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Abstract: The composition of clay minerals in soils, and more particularly the presence of montmoril-
lonite (as part of the smectite family), is a key factor in soil swell–shrinking as well as off–road vehicle
mobility. Detecting these topsoil clay minerals and quantifying the montmorillonite abundance are
a challenge since they are usually intimately mixed with other minerals, soil organic carbon and
soil moisture content. Imaging spectroscopy coupled with unmixing methods can address these
issues, but the quality of the estimation degrades the coarser the spatial resolution is due to pixel
heterogeneity. With the advent of UAV-borne and proximal hyperspectral acquisitions, it is now
possible to acquire images at a centimeter scale. Thus, the objective of this paper is to evaluate
the accuracy and limitations of unmixing methods to retrieve montmorillonite abundance from
very-high-resolution hyperspectral images (1.5 cm) acquired from a camera installed on top of a
bucket truck over three different agricultural fields, in Loiret department, France. Two automatic
endmember detection methods based on the assumption that materials are linearly mixed, namely
the Simplex Identification via Split Augmented Lagrangian (SISAL) and the Minimum Volume
Constrained Non-negative Matrix Factorization (MVC-NMF), were tested prior to unmixing. Then,
two linear unmixing methods, the fully constrained least square method (FCLS) and the multiple
endmember spectral mixture analysis (MESMA), and two nonlinear unmixing ones, the generalized
bilinear method (GBM) and the multi-linear model (MLM), were performed on the images. In addi-
tion, several spectral preprocessings coupled with these unmixing methods were applied in order
to improve the performances. Results showed that our selected automatic endmember detection
methods were not suitable in this context. However, unmixing methods with endmembers taken
from available spectral libraries performed successfully. The nonlinear method, MLM, without prior
spectral preprocessing or with the application of the first Savitzky–Golay derivative, gave the best ac-
curacies for montmorillonite abundance estimation using the USGS library (RMSE between 2.2–13.3%
and 1.4–19.7%). Furthermore, a significant impact on the abundance estimations at this scale was
in majority due to (i) the high variability of the soil composition, (ii) the soil roughness inducing
large variations of the illumination conditions and multiple surface scatterings and (iii) multiple
volume scatterings coming from the intimate mixture. Finally, these results offer a new opportunity
for mapping expansive soils from imaging spectroscopy at very high spatial resolution.

Keywords: clay; montmorillonite; imaging spectroscopy; unmixing; spectral preprocessing;
agricultural ploughed fields; very high spatial resolution

1. Introduction

The analysis of clay mineral composition in soils constitutes an important challenge
because of the particular behavior of swelling clays (smectite, interstratified clay minerals,
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vermiculite and chlorite) that are sensitive to moisture variations (e.g., soil moisture con-
tent): they shrink in dry conditions and swell after heavy rains. These soil volume changes
create cracks on buildings and damage infrastructures. The costs incurred by clay swelling–
shrinking represent 38% of all natural hazards’ costs in France, second after floods. Between
1990 and 2014, its total cost was more than EUR 370 million yearly [1]. The Association of
British Insurers in the UK estimated the cost of swelling–shrinking disaster to more than
GBP 400 million yearly [2], and in USA, it has been estimated to more than USD 15 billion
per year [3]. Actually, the swelling behavior of soils also impacts off–road vehicle mobility,
which depends on the ability of a terrain to sustain a large flow of vehicles in wet weather
conditions. The knowledge of these vehicle mobility conditions allow (i) access to areas
affected by natural or industrial disasters (for instance, the 2023 Turkey–Syria earthquake,
2021 European Floods, 2011 Fukushima nuclear disaster followed by a tsunami), (ii) access
to agricultural machinery on cultivated fields and (iii) military deployment.

Clay mineral composition in soils is identified and quantified using well-known tech-
niques such as ground geotechnical instrumentation measuring soil swelling potential [4]
and X-ray diffraction (XRD) [5,6]. Refs. [7,8] defined four classes linking shrink–swell
potential and montmorillonite content: low swelling potential (<10%), moderate swelling
potential (between 10% and 50%), high swelling potential (between 50% and 70%) and very
high swelling potential (>70%). Thus, a reasonable accuracy on montmorillonite abundance
could be a target of 10%. However, these techniques can cover a very limited area with
a small number of soil samplings. An alternative relies on the use of spectroscopic data
which allow the mineral mapping of soils over large surfaces [9,10]. Actually, clays present
spectral features in the Short-Wave InfraRed (SWIR) domain, at 1400 nm, 1900 nm and,
more specifically, between 2100 and 2500 nm [11], corresponding to vibrational hydroxyl
processes [12]. Hereafter, only the three most common clays in areas affected by swelling
risk [13], namely kaolinite, illite and montmorillonite, are studied, and their main spectral
absorption features are mentioned below:

• The Al–OH vibrational mode produces the 2200 nm absorption feature with a band-
width around 100 nm whatever the clay type. Kaolinite also has a double absorption
feature (2160 nm and 2206 nm), which is leftward asymmetric.

• OH-stretching bands combined with lattice vibrations produces absorption features
at 2360 nm for both kaolinite and illite. This feature is shallow for illite and sharp for
kaolinite. Kaolinite has also two absorption features at 2320 nm and 2380 nm.

Remote sensing data from multispectral sensors have already been used for min-
eralogy applications. It has been tested to separate argillic from non-argillic materials
over a hydrothermal alteration area using a two-band ratio from the Landsat Thematic
Mapper instrument at 30 m spatial resolution [10]. Sentinel 2 was also used to indirectly
map clays minerals associated to the alteration of volcanic rocks [14]. Using the bands
5–9 (2.14–2.43 µm) from the Advanced Spaceborne Thermal Emission and Reflectance Ra-
diometer sensor (ASTER), ref. [15] identified clay minerals in agricultural fields, but they
were unable to quantify montmorillonite abundance below 16%. Ref. [16] classified clay
minerals for gold mining application with ASTER, showing that a maximum of 70% pixels
was correctly classified with the spectral angle mapper (SAM) and 22% for montmorillonite
with the spectral information divergence. Nevertheless, the performances of all these previ-
ous studies have been limited by the weak spectral richness (e.g., number of bands, spectral
resolution) of these multispectral sensors, essentially in the range from 2200 to 2500 nm,
and globally by their low spatial resolutions that induce a large amount of mixed pixels.

Oppositely, hyperspectral sensors can give access to better mineral identification and
quantification [10,17,18]. From one side, the Hyperion spaceborne sensor detected clay
minerals related to hydrothermal activities in a volcanic and plutonic area [19]. Despite
its low signal-to-noise ratio (SNR), this method showed a good correlation to existing
geological maps. Recently, ref. [20] used PRISMA spaceborne data to accurately detect and
map alteration minerals, such as illite, kaolinite and alunite, when compared to alteration
maps realized from field mapping. However, a large number of mixed pixels were observed
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due to their coarse spatial resolution (30 m) [21]. From another side, hyperspectral airborne
sensors have usually higher SNR (for instance around 500:1 for AVIRIS compared to
50:1 for Hyperion in the SWIR domain [21]) and a better spatial resolution [17,22]. This
allows a better discrimination of the clay mineral spectral absorption feature characteristics
(depth and width). For instance, ref. [23] built three clay maps (montmorillonite, illite,
smectite) and their related abundance content from AVIRIS-NG images at 8 m spatial
resolution over agriculture fields in India. Their method was based on a linear regression
analysis between absorption peak depth and each clay type. Errors in abundance achieved,
respectively, 6.20%, 8.05% and 12.08% for montmorillonite, illite and kaolinite. Previous
projects (e.g., AGEOTHYP led by BRGM, the French Geological Survey) aimed at mapping
and identifying swelling clays from airborne hyperspectral data [7,24].

Ref. [25] also used the same strategy to map these three clay minerals in Tuscan
intermontane basins from the airborne Hyper SIM-GA sensor at a 1.2 m spatial resolution.
However, no quantitative errors were provided. Actually, there are very few works that
have quantified the comparison between clay mineral abundance estimations and ground
truth laboratory measurements. This could be explained because such measurements can
be very expensive. At last, the advent of new compact hyperspectral cameras onboard
unmanned airborne vehicle (UAV) platforms and the easy access of proximal spectroscopic
measurements in indoor (laboratory) and outdoor (in situ) conditions opens the way to
map soil mineral composition at a centimeter scale [26]. Most studies have been carried out
on mine mineralogy [26–28] or for soil texture [29], but to our knowledge, none of them
have studied both clay mineral discrimination and quantification.

