortwave (SWIR)
(350–2500 nm) wavelengths with a spectral resolution ranging from 3
nm to 10 nm. At a distance of 50 cm, away from each soil sample, it
provides a spot diameter of 3.5 cm and an area of 38.4 cm2, since its Field
of view (FOV) is of 8�. A total number of 2151 of spectral bands were
scanned for each point sample, of which 453 bands were removed in the
present study, at intervals between 350-399 nm, 1340–1445 nm,
3

1801–1989 nm and 2401–2500 nm, due to their low instrumental signal-
to-noise ratios.

2.3. Laboratory geochemical analysis

All the collected samples were placed into polyethylene bags properly
labelled and transported to the laboratory, where they were air-dried,
homogenized and quarted to obtain the most representative samples
with about 15 g per sample as weight. After manual grinding of samples
using an agate mortar, 0.3 g from each soil sample was devoted to Pb, Zn,
and Cd heavy metal content determination using conventional chemical
analysis. Indeed, each soil sample was the subject of firstly, a tri-acid
(HPClO4– HF – HNO3-) attack and secondly, a determination of heavy
metal contents by atomic absorption spectroscopy “Solar Thermo
Elemental”. Indeed, the tri-acid attack consists of two steps, a first cold
attack, using both perchloric (HPClO4) and hydrofluoric (HF) acids, was
carried out on each soil sample before a hot attack using nitric acid HNO3
(Figure 4). The extract was adjusted then with bi-distilled water. It is
from this solution that the metal trace elements were determined by
SOLAAR type flame Atomic Absorption Spectrophotometry.

2.4. Multispectral Landsat OLI 8 imagery

The used image for the present study was acquired by Landsat OLI 8
data on the 23th of March 2014. Landsat 8 is the most recently launched
Landsat satellite and carries the Operational Land Imager (OLI) sensor
that captures data with improved radiometric precision over a 12-bit
dynamic range. Thus, it improves overall signal to noise performance



Figure 3. Photos showing: (a) the procedure of the field spectra measurement and the selected measurement points in: (b) the second tailing dump (Dike 2) and (c)
the third tailing dump (Dike 3).

Figure 4. A photo showing the experimental tools that were used for the acid
attack that was carried out on soil samples in the laboratory.

Table 1. Spectral characteristics of the Landsat OLI 8 imagery.

Band Domain Spectral range (nm) Spatial resolution (m)

Band 1 Visible 430–450 30

Band 2 Visible 450–510 30

Band 3 Visible 530–590 30

Band 4 Red 640–670 30

Band 5 Near-Infrared 850–880 30

Band 6 SWIR 1 1570–1650 30

Band 7 SWIR 2 2110–2290 30
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that enables improved characterization of land cover state and condition.
The Level-1 data products are delivered after standard processing for
each scene. In this study, we used the level L1TP image which, was
radiometrically calibrated and orthorectified using ground control points
(GCPs) and digital elevation model (DEM) data to correct for relief
displacement. The OLI 8 data have nine spectral bands, including a pan
band. Only 7 bands centered on 440 nm, 480 nm, 545 nm, 655 nm, 865
nm, 1610 nm and 2200 nm have been used in this study (Table 1).
Panchromatic and cirrus bands were eliminated. All bands present a
spatial resolution of 30 m.



Figure 5. Field VNIR-SWIR reflectances of the 87 samples: (a) before pre-
processing, (b) after MSC preprocessing and (c) after SNV preprocessing. The
noises at 1400 and 1900 nm, related to atmospheric water absorptions,
were removed.

Table 2. Valuation parameters for performance model assessing.

Parameters Formula References

Coefficient of
determination

R2 ¼ 1�Pi¼1
n ðy 0

i � yiÞ2Pi¼1
n ðy 0

i � yÞ2

Kotz et al. (2006)

Root Mean Square Errors RMSEp ¼ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPN
i¼1ðbyi � yiÞ2

N

s Douglas et al. (2018); Rossel et al.
(2006); Chang et al. (2001)

Ratio of Performance to
Deviation

RPD ¼ STD
RMSEp

Olarewaju et al. (2016); Davey
et al. (2009)

