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Potential of VIS-NIR spectroscopy to characterize and discriminate
topsoils of different soil types in the Triffa plain (Morocco)

Abstract: This study aims to identify the influence of soil organic matter (OM) content and calcium carbonates (CaCO,) on soil
reflectance and select the optimum spectral bands for discriminating between topsoils of different soil types situated in the irrigated
perimeter of the Triffa plain (Morocco) using VIS-NIR reflectance spectroscopy. Soil samples were collected from the plow layer in
26 sampling sites. The spectral measurements were conducted in the field using an ASD Fieldspec portable spectroradiometer (350—
2500 nm), while the soil samples were analyzed in the laboratory. The spectral data were pre-processed to remove the noise effects
and then analyzed with the CovSel (selected covariance) method, validated by linear discriminant analysis in order to select the most
optimal spectral variables to discriminate between topsoils of different soil types in the plain. The results of the soils reflectance
curves showed that low reflectance intensity marked the soils with high OM contents throughout the VIS spectrum. The influence of
the soil OM content was very apparent in the VIS range (between 580-750 nm). Regarding the CaCOj, content, it was noted that the
soil samples with a high percentage of CaCO, increase the reflectance in all spectral domains situated between 350 and 2500 nm. The
spectral bands of 1999, 686, 1280, 2340 and 1951 nm were the most optimal for the soil discrimination in the Triffa plain. This study
concluded that the VIS-NIR spectroscopy demonstrates an excellent ability to characterize and discriminate between topsoils in the

Triffa plain.
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INTRODUCTION

The discrimination and physicochemical charac-
terization of topsoil using the traditional laboratory
methods in order to extract useful information about
the quality and sustainability of soil (such as the soil
(OM) content, CaCO, contents, and texture) is com-
plicated, expensive, requires much time and effort,
and provides limited information. Therefore, econo-
mical and simple methods for topsoil characteriza-
tion, analysis and discrimination are needed in the
field and laboratory. Currently, visible and near-
infrared (VIS-NIR) spectroscopy represents an alter-
native method for soil analysis and quantification. The
method is faster, non-destructive, environmentally
friendly, has a repeatable analytical technique and
requires minimal sample preparation (Gholizadeh et
al. 2017). Its implementation in the field and labora-
tory offers the possibility of repeating measurements
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and estimating the ranges of various soil properties
such as OM content, texture and CaCO, (Lagacherie
et al. 2008, Liu et al. 2017). Several research studies
have confirmed the high potentiality of the VIS-NIR
spectroscopy to determine and discriminate between
soil profiles and to provide information about the
influence of soil properties on soil reflectance (Zeng
etal. 2016, and Baron et al. 2011) but at present, few or
even no, confirmatory studies have been conducted
to discriminate between topsoils of different soil
types using the data of the VIS-NIR spectroscopy
acquired in the field.

The use of VIS-NIR spectroscopy for soil studies
started in the 1960—70s (Bowers and Hanks 1965),
and the relationship between soil properties and spectral
reflectance has been studied and described by many
authors (e.g., Stoner and Baumgardner 1980; Ben-
Dor et al. 1999). The soil OM and organic constituents
of soil have essential influences on soil reflectance
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(Baumgardner et al. 1986). Hoffer and Johannsen
(1969) indicated that when the soil OM increases,
the soil reflectance decreases in the wavelength
ranging from 400 to 2500 nm. In addition, Mathews
et al. (1973) found that soil OM correlated well with
reflectance in the spectral range situated between 500
and 1200 nm, while Baumgardner et al. (1969) noted
that if the soil OM in soil types drops below 2%, then
it has only a minimal effect on the reflectance
property. Concerning the soil concentration of
carbonates, Ben-Dor et al. (1999) mentioned that the
carbonates presented in soil play an essential role in
the chemical processes of the soil. A study carried
out by Cierniewski and Kusnierek (2010) showed that
the influence of CaCO, on soil reflectance is very
apparent in the VIS range between 550 and 700 nm.