Actually, at this scale, mixed pixels still exist, and the results are very sensitive to
the local soil roughness, particularly to the illumination conditions [30], but also the soil
composition and the on-ground environmental context. Among these factors, one can quote:
the fraction of vegetation (green or dry) or rocks present at the surface, the soil roughness
linked to the topography inducing shadows, the presence of other soil minerals (carbonates,
quartz, etc.) and soil organic carbon (SOC), as well as the soil moisture content (SMC). For
instance, the 2200 nm absorption band of clay minerals is masked when the fraction of
photosynthetic vegetation inside a pixel exceeds 40–50% with green vegetation and 60–70%
for dry vegetation in a semi-desertic environment [22]. Thus, several corrections have
been applied to this absorption band in order to suppress the vegetation effect for vegetal
cover less than 60%, such as the use of spectral indices and multiple linear regressions from
hyperspectral airborne data [31–33]. With the increase of soil roughness, light undergoes
multiple reflections, leading to nonlinear mixtures [34–36]. On natural surfaces, multiple
interactions may add up to 30% confusion for abundance estimation of minerals using linear
spectral unmixing [37]. Moreover, the spectral reflectance decreases due to the presence of
shadows, which can be reduced with a spectral derivative preprocessing [38]. Also, high
SOC values decrease the global reflectance level and emphasize its broad absorption feature
around 2300 nm due to C-H vibrational mode. The latter masks the clay 2200 nm absorption
feature when SOC is more than 15% in laboratory mixtures containing montmorillonite, and
7% in natural soils [39]. Moreover, SMC affects spectra in two ways: (i) global reflectance
level decreases nonlinearly [40] and (ii) 2200 nm absorption band depth is masked, whereas
1400 nm and 1900 nm absorption band depth and width increase [39,41]. For instance, the
kaolinite absorption band at 2160 nm is totally hidden with a SMC superior to 15%, while
the smectite absorption band at 2200 nm is masked for a SMC of 30% [39]. Ref. [42] used a
multivariate approach to reduce this effect and improve the estimation of clays. Thus, the
challenge is the choice of the most appropriate method able to overcome the contribution
of these factors for the quantification of clay minerals.

Several physical models have been developed, such as the ones of Hapke [43] and
Shkuratov [44], requiring a geometric description of the soil (optical index and relative
distribution of minerals, granulometry, etc.), of which access is difficult to obtain. Linear
and nonlinear unmixing methods, which are not site-dependent and do not require a
training dataset, have proved their efficiency in estimating mineral abundance in case of
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laboratory mixtures [12,45–47]. Coupling a spectral preprocessing like the first derivative
and the fully constrained least square (FCLS) unmixing method delivered the best method
to estimate montmorillonite abundance in clay–quartz–carbonate mineral mixtures (Root
Mean Square Error or RMSE of 15.5%) [12]. However, some limits can be identified: (i) the
prior knowledge of the nature and number of endmembers (EM) inside a mixture [34], and
(ii) the fact that EM spectra highly depend on the heterogeneity of the mineral chemistry
and (iii) the data acquisition conditions [48]. Also, these methods have not been tested in
field conditions at this scale.

The main objective of this study is to map clay montmorillonite abundances at a
centimeter scale in ploughed field, using unmixing methods. This work is the continuation
of this performed in laboratory conditions [12]. This new study is based on an outdoor
experiment involving very-high spatial resolution hyperspectral acquisitions of 1.5 cm.
Because montmorillonite usually cannot be detected independently of the smectite clay
family, throughout the paper, we confound both terminologies, aware that this can be a
source of error. The addressed scientific questions are the following:

(1) How can spectral libraries or automatic EM detection benefit from unmixing method
performances?

(2) Which combined spectral preprocessing and unmixing algorithm is the most efficient
strategy to estimate montmorillonite abundances in soil?

(3) What is the impact of soil composition and other factors influencing montmorillonite
abundance accuracy of ploughed fields at the centimeter scale?

Fieldwork and methodology are presented in Section 2. Then, results are shown in
Section 3 and discussed in Section 4, with the conclusions in Section 5.

2. Materials and Methods
2.1. Site Descriptions

The study area is located in France, in Loiret Department, northwest of Orléans. With
its temperate climate, this region allows a broad variety of crops, mainly cereals (wheat, bar-
ley, corn) but also root vegetables (potatoes and sugar beets). A full description of Loiret’s
surface geology was given by Bouchut and Giot [49]. Previous projects (e.g., AGEOTHYP
led by BRGM, the French Geological Survey) aimed at mapping and identifying swelling
clays from airborne hyperspectral data [24,50]. Soil analysis from sampled data, including
XRD and the methylene blue test (MBT), and maps of soil shrink–swelling are available on
this area of 25 × 12 km2.

In this region, sites have been selected, based on three criteria:

1. The knowledge of soil mineral composition:

• Montmorillonite abundance from XRD measurements of the AGEOTHYP
project [7,24,50] (Figure 1a). Selected samples had distinctive clays composition:
each site has either montmorillonite, kaolinite or illite maximum content. Site
areas were defined within a 600 m radius around these measurements.

• Soil swelling hazard maps from the BRGM [8] (Figure 1b) were used to roughly
locate the previous XRD measurements. Their three classes (low/medium/high
swelling classes) were selected using geotechnical analysis (MBT) and dominant
lithology inside stratigraphic formations. The sites were chosen within the
swelling class entity where the XRD measurements were sampled.

2. An easy access to the selected sites given the field owner agreement.
3. A low vegetation cover (less than 20%) observed on agricultural fields (the experiment

has been carried out after wheat harvest, on freshly ploughed fields) (Figure 1c–e).
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Figure 1. Site locations from AGEOTHYP project depicted with colored squares on: (a) topographic
map by IGN (National Institute of Geographic and Forest Information) overlaid with smectite
abundance from XRD analyses and (b) BRGM swelling hazard map. Soil digital photos of the three
selected sites: (c) “Le Buisson” located in Coinces, (d) “Les Laps” located in Gémigny and (e) “La
Malandière” located in Mareau.

Thus, three sites among the available ones have been selected:

• “Le Buisson” locality in Coinces municipality, hereafter named Coinces (WGS 84,
48.00901◦N, 1.734826◦E). This site lies on a stratigraphic formation of Quaternary
loam and loess, clayey and carbonated. The nearest XRD measurements indicate a
composition of 11% kaolinite, 7% illite and 2% smectite, presenting a low swelling risk
(Figure 1c).

• “Les Laps” locality in Gémigny municipality, hereafter named Gémigny (WGS 84,
47.95422◦N, 1.689848◦E). This site lies on a stratigraphic formation lower Pliocene sand
and clay with dominant sand and clayey sand with metric clay layers. The nearest
XRD measurement indicates 2.9% kaolinite, 5% illite and 43.5% smectite, presenting a
high swelling risk (Figure 1d).

• “La Malandière” locality in Mareau-aux-près municipality, hereafter named “Mareau”
(WGS 84, 47.83964◦N, 1.758915◦E). This site lies on a stratigraphic formation of recent
Holocene Loire alluvium, mainly siliceous with local imbrications of loam and clay
deposits. The nearest XRD measurements indicate 14.6% kaolinite, 6.5% illite and 0%
smectite, presenting a low swelling risk (Figure 1e).
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2.2. Hyperspectral Data Acquisitions

The outdoor experiment was performed between 5 and 7 September 2017 with hyper-
spectral cameras installed on a bucket truck at a height of 12 m (Figure 2). Two hyperspectral
cameras (HySpex-NorskElektroOptikk–Visible Near-Infrared VNIR-1600-e and HySpex-
NorskElektroOptikk-SWIR-320m-e) (HySpex, Oslo, Norway) acquired the reflected signal,
with, respectively, 160 and 256 spectral bands with a spectral resolution of 3.6 nm for the
VNIR camera and 6 nm for the SWIR camera. The two cameras covered a spectral range
from 0.4 to 2.5 µm. The VNIR camera had a field of view (FOV) of 17◦, and the SWIR
camera had a FOV of 13.5◦, leading to a spatial resolution at Nadir of, respectively, 0.4 cm
and 1.5 cm. A rotating system made it possible to cover an area of 12 × 3.7 m2 approxi-
matively. The experimental area was divided into 15 rectangular areas of 2.4 × 1.3 m2, or
“subzones”, (called after as “SUB”). The acquisition setup was installed on each site for
one day, in order to acquire several hyperspectral images at different periods along the
day. However, due to high cloud cover and camera availability, only one image with the
best illumination has been selected for each site. Gémigny (acquisition on September 6,
local time: 11:20 a.m., solar elevation angle: 44◦, sun azimuth angle: 147◦) and Mareau
(acquisition on September 7, local time: 3:13 p.m., solar elevation angle: 38.2◦, sun azimuth
angle: 227◦) have been recorded with ideal weather condition. For Coinces, cloud cover was
present all day, resulting in lower luminance measurements than the other sites (acquisition
on September 5, local time: 3:48 p.m., solar elevation angle: 35.6◦, sun azimuth angle:
235◦). Signal-to-Noise Ratio (SNR) was obtained from the radiance images of the three test
sites from a known reference panel (Spectralon® 20%, Labsphere, North Sutton, NH, USA)
present in the scenes. Coinces had a mean SNR in the SWIR domain of 29, and Gemigny
and Mareau had a higher mean SNR of 58 and 49, respectively.
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Figure 2. Acquisition setup with the HySpex cameras, RGB composite image from HySpex VNIR
camera on Gémigny, Coinces and Mareau sites, with the sampling grid composed of 15 subzones
(named after “SUB”), samples collected for laboratory soil characterization in subzones are delimited
by red squares (right).

