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A B S T R A C T

Mining is fundamental for human development, yet it currently requires innovative spatial techniques as it faces
diverse environmental and social pressures. With the free Sentinel-2 data of the Copernicus programme, new
opportunities arise for studies related to nickel laterite, especially with its reported potential in mapping iron-
oxide. This work utilizes samples from drill-holes extracted from Tiebaghi, New Caledonia. The chemical
composition and the hyperspectral reflectance of each sample are obtained. The reflectance spectra are re-
sampled to Sentinel-2's characteristics, and generalized linear regression was used to accurately predict Fe2O3,
MgO, SiO2, Al2O3, and nickel content where three regression approaches were compared: Ridge, Elastic Net, and
the Least Absolute Shrinkage and Selection Operator (LASSO). With the resulting regression models, mineral
chemistry of an outcrop in the vicinity of the drill-holes is mapped by a scene of Sentinel-2. The work shows the
great potential of free satellite imagery in mapping chemical characteristics of minerals and rocks. It opens up
great opportunities for monitoring outcrops and for achieving more efficient mineral exploration.

1. Introduction

Grande Terre (Fig. 1), the main island of New Caledonia in the
South Pacific, possesses more than a quarter of the world's nickel (Ni)
reserves with its world's largest nickel laterite deposits (Dalvi et al.,
2004; Horowitz, 2010; Myagkiy et al., 2017). Nickel mining started in
1874 and accounts for most of New Caledonia's exports, where this
extracted nickel is essential for the production of protective plating,
stainless steel, and other alloys (Ali and Grewal, 2006). In the context of
Ni exploration, the most prospective areas are saprolite and yellow
laterite, making it essential to survey these areas and their overlaying
red laterite (Despinoy et al., 2012; Wells et al., 2013; Jébrak and
Marcoux, 2015). In a tropical setting, erosion is a threat making rocks
vulnerable, especially in steep areas (Beauvais et al., 2007), and it can
modify the lateritic landscape. Thus, surveying the regolith is of high
interest for future management of the reserves since lateritic weath-
ering and degradation of the superficial zone due to natural processes
can have an economic significance.

Hyperspectral remote sensing (remote and proximal) has been used
for mapping lateritic transects (Cudahy et al., 2008; King et al., 2011;
Despinoy et al., 2012; Wells et al., 2013; De Boissieu et al., 2017). This
approach is very useful since an iron-oxide reflectance spectrum shows
strong reflection in the visible and near-infrared region due to various

electronic transitions (Viscarra Rossel et al., 2010). Specifically, goe-
thite absorption is reported due to charge transfer absorption features
at 500 nm (Ong et al., 2001; Ducart et al., 2016) and due to iron-oxide
at 950 nm (Ramanaidou et al., 2008; Viscarra Rossel et al., 2010; van
der Werff and van der Meer, 2015). Furthermore, the wavelength po-
sition of the absorption feature around 900 nm is considered essential to
determine the goethite/hematite ratio (Ramanaidou et al., 2008). On
the other hand, OH-bearing minerals, such as serpentine, have ab-
sorption features at 1400 and 2100 to 2450 nm (Ramanaidou et al.,
2015; Schodlok et al., 2016) whose depth is a great proxy to estimate
the abundance of these minerals. Furthermore, particle size affects the
overall reflectance spectra where reflectance increases as particle size
decreases (Cudahy and Ramanaidou, 1997).

Spaceborne remote sensing also shows great potential in mining
applications (Tote et al., 2010). Various spaceborne data such as those
acquired by ASTER, ALI, and Hyperion allow the mapping of broad
mineral groups like the abundance of iron-oxides (Cudahy et al., 2008;
Madani, 2009; King et al., 2011; Feizi and Mansouri, 2013; Pour and
Hashim, 2014; Ducart et al., 2016). The advantages of using spaceborne
acquisitions are large data coverage and the possible temporal repeti-
tion of the acquisition. This allows integrated monitoring at a relatively
low cost. When considering the use of freely available data, spatial and
spectral resolutions have been limiting, yet, Sentinel-2 shows great
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potential (van der Werff and van der Meer, 2016; Ge et al., 2018).
Sentinel-2 is a sun-synchronous spaceborne platform provided by the
Copernicus European Earth Observation programme established by the
European Space Agency (ESA). It hosts on-board the multispectral in-
strument (MSI) of 13 bands in the visible (VIS), near-infrared (NIR), and
short-wave infrared (SWIR). The spatial resolution of acquired data
depends on the spectral band and can be either 10m, 20m, or 60m
(Drusch et al., 2012).