Ratio of the Performance
to Interquartile

RPIQ ¼ IQ
RMSEp

¼
Q3� Q1
RMSEp

Bellon-Maurel et al. (2010)

yi is the measured value of sample i; y
0
i is the predicted value of sample i; y is the

average of measured value; N is the number of samples; Q1 is the first quartile;
Q3 is the third quartile.
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Intended to eliminate the interference of vegetation areas, a mask
based on NDVI calculation was applied to the Landsat OLI 8 image. All
pixels having values that exceed 0.3 were removed (Lu et al., 2013a,b).
The NDVI values have been calculated using band 4 and band 5 (655 nm,
865 nm) of the Landsat OLI 8 image after operating the following
equation (Eq. (1)):

NDVI ¼ (Band 5 – Band 4) / (Band 5 þ Band 4) (1)

The urban areas were also masked after identification through visual
inspection. The FLAASH algorithm was after that applied for atmo-
spherically correction of the Landsat OLI 8 image.
5

2.5. Field and imagery data preprocessing

In the present study and aiming to remove unwanted variation that
might impair the predictive ability of models, without excluding or
altering chemically relevant variation, commonly used preprocessing
techniques were applied. As carried out in several previous research
studies (Zeaiter and Rutledge, 2009; Jonsson and Gabrielsson, 2009;
Barnes et al., 1989), in this study, both preprocessing methods including
standard normal variable SNV and multiple scatter correction MSC were
particularly applied to the field hyperspectral data and to the Landsat OLI
8 multispectral imagery. The goal of conducting these methods was to
remove both additive and multiplicative baseline variation without
altering the shape of the spectra. Particularly, the SNV transformation,
introduced by Barnes et al. (1989), was dedicated to reduce multiplica-
tive effects of scattering and particle size. Differences in the global in-
tensities of the signals were thus reduced. Indeed, the transformation
consists in centering each spectrum and then scaled it by dividing by its
standard deviation through the following equation (Eq. (2)):

xSNV
i;j ¼

�
xi;j � xi

�ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPp

j¼1ðxi;j�xiÞ2
p�1

r (2)

Where:
xSNVi;j is the element of the transformed spectrum,
xi;j is the corresponding original element of the spectrum i at variable

j,
xi is the mean of spectrum i,
p is the number of variables or wavelengths in the spectrum.
Alternatively, the Multiplicative scatter correction (MSC) transform,

proposed by Isaksson and Kowalski (1993) and has been shown to be
equivalent to the SNV transform, was carried out on each sample with a
difference only in scaling factors.

The applied equation for a single spectrum is as follows (Eq. (3)):

x¼ aþ bbx þ e (3)

Where:
x represents the spectrum of a sample,bx represents the average spectrum of the whole calibration data set

that assumed to contain similar chemical information as x,
The applied equation using ordinary least squares regression can

allowed the calculation of the corrected spectrum x* as following (Eq.
(4)):



Figure 6. VIP scores showing the most important spectral features used by the PLSR regression for the prediction of heavy metal concentrations (I) Pb, (II) Zn and (III)
Cd. The VNIR-SWIR data, which were used are from: (a) ASD field measured spectra, (b) ASD field measured spectra after preprocessing based on the MSC method and
(c) ASD field measured spectra after preprocessing based on the SNV method. The red line indicates the band at 2200nm and the green one indicates the band
at 2234nm.
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x*¼ðx� baÞb ¼ bx þ be
b

(4)

b

2.6. Regression processing and performance assessing

The proposed methodological approach, aiming to model heavy
metal contents within soils, was carried out using the PLSR regression
method based on the resulting laboratory data and the VNIR-SWIR field
hyperspectral data. Indeed, the resulting laboratory data consists of
6

heavy metal contents or concentrations, which were determined by the
atomic absorption method. The VNIR-SWIR field hyperspectral data
consists of the VNIR-SWIR hyperspectral measurements of different soil
samples, which were taken in situ in the same collection points. All
spectral data were preprocessed using SNV and MSC transformations
before PLSR regression step (Figure 5), in order to remove additive and
multiplicative effects. The optimum number of Latent Variables were
after that determined through the leave-one-out cross-validation pro-
cedure (Wold, 1978) in an attempt to verify the prediction capability of



Table 3. Heavy metal statistics of soil samples.