The acquired radiance images were then preprocessed. First, VNIR and SWIR images
were coregistrated using Gefolki algorithm [51,52] with the SWIR image taken as the
reference, leading to a coregistration RMSE less than the SWIR spatial resolution based
on 30 random ground control points. Secondly, the conversion from radiance unit to
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reflectance one was performed using the empirical line method (ELM) with four calibrated
known-reflectance targets (2%, 20%, 40%, 50% reflectance, Spectralon® Labsphere, US,
Diffuse Reflectance Targets, see Figure 2) placed in the scene [53,54]. These target values
have been chosen to match the reflectance levels expected in the field. The luminance
data corresponding to each spectralon were retrieved using a square-shaped ROI (size:
144 pixels) manually centered on each target. An average spectrum corresponding to the
pixel average was extracted for each target. Inversion was performed over the entire image
for each wavelength. ELM retrieved reflectance with an average 5% RMSE and r2 of 0.94
on all wavelengths. Thirdly, strong atmospheric gaseous absorption spectral intervals were
removed from the spectra: 747 nm–766 nm for O2, 905 nm–1019 nm, 1094 nm–1176 nm,
1339 nm–1465 nm and 1773 nm–2005 nm for H2O. Finally, 306 bands were kept over the
original 416 bands. Fourthly, the minimum noise fraction (MNF) transform [55] was applied
to remove the noise [21,22,56,57], and the first 20 eigenvalues bands were selected for the
spectral reconstruction of VNIR and SWIR data. At the end, 54 spectral bands from the
SWIR (2100–2425 nm) were used to discriminate clay minerals, and the VNIR bands were
used for masking the presence of shadow and dry/green vegetation.

For shadow masking, the Nagao index image (or intensity image) was computed
based on [58]:

I =
2 × (ρ1000 + ρ650) + ρ475 + ρ550

6
(1)

With ρi the reflectance of image pixel at i nm (i = 1000, 650, 475 and 550). An arbitrary
threshold has been manually fixed to 0.075 to discard shadowed pixels [59].

For vegetation masking, two vegetation spectral indices were combined:

• Normalized difference vegetation index (NDVI) to detect green vegetation [60]:

NDVI =
ρ810 − ρ680

ρ810 + ρ680
(2)

• Chlorophyll absorption index (CAI) to detect dry vegetation [61]:

CAI = (0.5 × (ρ2000 − ρ2100)− ρ475)× 10 (3)

In the CAI-NDVI space, pixels were classed as bare soils when NDVI < 0.25 and
CAI < 0.03 (Figure 3). These thresholds have been empirically defined from the image.
Hereafter, only bare soil pixels were processed.
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2.3. Field and Laboratory Measurements

Digital photos were acquired several minutes prior to the hyperspectral acquisition
from a telescopic pole in order to build a digital elevation model (DEM) with MicMac
software (version 1.0.beta13) [62] at a resolution of 1.3 mm, resampled to the hyperspectral
images’ resolution. Hilllshades maps were then obtained using Geographic Information Sys-
tem software (QGIS, version 2.18) from the DEM, using the illumination parameters (solar
elevation and azimuth) for each scene. The resulting maps were then normalized in percent
in order to model a level of illumination of the scene, designated as a roughness index.

Six samples have been collected post-acquisition of the hyperspectral images on the
Gémigny field site (SUB 3, 4, 6, 10, 13 and 14), four on Coinces (SUB 2, 4, 6 and 8) and three
on Mareau (SUB 3, 4 and 8) (Figure 2). The samples were taken on the surface of the overall
subzone, allowing a single integrated measurement over the surface of the subzone.

Then, their mineral composition and abundance were quantitatively estimated in
laboratory on the samples using XRD analysis [63] with a Bruker D8 ◦θ/◦2θ diffractometer.
The analysis was separated in two steps. First, the crystallized fraction of the samples was
determined from the powder diffractogram (detection threshold inferior to 3%). Second,
the oriented clay fraction (<2 µm) was analyzed after solvation with ethylene glycol and
heating at 490 ◦C. Error could reach 5% for the clay minerals estimation. Mineralogy
estimation was realized using the SiroQuant version 4 software and was based on the
Rietvield method [64].

They had similar abundances of clay minerals, with smectite (containing montmoril-
lonite) ranging between 13% and 23%, illite between 1% and 10% and kaolinite between 1%
and 7%. Calcite was only present in the SUB 4 of the Coinces site, with an abundance of 7%.
Quartz was present in high abundance for Gémigny and Coinces, accounting for more than
58%, while it was only around 30% for Mareau. The remaining part of soil mineral fraction
for Mareau consisted mainly of potassium feldspars and plagioclases (Table 1). As they are
spectrally inactive in the SWIR domain, they will be considered similar to the quartz in the
current study.

Table 1. Mineral XRD analysis of samples collected on the 3 sites (statistics over the subzones per site).

Title 1 Gémigny Coinces Mareau

Type of Mineral Min Max Min Max Min Max

Quartz 58 68 58 64 29 31
Smectite 13 20 18 23 17 20

Illite and/or micas 3 5 1 4 6 10
Kaolinite 1 5 2 3 5 7
Calcite traces traces traces 7 traces traces

Potassium Feldspars (Sanidine/Orthoclase) 9 10 5 7 12 16
Plagioclase Feldspars (Albite) 4 7 5 6 18 24

Quartz 58 68 58 64 29 31

Factors influencing the spectral behavior of soil such as SOC, soil granulometry
(Figure 4) and SMC were analyzed on the same samples. Clay granulometry was similar
for Mareau and Coinces (around 30%) and lower for Gémigny (around 23%). For Gémigny
and Mareau, silt represented 25%, while silt represented more than 50% for Coinces. A
high proportion of sand was found for Gémigny (around 64%) and Mareau (around 43%)
compared to Coinces (around 15%). SOC varied between 2% and 3% whatever the site.
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SMC was measured a few minutes prior the acquisition on two areas: samples outside
the hyperspectral acquisitions and samples in subzones that were manually wet (SUB
10 for Coinces and SUB 15 for Mareau). After the samples were collected, the mass was
measured on site; then, samples were dried at 38 ◦C in an autoclave for 72 h in laboratory
and measured for dry mass. Soils in the three sites were quite dry, with an SMC ranging
between 8 and 10 wt% for Gémigny, between 8 and 13 wt% for Mareau, and between 2 and
8 wt% for Coinces. For the wet subzones, SMC reached 17 wt% for Mareau and 18 wt%
for Coinces.

2.4. General Methodology

The processing flowchart is detailed in Figure 5. The first step defined the EM used as
inputs for unmixing methods. Two options were tested: (i) detection from the hyperspec-
tral image itself with automatic methods (Section 2.4.1) and (ii) selection from a spectral
library. Then, after the application of spectral preprocessing (Section 2.4.2), linear and
nonlinear unmixing methods were applied (Section 2.4.3) to give abundance maps that
were compared with ground measured data in Section 2.4.4.
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2.4.1. Endmember Selection

On one side, if all minerals are known for a given soil sample, the EM will be chosen
from a spectral library. In our study, two spectral libraries were tested and independently
applied. The first one comes from the United States Geological Survey (USGS) with more
than 1270 spectra [65] and is widely used by the soil community. We selected spectra from
the purest sampled for each minerals, (i.e., 4 for montmorillonite, 4 for illite, 4 for kaolinite,
4 for quartz and 2 for calcite) and used the average spectra for each EM. The second one
corresponds to pure samples of minerals acquired in a previous laboratory study [12],
with the same sensor as the present study with XRD analysis. This dataset is composed of
mixtures of montmorillonite, illite, kaolinite, quartz and calcite and is further named the
Ducasse library. More than 25,000 spectra have been acquired per minerals, recording the
spectral variability of these EM.