The emphasis is great on Sentinel-2's capabilities in mapping iron-
oxides (Mielke et al., 2014; van der Werff and van der Meer, 2015,
2016) where the major feature successfully used has been the absorp-
tion dip around 900 nm (Mielke et al., 2015; Kopačková and Koucká,
2017). Yet, rarely has it been addressed to map other oxides that ty-
pically result in absorption features not depicted through Sentinel-2's
spectral characteristics (e.g. in OH-bearing minerals). With regression,
an understanding of the contribution of the whole spectrum in

describing a chemical property could be achieved, without relying on
absorption features alone. When non-parametric generalized regression
approaches are used, the chemical properties can be well described
without risking an overfitted solution, and they could allow the iden-
tification of the important features in the dataset (Verrelst et al., 2012;

Fig. 1. An overview of the study area. (a) New Caledonia's ultramafics and the location of the Tiebaghi massif based on Massifs de péridotites de Nouvelle-Calédonie
SMC/DIMENC, last update Sept. 2011. (b) RGB of Sentinel-2 MSI image of 11 February, 2018 showing the site location and the drill-hole location.

Fig. 2. A geological map of the outcrop area and its surroundings based on Carte géologique de la Nouvelle-Calédonie au 1/50.000ème péridotites de Nouvelle-Calédonie –
SMC/DIMENC, Last update 26/03/2013 with highlighted field knowledge based on De Boissieu et al. (2017) and (Wells et al., 2013), and a simplified regolith profile
based on Sevin et al. (2014).

Table 1
The ASD spectral characteristics. FWHM: full width at half maximum

Module Spectral range
[nm]

Band width
[nm]

FWHM
[nm]

Number of bands
[–]

VIS 380–748 4 6 93
NIR 752–1400 4 6 163
SWIR 1404–2500 4 4.5 275

Table 2
Characteristics of Sentinel-2 MSI (ESA, 2018).

Band Central wavelength
[nm]

FWHM
[nm]

Spatial
resolution [m]

Comment

b1 443 20 60 Excluded from the
analysis

b2 490 65 10
b3 560 35 10
b4 665 30 10
b5 705 15 20
b6 740 15 20
b7 783 20 20
b8 842 115 10
b8A 865 20 20
b9 945 20 60 Excluded from the

analysis
b10 1375 30 60 Excluded from the

analysis
b11 1610 90 20
b12 2190 180 20
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Boucher et al., 2015). Furthermore, such regression approaches can
allow easy replication of an analysis for new chemical properties and
for new study areas due to their simple, optimal, and fast performance
(Verrelst et al., 2015).

This paper aims to use Sentinel-2 acquisitions for mapping mineral
chemistry of an outcrop in New Caledonia. The content of Fe2O3, MgO,
SiO2, Ni, and Al2O3 is considered. This is carried out through upscaling
from field hyperspectral acquisitions of samples from the regolith to the

Fig. 3. Topographical characteristics of the outcrop. (a) DEM. (b) Slope map.

Fig. 4. Pairwise analysis of field data considering depth: Scatter plots with LOESS fitting and histograms on the left side of the chart with Pearson's correlation
reported on the right side of the chart; unit for each chemical constituent is [%] of weight; unit of Depth is [m].

Fig. 5. Examples of reflectance spectra from the drill holes (ASD and corresponding resampled spectra) with known chemical composition and from the Sentinel-2
image with known lithology. (a) ASD spectra: original and resampled to S2 bands. (b) Spectra from the S2 image.

Table 3
Chemical characteristics of the samples corresponding to the spectra in Fig. 5.