Parameter Pb (mg/kg) Zn (mg/kg) Cd (ppm)

n 87 87 87

Min 200 500 0.9

Max 57200 80100 983.49

Mean 880 2280 119.23

Median 630 1320 22.01

Standard Deviation 10600 23500 187.29

Skewness 2.06 0.86 2.16

Kurtosis 8.29 2.43 8.49

Table 4. Heavy metal statistics correlation of soil samples.

Pb mg/Kg Zn mg/Kg Cd ppm

Pb mg/Kg Pearson Correlation 1 0.846** 0.758**

Sig. (2-tailed) 0.000 0.000

Zn mg/Kg Pearson Correlation 1 0.770**

Sig. (2-tailed) 0.000

Cd ppm Pearson Correlation 1

Sig. (2-tailed)

**. Correlation is significant at the 0.01 level (2-tailed).
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each generated PLSR model for the calibration dataset. This procedure
was repeated for all n samples to obtain heavy metal content prediction
for each of them. The optimum number of Latent Variables was selected
as the number resulting in the first minimum of the root mean square
errors of cross-validation (RMSECV) (Viscarra Rossel et al., 2006). The
resulting optimal PLSR model was then applied to the validation dataset.
Considering the Mahalanobis distance (Mark and Tunnell, 1985), an H
value higher than 3 was defined as spectral outliers and was removed
from the calibration dataset.

In this study, calibration and validation datasets, using respectively
the 75% and the 25 % of the 76 samples, were considered in PLSR
regression process. A test dataset, using ten remaining samples that were
selected randomly, were however, considered for the validation of the
generatedmaps of heavymetals. According to the previous study (Dkhala
et al., 2020) that have explored the difference related to the division of
the whole dataset into calibration and validation sets, heavy metal con-
centrations were sorted in increasing order, which was showed as the
optimal method.

The performance of the generated PLSR models was assessed through
the comparison of predicted content values of heavy metals of the vali-
dation data set with the measured ones. Thus, the coefficient of deter-
mination in the calibration (R2

cv) and the validation (R2
val) sets, the root

mean square errors of cross-validation (RMSECV) and the root mean
square errors in the validation (RMSEP) sets, the ratio of performance to
deviation (RPD) and the ratio of the performance to interquartile (RPIQ)
were calculated (Table 2). The b-coefficient, larger than the standard
deviation of the b-coefficients for all the spectral bands, and the variable
importance in the projection (VIP), higher than 1 (Figure 6), were
justified in order to have the most significant wavelengths n in the PLSR
(Chong and Jun, 2005; Wold et al., 2001).

3. Results and discussions

3.1. Geochemical estimation of heavy metal contents

All concentrations of the studied heavy metals were determined
basing on the atomic absorption spectroscopic results. Mean concentra-
tions of heavy metals in all soil samples, which are considered as an in-
dicator of the soil contamination, are summarized in Table 3. All saved
7

values in soil samples exceed the tolerate values of soil quality guidelines
(Henin, 1983). Given the tolerated value of each heavy metal, Cd show
the highest concentration of the three pollutants, exceeding 0.7 ppm and
being between 0.9 and 983.49 ppm. Pb show also high values exceeding
100 mg/kg (100 ppm), the tolerated concentration within soils. Zinc
concentrations are ranging from 500 to 67000 mg/kg within soils and
can reach 80100 mg/kg within tailing dumps and exceed thus the
tolerated abundance estimated at 300 mg/kg. These revealed high con-
centrations of Pb, Zn and Cd heavy metals are detected in agricultural
soils particularly, around the three tailing deposits, which are considered
as source of contaminants. As showing in the Table 4, all trace elements
are correlated according to the high R2 coefficients, up to 0.7.

3.2. Spectral characterization of heavy metals

Soil samples have shown distinguished absorption peaks in the SWIR
region that are centered at 2202 nm and at 2338 nm, respectively
revealing the presence of clays (OH–Al) and carbonates (CO3) (Hunt
et al., 1971; Thompson et al., 1999). The presence of carbonates in the
present site, was confirmed with a dominance of the carbonate calcite
(CaCO3), at about a mean concentration of 35 % in soils and of 75 % in
dyke. Other carbonates were also identified within soil samples such as
dolomite (CaMg(CO3)2), cerusite (PbCO3), magnesite (MgCO3) and
ankerite (FeCO3), but insignificantly. Previous studies (Kemper and
Sommer, 2002; Hou et al., 2019) have shown that heavy metals, which
are present in trace amounts within soils, are predicted indirectly,
depending on their behavior. Heavy metals prediction is related to the
affinity of each contaminant to different soil components, such as Fe
oxides, soil organic matter SOM and above all clays, as they are partic-
ularly known as the most fixing minerals for them.

