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Abstract: The identification and mapping of the mineral composition of by-products and residues on
industrial sites is a topic of growing interest because it may provide information on plant-processing
activities and their impact on the surrounding environment. Imaging spectroscopy can provide
such information based on the spectral signatures of soil mineral markers. In this study, we use the
automatized Gaussian model (AGM), an automated, physically based method relying on spectral
deconvolution. Originally developed for the short-wavelength infrared (SWIR) range, it has been
extended to include information from the visible and near-infrared (VNIR) range to take iron
oxides/hydroxides into account. We present the results of its application to two French industrial
sites: (i) the Altéo Environnement site in Gardanne, southern France, dedicated to the extraction of
alumina from bauxite; and (ii) the Millennium Inorganic Chemicals site in Thann, eastern France,
which produces titanium dioxide from ilmenite and rutile, and its associated Séché Éco Services
site used to neutralize the resulting effluents, producing gypsum. HySpex hyperspectral images
were acquired over Gardanne in September 2013 and an APEX image was acquired over Thann in
June 2013. In both cases, reflectance spectra were measured and samples were collected in the field
and analyzed for mineralogical and chemical composition. When applying the AGM to the images,
both in the VNIR and SWIR ranges, we successfully identified and mapped minerals of interest
characteristic of each site: bauxite, Bauxaline® and alumina for Gardanne; and red and white gypsum
and calcite for Thann. Identifications and maps were consistent with in situ measurements.
Keywords: mineral mapping; spectral deconvolution; AGM; industrial sites

1. Introduction
The identification and mapping of the mineral composition of by-products and residues from
industrial sites is a topic of growing interest because it may provide information on plant-processing
activities and their impact on the surrounding environment. The management of industrial by-products
has the potential, for example, to pollute surface and ground water or generate dust with a possible
impact on human health. Many by-products can also have beneficial properties that make them suitable
for applications in which they can replace virgin materials, for example, in the construction/building
industry and, to a lesser extent, in agriculture and horticulture. Therefore, the use of a by-product
generally requires detailed knowledge of its composition, physical properties and variations in quality.
Imaging spectroscopy has clearly proven over the years to be a powerful tool for environmental
monitoring, in particular by allowing researchers to map soil mineral markers based on their diagnostic
spectral signatures (e.g., [1–4]). Minerals exhibit a number of distinct absorptions reflecting their
composition and type. These absorptions vary in position, relative strength, and shape. Additionally,
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the scattering process contributes significantly to the global shape of the reflectance spectrum or
continuum. The continuum, which corresponds to the overall reflected light color of an object relative
to incident light, is related to physical properties of the surface (e.g., grain size, roughness, moisture
content, local slope, etc.). So, surface reflectance as acquired by imaging spectrometers, if analyzed
properly, can provide information on the spatial distribution of surface chemical composition,
concentration and proportions of constituents in a pixel and, eventually, surface physical properties.
Several approaches have been followed to take advantage of these properties, from the simplest
such as spectral indices (e.g., [5] and references therein) relying on absorption position and relative
strength, to more sophisticated attempts to take full advantage of the spectral shape, relying on
reference spectral libraries (e.g., Tetracorder [6]) or more physically based approaches such as the
modified Gaussian model (MGM) developed by Sunshine et al. [7,8]. The latter is based on spectral
deconvolution in the visible-near infrared (VNIR) range, assuming that absorption features attributable
to iron are modified Gaussians superimposed on a straight-line continuum in the wavenumber space,
and it has been used extensively in planetology (e.g., [7–10]). Some authors have extended this
approach to identify minerals with various compositions, such as phyllosilicates, presenting specific
narrow absorptions in the shortwave infrared (SWIR) range [11,12]. The model has also been improved
by Pompilio et al. (the exponential Gaussian optimization (EGO) model [13,14]) to take into account
possible asymmetry and saturation of the absorption bands to avoid too many non-meaningful
Gaussians. Some modifications have also been made to continuum modeling from the simple and
easy-to-use approach of Clark and Roush [15], such as using a second-order polynomial to better
adjust the overall shape of natural spectra [16], using a linear spline interpolation [11], or including the
fundamental water absorption bands in the continuum model around 2800 nm [17]. This physically
based MGM offers the advantage of being independent of site or measurement conditions, provides
information on both chemical and physical properties of the surface, and has proven to be one of the
most powerful tools for the deconvolution of the reflectance spectrum of binary or ternary mixtures
as well as overlapping absorption features. However, the MGM deconvolution is a semi-automatic
process as it needs an initial set of parameters, representing a priori constraints. Due to the large
size of hyperspectral datasets, more robust and stable automated methods are desirable. Moreover,
the MGM results are highly dependent on this initial set of parameters. Derivatives have been used as
a means to estimate these parameters from the data themselves (e.g., [11,18,19] and references therein).