Spectrum Ni [%] Fe2O3 [%] MgO [%] Al2O3 [%] SiO2 [%] Depth [m]

1 0.136 81.584 0.388 5.741 0.430 0.5
2 1.212 51.027 0.65 17.239 14.869 22.5
3 3.726 17.327 22.841 2.637 37.24 45.5
4 0.188 7.604 38.438 1.302 38.559 76.5
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multispectral spaceborne setting using generalized linear regression
modeling. In the process, the following models are compared for each
chemical property: Ridge, Elastic Net, and Least Absolute Shrinkage
and Selection Operator (LASSO).

2. Study area and data set

The study site is an outcrop in Tiebaghi, northern New Caledonia,
on the western coastline (Fig. 1). This outcropping plateau is in the
vicinity of the Tiebaghi mining site of the Société Le Nickel (SLN)
(Fig. 1). It is oriented North-West to South-East, with a length of around
3.5 km and an average width of 0.5 km. This outcrop was already
mapped using hyperspectral airborne acquisitions at only the central
part in 2012 (Despinoy et al., 2012) and as a whole in 2017 (De
Boissieu et al., 2017).

2.1. The geological setting

The outcropping plateau belongs to Tiebaghi's ultramafic massif and
is characterized by its peridotite bedrock (Fig. 1). This peridotite is
covered by a lateritic weathering profile that is composed of pisoliths
and ferricrete on the surface, followed by red then yellow laterite, and
finally saprolite covering the bedrock (Sevin et al., 2014). The geology
and mineralogy of Tiebaghi have been well studied through various
techniques including in situ and airborne hyperspectral sensing, che-
mical and spectral testing, and geophysical methods (Moutte, 1982;
Beauvais et al., 2007; Despinoy et al., 2012; Wells et al., 2013; Sevin
et al., 2014; Genthon et al., 2017; De Boissieu et al., 2017). It has a
unique alteration profile that is not observed on another location in
New Caledonia, where an elevated content of Al2O3 is observed in the
laterite compared to its content in the saprolite and can be due to the
presence of lherzolite (Bailly et al., 2014) where nontronite

Fig. 6. Prediction quality using test data for each chemical property using the resampled field spectra and the three regression approaches, considering the 10-
random partitions of the datas. (a) Fe2O3. (b) MgO. (c) SiO2. (d) Al2O3. (e) Ni.
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(Na0.3Fe +

2
3 Si3AlO10(OH)2.4(H2O) has been identified at Tiebaghi and is

an aluminum bearing mineral. The geology of the outcrop is shown in
Fig. 2 along with field knowledge based on the work of De Boissieu
et al. (2017).

Goethite and hematite are highly available in the lateritic profile.
Chemically 100% goethite (FeOOH) will show 89.1% Fe2O3, a high
value expressed as ferric-oxide. On the other hand, Ni is associated with
goethite (Ni2+ replacing Fe3+ in the structure), and the percentage of
Ni in goethite is 1.3% on average. Hematite, on the other hand, only
contains between 0.2 and 0.6% Ni. A high Fe2O3 content and a high Ni
content are prevalent in the yellow laterite (goethite dominated) and a
very high Fe2O3 and a low Ni content will describe the ferricrete (he-
matite dominated) (Butt and Cluzel, 2013; De Boissieu et al., 2017).

2.2. Field data

Drill holes in the mining area (Fig. 1) were used to acquire samples
by the Commonwealth Scientific and Industrial Research Organisation
(CSIRO) in the scope of three field campaigns (2010, 2011, and 2013).
These samples were collected from outcrops, drill cores, and powders
from various sites in New Caledonia, including three boreholes in Tie-
baghi (Wells et al., 2013). The samples were characterized using X-ray
fluorescence, X-ray diffraction (XRD), differential thermal analysis,
optical microscopy, scanning electron microscopy, and reflectance
spectroscopy.