For the use of VIS-NIR spectroscopy to discrimi-
nate between different soil types, a study made by
Viscarra Rossel and Webster (2011) suggested that
VIS-NIR spectroscopy could make an important
contribution to the definition of soil horizons and classes
from their visible-near infrared spectra (350-2500 nm).
Also, it is indicated that the VIS-NIR spectra can be
used for the discrimination and identification of
Australian soils, particularly those that possess

clearly identifiable mineral and organic characteri-
stics because the spectra can be used to measure soil
colour, iron oxides, clay minerals, carbonates, and
organic matter. In another study carried out by
Oliveira et al. (2013) to evaluate the efficiency of
VIS-NIR spectroscopy in the analysis of a single
taxonomic class of soil and to determine which
wavelengths allow soil differentiation on a local
scale in Brazil, spectral analysis of data by VIS-NIR
spectroscopy combined with PCA (principal component
analysis), in particular the first two components,
revealed the 700 nm and 2200-2300 nm wavelengths
to be of interest in discriminating latosols. The parti-
cular feature of our study relies on the measurement
of soil spectra of the topsoil of different soil types in
the field, not in the laboratory as in Viscarra Rossel
and Webster (2011) and Oliveira et al. (2013). Also,
we used a novel approach suggested by Roger et al.
(2011) for selecting the spectral bands that allowed
the topsoil differentiation.

The selection of optimal spectral bands using
VIS-NIR spectroscopy data in order to discriminate
between topsoils is an essential step to facilitate soil
mapping and monitoring, in particular for the discri-
mination between topsoils of different soil types. The
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FIGURE 1. Geographical location of the study area in the irrigated perimeter of Triffa plain (north-east of Morocco)
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direct application of classical statistical methods for
the analysis of chemometric spectral data is not favo-
rable and reliable because of two major problems: (i)
the strong correlation between spectral bands, and (ii)
the huge number of variables involved (Roger et al.
2011). Vigneau and Thomas (2012) mentioned that
the selected covariance (CovSel) method used for
selecting the spectral bands is an efficient technique
compared to other selection algorithms such as the
partial least square regression (PLSR) and support
vector machine.

The main objectives of this work were to evaluate
the influence of soil OM and CaCO, contents on soil
reflectance in topsoils of different soil types situated
in the irrigated perimeter of the Triffa plain, and to
examine the possibility of selecting the most optimal
spectral bands to allow discrimination between the
different topsoils in the study area, using data from
VIS-NIR spectroscopy (350-2500 nm) with the
CovSel method and linear discriminate analysis.

MATERIALS AND METHODS
Study Area

The irrigated perimeter of the Triffa plain is located
in the eastern region of Morocco (longitude
34°56°32.67" N; latitude 2°24°05.95" W) and covers
an area of 15400 ha at an altitude of 120-200 m above
sea level (Fig. 1). The chosen area covers all the soil
types situated in the Triffa plain and shows the most
representative area for each soil type. According to
the classification of soils described by Aubert (1965)
and used by the pedological service of Morocco, the
study area is characterized by a diversified pedological
cover, dominated by isohumic soils occupying more
than 55% of studied soils in this area, and covers
almost east and north-east of the perimeter studied.
These isohumic soils correspond to thick soils with
black to brown color, rich in OM, with a lumpy
structure and constituting fertile agricultural lands.
The soils are rich in bivalent cations and characterized
by a progressively decreasing content of OM profiles,
with more clayey horizons at depth (Lazaar 2016).
Rendzina soil types are also called calcimagnesian
soils. They are developed from calcareous mother
rocks, whose OM is rapidly decomposed, and the
humidification process is blocked due to the excess
of calcium that slows down the phenomenon of alte-
ration (Lazaar 2016). Rendzinas are shallow and
stony, do not have a B horizon and are characterized
by little translocation of materials. Calcareous brown
soils are also developed from calcareous mother rocks
with an upper horizon A1 merging into a brighter B