However, this method is sensitive to instrumental noise and can lead to overfitting, creating Gaussians
that no longer represent meaningful absorption bands. Makarewicz [11] has addressed this problem
by smoothing the continuum-removed spectra. In a previous study, we developed for the SWIR the
automatized Gaussian model (AGM) [20] which uses an iterative procedure based on a root-mean
square error (RMSE) threshold to deal with overfitting.
Here, we have the three following objectives: (i) the automatic identification and mapping of
minerals relying as much as possible on physical bases, using spectral deconvolution, with no a priori
knowledge for starting parameters; (ii) the identification of industrial processes based on mineral
markers from residues; and (iii) the test on two French industrial sites that look similar on standard
multispectral color composites but involve different processes and products/residues.
Therefore, the paper is organized as follows. The first “Materials and Methods” section presents
the two sites, the associated processes and the spectral signatures of the main materials, as well as the
images, the AGM method and its extension to the VNIR domain, and the mineral database used in
the study. The results obtained for the two sites are presented in the “Results” section, and the last
section provides conclusions and future research directions.
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2. Materials and Methods
2. Materials and Methods
2.1. Sites, Associated Processes and Spectral Signatures of Main Materials
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2.1.1. Altéo Environnement plant, Gardanne, France
2.1.1. Altéo Environnement plant, Gardanne, France
The Altéo Environnement site is dedicated to the extraction of alumina from bauxite, using the
The Altéo Environnement site is dedicated to the extraction of alumina from bauxite, using
Bayer process [21,22]. Bauxite, the ore, is generally a mixture of hydrous aluminum oxides,
the Bayer process [21,22]. Bauxite, the ore, is generally a mixture of hydrous aluminum oxides,
aluminum hydroxides, clay minerals and insoluble materials such as quartz, hematite, magnetite,
aluminum hydroxides, clay minerals and insoluble materials such as quartz, hematite, magnetite,
siderite and goethite. The aluminum minerals in bauxite can include gibbsite, boehmite and
siderite and goethite. The aluminum minerals in bauxite can include gibbsite, boehmite and diaspore.
diaspore. The Bayer process converts bauxite ore to alumina (aluminum oxide) by digesting it via
The Bayer process converts bauxite ore to alumina (aluminum oxide) by digesting it via sodium
sodium hydroxide (NaOH), converting the aluminum oxide in the ore to sodium aluminate. The
hydroxide (NaOH), converting the aluminum oxide in the ore to sodium aluminate. The remaining
remaining insoluble residue or red mud (~45% liquor and ~55% solid mud), also called
here
insoluble residue or red mud (~45% liquor and ~55% solid mud), also called here Bauxaline® , is an
Bauxaline®, is an alkaline, iron-rich by-product which is removed by means of flocculation and
alkaline, iron-rich by-product which is removed by means of flocculation and decantation [21–24].
decantation [21–24]. The remaining solution is cooled and aluminum hydroxide precipitates. The
The remaining solution is cooled and aluminum hydroxide precipitates. The final product is a dry,
final product is a dry, white anhydrous alumina powder, composed here of pure corindon. For the
white anhydrous alumina powder, composed here of pure corindon. For the Altéo plant, the waste of
Altéo plant, the waste of the Bayer process is stored on the Mangegarri area. That is, one expects to
the Bayer process is stored on the Mangegarri area. That is, one expects to identify and map stockpiles
identify and map stockpiles of ore (bauxite), processed alumina and heaps
of red mud waste
of ore (bauxite), processed alumina and heaps of red mud waste (Bauxaline® ) as shown in Figure 2a.