Reflectance spectra for the samples extracted from the boreholes in
Tiebaghi were acquired using an Analytical Spectral Devices (ASD)
FieldSpec Pro spectrometer (Table 1) coupled with the CSIRO devel-
oped HyLogging™ scanning system that uses a robotic XY table where
spectra are measured (Cracknell and Jansen, 2016; Schodlok et al.,
2016). The mineral composition of powders extracted from the

boreholes was determined using XRD as explained by Wells et al.
(2013). The samples have been tested for the content [% of weight] of
FeO, Ni, Co, Fe2O3, MgO, SiO2, Cr2O3, Al2O3, and MnO.

2.3. Spaceborne data

New Caledonia's subtropical climate is rainy, humid, and warm
from December to April and humid and cool from July to September.
The image used for this study was acquired by Sentinel-2 (S2B) on the
11th of February, 2018. Table 2 shows the characteristics of the image
with the full width at half maximum FWHM of each band. Bands of
lowest spatial resolution of 60m were only used for the data pre-
processing and were excluded from further processing.

The image was obtained through the French Theia Land Data Centre
(https://theia.cnes.fr) as geometrically, atmospherically, and radio-
metrically corrected Level-2A product. The atmospheric correction was
carried out using MACCS-ATCOR Joint Algorithm (MAJA) (Hagolle
et al., 2017) that allows the optional correction of slope effects. Such a
topographic correction is recommended when more than 5% of the
pixels have slopes exceeding 8° where topography could introduce
brightness variations (Richter et al., 2012). MAJA's current topographic
correction only utilizes digital elevation models (DEM) from the Shuttle
Radar Topography Mission (SRTM) at 90m resolution (3 arc-second),
and thus this topography was used. Fig. 3 shows the topography of the
outcrop using SRTM at 30m resolution (1 arc-second), that is freely
available through the United States Geological Survey (http://
earthexplorer.usgs.gov/). The slope map was created through the
open-source SAGA GIS (using QGIS) and shows that the area is mostly
steeper that 8°, and thus the correction of slope effects was considered
to obtain surface reflectance.

Fig. 7. Regression visualization using the samples partitioned as “test” data. (a) Fe2O3 LASSO. (b) MgO LASSO. (c) SiO2 LASSO. (d) Al2O3 LASSO. (e) Ni Elastic Net.
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3. Methodology

3.1. Field data processing

3.1.1. Pre-analysis of spectra and field samples
Acquired field data only from Tiebaghi boreholes are analyzed.

Pairwise scatter plots are used to show possible relations between im-
portant chemical characteristics and features of reflectance spectra. A
pairwise view of the field data and extracted characteristics of the ab-
sorption features is prepared along with a pairwise correlation analysis
using Local Polynomial Regression (LOESS Curve Fitting) or linear re-
gression, for which Pearson's correlation (r2) is reported. This LOESS
Curve fitting fits a point through weighing it towards the data nearest to
it and aims at easing the visualization of the data (Chambers and Hastie,
1991). These pairwise correlation plots are produced using psych
package in R programming (Revelle, 2017).

Thus, the following steps are followed:

• The first step involves the preprocessing of samples through the

removal of any outliers, which are samples that show a sudden peak
in the chemical composition. For example, sudden elevation of MgO
and SiO2 in the yellow laterite zone could be due to localized sec-
ondary silicification (Wells et al., 2013). Yet, to avoid uncertainty,
such samples are not used in the dataset. Thus, 141 samples are used
out of 190. Furthermore, only chemical characteristics of direct in-
terest to map the regolith are considered, namely the content of Ni,
Fe2O3, MgO, SiO2, and Al2O3.

• Two absorption dips are considered: Dip1 between 776 and 1050 nm
and Dip2 between 2250 and 2350 nm. Continuum removal and ab-
sorption parameterization are carried out (Clark and Roush, 1984;
Schodlok et al., 2016). A 4th order polynomial is fitted between
endpoints of each dip to allow the estimation of the depth of each
absorption dip (DepthDip) for each spectrum. This step is carried out
using the Spectral Geologist™ (TSG) software by CSIRO (Schodlok
et al., 2016) (https://research.csiro.au/thespectralgeologist/).