horizon, but show no signs of translocated sesquioxides
over a paler C horizon (Aubert 1965). The soils
contain carbonate material derived from shell frag-
ments or rock and are stony, deep and provide the
best agricultural land in the Triffa plain. Red soils,
known as fersialitic soils, are fertile, rich in hematite,
well drained and structured but very sensitive to wind
or water erosion. Hydromorphic soils represented only
a limited part of the studied area (Lazaar 2016). The
soils are characterized by the reduction or localized
segregation of iron, owing to the temporary or
permanent waterlogging of the soil pores which
causes a lack of oxygen over a long period. Depen-
ding on the circumstances, the ferrous iron either
accumulates in the profile giving it a greenish (or
sometimes bluish) grey colour, or it is mobilized and
moves very locally, forming rusty patches or concre-
tions of ferric iron within mineral horizons (Duchau-
four 1982). The term of less-developed soils refers to
young soils characterized by a low mineral alteration
and a low organic matter content, which is generally
superposed on the mineral substrate without forming
organo-mineral complexes (Lazaar 2016).

Soil sampling and analyses

The field sampling was carried out during the first
week of May 2016. Twenty-six sampling sites were
chosen to cover the entire study area, by selecting the
most homogeneous and representative area for each
type of soil. In the non-root zone of soil (0-30 cm),
26 soil samples were collected with a mechanical
auger and then transported to the laboratory in order
to analyze their texture using the densimetry method
proposed by the USDA (2017). The CaCO, content
was determined by the Bernard calcimeter method
according to the AFNOR NF P 94-048 (1996) norm.
The soil OM content was quantified by the modified
Walkley-Black technique (Petard 1993), while the soil
pH was measured potentiometrically in distilled water.

Collection and pre-processing
of hyperspectral data

The spectral measurements were conducted in the
field using an ASD FieldSpec III spectroradiometer
with a wavelength of 350-2500 nm. The measure-
ments were performed between 10:00 am and 4:00 pm
in order to gain the benefits of high solar illumination
and inclination, which can minimize the effects of
shading (Fig. 2). The spectroradiometer is characte-
rized by a spectral resolution of 3 nm and 10 nm for
the spectral regions 350—-1000 nm and 1000-2500 nm
respectively, and a sampling interval between 1.4 nm
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FIGURE 2. The Spectroradiometer ASD Fieldspec III and employed accessories

and 2 nm. The wavelength configuration of the
spectroradiometer is organized as the VIS spectral
domain (350-700 nm) and the NIR (near infrared)
domain (700-2500 nm). The scanning time of the
instrument is 100 ms and each spectrum was acquired
with an average of 25 measurements. The spectral
measurement method was conducted in two succes-
sive steps; the first step was to measure the reference
reflectance on a spectralon before and after each
measurement, and the second was to measure soil
reflectance relative to the reference (with a spectralon),
using a pistol grip with optical fiber, with repetition a
number of times in order to achieve more accurate
results.

The spectral data obtained needed several pre-
treatments, the main objective of this pre-treatment
of data being to remove the signal noise and to
correct for nonlinearities (Stenberg et al. 2010, Tian
et al. 2013). The wavelengths situated in the ranges of
1350-1410 nm, 1780-1950 nm, and 2401-2500 nm
were eliminated due to the presence of excessive back-
ground noise caused by intense atmospheric water

absorption (320 spectral bands in total). The Savitzky-
Golay smoothing algorithm was used to reduce the
noise-spectra and remove additive baseline effects
(Savitzky and Golay 1964), and normalization
method to eliminate the multiplicative effects (Sauve
and Speed 2004). These pre-processing techniques
were carried out using the software Chemflow
(Chemflow. https://chemproject.org/wakka.php?
wiki=PublicationsRessources).