Particularly, the prediction of heavy metal concentrations such as Cd,
Ni and Zn, using soil reflectance spectroscopy and statistical techniques
was well operated using the band related to the presence of clays (Sun
and Zhang, 2017; Sun et al., 2018; Zhang et al., 2019). In other works,
heavy metals have been directly detected. Fard andMatinfar (2016) have
determined prominent correlations for As, Cd and Pb, which occurred
respectively in the spectral range of 1600–2400 nm, of 350–400 and
800–850 nm, and of 350–400 and 1300–1800 nm.

In this study, the considered spectral ranges in the SWIR region are of
2000–2400 nm, particularly around 2338 nm (carbonates) for Cd, and as
well around 2202 nm (clays) for Pb and Zn. In the VNIR region, they are
of 650–800 nm for the three heavy metals, of 400–450 and 500–600 nm
for Pb and of 400–480 for Cd.

3.3. Heavy metal content modeling

3.3.1. Modeling based on field hyperspectral spectroscopy
The PLSRmodels were generated for the Pb, Zn and Cd trace elements

using hyperspectral reflectance spectroscopy (1698 spectral bands) and
their respective concentrations that were determined by atomic absorp-
tion analysis. The latent variables were fixed at 15 as maximum number.

The most important spectral region used by the PLSR for the Pb
contents prediction is of 400–450 nm, 500–600 nm and 650–800 nm
(Figure 7). Other spectral ranges are considered in the SWIR region
around 2202 nm and 2338 nm using the MSC and SNV based pre-
processed VNIR-SWIR reflectances. These spectral bands correspond to
clays (Al–OH) and carbonate (CO3) occurrences, respectively. The same
spectral regions are also selected for the prediction of Zn contents, as well
as others around 2000 nm and 2100 nm for both preprocessed and non-
preprocessed VNIR-SWIR field spectra (Figure 7). Except the spectral
absorption feature around 2338 nm, the selected spectral regions for the
prediction of Cd contents, using preprocessed and non-preprocessed field
spectra, are of 400–480 nm, 650–800 nm in the VNIR region and around
2000 nm and 2338 nm in the SWIR region (Figure 6).

Giving the first local minimum of the RMSECV, 2 to 11 latent vari-
ables were selected for all PLSR models, using preprocessed and non-



Figure 7. The most spectral bands used in the PLSR regression for the prediction of heavy metal concentrations (I) Pb, (II) Zn and (III) Cd. The VNIR-SWIR data, which
were used are from: (a) ASD field measured spectra, (b) ASD field measured spectra after preprocessing based on the MSC method and (c) ASD field measured spectra
after preprocessing based on the SNV method.
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preprocessed VNIR-SWIR hyperspectral measurements (Table 5). The Zn
content prediction model have shown the highest prediction accuracies
with an R2

cv equal to 0.79 and an RPDcv and an RPDval at 2.11 and 1.54,
respectively. These prediction accuracies have been improved for the
three PLSR models, using MSC and SNV based preprocessed VNIR-SWIR
reflectances, showing an R2

cv up to 0.8 and an RPDcv that exceeds 2.18.
The most interesting prediction accuracies are detected for the Zn con-
tent prediction model using the SNV based preprocessed VNIR-SWIR
reflectances, with an R2

cv equal to 0.82 and an RPDcv and an RPDval at
2.29 and 1.71, respectively. For Pb and Cd content prediction models, the
most interesting prediction accuracies were revealed using the MSC
preprocessing method with an R2

cv ¼ 0.41, an R2
val ¼ -0.33, an RPDcv ¼
8

1.1 and an RPDval ¼ 1.01 for the Pb, and an R2
cv ¼ 0.5, an R2

val ¼ 0.46 an
RPDcv ¼ 1.13 and an RPDval ¼ 1.4 for Cd. Through these results, it has
been shown that MSC and SNV preprocessing methods improved the
prediction accuracies of the different models that were generated for the
prediction of heavy metal contents.