3.1.2. Spectral resampling of ASD spectra to MSI characteristics
Spectral resampling allows the reconstruction of the spectral bands

of the ASD hyperspectral signatures to correspond to spectra of MSI. For
the ASD data, an assumption of normality of spectral response is con-
sidered, and an approximation using Gaussian functions using FWHM is
done. For MSI, the response function is used (ESA, 2018), and the re-
sampling is carried out using hsdar package in R programming (Lehnert
et al., 2017).

3.1.3. Creating a benchmark using previously proven approaches
Linking the field hyperspectral signals to real Sentinel-2's multi-

spectral push-broom sensor's registered reflectance is not

Fig. 8. The 10-fold cross mean validation results over the considered range of Lambda: upper and lower standard deviation curves along the sequence, and the top
horizontal axis corresponding to the number of useful features. The vertical dotted lines show *.min and *.1se. (a) Fe2O3 LASSO. (b) MgO LASSO. (c) SiO2 LASSO. (d)
Al2O3 LASSO. (e) Ni Elastic Net.

Table 4
The resulting best models to represent the different chemical properties.

Property Model type RMSE [%]

Fe2O3 LASSO.min 4.82
MgO LASSO.min 1.95
SiO2 LASSO.min 4.06
Al2O3 LASSO.min 2.71
Ni Elastic Net.min 0.69
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straightforward. Yet, several researchers have proven a successful usage
of Sentinel-2's near 900 nm absorption dip as a proxy to iron-oxide
presence. Indices have been used and assessed (van der Werff and van
der Meer, 2016) and successful mapping of the absorption wavelength
feature has been done (van der Meer et al., 2018) that allows the
identification of the wavelength at lowest reflectance (for goethite/
hematite ratio estimation). For this study, only the content of Fe2O3 is
of interest, and thus an index of Sentinel-2 band11/band8 is used as a
proxy to identify relative abundance of ferric-oxide (van der Werff and
van der Meer, 2016).

3.1.4. Regression analysis of resampled field spectra
Regression is used to find the best combination of MSI bands to

describe and quantify vital chemical constituents of the Regolith.
Reflectance values of the bands are considered as independent variables
where their significance in mapping a chemical characteristic of the
samples extracted from the Regolith is considered the dependent vari-
able. The aim of using regression analysis is to understand if Sentinel-2
data can describe a certain chemical characteristic. Furthermore, a
successful representation would allow the prediction of the chemical
characteristic when spectra are available, i.e. using a Sentinel-2 scene.
Thus, the regression aims at determining the function of the band

reflectance values that would lead to a suitable estimate of these
properties (Demattê et al., 2007; Ibrahim et al., 2014, 2017; Verrelst
et al., 2015; Forkuor et al., 2017).

The regression analysis in this paper is done through the fitting of
generalized linear models via penalized maximum likelihood (Agresti,
2013). The penalty allows a suitable selection of variables as well as
shrinkage of the used estimators (Friedman et al., 2010; Crotty, 2014;
Lopatin et al., 2016). Depending on the penalty used, three important
methods can be compared, namely Ridge (lowest stiffness), Elastic Net,
and Least Absolute Shrinkage and Selection Operator (LASSO) (highest
stiffness). Lasso and Elastic Net allow feature selection by the possibility
of reducing the weight of variables to zero while Ridge regression
shrinks estimators (Hoerl and Kennard, 1970; Tibshirani, 1996; Zou and
Hastie, 2005). The use of sparse methods such as LASSO and Elastic Net
has been shown to have great potential in geological data analysis
(Boucher et al., 2015). Another useful aspect of the generalized models
is that they do not require the assumption of response normality.

Prior to the regression model fitting, the data is partitioned into
training and testing sets (50% each). This is carried out randomly ten
times, and thus the models are fitted ten times on the dataset. The re-
gression analysis performed using glmnet package in R (Friedman et al.,
2010, 2017) which carries out a 10-fold cross-validation to find the best

Fig. 9. The relationship between “test” data partitions and the corresponding estimations using the models resulting in the lowest RMSE. (a) Fe2O3 LASSO. (b) MgO
LASSO. (c) SiO2 LASSO. (d) Al2O3 LASSO. (e) Ni Elastic Net.