Chemometric analysis

Regarding the selection of the most optimum spectral
bands for discrimination between the topsoils of
different soil types situated in the study area, the
CovSel approach suggested by Roger et al. (2011)
was used. Roger et al. (2011) confirmed that the
CovSel method is well adapted to the multi-response
calibration of spectrometers and can be applied to the
problem of discrimination considering indicator
variables as responses. The CovSel technique has been
specially designed for spectral bands selection and
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TABLE 1. The Analogy between PLS and CovSel method (Roger et al. 2011)

PLS CovSel

u; = ArgMax, (Maxv (t:ov(IS(u,Yv)z))u2 S Ij = ArgMax,, (Maxv (cov(Xs’", Yv)z)
z = Xy T z=Xsl =x

XP.X X—PrX

Y+PlY Y—PLY

j—j+1;goto2

jej+1;g0to2

for the treatment of two common problems, namely:
(i) the huge number of variables (spectral bands) that
yield a very large solution space, and (ii) the strong
correlation between them (Roger et al. 2011). The
differences between the PLSR (partial least square
regression) method, the most common chemometric
technique, and the CovSel approach are given in
Table 1. Vigneau and Thomas (2012) mentioned that
the CovSel algorithm works in a manner very similar
to the successive projection algorithm (SPA). However,
the SPA works only in the X-space that is spawned
by the spectral bands themselves and aims to mini-
mize the collinearity between the spectral bands
selected, while the CovSel method carries out the
X-variable selection by also taking into account their
covariance with the responses Y. This approach is
based on the step-by-step selection of spectral bands
with an orthogonal projection between each step to
ensure a weak correlation of selected spectral bands
(Roger et al. 2011). The advantage of this method is
that it is applicable whether the number of samples is
large or small. For the spectral bands chosen by the
CovSel method, a linear discriminant analysis was
applied in order to determine the discriminant
weight of each selected spectral band providing the
best discrimination between topsoils of different soil
types in the Triffa plain.

RESULTS AND DISCUSSION
Soil characteristics

The descriptive statistics of four soil properties,
namely pH, CaCO,, OM and texture are summarized
in Table 2. The difference between the maximum and
minimum values for the concentrations of these
elements in the topsoils of different soil types of the
study area demonstrates that.

The CaCOj, content in the studied soil types
ranged from 1.51% to 49.85 % with an average value
of 13.8%, indicating that, according to the AFNOR
NF P 94-048 (1996) for soil classification, the soils
of the study area generally belonged to the slightly to

TABLE 2. Descriptive statistics of soil properties in the studied
sample sets

Soil Minimum Maximum Mean Standard Variance
parameters deviation

pH 6.1 7.7 7.1 0.30 0.095
CaCOy (%) 1.5 49.8 13.8 119 142.9
OM (%) 0.7 34 2.1 0.6 0.400
Clay (%) 0 12.5 5.6 3.6 13.2
Silt (%) 24.6 79.9 60.7 132 175.8
Sand (%)  12.6 70.3 33.6 126 161.2

moderately calcareous soil classes. In term of pH, the
soils in the Triffa plain are characterized by pH values
varying between 6.12 and 7.72; however, the analyzed
soil samples had values mostly higher than 7, which
is due to the excess of CaCO, content in the different
soils caused by the dissolution of the calcareous rock
in which the different soil types were developed.
Corresponding to the classification of Ruellan (1971),
the soil types of the study area are generally basic.
Concerning the results of the OM content for the
soil samples analyzed, it is shown that the percentage
of soil OM content varies between 0.74 and 3.44%,
with the percentage of clay fraction never exceeding
10%. These analyses led us to conclude that the
different topsoils of the study area are characterized
by low to medium values of OM content such as
rendzina, less-developed, hydromorphic, and fersia-
litic soils, while other soils such as the isohumic and
brown calcareous soils are rich in OM content. On
the other hand, it was noted that the soils situated
towards the southwest of the study area (rendzina
soils) are characterized by low OM content, which is
related to the high content of CaCOj in these soils.
Equally, another factor for the lower OM content of
these soils is the fact that the farmers burn the agri-
cultural land, which leads to the steppization processes
(steppization: the phenomenon of the migration of
the OM to lower horizons of soil caused by the high
leaching of the clay fraction, which makes the structure
coarser in the depths of the soil). For the results of
particle size (texture) analysis, it was indicated that