(Bauxaline®) as shown in Figure 2a.
The full characterization of these waste materials (red mud) needs to be understood to ensure
The full characterization of these waste materials (red mud) needs to be understood to ensure
the residue is safely disposed of and that suitable storage facilities are constructed. Red mud hazards
the residue is safely disposed of and that suitable storage facilities are constructed. Red mud hazards
include dust (fine particle size, highly alkaline, containing significant amounts of iron, aluminum,
include dust (fine particle size, highly alkaline, containing significant amounts of iron, aluminum,
calcium and sodium plus trace amounts of various elements such as barium, boron, cadmium,
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low kaolinite content (see Section 2.1.3 for a summary of main spectral characteristics).
2.1.2. Millennium Inorganic Chemicals and Séché éco Services plants, Thann, France
2.1.2. Millennium Inorganic Chemicals and Séché Éco Services plants, Thann, France
The Millennium Inorganic Chemicals plant produces titanium dioxide (TiO2 ) from ilmenite
The Millennium Inorganic Chemicals plant produces titanium dioxide (TiO2) from ilmenite and
and rutile. It uses a sulfate-based process with sulfuric acid to extract and purify TiO2 in anatase
rutile. It uses a sulfate-based process with sulfuric acid to extract and purify TiO2 in anatase crystal
crystal form. The associated Séché Éco Services plant is used to neutralize the resulting effluents.
form. The associated Séché Éco Services plant is used to neutralize the resulting effluents. The
The neutralization step requires adding lime, or limestone, to the weak acid stream, generating a
neutralization step requires adding lime, or limestone, to the weak acid stream, generating a
co-product called red gypsum—the red coloring being related to iron hydroxides. Thus, the main
co-product called red gypsum—the red coloring being related to iron hydroxides. Thus, the main
mineral components of this neutralization process are gypsum, iron oxide and carbonate (calcite),
mineral components of this neutralization process are gypsum, iron oxide and carbonate (calcite),
that we should then expect to identify and map on the Ochsenfeld waste storage area (Figure 3a).
that we should then expect to identify and map on the Ochsenfeld waste storage area (Figure 3a).
Due to poor weather conditions at the time when we could access the site, samples were collected
Due to poor weather conditions at the time when we could access the site, samples were
in the field and measured with the same ASD spectrometer in the laboratory (Figure 3b,c). Sample
collected in the field and measured with the same ASD spectrometer in the laboratory (Figure 3b,c).
compositions were also determined using XRD and SEM, confirming the identification made based on
Sample compositions were also determined using XRD and SEM, confirming the identification made
spectral analysis.
based on spectral analysis.
As seen in Figure 3b, the main features correspond to gypsum whose characteristic absorption
As seen in Figure 3b, the main features correspond to gypsum whose characteristic absorption
features are located at 1750, 2216 and 2265 nm, the diagnostic being the 1750 nm feature. As expected,
features are located at 1750, 2216 and 2265 nm, the diagnostic being the 1750 nm feature. As
the red gypsum spectrum exhibits the same features, but weaker, plus a VNIR feature around 1000 nm
expected, the red gypsum spectrum exhibits the same features, but weaker, plus a VNIR feature
around 1000 nm indicative of the iron charge transfer and crystal field. The spectral signature clearly
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indicative of the iron charge transfer and crystal field. The spectral signature clearly shows the effect
shows the effect of the mixture of iron oxides (absorption ~1000 nm but flat spectrum in the SWIR)
of the mixture of iron oxides (absorption ~1000 nm but flat spectrum in the SWIR) with gypsum.
with gypsum.
Figure 3c shows a comparison between the spectrum of red gypsum and those of the series
Figure 3c shows a comparison between the spectrum of red gypsum and those of the series of
of samples collected in the dry lagoon, showing calcite in various proportions (the absorption at
samples collected in the dry lagoon, showing calcite in various proportions (the absorption at ~2300
~2300 nm is typical of carbonates). The change in strength of the typical absorption feature of calcite
nm is typical of carbonates). The change in strength of the typical absorption feature of calcite
located at 2340 nm can be easily related to the change in percentage of calcite in this area. Similarly,
located at 2340 nm can be easily related to the change in percentage of calcite in this area. Similarly,
the change of shape in the VNIR strongly correlates with the contribution of iron oxihydroxides.
the change of shape in the VNIR strongly correlates with the contribution of iron oxihydroxides.