Table 5
The resulting best model coefficients for each chemical content.

[%] a b c d e f g h i j k

Fe2O3 84.5 29.3 −197.3 711.5 −646.7 −144.4 509.9 0 −534.4 −24.0 96.4
MgO 1.8 −30.1 180.2 −285.8 404.6 0 −289.6 0 124.2 54.8 −66.2
SiO2 −4.1 −205.6 355.9 −576.5 182.7 824.7 −966.8 0 526.1 −39.2 −5.0
Al2O3 1.2 224.7 −412.3 456.3 −383.2 0 192.7 0 −35.7 14.6 −30.3
Ni 1.0 −25.3 4.0 0 24.4 −16.3 −63.5 15.3 58.4 −3.1 −0.7
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Fig. 10. A pairwise relationship view of in situ data and estimated variables: scatter plots with linear regression fitting and histograms on the left side of the chart
with Pearson's r2 correlation reported on the right side of the chart; unit for each chemical constituent is [%] of weight. (a) Fe2O3. (b) MgO. (c) SiO2. (d) Al2O3. (e) Ni.
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value of parameter λ or lambda, that is a regularization parameter
considered over a grid of values. The error is accumulated along with its
average and standard deviation over the folds.

3.2. Image processing

SNAP (http://step.esa.int/main/toolboxes/snap/), freeware pro-
vided by ESA, is used for the processing. SNAP does not allow the
analysis of an image with bands of inconsistent spatial coverage or pixel
size. Thus, 20m resolution bands are spatially resampled to 10m pixel
size.

The outcrop is directly surrounded by vegetation and a river.
Supervised classification through the popular maximum likelihood
classification (ML) (Lillesand and Kiefer, 2015) is used to mask out the
surroundings. The selected reference spectra were based on Google
Maps and visual interpretation of the image. Cross-validation was car-
ried out with feature selection to reach the best classification. Regres-
sion coefficients obtained from the field spectra are then applied to the
bands of the extracted outcrop pixels to achieve maps of mineral
chemistry.

4. Results

4.1. Field data: analysis and spectral resampling

Chemical constituents are linked to depth (Fig. 4), and that is con-
sistent with typical lateritic profiles of New Caledonia. Thus, Fe2O3

decreases with depth reaching about 50% by the end of the yellow
laterite zone (Depth= 27m at the drill holes), while the highly corre-
lated MgO and SiO2 increase with depth but remain low in the laterite
zone. On the other hand, Al2O3 has its highest values between
27m<Depth<73m, depicting the uniqueness of Tiebaghi's profile.
Ni content increases with depth in the lateritic zone, reaching a max-
imum of about 4.5%. Then, it starts decreasing for the remaining depth
of the profile. The ratio between Fe2O3 and Al2O3 does not show a
significant correlation with other properties.

Fig. 5 shows examples of spectra from different parts of the regolith
acquired by the ASD, and Table 3 gives the characteristics of each
corresponding sample. Fig. 5 also shows a version of the spectra re-
sampled to the spectral characteristics of Sentinel-2. Furthermore, the

figure also shows spectra extracted from the Sentinel-2 image de-
scribing the known areas on the site (as indicated in Fig. 2). The data
shows that the spectra from the ASD have generally higher reflectance
than those of the spectra from the Sentinel-2 image. This difference has
been reported as well between ASD spectra and spectra acquired by an
airborne hyperspectral sensor (De Boissieu et al., 2017). It is possible to
compare the laterite spectrum to “Resampled Spectrum 1” and “Re-
sampled Spectrum 2” and realize that the shape of the spectrum has
been well preserved, especially regarding the iron-oxide absorption
feature at around 900 nm. Furthermore, the spectrum of saprolite is also
consistent with “Resampled Spectrum 4”, and the overall higher re-
flectance of the saprolite spectrum is also preserved. Regarding the
pisolith, its spectra cannot be directly compared to the drill-hole spectra
since the latter initiate from the laterite layers. The lower overall re-
flectance of the pisolith spectra and the reduction in the iron-oxide
absorption feature is noticed, even though this is an area of high iron-
oxide content. This can be due to several reasons such as fires or the
development of manganese-bearing minerals (De Boissieu et al., 2017).