Potential of VIS-NIR spectroscopy to characterize and discriminate topsoils of different soil types in the Triffa plain (Morocco) 59

100
S
-
a0 =
e
an | ! '
-
M0 =,
™
8] T
-, -,
E k. Ay
el ".‘.
£ 50 . N
sifty My
clay
ai E
sy
Clay losm clay lnam
an
.
.
20 s = Inae
.y
&l |oam “a
S
] i
10 . @ Vs
- ;.
silt Y R eSS $
. =y
0 — oo
[+] 10 20 30 40

.

sandy clay

\\H
sandy clay o
., Inam T
e T
.
o
.
.-"'l.
(| e | V ___,-"'f .}‘-._
=1 W sandy kam F ! ."
- ¥ e . laamy ! sand
. - &an /
¥ “ i -4
50 60 0 BD o0 100

% samd

FIGURE 3. The soils texture of the studied area in the textural triangle (USDA, 1996)

the percentage of the silt and sand fractions were more
abundant compared to the clay fraction in all soil
samples. The results of the projection of the different
fractions of soil samples (clay, silt, and sand) on the
textural triangle according to the USDA norm (2017)
are shown in Figure 3. The textural triangle showed
that the soil samples of the study area were mostly
characterized by the dominance of the silty-loam
texture. Finally, these results suggested that most
topsoils of the different soil types of the study area
was dominated by a silt-loam texture.

Effects of selected soil properties
on soil reflectance

The spectra of soil samples measured in the field
with the ASD Fieldspec spectroradiometer are plotted
in Figure 4. In general, the VIS-NIR spectra of the
topsoils of different soil types have a similar reflec-
tance shape in which the reflectance is lower in the
VIS range (400-700 nm) and is higher in the NIR
range (701-2500 nm), with the presence of several
absorption bands of different intensities around 1400,
1900, and 2200 nm. The complex bands observed in

the NIR range situated at 1350-1416 nm, 1789-1950 nm
and 2400-2500 nm are caused by intense atmospheric
water absorption (Cozzolino and Morén 2003). The
differences between the reflectance curves of the
different topsoils in the spectral range 350-2500 nm
were mainly due to the nature and primary properties
of soil samples, such as the texture, CaCOj, content,
and OM content. This was confirmed by the average
results obtained from the analysis of soil properties
of topsoil in the laboratory (Table 3). The comparison
between the soil reflectance curves and the effects of
the selected soil properties of topsoil indicated that
the rendzina and less-developed soils had a higher
intensity reflectance, reaching a maximum of 0.509
for rendzina soils and 0.424 for less-developed soils
in the NIR range at 1670 nm, compared to other soil
types. According to the laboratory results, this high
reflectance of rendzina and less-developed soils is due
to three parameters: (i) the high calcium carbonates
content in these soils, since they are developed from
calcareous rocks in which the alteration of the latter
favored the enrichment of the soil in calcium carbo-
nates; (ii) the textures of the rendzina and less-deve-
loped soil types studied in this zone are characterized
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TABLE 3. The mean contents of soil OM, CaCOj,, and texture in the studied soil samples

Type of soil Number OM (%) CaCO, (%) Particle size fraction (%)

of samples Clay Sl Sand

(<0.02 mm) (0.02-0.06 mm)  (0.06-2 mm)