3.3.2. Modeling based on Landsat OLI 8 data
Using Landsat OLI8 data, 1 to 4 latent variables were selected for the

three models for each of the Pb, Zn and Cd heavy metals. In this case
study, the pixel spectra in the image, which contained the average
reflectance of a 30 � 30 m, correspond to the GPS coordinates (Differ-
ential Global Positioning System DGPS) of the field sampling point.



Table 5. Results of the PLSR models of the heavy metal content prediction using the field VNIR-SWIR data and given different preprocessing methods.

Heavy Metal Treatment Calibration Set (56 samples) Validation Set (19 samples) RPIQ
(test-set cal)

VL

R2cv RMSECV RPD R2 RMSEval RPD

Pb (mg/kg) Reflectance 0.45 8367.8 1.12 0.04 8390.32 1.05 1.22 6

SNV 0.38 8774.55 1.05 -0.02 8672.98 1.02 1.12 5

MSC 0.41 8545.45 1.1 -0.33 9887.97 1.01 1.29 5

Zn (mg/kg) Reflectance 0.79 10915.96 2.11 0.56 15050.12 1.54 3.47 9

SNV 0.82 9963.97 2.29 0.64 13610.01 1.71 3.65 11

MSC 0.82 9845.26 2.29 0.54 15306.2 1.52 3.59 9

Cd (ppm) Reflectance 0.59 130.23 1.34 0.08 141.29 1.07 1.38 3

SNV 0.49 143.19 1.12 0.54 100.5 1.51 1.45 2

MSC 0.5 140.84 1.13 0.46 108.36 1.4 1.45 2

Table 6. Results of the PLSR models of the heavy metal content prediction using the Landsat OLI 8 data and given different preprocessing methods.

Heavy Metal Treatment Calibration Set (54 samples) Validation Set (18 samples) RPIQ
(test-set cal)

VL

R2cv RMSECV RPD R2 RMSEval RPD

Pb (mg/kg) Reflectance 0.19 8095.7 0.63 0.24 6675.81 1.18 0.84 4

SNV 0.26 8655.18 0.67 0.13 7139.68 1.11 0.9 2

MSC 0.32 8328.9 0.74 0.13 7141.94 1.11 1.07 1

Zn (mg/kg) Reflectance 0.11 19995.28 0.57 0.65 12419.56 1.75 0.67 4

SNV 0.22 20808.19 0.66 0.53 14403.66 1.51 0.66 2

MSC 0.24 20679.58 0.66 0.5 14909.09 1.46 0.66 2

Cd (ppm) Reflectance 0.09 160.47 0.52 0.15 126.28 1.11 0.7 3

SNV 0.13 163.57 0.52 0.08 131.44 1.07 0.54 2

MSC 0.14 165.31 0.51 0.09 130.53 1.08 0.53 2
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The most used spectral bands for the Pb contents prediction were the
band 5 (865 nm), the band 6 (1610 nm) and the band 7 (2200 nm). The
three spectral bands, band 4 (650 nm), band 5 (865 nm) and band 7
(2200 nm) were however, the most used for the prediction of the Zn
heavy metal contents. For the prediction of the Cd contents, only both
spectral bands were the most used, band 4 (650 nm) and band 5 (865
nm).

Although, all the generated PLSR models revealed relatively weak
statistical results (Table 6). Indeed, models of the Zn content prediction
seem to be the most accurate ones, considering the coefficient of deter-
mination R2

cv (ranging between 0.11 and 0.24), R2
val (ranging between

0.5 and 0.65), the RMSECV (around 20000), the RPD cv (between 0.57
and 0.66) and the RPD val (between 1.46 and 1.75). The PLSR model of
the Zn content prediction after applying the MSC preprocessing to the
imagery data shows in particular, the important results with an R2

cv
equal to 0.24, an R2

val equal to 0.5, an RMSECV at around 2.07, an RPDcv
equal to 0.66 and an RPDval equal to 1.46.