4.2. Field data: regression analysis

Fig. 6 shows the quality of prediction of the test data partitions
using root mean squared error (RMSE). Accordingly, LASSO is chosen
for the best performance resulting in the lowest RMSE for all properties
except for Ni content where Elastic Net resulted in lower RMSE. Ac-
cordingly, an in-depth view of the best models is as follows:

• For each selected model, the coefficients of variables for the various
grid values of Lambda are shown using the training data (Fig. 7). As
the penalty is relaxed with lower Lambda values, the vertical axis
assesses the importance of each band in estimating a chemical
property through regression coefficients. The top horizontal axis
indicates the number of bands with a non-zero coefficient that are
used for the corresponding Lambda value. Since LASSO and Elastic
net allow the reduction of features by setting weight values to zero,
the number of bands can vary. The following bands were found to be
of least added value: b8, b2 and b11 for Fe2O3, b8 and b2 for MgO,
b8 and b12 for SiO2, b7, b8, b11, and b12 for Al2O3, and b3, b6, b8,
b11, and b12 for Ni.

• In order to select the best Lambda value, the mean least squared
error (MSE) for each Lambda is shown in Fig. 8 with the mean and
upper and lower standard deviation curves since a 10-fold cross
validation was used for the training data over the considered range
of Lambda. The model with the minimum mean cross-validated
error (*.min) and the one that gives the most regularized model such
that error is within one standard error of the minimum (*.1se) are
reported for the best partitioning. Al2O3 and Ni show a relatively
higher deviation around the mean, indicating lower performance of
the models when compared to other chemical content.

• The best achieved model of all partitions (lowest RMSE) were

Table 6
The bands ranked according to their importance and “Score” in the su-
pervised classification.

Rank Feature Score

1 b4 0.67
2 b2 0.48
3 b3 0.48
4 b8 0.12

Fig. 11. Extracted outcrop pixels. (a) False color depiction of the outcrop. (b) ML result of the outcrop class.
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selected (Table 4). The lowest RMSE are mostly for LASSO and
Elastic Net with the *.min models.

• The pairwise correlations between the estimated and real values of
the “test” data of the chemical properties were achieved (Fig. 9).

The best achieved models are in the form below where a, b, c, ...k
are coefficients corresponding to the weight given to each band in re-
presenting a chemical content:

= + × + × + × + × + × + ×

+ × × + × + ×

a b b b c b d b e b f b g

b A i b j b k

Content[%] 2 3 4 5 6 7

8 h b8 11 12 (1)

Table 5 gives the coefficients for each chemical content's model.

4.3. Field data: a correlation overview of the results

Fig. 10 shows an overview of the relationships among in situ data
and estimated abundance using absorption dips and indices, when
possible, and the regression (reg) results. The regression gives the best
description of the in situ data, especially at relatively high concentra-
tion levels, which are of most interest. For Fe2O3 content, Dip1's depth
shows an expected high correlation of r2= 0.86. With respect to the
resampled spectra, Fe2O3 shows a high correlation r2= 0.80 with the
ferric oxide index using band8a while r2= 0.77 using band8. Finally,
the regression results show the highest relationship with r2= 0.98.

On the other hand, Dip2 also shows an expected high correlation
with MgO and SiO2. Yet, it can be noticed that the lowest values of MgO

and SiO2 could still be accompanied with high depths of Dip2. The re-
gression results showed the best description of the in situ data. Yet, its
lowest performance is at the lowest values of each chemical property.
Finally, Al2O3 and Ni content also show the lowest quality estimation
for the lowest chemical content, yet the results still allow a useful
prediction of the content of each.