On the other side, if all minerals were unknown, an automatic EM detection was
performed. Two geometric methods were selected considering no pure pixel existed in the
image: minimum volume constrained non-negative matrix factorization (MVC-NMF; [66])
and simplex identification via split augmented Lagrangian (SISAL; [67]). They were both
based on a simplex detection and supposed the number of EMs to be known. MVC-NMF
differs from SISAL by its non-negativity constraint. Both methods were initialized with the
vertex component analysis (VCA [68]), using 4 or 5 mineral spectra.
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2.4.2. Spectral Preprocessings

We selected six spectral preprocessings commonly used by the soil scientific commu-
nity and also in our previous laboratory study [12]: pseudo-absorbance (Log(1/R)), Hapke
model, standard normal variate (SNV), continuum removal (CR), continuous wavelet
transform (CWT) and first Savitzky–Golay derivative (1stSGD). The reflectance (no prepro-
cessing) was also kept (REF) as input for the unmixing process. More details about their
formulation are provided in [12] and were coded in Python.

2.4.3. Unmixing Methods

Four unmixing methods were applied since there were already used in [12]: fully con-
strained least square (FCLS) and multiple endmember spectral mixture analysis (MESMA)
as linear methods, and generalized bilinear model (GBM) and multi-linear model (MLM)
as nonlinear ones.

FCLS algorithm ([69]; Equation (4)) with fi corresponds to the abundance of EMi, p
the number of EM and ρi the reflectance of EMi.

ρ =
p

∑
i=1

( fiρi) with 0 ≤ f i ≤ 1 and
p

∑
i=1

( fi) = 1 (4)

MESMA ([70]; Equation (5)) accounts for the spectral variability of each EM by adding
a new factor ελk that is the residual error, λ being the wavelength index. Therefore, for each
EM, six spectra were considered: mean spectrum, mean spectrum ± standard deviation,
mean spectrum ± 3 × standard deviation and median spectrum.

ρ =
p
∑

i=1
( fiρi) + ελ with 0 ≤ f i ≤ 1 and

p
∑

i=1
( fi) = 1

and RMS =

(
∑N

λ=1(ελ)
2

N

)1/2 (5)

GBM ([71]; Equation (6)) takes into account first- and second-order interactions but
does not consider self-interactions:

ρ =
p

∑
i=1

( fiρi) +
p−1

∑
i=1

p

∑
j=i+1

(
γij fi f jρi ⊙ ρj

)
(6)

γij is a free parameter corresponding to the nonlinear contribution where i (respectively,
j) referred to the EMi (resp. EMj).

MLM ([72]; Equation (7)) considers the parameter P corresponding to the probability
for a ray light to undergo multiple interactions.

ρ =
(1 − P)∑

p
i=1 fiρi

1 − P∑
p
i=1 fiρi

(7)

The implementation of the FCLS algorithm comes from the pysptools Python’s pack-
age. We coded our own version of MESMA based on [70]. GBM and MLM matlab
implementation from [71] were used.

2.4.4. Evaluation Criteria

Three criteria evaluated the performances of these models and are expressed in the
percentage of weight abundances (wt%). These criteria were made on a difference be-
tween the single measured montmorillonite value per subzone (measured, i.e., the XRD
measurements, Section 2.3) and the abundance values estimated by unmixing. The mea-
sured value is therefore a single value for the entire zone; this is the difference with this
validation value.
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The mean bias (MB) will evaluate the mean error between estimated abundance f̂n
and the measured one fn for a pixel n among the M pixels of each image region of interest
(subzone) or the whole image:

MB =
1
M

(
M

∑
n=1

(
f̂n − f n

))
(8)

The standard deviation is expressed as:

STDB =

√√√√ 1
M − 1

(
M

∑
n=1

((
f̂n − f n

)
− MB

)2
)

(9)

The Root Mean Square Error (RMSE) is:

RMSE =

√
MB2 + STDB2 (10)

In addition, the RMSE and the spectral angle mapper (SAM, [73]) were used to
compared spectral library spectra and hyperspectral image spectra. Let R be a reference
spectrum, T be the test spectrum, with B the number of spectral bands; SAM is expressed as:

SAM = cos−1

 ∑B
λ=1 TλRλ√

∑B
λ=1 Tλ

√
∑B

λ=1 Rλ

 (11)

2.4.5. Validation Methodology

The validation was performed in three steps. First, spectra retrieved from automatic
detection methods and from spectral libraries (USGS) were compared to the Ducasse library,
visually and with the evaluation criteria (SAM and RMSE). Moreover, the position in the
graph of mixtures is a good indicator of the accuracy of automatic detection methods.

Second, for the entire datasets, every preprocessing method coupled to unmixing
methods, with different spectral libraries, was tested and presented. The evaluation
criteria presented above (MB, STDB, RMSE) between XRD mineral composition of sam-
ples and estimated abundance values were used to choose the bests methods to retrieve
montmorillonite abundances.

Then, the two best methods were compared at the subzone scale, then at the site scale,
using visual interpretation.

3. Results

First, EM spectra derived from USGS and Ducasse libraries are compared with the
results of the automatic EM detection (Section 3.1). Depending on this comparison, the
best choice of EM spectra is further retained to be used with unmixing methods. Their
performances are then described in three subsections: the montmorillonite estimates de-
rived from all couples of spectral preprocessings and unmixing methods are compared to
XRD smectite abundances as reference values (Section 3.2), the results for the best previous
methodological couple are spatially interpreted over the three sites (Section 3.3), at subzone
scale (Section 3.3.1) and image scale (Section 3.3.2), and the estimation of other soil minerals
are compared with the best method (Section 3.4).

3.1. Endmember Detection and Comparison

USGS and Ducasse average spectra for every mineral were compared visually and
then with SAM and RMSE (Figure 6). Generally, all mineral spectra presented the same
spectral behavior (small SAM values) but differed in their absolute reflectance level (higher
RMSE values). For montmorillonite, the SAM was less than 3◦, and the spectral band
at maximum absorption depth shifted by 10 nm (Figure 6a). For quartz, the RMSE was
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17% with a SAM of 0.4◦. The lowest RMSE (0.03%) was obtained for kaolinite. Calcite
absorption features were deeper with the USGS library than with the Ducasse one.
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The application of SISAL and MVC-NMF with VCA initialization showed similar
results whatever the site; thus, only the results from Gémigny are shown (Figure 7). By
applying SISAL with four or five EMs, the retrieved EMs did not exhibit specific clay
or calcite absorption features (except slightly for EM2 and EM1 (Figure 7a,b, left). This
was also confirmed by the fact that the detected spectra were outside the image simplex
and far from the reference ones (Figure 7a,b, right) instead of being at the extremities of
the simplex. MVC-NMF showed the worst results with all spectrally flat EMs whatever
the initialization.

In conclusion, EM spectra were taken from the spectral libraries given the bad perfor-
mances of the automatic EM detection methods.

3.2. Performance Analysis of Spectral Preprocessing Coupled with Unmixing Methods for
Montmorillonite Abundance Estimation

The montmorillonite abundance estimated with FCLS, MESMA and GBM had most
values close to either 0% or 100%, whatever the spectral library and the spectral preprocess-
ing. Although GBM is a nonlinear model, its nonlinear fraction γ equals 0, meaning that
GBM behaves like a linear unmixing method as FCLS or MESMA.

With MLM and USGS library as input, the best performances were obtained with REF
whatever the site (the range of predictions encompasses this of measurements), with an
RMSE between 2.2% and 13.3% (Table 2). It was also the case for Gémigny and 1stSGD
on one side (RMSE between 1.4% and 11.8%) and for Coinces/Mareau and LOG(1/R)
on another side (Figure 8 and Table 2). But the latter presented much higher prediction
dispersions compared to Reflectance and 1stSGD. The results with theDucasse library were
the same as the USGS library for REF (RMSE between 3% and 13%), better for 1stSGD
(RMSE between 2.6% and 16.3%), particularly with Gémigny (2.6–5.4%), and a bit worse
for LOG(1/R) (with higher prediction dispersions whatever the site) (Figure 9 and Table 3).
Then, whatever the spectral library, SNV, CR and CWT led globally to poor estimations, all
roughly close to either 0% or 100%.
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Table 2. Performances of Montmorillonite abundance estimations (wt%) obtained with REF-MLM
and 1stSGD-MLM with the USGS library. In bold, the best RMSE, mean bias and standard deviation
are presented for each sample.