According to statistical coefficients, less accurate prediction perfor-
mances were however, showed for Pb and even more for Cd heavy metal.
These results are explained by the using of spectrally and spatially OLI 8
degraded data compared to the results revealed by the PLSR regression
that was carried out on VNIR-SWIR field spectra. Furthermore, through
the comparison, it was proven that Zn was still the best well predicted
heavy metal, despite both spectral and spatial degradation of the used
OLI 8 data. Considering its heterogeneous distribution, the high con-
centrations of Zn, estimated around a mean of 2280 mg/kg and with a
max of 80100 mg/kg, could justify its most accurate prediction perfor-
mances. Moreover, the useful spectral band around 2202 nm, caused by
the combination of OH–Al bending and OH stretching modes and related
to the presence of clays (Al–OH), could increase the prediction perfor-
mances of such heavy metals, known by their strong binding to these
minerals. Thus, the present research have shown that the performance of
heavy metal content prediction using Landsat OLI 8 multispectral images
decreased in order of Zn > Pb > Cd, according to an R2

cv ¼ 0.24 and an
R2

val¼ 0.5 for the Znmodel, an R2
cv¼ 0.32 and an R2

val¼ 0.13 for the Pb
9

model and an R2
cv ¼ 0.14 and an R2

val ¼ 0.09 for the Cd model, despite
that it was better for Cd versus Pb when using VNIR-SWIR field data.

In what follows and according to the very weak performance results
of the Cd prediction model (Table 6), only both Zn and Pb heavy metals
are considered for the Landsat OLI 8 multispectral image mapping.

3.4. Heavy metal content mapping

Three predicted content maps of each of Zn (Figure 8Ia, Ib and Ic) and
Pb (figure 8IIa, 8IIb and 8IIc) heavy metals were produced by applying
the PLSR models, using Landsat OLI 8 reflectance data before and after
MSC and SNV preprocessing.

The map of Zn predicted contents, given the reflectance data before
preprocessing, showed high image pixel values that correspond to the
three tailing dumps with an amount higher than 68000 mg/kg. Other
image pixels were classified as showing significant amounts (55000 mg/
kg) within olive groves surrounding the source of pollution, with respect
to topographic conditions in particular, the strong slope to the South as
well as the prevailing wind (Nord-West). A critical situation of contam-
inated soils were thus revealed around mine tailings. The predicted maps
of Zn contents, given the reflectance after MSC and SNV preprocessing,
showed roughly the same Zn heavymetal distribution except for the third
dump in the North of the region where the contamination was more
distinguished with more image pixels revealing an amount around of
68000 mg/kg.

Several image pixels with high Pb contents were showed in the pre-
dicted map, given the reflectance data before preprocessing, particularly
within the first and the second tailing dumps, with an amount around
20000 mg/kg. According to these mapping results, olive groves in front
of the SW versant of the Jebel Ressas were less affected by Pb heavymetal
contamination (an amount less than 15000 mg/kg) emphasizing partic-
ularly, the role of the strong slope. The predicted maps of Pb contents,
given the MSC and SNV based preprocessed reflectance, showed how-
ever, more contrasted regions that revealed high Pb contaminant con-
centrations, especially in the north, within the third tailing dump as well



Figure 8. Maps of the predicted heavy metal contents (I) Zn and (II) Pb, which were derived by the PLSR method using Landsat OLI 8 data (30 m spatial resolution):
(a) before preprocessing, (b) after preprocessing based on the MSC method and (c) after preprocessing based on the SNV method. The white color corresponds to
masked vegetation using an NDVI> 0.3 and urban area.
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as agricultural soils (olive groves). The predicted amount of Pb, esti-
mating about 25000 mg/kg, is considered as an alarming value within
soils that exceeding the mean value of the tolerated content.
3.5. Validation of heavy metal content maps

The accuracy of both heavy metal Zn and Pb maps was validated
mainly by comparing the mapped results, using PLSR models based on
Landsat OLI 8 imagery before and after MSC and SNV preprocessing, with
the randomly test samples, out of the eighty-seven inputs (Figure 9).
10
Thus, predicted (Landsat OLI 8 map) and observed (test set) data,
corresponding to the same sampling point, were compared for the eval-
uation of the degree of similarity. The Zn predicted and observed con-
centrations in the scatter plot show relative high convergence, especially
when applied PLSR models, which using the preprocessed data given the
MSC and SNV transformations, with an R2 equal to 0.724 and 0.730,
respectively. For Pb content maps, the comparison of predicted and
observed (tested) concentrations reports R2 values around 0.836 and
0.770, particularly using PLSR model, which consider preprocessed re-
flectances through the MSC and SNV transformations, respectively.