4.4. Multispectral image outcrop delineation

The image maximum likelihood classification results in a 99.8%
correct predictions of the training data used to distinguish the outcrop
from its surroundings. Only the four bands of 10m spatial resolution
were used for the classification to preserve the level of detail delivered
at this resolution. The importance to each band in the classification is
reported in Table 6, where “Score” is calculated in SNAP such as it
perturbs each feature three times and averages the correct predictions.
Then, “Score” is the percentage of correct predictions minus this
average. Fig. 11 shows the resulting delineation of the outcrop.

4.5. Mapping outcrop characteristics

There are various uncertainties in the upscaling from the powdered
samples to the Sentinel-2 spectra. The sample treatment approaches
and the small grainsize of the powders affects the overall reflectance as
explained earlier. Furthermore, the difference among the instruments,
the time lag, and atmospheric correction, all add to the difficulty in

Fig. 12. Relative Fe2O3 content obtained using different approaches. (a) Ferric Oxide index with band 8a. (b) Ferric Oxide index with band 8. (c) Regression
equation.
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upscaling from the field spectra to the satellite spectra. The equations
retrieved from the regression analysis are applied to the image bands,
and the results are thus shown as relative abundance, similarly to the
use of indices. The exact obtained concentrations from the regression
are not considered and are to be investigated in future work.

For Fe2O3, Fig. 12 shows the relative content using the regression-
based equation and the ferric oxide index. The results are consistent,
and areas of low iron content are mainly on the boundaries of the
outcrop. The results also correspond to the field knowledge where low
iron content is in the saprolite area. The use of the Ferric-Oxide index
with band 8a shows more variations in the highest content values,
which is not appearing in the results of the regression.

Fig. 13 shows the relative abundance of other chemical properties
that correspond greatly to field knowledge. MgO and SiO2 are clearly
more abundant in areas of low Fe2O3 content and correspond the sa-
prolite.

Al2O3's highest content cover the area of laterite while lowest values
correspond to saprolite and pisolith. Detecting the high Al2O3 is more
likely related to nontronite, and thus Sentinel-2 data, along with the
regression analysis, is able to detect these areas even in this unique
setting. Ni content is the highest in the saprolite, lower in laterite, and

lowest in pisolith as shown in Fig. 14.

5. Conclusions

Predicting chemical content from spectra resampled to Sentinel-2's
characteristics is carried out. Generalized regression was used and the
content of the following has been considered: Fe2O3, MgO, SiO2, Al2O3,
and Ni. The following regression approaches were compared for best
performance for each chemical content: Ridge, Elastic Net, and LASSO.
LASSO performed best for all chemical properties except for Ni content,
where Elastic Net was superior. Thus, for all considered chemical as-
pects, the regularized approach that allows dimensionality reduction
performed best. The achieved regression shows a good description of
the chemical content that fits the data in a better manner than common
absorption features and indices. The importance of each feature in the
data is obtained and shows that parts of the spectrum can be important
in describing a chemical property even if they do not belong to the areas
of corresponding to important absorption features.

The obtained regression models were then used to map the abun-
dance of each chemical content using a scene of Sentinel-2 for an out-
crop in Tiebaghi, New Caledonia. These maps were compared to the
field and confirm the high quality of the mapping. Furthermore, the

Fig. 13. Relative content of MgO and SiO2 using the regression-based equa-
tions. (a) MgO. (b) SiO2. (c) Legend.

Fig. 14. Relative content of Al2O3 and Ni using the regression-based equations.
(a) Al2O3. (b) Ni. (c) Legend.
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intercorrelation among the chemical characteristics is noticed, even
with the particularity of the Al2O3 content in the area that was also
depicted with high quality. This shows the importance of this approach
that allows a suitable description of the data at hand regardless of its
uniqueness or commonness.

Such mapping is of great importance to the monitoring of nickel
reserves and the surrounding environment. Sentinel-2 creates great
opportunities to map outcrops of the regolith over peridotite in New
Caledonia. The work shows the potential of free satellite imagery in
mapping chemical characteristics of minerals and rocks. It opens up
opportunities for monitoring outcrops and for achieving more efficient
mineral exploration. Thus, the applications that can be of great use to
the raw materials and geology communities. Furthermore, it leads to
improved mapping that can eventually quantify chemical content and
not only depict relative abundance.
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