REF-MLM 1stSGD-MLM

Sample
Average
Abun-
dance

XRD
Valida-

tion
MB STDB RMSE R

Average
Abun-
dance

XRD
Valida-

tion
MB STDB RMSE R

Coinces sub2 15.6 21 −5.4 4.3 6.9 7.6 21 −13.4 6.6 14.9
Coinces sub4 7.4 20 −12.6 4.1 13.3 3.5 20 −16.5 5.1 17.3
Coinces sub6 13.2 18 −4.8 4.3 6.4 3.7 18 −14.3 3.3 14.7
Coinces sub8 10.5 23 −12.5 4.0 13.1 3.6 23 −19.4 3.5 19.7

Coinces all subs 12.8 21 −7.8 6 9.8 −0.08 4.3 21 −16.3 5.4 17.1 0.05
Gémigny sub3 27.8 20 7.8 3.4 8.5 12.2 20 −7.8 4.3 9.0
Gémigny sub4 25.0 18 7.0 2.9 7.5 12.3 18 −5.7 5.4 7.9
Gémigny sub6 25.5 20 5.5 3.8 6.6 9.5 20 −10.5 5.5 11.8
Gémigny sub10 23.9 13 10.9 2.5 11.1 9.3 13 −3.7 4.3 5.7
Gémigny sub13 25.5 14 11.5 1.8 11.7 9.5 −14 −4.5 2.7 5.3
Gémigny sub14 24.2 15 9.2 1.9 9.4 9.2 15 −5.8 3.4 6.7

Gémigny all subs 25.6 17 8.6 3.4 9.2 0.27 10.7 17 −6.4 4.6 7.9 0.23
Mareau sub3 13.7 24 −10.3 1.6 10.4 6.6 24 −17.4 2.3 17.6
Mareau sub4 13.6 18 −4.4 2.0 4.9 8.4 18 −9.6 8.4 12.7
Mareau sub8 14.5 17 −2.5 1.8 3.1 4.7 17 −12.3 2.5 12.5

Mareau all subs 14.0 20 −6.2 4.1 7.4 −0.17 6.0 20 −14.1 4.9 15.0 0.14
All subzones,

all sites. 18.9 18 0.0 9.0 9.0 −0.44 18.9 −11.3 −11.3 6.7 13 −0.17
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Figure 8. Montmorillonite abundance estimations over all the subzones per site (gray boxplots
with the median highlighted by a red line) compared to the XRD dataset (boxplots with a red
square depicting the median). The inputs are the USGS library, the six preprocessings and REF
followed by MLM.
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Figure 9. Montmorillonite abundance estimations over all the subzones per site (gray boxplots
with the median highlighted by a red line) compared to the XRD dataset (boxplots with a red
square depicting the median). The inputs are the Ducasse library, the six preprocessings and REF
followed by MLM.

Table 3. Performances of Montmorillonite abundance estimations (wt%) obtained with REF-MLM
and 1stSGD-MLM with the Ducasse library. In bold, the best RMSE, mean bias and standard deviation
are presented for each sample.

REF-MLM 1stSGD-MLM

Sample
Average
Abun-
dance

XRD
Valida-

tion
MB STDB RMSE R

Average
Abun-
dance

XRD
Valida-

tion
MB STDB RMSE R

Coinces sub2 17.6 21 −3.4 5.9 6.8 12.3 21 −8.7 5.5 10.3
Coinces sub4 6.9 20 −13.1 4.7 14.0 6.2 20 −13.8 6.5 15.3
Coinces sub6 13.6 18 −4.4 6.3 7.6 7.9 18 −10.1 4.3 11.0
Coinces sub8 10.2 23 −12.8 5.3 13.8 7.4 23 −15.6 4.6 16.3

Coinces all subs 13.9 21 −6.6 7.4 9.9 −0.07 8.6 21 −12.0 6.4 13.6 0.05
Gémigny sub3 32.7 20 12.7 4.2 13.4 18.4 20 −1.6 2.9 3.3
Gémigny sub4 28.9 18 10.9 3.6 11.5 17.9 18 −0.1 3.3 3.3
Gémigny sub6 29.5 20 9.5 4.7 10.7 16.1 20 −3.9 3.7 5.4
Gémigny sub10 27.7 13 14.7 3.2 15.0 15.0 13 2.0 3.1 3.7
Gémigny sub13 29.8 14 15.8 2.2 16.0 16.1 14 2.1 2.2 3.0
Gémigny sub14 28.3 15 13.3 2.4 13.5 15.5 15 0.5 2.5 2.6

Gémigny all subs 29.9 17 12.8 4.00 13.4 0.26 16.9 17.1 −0.2 3.4 3.4 0.29
Mareau sub3 14.6 24 −9.4 2.4 9.7 14.3 24 −9.7 5.0 10.9
Mareau sub4 14.1 18 −3.9 2.9 4.9 17.3 18 −0.7 13.2 13.2
Mareau sub8 15.5 17 −1.5 2.6 3.0 11.5 17 −5.5 5.3 7.6

Mareau all subs 14.9 20 −5.3 4.5 6.9 −0.11 14.9 20 −6.7 7.3 10.1 0.12
All subzones,

all sites. 21.4 19 2.5 10.8 11.1 −0.43 13.6 19 −5.3 7.6 9.3 −0.17
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The best preprocessing–unmixing methods (i.e., 1stSGD-MLM and REF-MLM), com-
pared to our validation dataset, give a negative r value for both methods, with a more
pronounced negative trend (−0.44) for REF-MLM, due to montmorillonite overestimation
for the Gemigny site (Figure 10a) and underestimation for Coinces and Mareau. Using
different spectral libraries gave the same results (Figure 10). Noticeable trends were visible
for Gemigny, with an r value between 0.23 and 0.29 for both methods and spectral libraries.
This result suggests that unmixing could estimate montmorillonite abundances variations
closely on this site.
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Figure 10. Performances of Montmorillonite abundance estimations (wt%) obtained with (a) REF-
MLM and (b) 1stSGD-MLM with the USGS library (red) and Ducasse spectral library (blue). Bars
in the x axis correspond to the accuracy of XRD analysis, and bars in the y axis correspond to the
standard deviation of estimated montmorillonite abundances.

By considering the different assessment metrics in Tables 2 and 3 and Figure 10, it
remains difficult to evaluate which spectral library is the best choice. Plus, as presented
above (Figure 6), the libraries are very similar. Thus, USGS library was further chosen
because it is a worldwide reference database for the soil community. In the following, only
1stSGD-MLM and REF-MLM were studied.

3.3. Analysis of Montmorillonite Abundance Maps
3.3.1. At the Subzone Scale

In order to understand the combined impact of topography (through the roughness
index) and illumination conditions (through the solar elevation angle) on montmorillonite
spatial estimation, two extrema subzone cases were selected among the three sites:

• Gémigny-SUB14, characterized by a weak spatial variability of the roughness index
(median and standard deviation of 0.51 cm and 0.68 cm (Figure 11c) and by a solar
elevation angle of 44◦.

• Coinces-SUB2, characterized by a large spatial variability of the roughness index
(median and standard deviation of 83% and 0.51 cm and 0.68 cm (Figure 12c), and a
solar elevation angle of 35.6◦.

In addition, the nonlinearity of MLM was analyzed by studying the variability of the
parameter P.

For REF-MLM, the montmorillonite abundance estimations were rather spatially
homogeneous for Gémigny-SUB14 with a spatial STDB of 1.9% (Figure 11d), but more
heterogeneous for Coinces-SUB2 with 6.9% (Figure 12d). However, abundance values
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were overestimated for Gémigny-SUB14 (MB of 9.2%) and underestimated for Coinces-
SUB2 (MB of −5.2%). Whatever the subzone, the p-value maps were very homoge-
neous (Figures 11e and 12e), leading to narrow distributions ranging between 0.75 and
1 (Figures 11f and 12f).