Isohumic soil 5 2.28 10.97 5.93 54.42 39.65
Brown calcareous soil 5 2.20 09.23 3.50 61.84 34.66
Fersialitic soil 5 1.93 13.64 7.08 60.17 32.75
Less-developed soil 3 1.80 26.79 5.62 66.50 27.88
Hydromorphic soil 3 1.86 06.70 5.00 65.45 29.55
Rendzina soil 5 1.36 30.29 7.50 55.85 36.65

by a silty-loam texture, with a clay fraction that does
not exceed 8%; and (iii) the low OM content of these
soil types, which can be due to the high content of
CaCO; that slows down the processes of alteration
and hence accelerates the decomposition of soil OM
and blocks the process of humification. Concerning
the brown calcareous, fersialitic and isohumic soils,
it was difficult to differentiate between them based
on their reflectance curves because of their overlap-
ping, which is related to the approximation of their
soil properties in terms of texture, CaCO,, and soil

OM content. The hydromorphic soils were characte-
rized by a very clear reflectance, which was obvio-
usly visible in all spectral domains compared to other
soil types.

The effects of soil OM and CaCO, contents on
soil reflectance can be generally explained as follows
for.

The response of the spectral reflectance to the
nature and percentage of soil OM content is a known
fact and was one of the first common applications in
the use of VIS—NIR spectroscopy (Blanco and
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Villarroya 2002). The reflectance curves of different
topsoils showed that the topsoils with high OM
content such as isohumic, brown calcareous, hydro-
morphic and fersialitic soils were marked by low
reflectance intensities throughout the VIS part of the
spectrum. However, the topsoils with low OM
content were characterized by a high-intensity reflec-
tance in the VIS range. This demonstrates that the
influence of the soil OM content on the soil reflec-
tance was more significant in the VIS spectral range
at 580—750 nm. The results found by our study
confirmed the studies of Dalal and Henry (1986),
Blanco and Villarroya (2002) and Chen et al. (2011),
which proved that the VIS domain is the most essential
spectrum range for determining the influence of SOM
content in the soil. On the other hand, it was noted
that the effect of OM content on the reflectance
curves of the topsoils with a percentage higher than
2% (e.g., for isohumic soils and brown calcareous
soils) was very important because it can mask other
soil constituents. On the contrary, the effect of OM
on the reflectance curves of the topsoils with a
percentage lower than 2% (e.g., rendzina soils, less-
developed soils, hydromorphic and Fersialitic soils)
became less efficient. These results confirmed those
obtained by Baumgardner et al. (1969). The variation
of topsoil reflectance depending on the CaCO,
content showed that, in the reflectance curves of the
topsoils with high CaCOj, content such as rendzina
soils and less-developed soils, the reflectance was
raised in all spectral domains situated at 350-2500 nm.
However, when the CaCO, content was low in the
topsoils (hydromorphic, brown calcareous, fersialitic,
and isohumic soils), the reflectance was also low.
Similar results were obtained by Cierniewski and
Kusnierek (2010).

STATISTICAL ANALYSIS OF SPECTRAL
DATA

Selection of spectral bands

This section presents the results of the CovSel
method used to select the spectral bands that allow
discrimination between topsoils of different soil
types in the study area. This approach, based on the

TABLE 4. The spectral variables selectet by the Covsel method

step-by-step selection of the spectral bands with an
orthogonal projection between each step to ensure
the weak correlation of the selected spectral bands,
displayed a positive contribution in agreement with
the results of Roger et al. (2011) and Vigneau and
Thomas (2012). Table 4 shows the results of the twenty
spectral bands selected for the twenty-six soil
samples by the CovSel method from the 1830
spectral bands used in the statistical model. The
primary results of the spectral bands selected appe-
ared very encouraging and significant. The results
showed that it is possible to discriminate between
topsoils of different soil types in the Triffa plain in
the VIS range for the spectral bands 483 nm and 686
nm, and in the NIR range for the spectral bands 887,
936, 1006, 1280, 1417, 1642, 1778, 1951, 1956, 1962,
1999, 2006, 2189, 2283, 2340, 2372, 2384 and 2394
nm. For the choice of the optimum spectral bands
among the twenty wavelengths selected by the
CovSel method, the application of linear discriminant
analysis with cross-validation was necessary in order
to obtain a better discrimination between topsoils in
the study area with a minimal number of spectral
bands.