Figure 9. Scatter plots showing the comparison between the observed (Test set data) and the predicted (from maps) data derived from the PLSR models dedicated for
the prediction of heavy metal concentrations (I) Zn and (II) Pb. The predicted data, which were used are from: (a) Landsat OLI 8 mapping, (b) Landsat OLI 8 mapping
after preprocessing based on the MSC method and (c) Landsat OLI 8 mapping after preprocessing based on the SNV method.
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These results showed that PLSR models could be applied for mapping
Zn contents and even less for Pb contents within dumps and soils, using
Landsat OLI 8 multispectral data. The PLSR performance results are still
improved especially when conducting MSC and SNV preprocessed
methods versus non-preprocessed reflectances.

4. Conclusions and perspectives

The present study aimed to use hyperspectral terrain spectroscopy
and Landsat OLI 8 Multispectral data, before and after preprocessing, for
the indirect content estimation and mapping of the Zn, Pb and Cd heavy
metals for the first time around a particular Tunisian context of a mining
site. The used approach, basing on PLSR regression method, highlights
the usefulness of MSC and SNV preprocessing to improve prediction
performances of heavy metal contents.

Results have shown that Zn was still the best well predicted heavy
metal, using field data (with an R2

cv ¼ 0.82, an R2
val ¼ 0.64, an RPDcv ¼
11
2.29, anRPDval¼ 1.71) anddespite both spectral and spatial degradationof
the used OLI 8 data (with an R2

cv¼ 0.22, an R2
val¼ 0.53, an RPDcv¼ 0.66,

an RPDval ¼ 1.51). Furthermore, it was proven that although the perfor-
mance of prediction using VNIR-SWIR field spectra is better and more ac-
curate for Zn and Cd contents (R2

cv¼ 0.82 and R2
cv¼ 0.49) rather than for

Pb contents (R2
cv ¼ 0.38). The prediction performance was however,

decreased in the order of Zn > Pb > Cd using Landsat OLI 8 multispectral
images (R2

cv¼ 0.24 and R2
val¼ 0.5; R2

cv¼ 0.32 and R2
val¼ 0.13; and R2

cv
¼ 0.14 and R2

val¼ 0.09). The decrease of the prediction performance of Cd
content has been related to the spectral and spatial degradation of the used
OLI 8 image data. In almost all results, both MSC and SNV preprocessing
methods improved the prediction performances of heavymetal contents of
PLSRmodels, especially when using Landsat OLI 8 multispectral images. It
has been shown that preprocessing methods could ameliorate the PLSR
regression results in presence of degraded data spatially and spectrally.

Furthermore, the accuracy of the Zn and Pb concentration maps was
validated through the comparison between extracted concentrations
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from each heavy metal map, resulting from PLSR model processing, and
measured concentrations of the ten randomly samples (test set out of the
eighty-seven inputs), resulting from atomic absorption spectroscopic
analysis. The calculated R2 coefficients have shown that PLSR regression
method using MSC and SNV based preprocessed Landsat OLI 8 data is
promising for heavy metal content prediction and mapping, despite the
spectral and spatial data degradation, especially for Zn heavymetal when
applying both MSC and SNV preprocessing methods (with an R2 ¼ 0.724
and an R2 ¼ 0.730) and for Pb heavy metal, as well (with an R2 ¼ 0.836
and an R2 ¼ 0.770). The conducted approach revealed alarming amounts
of Pb, Zn and Cd heavy metals within soils around the Jebel Ressas mine
site, that exceeding the tolerated mean values. Their distribution, from
dumps towards soils, is conditioned by the topographic conditions of the
site as well as the erosive action of the prevailing wind.

A thorough study will be conducted in the future with the aim of
further improving the mapping of heavy metals through the exploration
of different multispectral image data, such as SENTINEL-2 and Aster data,
which have been tested with success for the mapping of the contents of
minerals with high pollution potential (Dkhala et al., 2020) and the
mapping of phosphate mineralization (Mezned et al., 2020), respectively.
Several preprocessing methods will be also tested to evaluate the pre-
diction performances of different regression models.
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