For 1stSGD-MLM, abundance estimations also had little variations on Gémigny-SUB14,
with a spatial STDB of 3.4% (Figure 11g), while for Coinces-SUB2, they presented more
variability with 6.6% (Figure 12g). Abundance values were underestimated for Gémigny-
SUB14 (MB of −5.8%) and much more for Coinces-SUB2 (MB of −13.4%). The p-value
range was larger with 1stSGD-MLM than with REF-MLM with negative values (between
−0.4 and 0.6) (Figure 11f,i).
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Figure 11. Results on Gémigny-SUB14: (a) RGB image (in black: masked areas), (b) hillshade map,
(c) hillshade histogram (the red vertical line represents the median), (d) difference between the
estimated montmorillonite abundance map obtained with REF-MLM and the XRD measured value
(in white: masked areas), (g) the same for 1stSGD-MLM, (e) p value maps for REF-MLM (in white:
masked areas), (h) the same for 1stSGD-MLM, (f) p value histogram for REF-MLM (the red vertical
line represents the median) and (i) the same for 1stSGD-MLM.
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whereas XRD data were between 18% and 23% over the subzones (Figure 13a). The 
montmorillonite abundance was underestimated on all subzones, particularly on SUB4 
and SUB8 (respectively, 7% and 10%). The subzone interquartile range (around 5%) was 
larger than that of the entire image (7%).  

For Gémigny, the average abundance of montmorillonite was between 24% and 28% 
for all subzones and 23% for the entire image (Figure 13b). In comparison, XRD data 
ranged between 13% and 20% for this site. Interquartile ranges were around 5% for all 
boxplots.  

For Mareau, the average abundance of montmorillonite was between 14% and 15% 
for all subzones and 14% for the entire image (Figure 13c). In comparison, XRD data 
ranged between 17% and 24%. Interquartile ranges were around 3% for all boxplots. It 
seems that fewer outliers were observed for Mareau than for the other sites at the image 
scale, and also the montmorillonite abundance was globally underestimated with Co-
inces and Mareau, opposite to Gémigny.  

Figure 12. Results on Coinces-SUB2: (a) RGB image (in black: masked areas), (b) hillshade map,
(c) hillshade histogram (the red vertical line represents the median), (d) difference between the
estimated montmorillonite abundance map obtained with REF-MLM and the XRD measured value
(in white: masked areas), (g) the same for 1stSGD-MLM, (e) p value maps for REF-MLM (in white:
masked areas), (h) the same for 1stSGD-MLM, (f) p value histogram for REF-MLM (the red vertical
line represents the median) and (i) the same for 1stSGD-MLM.

Globally, 1stSGD-MLM tended to estimate negative values of montmorillonite abun-
dances, which was more marginal for REF-MLM. Therefore, for its simplicity, REF-MLM
was selected to map the entire sites.

3.3.2. At the Image Scale

For Coinces, the average abundance of montmorillonite over the image was 15%,
whereas XRD data were between 18% and 23% over the subzones (Figure 13a). The
montmorillonite abundance was underestimated on all subzones, particularly on SUB4
and SUB8 (respectively, 7% and 10%). The subzone interquartile range (around 5%) was
larger than that of the entire image (7%).
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Figure 13. Performances for Montmorillonite abundance estimation with REF-MLM for all subsites
(gray boxplots with the median highlighted by a red line) plotted with the XRD dataset (boxplots
with a red square depicting the median).

For Gémigny, the average abundance of montmorillonite was between 24% and 28%
for all subzones and 23% for the entire image (Figure 13b). In comparison, XRD data ranged
between 13% and 20% for this site. Interquartile ranges were around 5% for all boxplots.

For Mareau, the average abundance of montmorillonite was between 14% and 15% for
all subzones and 14% for the entire image (Figure 13c). In comparison, XRD data ranged
between 17% and 24%. Interquartile ranges were around 3% for all boxplots. It seems that
fewer outliers were observed for Mareau than for the other sites at the image scale, and also
the montmorillonite abundance was globally underestimated with Coinces and Mareau,
opposite to Gémigny.

On the three montmorillonite abundance maps, the estimates were spatially uniform
(Figures 14–16). We can note:

• On the Gémigny map, the estimated abundance values of clays increased inside
wheel tracks located in SUB1, SUB2, SUB3, SUB7, SUB8 and SUB9 (Figure 14c). They
contained more estimated montmorillonite than the other subzones (from around 4%
to 5%).

• On the Coinces map (Figure 15c), the montmorillonite estimation was higher in left
subzones (SUB1, SUB2, SUB6, SUB7, SUB11, SUB12) than in the right ones (SUB5 and
SUB15). This trend was not present in any validation data but may have been due
to the presence of clouds during the acquisitions. In the wet subzone (SUB10), the
majority of pixels was wrongly classified as “dry vegetation”, and montmorillonite
was estimated at around 40% in bare soils’ pixels.

• On the Mareau map, the montmorillonite estimation was around 20% in the wet
subzone (SUB15), whereas the montmorillonite estimation in other pixels was around
15% (Figure 16c).

The composite mask showed that only 53.6%, 59.2% and 42% of the image was com-
posed of bare soil, respectively, for Gémigny, Coinces and Mareau. The main contribution
in the masks came from dry vegetation, while the rate of mixed pixels was relatively low,
except for Coinces (cf. Figures 14–16).
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Figure 16. Maps for Mareau site with wet area SUB15 (a) RGB composite image, (b) composite mask
and (c) abundance map of montmorillonite obtained with the REF-MLM and USGS library.

3.4. Estimation Performances of Other Mineral Abundance

As the estimation quality of montmorillonite abundance depends on that of the other
minerals composing the soil, there is an interest to study it. Our results were close for all
sites due to the soil composition uniformity (Figure 17a–c). Best performances for mineral
estimation were obtained for kaolinite (RMSE between 1% and 7%). Quartz was estimated
with the largest errors (RMSE range between 8% and 22%). Illite estimation for REF-MLM
was equal to zero for Mareau and Gémigny, whereas there was between 6% and 10% illite
in Mareau soil and between 2% and 5% illite in Gémigny soil (Figure 17b,c). Calcite mineral
was estimated with low errors (RMSE range between 4% and 6%); however, this mineral
has been detected in only one subzone (SUB4 for Coinces site). These previous RMSEs
were computed for all sampled subplots of an image.
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4. Discussion
4.1. Endmembers Selection for Unmixing

Considering the automated EM selection methods, the detected EMs with MVC or
SISAL methods presented a low spectral behavior, explaining why they failed to detect the
correct EMs (Figure 7) [34]. In our study, the detected EMs were far from the extremities
of the simplex and also from the EMs of the libraries. Further, these methods were very
sensitive to the initialization achieved here with VCA. Depending on the prior number of
EMs, the likelihood of estimated EM highly differed, particularly with SISAL. In addition,
one could expect better results if these methods were initialized with prior knowledge of
the minerals present in the sampled soils. Unfortunately, this was not the case here; one
reason could come from the high spatial intra-class variability of each mineral in the image.
In this work, it was the first time that automatic endmember selection methods were used
for clay mineral abundance estimation over a real rough soil at a centimeter scale. The
derived results were mitigated. This work was a first attempt at using simple tools; thus,
more sophisticated tools could be tested accounting for the intra-class variability, such as
the inertia-constrained pixel-by-pixel nonnegative matrix factorization [74] or the genetic
algorithm [75].

Considering the choice of EMs from a spectral library, the unmixing performances
were sensitive to the upscaling from laboratory spectroscopic measurements to real case
scenarios, since USGS and Ducasse libraries did not come directly from the study sites.
Nevertheless, montmorillonite abundance estimations were rather coherent with the XRD
measurements, and similar performances were obtained whatever the spectral library,
suggesting that the leading factor was the spectral signature of minerals whatever the
sampling site (cf. Figure 6, Tables 2 and 3). For the five studied minerals, the SAM was
globally below 2.9◦, while in the literature, standard threshold values were most often
higher. For instance, ref. [76] discriminated two mineral spectra on average with an SAM
equal to 5.7◦, and ref. [77] discriminated two clay spectra in the SWIR domain with 3.7◦.
Recently, ref. [78] developed an open synthetic dataset for the unmixing of 325 intimate
mixtures from five clay powders. Overall, most available spectral libraries have focused on
clay texture from the centimetric scale [79,80] to the global scale [81]. But, to our knowledge,
except the two libraries we used, none of them have provided spectra associated with clay
mineral discrimination, including montmorillonite.