Wavelength positions of the characteristic absorption features of the minerals of interest for both sites
Wavelength positions of the characteristic absorption features of the minerals of interest for both
are summarized in Section 2.1.3. Absorption features around 1400 nm and 1900 nm, indicative of
sites are summarized in Section 2.1.3. Absorption features around 1400 nm and 1900 nm, indicative
H O and OH stretching and bending fundamentals, are not considered here since we are working
of2H2O and OH stretching and bending fundamentals, are not considered here since we are working
with airborne images for which these spectral regions are strongly affected by atmospheric water
with airborne images for which these spectral regions are strongly affected by atmospheric water
vapor absorption.
vapor absorption.
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2.2. Methods
We describe hereafter the methodology we used to process the images for the spectral
deconvolution and mapping of minerals of interest.
2.2.1. Atmospheric Correction of the Images
The hyperspectral images used for this study were, for Gardanne, HySpex VNIR and SWIR
images acquired in September 2013, with a 0.5 m and a 2 m spatial resolution for the VNIR and SWIR
respectively; and for Thann, an APEX image acquired in June 2013, with a 3 m spatial resolution.
The HySpex images of Gardanne were atmospherically corrected using ATCOR4 [29]. The Quick
Atmospheric Correction (QUAC) module included in the ENVI® software [30] was used for the APEX
image over Thann because of instrumental calibration issues (D. Schläpfer and A. Hueni, personal
communication).
Reflectance images were spatially down-sampled to improve the signal-to-noise ratio (SNR) and
to limit the number of pixels in order to speed up computation of the mineral maps. Moreover, in the
case of Gardanne, the down-sampling helped in dealing with the different pixel sizes of the VNIR and
SWIR cameras. Hence, the HySpex VNIR and SWIR images for Gardanne had a 5 m spatial resolution
and the APEX image for Thann had a 12 m spatial resolution.
Finally, since our main objective here was the identification of mineral markers in by-products or
heaps of residues, vegetation and water pixels were masked using the HYSOMA toolbox [31] and only
pixels located within the sites were considered (see masks defined in Sections 3.1.2 and 3.2.2). Dealing
with dust detection or quantification of constituents was a different issue which implied taking into
account the problem of mixtures and accurate quantification (meaning adequate in situ measurements
for validation), and will constitute our next step now that this simpler case of identification has
been validated.
2.2.2. AGM Spectral Deconvolution Method
The method used in this study is the automated Gaussian model (AGM [20]), which allows for
automatic identification and mapping of minerals and relies as much as possible on physical bases,
using spectral deconvolution based on the MGM of Sunshine et al. [7], with no a priori knowledge
for starting parameters. Originally developed for the SWIR, we extended it to the VNIR. In this
current version, it runs for the full spectral range, from initialization using spectral derivatives to
spectral deconvolution and mineral identification, with a global approach. The modeling combines
exponential Gaussians [13,14], a continuum including the fundamental water absorption at 2800 nm
and fall-off toward the ultraviolet (UV) range, and deals with overfitting to keep only the relevant
Gaussians. Mineral identification is automatically done based on characteristic absorption feature
positions for a series of typical industrial minerals. The AGM was successfully tested in the SWIR
for 14 minerals representative of industrial environments (e.g., quarries, mines, industries) and more
than 98% of the simulated spectra were correctly identified. It was also applied to two airborne
visible/infrared imaging spectrometer (AVIRIS) images, including the famous Cuprite test site [20],
with results consistent with ground truth data.
