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Abstract: Bauxite residuals from abandoned mining sites are both an environmental challenge and a
possible source of secondary raw materials. Processing of multispectral and hyperspectral images
with the best available techniques can help to produce multiscale spatial maps of elements inside
and around the mining sites. The authors propose a procedure for mapping elements concentration
using multiple data sets at different scales and resolutions. A comparison between multispectral
Sentinel-2 images and hyperspectral PRISMA processing is performed over some case studies of
bauxite residues in the Mediterranean area. Specifically, a case study from Italy is composed regarding
artificial canyons created by past artisanal mining activities and by stockpiles of extracted bauxite.
Hyperspectral punctual measurements (spectroradiometer surveys) were taken in various zones
of the bauxite site, where infield topsoil samples were also taken for X-ray fluorescence chemical
analysis. Final concentration maps were estimated by performing geostatistical techniques.
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1. Introduction
Bauxite residuals from abandoned mining sites are both an environmental challenge
and a possible secondary raw material resource [1]. The characterization and monitoring
of these sites are often expensive and cumbersome activities, mainly based on repeated
field surveys and sampling campaigns. The present work proposes a cost-effective alternative based on remote sensing. Processing of multispectral and hyperspectral images
with the best available techniques can produce multiscale maps useful to investigate and
monitor the spatial extent of contamination patterns around mining sites. They can also
produce information about stockpiles and the presence of critical raw materials. A limited
amount of field sampling and measurements is needed in order to properly calibrate and
validate the remote sensing methods [2]. In the present work, the comparison between
multispectral Sentinel-2 images [3] and hyperspectral PRISMA [4] processing is presented.
The experimentations concentrated on a test site located in southern Italy: the abandoned
bauxite mine site of Spinazzola in Alta Murgia National Park (Apulia Region), full of
mining residues [5].
2. Materials and Methods
Earth observation data (EO) was selected as an appropriate data source for the raw
materials and environmental analysis of bauxite residuals in the chosen area. Multispectral
images provided by Copernicus with 10-m spatial resolution (Sensing: 14-09-2020) were
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Multispectral images provided by Copernicus with 10-m spatial reso
09-2020) were used and compared with hyperspectral images o
(Sensing: 20-09-2020) with 30-m spatial resolution.
Regarding the field data, three types of field surveys were
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Figure 1. Methodology flowchart.
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In the Spinazzola mining site, the bauxite deposit is 20 m thick and preserves both
the Valanginian–Cenomanian
and the
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shallow-water
In the Spinazzolacarbonate
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site, the
bauxite
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Coniacian–Campanian limestones (Calcare di Altamura Formation) at the hanging wall [16].
the Valanginian–Cenomanian carbonate footwall and the transgres
The only silica-bearing mineral identified within the Spinazzola karst bauxites is kaolin-

Coniacian–Campanian limestones (Calcare di Altamura Formation)
[16]. The only silica-bearing mineral identified within the Spinazzo
kaolinite, while ferruginous nodules are present in soils and residual
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The red bauxites in the Spinazzola area are formed by a fine-grained kaolinite-rich
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Figure 3. Spectroradiometer measurements of bauxite residues in Apulia.

Figure 3. Spectroradiometer measurements of bauxite residues in Apulia.

3.2. Field Sampling

in situ samples (grab samples around 200 g each) were taken from the
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some extra ones from the surrounding areas without bauxite tracks
background (Figure 4). Moreover, the control points from the pre
bauxite residues were checked during the field visit for the geomet
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3.3. Field Sampling

Sample analysis was performed at UNIBO labs; all samples w
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4.2. Results of the Multivariate Geostatistical Analysis
Figure 7. Comparison between spectrum signature of samples from bauxite residues and det
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4.2. Results of the Multivariate Geostatistical Analysis

Due to the small number of field samples, using the secondary variable from EO
(band ratios) was fundamental for grade mapping. The correlation coefficients betw
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EO data and concentrations in samples were calculated to find the highest correlation. As
a result, the highest coefficient correlations between Al2 O3 (%) and the band ratios
are9
7 of
7 of 9
presented in Table 2.
Table 2. Selected variables and their correlation coefficients for concentration mapping.
Table 2. Selected variables and their correlation coefficients for concentration mapping.
Table 2. Selected variables and their correlation coefficients for concentration mapping.
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Figure 9. Direct and cross sample variogram (purple) and the fitted model (green line) based on
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