4.2. Limitations of Preprocessings and Unmixing Methods for Montmorillonite
Abundance Estimation

Considering the spectral preprocessings, they can be divided into three main
classes [12]: those suppressing the spectral continuum and working at a local scale such as
CWT and 1stSGD, those normalizing the global spectrum level such as SNV and CR and,
at last those, that do not reduce the soil spatial variability such as Hapke and Log(1/R).
Dealing with outdoor conditions in our case with the example of the MLM unmixing
method (cf. Figures 8 and 9), SNV, CR and CWT globally had very poor montmorillonite
estimations (roughly close to either 0% or 100%) whatever the spectral library. SNV was
very sensitive to the high spectral and spatial variabilities of field soils, which might explain
the difficulty of the unmixing methods to converge because SNV is the ratio between the
spectral deviation compared to the mean over the standard deviation. For CR, an important
reduction of clay absorption features was induced from the high proportion of quartz in
soil, which modified their shape (depth and width), leading to difficulties for unmixing
methods to find the proper EMs. For CWT, the main limitations came from the linear
wavelet base decomposition of the spectra accounting only for the second to the fifth order
(the first order corresponding to noise), which was probably not enough sufficient to model
the nonlinearity due to multiple scatterings. Log(1/R) projects the spectral reflectance in a
logarithmic space, allowing an increase of the linearity between the spectral data and their
abundance [82,83]. But this transform remains very sensitive to the high spatial variability,
leading to a strong overlap between the intra- and inter-classes. The W single scattering
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albedo of Hapke is the fraction of photons scattered by a particle over the total fraction of
photons affected by this particle. This model considered the soil as a homogeneous mixture
with the same granulometry for all the constituents composing this soil. Unfortunately,
our ploughed soil was very heterogeneous with different granulometries (Figure 4) that
explain the poor results obtained for linear unmixing methods. The best preprocessing
was 1stSGD, with similar results as REF. This is in agreement with [12] noting that the best
one was also 1stSGD for clay mixtures and reflectance when other minerals than clay were
added. Ref. [84] found among several preprocessings, including SNV, that the best was
first Log(1/R) combined with 1stSGD.

Considering the unmixing methods, FCLS, MESMA and GBM failed to estimate
montmorillonite abundance. The main limitation for GBM is that it is not able to account
for the complete nonlinear contribution of the signal with just second-order interactions
between any two EMs, and it finally behaves as an FCLS (cf. Equation (6)). In the laboratory,
similar results were obtained with clay and clay–calcite mixtures [12]. Also, GBM does not
consider self-interactions and has no restriction on reflectance values that could be out of the
[0–1] physical range [71]. On the contrary, MLM was the only unmixing method delivering
correct results by accounting for all the multiple interactions found for ploughed fields.
On contrary, in laboratory conditions, both linear and nonlinear unmixing methods have
globally provided similar performances for montmorillonite abundance estimation [12].

Deeper explanations on MLM performances and p value analysis are further discussed.
Initially, MLM takes as inputs albedos instead of reflectance spectra. The authors of [72]
mentioned that they can be assumed to be equivalent for remote sensing imagery with a
spatial resolution of 20 m or 2.4 m where nonlinear effects are relatively small (leading to
small p values). But albedos should be preferred in cases of intimate mixtures due to a larger
number of interactions (p values close to one), if EM spectra are known. However, for the
latter case in laboratory conditions, [72] showed good results by only using reflectance for
quartz abundance estimation, the same as [12] for montmorillonite. The trade-off most often
relies on the P parameter of MLM having a physical meaning when its values are inside the
range [0–1]. It indicates the probability that a light ray will undergo further reflections after
each interaction and can thus be used to assess the size of the nonlinearity effect or the size
of the deviation from a linear unmixing method. However, negative p values can occur if at
least one material has a strong reflective behavior and/or a reflectance-albedo conversion
has not been performed. Therefore, the observed spectra are larger in magnitude than
any convex linear combination of EM spectra (given the same knowledge of EMs and
abundances), and it is the opposite if the p values are positive [72]. Consequently, the
analysis of p values is not straightforward, and very few studies have actually provided
information about their distribution. In laboratory conditions, [12] found p values ranging
[−0.2; 0.2] for montmorillonite–kaolinite mixtures and [−2; 0] for montmorillonite–calcite
mixtures, while [72] found p values of 0.6, 0.71 and 0.88 for quartz–alunite mixtures. It
seems that the presence of either quartz or calcite as reflective materials leads P to its lowest
or highest values. From airborne hyperspectral data at varying spatial resolutions (2.4,
5.2 and 20 m) over desert, heathland and seashore areas, [72] found p value distribution
with ranges of [−1.4; 0.6], [−1.2; 0.8] and [−2.5; 0.5], respectively. The areas with strongest
nonlinear effects are highlighted by the pixels’ highest P absolute values (ex: road, shadow,
tree and coastline), and pixels’ negative p values can come from additional illuminations
due to adjacent topography outside the pixel field of view. Also, at coarse spatial resolutions,
the unmixing problem is more due to areal mixtures than intimate ones. In our case, at the
centimeter scale, both mixture types were encountered. Whatever the surface roughness,
p values with reflectance exhibited a very narrow Gaussian distribution with a mean of 0.9
(Figures 11c and 12c) and were spatially homogeneous (Figures 11e and 12e). It might be
attributed to the highest influence of the multiple scatterings from the predominance of
intimate mixture effect and the quartz contribution in soils. It can also be attributed to the
compensation between the high reflectance levels of the spectral library ranging from 50%
up to 90% and those of the fields from 10 to 35%. A different behavior was observed when
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using 1stSGD instead of REF, which seems to be more sensitive to the topography and the
surface composition, as if areal mixtures impacted more than intimate ones. This can be
explained because reflectance bears the spectral continuum (and associated strong multiple
scattering influence) oppositely to 1stSGD, which removes it (depends on local scale
influences). For 1stSGD, p value distributions followed a very large Gaussian distribution
over the range [−1; 1], with a majority of positive values for the less rugged terrain in
comparison with the most rugged one having more disperse negative and positive p values
(Figures 11i and 12i). These distributions appear similar to those found at an airborne scale
in [72]. Highest p values were mostly located around masked areas (Figures 11h and 12h).
Indeed, artefacts can remain from the masking operation (based on empirical thresholds)
because properly unmixing with spectral indices the presence of shade, vegetation and
bare soil can result in a hard task. MLM can compensate the absence of EMs for shade
and vegetation by varying the p value. This phenomenon has been observed at a larger
scale, for instance, for improving unmixing in tree shadow pixels [72]. Although MLM
was developed to be applied on reflectance, the performances obtained with 1stSGD
preprocessing were similar that those with REF (RMSE of 11.6% with 1stSGD-MLM and
12.7% with REF-MLM).

In the recent years, several works have proposed some improvements of MLM,
like [85], by exploiting the underlying manifold structure of the pixels’ spectra; [86], by sim-
ulate the physics process of MLM with neural networks; [87], by proposing a coarse-to-fine
scheme for unsupervised unmixing; and [88], by extending MLM to take into account mul-
tiple reflexions in the rough surface and different sources of illumination. Unfortunately,
these extensions have only been validated either on synthetic datasets either on remote
sensing data at least at a meter scale.

Other methods exist to retrieve the EMs and quantify their abundances. A large
community has used linear based methods like PLSR, which are not adapted for complex
soils (rough surface, intimate mixture, large variety of grain size) [72]. Recently, ref. [89]
proposed another approach combining Fisher transformation and multiple endmember
spectral mixture analysis to estimate lunar mineral abundance using the RELAB database.
This method can address both the intra-class and inter-class variability of the spectral
features of different lunar minerals and might be interesting to test on our dataset.

The best coupling preprocessing and unmixing methods are REF-MLM and 1stSGD-
MLM. With laboratory clay mineral mixtures, best performances are obtained with 1stSGD-
FCLS [12]. Indeed, intra-class variability has a higher amplitude than nonlinear effects
in these mixtures, and derivative spectral preprocessing is the most efficient method to
decrease intra-class variability. Using 1stSGD-FCLS, montmorillonite was estimated in
mixtures of illite–montmorillonite–kaolinite with 10.8% RMSE, montmorillonite–calcite
with 22.6% and montmorillonite–quartz with 55.2%. When upscaling to field conditions
with more complex soil mineral composition, REF-MLM and 1stSGD-MLM methods
provided RMSE performances within 2.2–13.3% and 1.4–19.7%, respectively, for REF-
MLM and 1stSGD-MLM. The authors of [7] found an RMSE of 15.8% for fine fraction of
soil samples coming from agricultural field using CR and a geometrical method trained
with empirical relationships from synthetic laboratory mixtures. Ref. [90] estimated the
abundance of smectite present in 77 samples collected in the Northern Morocco, with
an RMSE of 18 wt%. After a CR, a multi-Gaussian method was applied on the resulting
spectrum followed by a regression tree analysis to retrieve the abundance. These samples
were dried, sieved and crushed to a powder (<20 µm) before the measurement of the
spectral reflectance in the lab. Ref. [84] retrieved smectite abundance with a RMSE of 3.4%
from kaolinite–illite–smectite–goethite–quartz samples in a laboratory. They coupled the
use of Log(1/R) followed by the 1stSGD and then the bagging-PLSR method. Their samples
accounted only for a size fraction smaller than 200 µm. In summary, most methods were
applied on datasets coming either from synthetic samples mixed from mineral powders
or from real samples collected in the field then measured in laboratory after being dried,
sieved and flattened. For the first type of datasets, the RMSE of montmorillonite abundance
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estimations ranged between 3.4% and 55.2%, while for the second, it was between 1.4 and
19.7%. This highlights the high influence of the soil mineralogical composition.