For this study, we extended it to include information from the VNIR to take iron
oxides/hydroxides into account. For the continuum, we consider the original MGM model (a straight
line in wavenumber characterized by a slope and an intercept) to which we add a Gaussian centered at
200 nm to model the fall-off toward the UV, the SWIR continuum model and the exponential Gaussians
being unchanged. The spectral modeling can then be written as:
ln (ρ(λ)) = CV N IR/SW IR (λ) + ∑ iN=1 Gi (λ),
where

(1)
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CV N IR (λ) = c0 + c1 λ−1 + GUV (λ),

(2)

C SW IR (λ) = c0 + GWATER (λ),
"

2 !!!#
Si
1
λ − µi
1
n
Gi (λ) = ∑ i=1
t exp −
,
1 − exp −
2 i
2 σi + k i (λ − µi )
1 − exp (− 12 ti )

(3)
(4)

with µi the band center; σi the band width; Si the band strength; k i the band asymmetry; ti the band
saturation; c0 the continuum offset; and c1 the continuum slope. GUV and GWATER are the Gaussians
used to fit the fall-off observed in the UV and the SWIR [17]. The model is initialized using spectral
derivatives and optimized using a least-squares minimization algorithm (Levenberg–Marquardt [32]).
Overfitting is processed by using an iterative procedure based on a RMSE threshold. Once the
parameters of the absorption features are estimated, they are used in the identification procedure.
2.2.3. Mineral Database and Identification Procedure
The identification procedure is based on an expert system that uses the Guides for Mineral
Exploration (GMEX) approach such that it assumes that most minerals have a characteristic
spectrum and, therefore, major (deepest) diagnostic absorption features with well-known wavelength
positions [33]. These deepest absorptions can be associated with secondary diagnostic absorptions for
final distinction between spectrally similar minerals. Here, absorption feature parameters (position,
width, strength) are compared to a database of tabulated values (it is not the spectra themselves that
are compared, but the values of their absorption parameters). The minerals considered in the database
are alunite, alumina, calcite, Fe-chlorite, Mg-chlorite, dolomite, gibbsite, buddingtonite, gypsum, illite,
jarosite, kaolinite, montmorillonite, nontronite, talc, for the SWIR domain; and we added, for the VNIR,
iron-bearing minerals (goethite, jarosite, hematite) and rare earth elements (light REE: neodymium,
heavy REE: erbium).
3. Results
At both sites, the AGM was first applied to spectra of pixels representative of the surfaces of
interest, of which reflectance spectra were acquired in the field or from samples. The purpose was
to validate the approach before running it on the images. In this study, the VNIR and SWIR were
treated separately for two reasons. Firstly, we wanted to evaluate the performances of the algorithm
on each spectral range separately, the physical processes causing the spectral signatures of minerals
in the VNIR (absorptions caused by charge transfers and crystal field, general shape influenced by
scattering, grain size, illumination, etc.) and, in the SWIR (absorptions resulting from overtones and
combinations of fundamental absorptions related to vibration/rotation of bonds, general shape more
influenced by moisture) being different, thus leading to different absorption and continuum shapes
(often broad in the VNIR and narrow in the SWIR). Secondly, we wanted to take into account the
different characteristics of the images coming from separate instruments covering the VNIR and the
SWIR, as is the case for the HySpex cameras used over the site of Gardanne which acquire images
with a different spatial resolution. Note that the asymmetry and saturation parameters were not
taken into account at this stage as our goal was first to assess the performance of the algorithm with
minimum parameters.
3.1. Mineral Identification at Gardanne
3.1.1. AGM Spectral Deconvolution Results
For the Gardanne site (Figure 4), bauxite, Bauxaline® and alumina are identified. Moreover,
the spectral signature of the bauxite ore allows identifying its mineralogy as gibbsite, which can be
processed more easily at relatively low pressure [34]. Other techniques such as atomic absorption
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spectroscopy or X-ray fluorescence cannot directly discriminate minerals of similar atomic composition
such as gibbsite, boehmite and diaspore [35], but they can be easily discriminated with NIR
spectroscopy
here. Identifications were consistent with in situ measurements.
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Figure 4. Results of automatized Gaussian model (AGM) deconvolution for representative image
Figure 4. Results of automatized Gaussian model (AGM) deconvolution for representative image
spectra. Left: visible and near-infrared (VNIR) (a) bauxite and (c) bauxaline®. Right:
spectra. Left: visible and near-infrared (VNIR) (a) bauxite and (c) bauxaline® . Right: short-wavelength
short-wavelength infrared (SWIR) (c) alumina and (d) bauxite.
infrared (SWIR) (c) alumina and (d) bauxite.