Linear discriminant analysis
of spectral bands selected
by the covsel method

The results of the linear discriminant analysis
applied for the twenty spectral bands selected by the
CovSel method are summarized in Table 5. The
results showed that the five spectral bands 1999, 686,
1280, 2340, and 1951 nm were sufficient for discri-
minating between topsoils of different soil types
situated in the Triffa plain. Moreover, with the five
spectral bands, the discriminant analysis finds a space
in which the rendzina, hydromorphic, isohumic,
Fersialitic, less-developed and brown calcareous
topsoils can be separated with a classification error
of 11.33% and a cross-validation error of 15.67%.
This proved that the discrimination model is robust
and reliable. Also, the NIR spectral domain represented
a relatively higher and better potential for differen-
tiating between all topsoils of different soil types in
the Triffa plain, followed by the VIS domain, which

Spectral domain

Spectral bands selected by CovSel Method

Visible range (350-700 nm) 483 nm, 686 nm

NIR range (701-2500 nm)

887 nm, 936 nm, 1006 nm, 1280 nm, 1417 nm, 1642 nm, 1778 nm, 1951nm, 1956 nm,

1962 nm, 1999 nm, 2006 nm, 2189 nm, 2283 nm, 2340 nm, 2372 nm, 2384 nm, 2394 nm




62 AYOUB LAZAAR et al.

TABLE 5. The results of the linear discriminant analysis applied
to the variables selected by the CovSel method

Number  Selected Calibration error ofthe  Error of
of spectral spectral bands discriminant analysis (%) cross-valid-
bands (nm) ation (%)
1 1999 83.83 83.83
2 686 83.83 83.83
3 1280 83.83 83.83
4 2340 83.83 83.83
5 1951 11.33 15.67
6 1642 15.67 22.67
7 1417 11 16.67
8 936 14 17
9 1778 12 15.33
10 2189 9.67 14
11 1962 9 13
12 483 8 12.67
13 2384 9.67 13.33
14 2006 7 10.67
15 1006 5.67 10.67
16 2372 5.67 10
17 887 5.33 8.33
18 1956 5 9
19 2394 5 8.33
20 2283 4.67 7.67

had a reliable potential for discrimination between
the six soil types at the wavelength of 686 nm. The
NIR spectral domain allows the discrimination
between the hydromorphic, rendzina, brown calcareous
and less-developed topsoils at the wavelength of 1280
nm, while the discrimination between the isohumic
and fersialitic topsoils was not very clear at this
wavelength in the NIR spectral domain.

CONCLUSIONS

This study evaluated the potential of VIS-NIR
spectroscopy to identify the effects of soil OM and
CaCO; contents on topsoils reflectance curves, and
to discriminate between the topsoils of different soil
types situated in the Triffa plain. The following conc-
lusions have been determined according to the results
obtained from the paper:

— We conclude that the influence of soil OM content
on the reflectance curves of the topsoils in the Triffa
plain was well marked and clear in the VIS range
between 580 and 750 nm. Meanwhile, the varia-
tion in the reflectance intensity curves as a func-
tion of CaCO, content was marked in the entire
350-2500 nm spectral range.

— It is possible to discriminate between topsoils of
different soil types, using the spectral data of VIS-NIR
spectroscopy combined with the CovSel method
and linear discriminant analysis. It is was shown
that the spectral bands 1999, 686, 1280, 2340, and
1951 nm were of interest in discriminating topsoils
of different soil types in the Triffa plain.
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