4.3. Impact of Soil Mineralogical Composition

Performances of unmixing methods depend on soil mineralogy. Our study sites con-
tained few clays (kaolinite < 7%, illite < 10% and montmorillonite < 24%) and calcite (<7%),
but contained a large fraction of quartz (58–68% for Gémigny and Coinces, and 29–68% for
Mareau). The estimated “quartz” class contains all spectrally inactive minerals between
2100–2500 nm: quartz, alkali feldspars and plagioclase feldspars. These minerals can be
coated of alteration minerals (such as oxides) and change their spectral properties [90,91].
Some trends are interpreted depending on the mineral estimated.

On one hand, low errors obtained to estimate kaolinite fraction were probably due
to the strong double absorption feature at 2200 nm. On the other hand, considering the
low abundance of illite, this mineral was probably identified as montmorillonite because
the feature corresponding to OH-stretching bands combined with lattice vibrations at
approximately 2360 nm was shallow for illite and not visible in illite/montmorillonite
mixtures with an illite fraction inferior to 20 wt% [12]. At last, poor results were obtained
for the quartz class in all sites (RMSE between 8% and 22%), but the RMSE remained less
than those obtained in the laboratory condition [12]. Furthermore, with the quartz class
being the most abundant in our soil mineralogical composition, the estimation error of its
abundances may be superior to those of the other minerals.

Ref. [84] obtained better results using the PLSR method to estimate abundances in mix-
tures simulating Australian soils, composed of smectite–illite–kaolinite–carbonate–quartz-
organic matter (RMSE 3.4% for the three mineralogical clays). However, this approach is
a learning-based method calibrated for soils of known composition, requiring extensive
field sampling coupled with spectroscopic measurements. In our case, we are targeting an
alternative with a partially unsupervised approach for automation purposes. This latter
provides better results than [7] on real agricultural soils using index approaches, with an
RMSE of 15.8% for montmorillonite, 25.2% for kaolinite and 29.8% for illite estimated over
samples collected in the field, filtered (<2 mm) and then characterized in the lab.

4.4. Other Factors Influencing Montmorillonite Abundance Mapping

Compared to laboratory conditions where all the four unmixing methods (linear and
nonlinear) deliver acceptable estimated montmorillonite abundances, the differences with
outdoor conditions can come from the following explanations:

The obtained performances degraded compared to those obtained over in-lab mixtures as
these samples were dried, sieved and crushed to a powder with a flattened surface,
The centimeter scale of spectroscopic acquisitions tended to exacerbate directional effects,
both geometric (no local slope correction has been applied to retrieve surface reflectance)
and optical (no anisotropic correction has been applied assuming only Lambertian ma-
terials), and so the spectral variability was increased, which could not be accounted by
unmixing methods.
The better the spatial resolution is, the wider the spatial variability is; thus, at a centimeter
scale, the variability was very high compared to the reflectance at a meter scale where the
soil heterogeneities were more smoothed.
The presence of residual dry and wet vegetation and of shadows contributed to increasing
the number of surface types seen by a pixel and then reducing the quality of the unmixing
performances; an improved masking can be targeted in the future.
The roughness of the ploughed fields induced surface multiple scatterings and variations of
illuminations (direct and diffuse downwelling irradiance), which were taken into account
in our unmixing models; [36] and, more recently, [88] have proposed a physical approach
to take into account these effects. In particular, [88] proposed an extension of MLM to this
end. Unfortunately, these approaches have never been tested at a centimeter scale also
including intimate mixtures.
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The higher variability of mineral granulometry (10–35% for Gémigny, 10–31% for Mareau
and 6–31% for Coinces accounting for textural clay and coarse sand, cf. Figure 4) impacted
volume multiple scatterings and induced higher spectral variations, oppositely to the more
homogeneous granulometry found for the laboratory mixtures, having either only clay
minerals or clay minerals combined with calcite or quartz [12].
The important contribution of other minerals than clay ones, mainly quartz for Gémigny
and Coinces (abundance more than 58%), and quartz, potassium feldspars and plagioclases
for Mareau (global abundance more than 50%).
The presence of quartz in soils, such as noted by [11,21,92], that highlighted the difficulties
to retrieve minerals and quantify their abundance when a mixture contains quartz, and
also by [12] that confirmed this point in the laboratory where montmorillonite abundance
estimation in the presence of quartz was very poor (RMSE more than 50%) whatever the
unmixing method and the preprocessing.
The atmospheric conditions, such as for Coinces, for which the experiment was performed
under partially cloudy conditions with varying illumination, while in the laboratory, these
conditions were controlled and stable in time.
The soil water content led to an increase in montmorillonite abundance that could be
explained by the decrease of global reflectance level due to the soil moisture content increase
and the potential overestimation of the darkest EM (i.e., montmorillonite). However, in our
case, the water content was low enough (<18%) to not mask the clay absorption band with
soil moisture content, which happens for an SMC of 30% [39].

Concerning the Gémigny field site, changes in montmorillonite estimation along wheel
tracks could be explain by several hypotheses. With these areas being darker on the RGB
image, it may be possible that wheels stripped the topsoil horizon, leading eventually to
a difference in physical properties of the mixture due to soil compaction (increase of soil
roughness) and a change in mineral mixture.

Coinces montmorillonite abundance values were more variable than Gémigny and
Mareau, because of cloud cover during data acquisition. To limit the induced changes
of illumination by clouds, [30] recommend collecting hyperspectral images under direct
illumination in order to avoid spurious absorption features in SWIR domain.

Mineral content was very similar for all sites, and grain size content was more similar
between Mareau and Gémigny than Coinces (see Section 2.3). However, this montmo-
rillonite underestimation could be explained by changes in solar illumination between
sites (between 3:00 and 4:00 p.m. and between 36◦ and 38◦ solar illumination instead of
11:20 a.m. and 44◦ for Gémigny) may change the shape of an absorption feature (width and
depth) [30], which can explain changes in montmorillonite estimation between our sites.

5. Conclusions

A comparative study was carried out to assess performances and limitations of several
unmixing algorithms to estimate montmorillonite abundance in three ploughed fields at
a very high spatial resolution (centimeter scale). To fulfill that goal, an experiment was
performed using hyperspectral cameras on a bucket truck to record hyperspectral images in
the VNIR–SWIR range (0.4–2.5 µm). Results showed that the two automatic EM detection
methods (SISAL and MVC-NMF) were not efficient to identify pure minerals and that
both used spectral libraries (USGS and Ducasse) could be used for the unmixing process.
Performances of montmorillonite abundance estimations proved that linear unmixing
models were not suitable (FCLS, MESMA and GBM with γ values equaling zero), but that
REF-MLM and 1stSGD-MLM provided RMSEs within 2.2–13.3% and 1.4–19.7%. Compared
to the target accuracy of 10% required for discriminating shrink–swell potential classes
following [8,50], these performances hold great potential. Then, the major sources of error
come from (i) the field roughness, (ii) local variations of mineralogical composition and
soil moisture and (iii) illumination conditions. Despite that, the MLM model was able to
mitigate them thanks to its P parameter, compensating their nonlinear effects.
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Future work will then include further validation on a broader variation of soil compo-
sition. Quartz, which is featureless in the SWIR domain, has specific features in Long-Wave
InfraRed (LWIR, 7.5–14 µm) [93–95]. We propose the combination of the SWIR and LWIR
spectral domains to improve the estimation of both quartz and clays in soils. Automatic
detection of EM is also an important step in order to automatize unmixing. Semi-supervised
methods such as sparse regression [96,97] could be of interest in order to find the most
significant EM inside a spectral library. Deep learning shows promising results to solve the
endmember detection problem [78]. Also, future issues should address the moisture content
in soils, which affects montmorillonite estimation. The use of moisture models to remove
the moisture effect on soil spectra such as the one used by [98,99] or MARMIT [100,101]
could improve mineral montmorillonite estimation in soils.
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