In the VNIR, identical deconvolution results are obtained for bauxite and Bauxaline® because of
®
In
the VNIR,
identical
deconvolution
for bauxite
and Bauxaline
of
the presence
of iron,
identified
as hematiteresults
basedare
on obtained
the position
of the absorption
featurebecause
~870 nm.
the
presence
of iron,of
identified
as hematite
based on
of algorithm
the absorption
feature
~870 nm.
Note
the difficulty
estimating
simultaneously
c1 the
andposition
GUV, the
tending
to favor
the
Note
the
difficulty
of
estimating
simultaneously
c
and
G
,
the
algorithm
tending
to
favor
the
UV
Gaussian. In the SWIR, there is a clear identification 1of the Al-OH
features typical of gibbsite for both
Gaussian.
Inalumina,
the SWIR,
thereBauxaline
is a clear ®identification
of spectrum,
the Al-OHconsistent
features typical
of composition
gibbsite for both
bauxite and
while
shows a “flat”
with its
as a
® shows a “flat” spectrum, consistent with its composition as
bauxite
and
alumina,
while
Bauxaline
residue.
a residue.
3.1.2. Maps
3.1.2. Maps
When applied to the images, pixels containing bauxite and/or Bauxaline® are well located using
When applied to the images, pixels containing bauxite and/or Bauxaline® are well located using
the VNIR absorption feature attributable to iron, around 890 nm (Figure 5g,h). Similarly, pixels
the VNIR absorption feature attributable to iron, around 890 nm (Figure 5g,h). Similarly, pixels
containing bauxite and/or alumina are identified based on the Al-OH absorption feature in the SWIR
containing bauxite and/or alumina are identified based on the Al-OH absorption feature in the SWIR
at ~2270 nm (Figure 5i). Minerals of interest can then be identified when combining the results in the
at ~2270 nm (Figure 5i). Minerals of interest can then be identified when combining the results in the
VNIR and SWIR, using the following identification key: pixels in red on the VNIR map and in blue
VNIR and SWIR, using the following identification key: pixels in red on the VNIR map and in blue on
on the SWIR map contain bauxite (iron absorption in the VNIR plus Al-OH absorption in the SWIR);
the SWIR map contain bauxite (iron absorption in the VNIR plus Al-OH absorption
in the SWIR); pixels
pixels in red in the VNIR and not colored in the SWIR contain Bauxaline® (iron absorption only);
in red in the VNIR and not colored in the SWIR contain Bauxaline® (iron absorption only); while pixels
while pixels in blue in the SWIR and not colored in the VNIR contain alumina (no iron absorption,
in blue in the SWIR and not colored in the VNIR contain alumina (no iron absorption, Al-OH only).
Al-OH only). These results are consistent with in situ observations. Combining VNIR and SWIR
These results are consistent with in situ observations. Combining VNIR and SWIR results leads to the
results leads to the clear identification and mapping of all three constituents, despite some common
clear identification and mapping of all three constituents, despite some common features. The resulting
features. The resulting maps clearly lead to the identification of the site as being dedicated to the
maps clearly lead to the identification of the site as being dedicated to the extraction of alumina from
extraction of alumina from bauxite, the type of which can be specified as gibbsite based on its
bauxite, the type of which can be specified as gibbsite based on its spectral characteristics.
spectral characteristics.
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Figure 5. HySpex VNIR color composite (a,b) and masks used for the areas of interest (d,e). Map of
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3.2.2. Maps
When applied to the APEX image, pixels containing red gypsum are well identified based on the
iron absorption in the VNIR (red pixels, Figure 7c) and the ~1750 nm feature typical of gypsum in the
SWIR (green pixels, Figure 7d). The white areas on the color composite (Figure 7a) are clearly separated
into gypsum and carbonate based on their characteristic features in the SWIR (green pixels for gypsum
versus blue pixels for carbonate, Figure 7d). Here again, combining VNIR and SWIR information and
diagnostic band position detection leads to the identification and mapping of minerals of interest at
this site despite some common features of the color composite images. The clear identification of red
and white gypsum (sulfates) as well as carbonates (buffer) in the residues of the Thann site points
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to the probable use of sulfuric acid in the process. One can notice that this conclusion is also valid
(b) constituents that could be
when comparing the two sites(a)which both present some “white” and “red”
confused based on the color composite but are clearly identified as different minerals thanks to their
diagnostic absorption features.
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Figure 6. Results of AGM deconvolution for representative image spectra (VNIR and SWIR). Left:
red gypsum (a) and (c); calcite (b); and white gypsum (d).
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When applied to the APEX image, pixels containing red gypsum are well identified based on
the iron absorption in the VNIR (red pixels, Figure 7c) and the ~1750 nm feature typical of gypsum in
the SWIR (green pixels, Figure 7d). The white areas on the color composite (Figure 7a) are clearly
separated into gypsum and carbonate based on their characteristic features in the SWIR (green pixels
for gypsum versus blue pixels for carbonate, Figure 7d). Here again, combining VNIR and SWIR
information and diagnostic band position detection leads to the identification and mapping of
minerals of interest at this site despite some common features of the color composite images. The
clear identification of red and white gypsum (sulfates) as well as carbonates (buffer) in the residues
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different minerals thanks to their diagnostic absorption features.
3.2.2. Maps
When applied to the APEX image, pixels containing red gypsum are well identified based on
the iron absorption in the VNIR (red pixels, Figure 7c) and the ~1750 nm feature typical of gypsum in
the SWIR (green pixels, Figure 7d). The white areas on the color composite (Figure 7a) are clearly
separated into gypsum and carbonate based on their characteristic features in the SWIR (green pixels
for gypsum versus blue pixels for carbonate, Figure 7d). Here again, combining VNIR and SWIR
information and diagnostic band position detection leads to the identification and mapping of
minerals of interest at this site despite some common features of the color composite images. The
clear
of red and white gypsum (sulfates) as well as carbonates (buffer) in the residues
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of the Thann site points to the probable use of sulfuric acid in the process. One can notice that this
conclusion is also valid when comparing the two sites which both present some “white” and “red”
constituents that could be confused based on the color composite but are clearly identified as
different minerals thanks to their diagnostic absorption features.
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4. Conclusions
Imaging spectroscopy allows for identification and mapping of minerals which can be used as
markers for industrial processes. In this study, we have used the automatized Gaussian model, a
physical approach based on spectral deconvolution which does not require any a priori knowledge
for starting parameters and, therefore, is not site specific like most statistical approaches such as
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4. Conclusions
Imaging spectroscopy allows for identification and mapping of minerals which can be used
as markers for industrial processes. In this study, we have used the automatized Gaussian model,
a physical approach based on spectral deconvolution which does not require any a priori knowledge
for starting parameters and, therefore, is not site specific like most statistical approaches such as partial
least-squares regression (PLSR). This approach also does not require an extensive spectral library
of measurements as mineral identification after deconvolution is performed using the wavelength
positions of the main characteristic absorption features. It has been tested with success to identify and
map minerals of interest characteristic of two French industrial sites looking similar on standard color
composites: bauxite, Bauxaline® and alumina for Gardanne, red and white gypsum and calcite for
Thann. Despite the apparent similarities, the mineral markers identified and mapped with the AGM,
validated by in situ observations, allow for a clear discrimination between the industrial processes
of each site. The process in Gardanne is clearly identified from the residues, while only partially in
Thann (no stockpile of product available). Moreover, this approach could also provide information
on concentrations using the output absorption depth (Gaussian strength) and width (Gaussian full
width at half maximum (FWHM)) and relating them to experimental results obtained in a controlled
environment. Spectral deconvolution has also demonstrated being a powerful tool for separating
overlapping features and, therefore, doe dealing with mineral mixtures. This is one of our main future
objectives which include extension of the method to mining environments and testing the potential and
accuracy of the outputs for quantitative estimations first by using spectral measurements in a controlled
environment. The quality, accuracy and reliability of the results depend mostly on the reference table
where the band positions are stored as well as the characteristics (spectral, radiometric, SNR) of the
sensor used. A complete sensitivity analysis will allow us to quantify the performance of this algorithm
more accurately.
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