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Abstract: In this study, we examined the potential of vis-NIR reflectance spectroscopy, coupled
with partial least squares regression (PLSR) analysis, for the evaluation and prediction of soil water
retention at field capacity (FC) and permanent wilting point (PWP) and related basic soil properties
[organic carbon (OC), sand, silt, and clay contents] in an agricultural irrigated land of southern Italy.
Soil properties were determined in the laboratory with reference to the Italian Official Methods for
Soil Analysis. Vis-NIR reflectance spectra were measured in the laboratory, using a high-resolution
spectroradiometer. All soil variables, with the exception of silt, evidently affected some specific
spectral features. Multivariate calibrations were performed to predict the soil properties from
reflectance spectra. PLSR was used to calibrate the spectral data using two-thirds of samples for
calibration and one-third for validation. Spectroscopic data were pre-processed [multiplicative
scatter correction (MSC), standard normal variance (SNV), wavelet detrending (WD), first and second
derivative transformation, and filtering] prior to multivariate calibration. The results revealed very
good models (2.0 < RPD < 2.5) for the prediction of FC, PWP and sand, and excellent (RPD > 2.5)
models for the prediction of clay and OC, whereas a poor (RPD < 1.4) prediction model was obtained
for silt.

Keywords: reflectance spectroscopy; soil texture; organic carbon; field capacity; permanent
wilting point

1. Introduction

In Italy, there is a considerable number of irrigated agricultural lowlands, such as the Po valley
(to the North), the “Maremma Toscana” (to the Middle), the “Tavoliere delle Puglie”, the Salento,
Volturno and Sele plains (to the South), and others [1]. In these areas, rivers and groundwater
represent the primary sources of water for irrigation. In recent years, the competing demands of
water, combined with the effects of global warming, have caused persistent and often serious water
scarcity [2]. Groundwater levels are evidently declining, stream flow is reduced and, in some areas,
the land is seriously subsiding. To counteract these situations, efforts must be made to improve the
management of irrigation water to reduce its consumption while maintaining crop productivity [3].
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Effective management of water for irrigation requires knowledge of soil water holding
capacity (mm), which is a key soil property determining water availability to plants [4,5]. It is
calculated as the difference between soil water content at field capacity (FC) and at permanent wilting
point (PWP) (m3 m−3), multiplied by root depth [6,7]. Field capacity corresponds approximatively
to the water content at which the macropores are drained, but micropores within aggregates remain
filled with water [8]. This water content is found to be held in the soil by a potential between 10 to
−33 kPa. The permanent wilting point refers to the amount of water below which plants cannot obtain
sufficient water to maintain growth and wilt to never fully recover. For convention, in the absence of
direct in-situ observations, it is taken to be the amount of water retained by the soil when the water
potential is −1500 kPa [5,9]. FC and PWP must be considered as crucial hydraulic parameters for
irrigation scheduling.

The amount of water a soil can retain at FC and PWP is affected by various soil properties. Among
these, organic matter content and soil texture play a major role [9].

Water retention at FC and PWP can be measured directly in the field or in the laboratory.
However, both laboratory and field determinations of these parameters, although useful and practically
irreplaceable for detailed investigations, are costly and time-consuming. Thus, they are not suitable
when large numbers of soil samples need to be analyzed, as for example in large soil surveys, or for
high-resolution soil investigation and precision agriculture [10–12].

This condition has driven many scientists to develop indirect methods for the estimation of
water content at field capacity and wilting point. Various efforts have been devoted to predicting
these parameters from easily accessible soil properties, such as soil particle size distribution and soil
organic carbon content, which are often measured in soil monitoring and soil survey campaigns, using
pedotransfer functions (PTFs) [12–17].

Some soil properties, such as particle size distribution and organic matter, which affect water
retention, can be considered a chromophore [18], that is a “parameter or a substance (chemical or
physical) that significantly affects the shape and nature of a soil spectrum” [18] in the visible-near infrared
(vis-NIR) domain. Therefore, it is expected that all these soil properties and, subsequently, the related
values of FC and PWP, could be estimated from spectral reflectance measurements. The measure of
spectral reflectance, i.e., the ratio of the electromagnetic radiation reflected by a soil surface to that
incident on it [19], is referred to as reflectance spectroscopy [20].

Compared to conventional laboratory or field determination, vis-NIR spectroscopy is faster,
cheaper and non-destructive; it requires less sample preparation, with few or no chemical reagents, is
highly adaptable to automated and in situ measurements, and has the potential to analyze various soil
properties simultaneously [11,21]. Then, it represents another potential, indirect, profitable method
for the determination of the considered soil water retention variables, as well as of the related soil
properties. Studies have also been carried out to investigate the effects of soil water on the spectral
response of irrigated crops [22].

Several studies have demonstrated the capability of vis-NIR reflectance spectroscopy in the
prediction of soil properties, including particle size distribution and organic carbon content [21,23,24].
Less attention has been paid to predict soil hydraulic properties from reflectance spectra [25].

The results of the above studies suggested that the quality of the predictive models developed to
predict soil properties decreases as their range of application is extended to geographical areas not
included in the calibration stage [26,27]. Then, a need exists to develop suitable predictive models for
any specific pedo-environment [28].

Because of the complexity of soil spectral reflectance data, a growing number of multivariate
statistical methods have been used to relate soil reflectance spectra to soil properties [11]. The most
common methods for soil applications are based on linear regressions, namely stepwise multiple linear
regression (SMLR), principal component regression (PCR), and partial least squares regression (PLSR).
The main reasons for using SMLR are: (i) the inadequacy of more conventional regression techniques
such as multiple linear regression (MLR) and (ii) the lack of awareness among soil scientists of the
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existence of full-spectrum data-compression techniques, such as PCR and PLSR. Both PCR and PLSR
can analyze data containing a large number of predictor variables that are highly collinear. PCR and
PLSR are related techniques and, in most situations, their prediction errors are similar. However,
PLSR is often preferred by analysts because it relates the response to predictor variables so that the
model explains more of the variance in the response with fewer components, it is more interpretable
and the algorithm is computationally faster.

This paper aims to examine the potential of vis-NIR spectroscopy, coupled with PLSR, for the
evaluation and prediction of soil water retention at FC and PWP and related soil properties, under
the specific pedo-environmental condition of the lower Volturno river basin, which is one of the most
important irrigation districts of middle-southern Italy [1]. If relationships can be established between
soil spectral reflectance and soil water retention at FC and PWP, texture and organic carbon content,
then there is a great potential for a rapid, low-cost determination of these properties. The outcome of
such analyses could be easily used to support sustainable irrigation and soil management, both at farm
and district scale in the study area.

2. Materials and Methods

2.1. Study Area

The study area (Figure 1) is located to the north-western part of the Campania Region,
in southern Italy (Coord. 41◦01′00” N, 13◦58′00” E). The climate shows characteristics typical of
the Mediterranean region, with the wettest period between late autumn (October–November) and
early spring (March–April).
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Figure 1. Location of the study area in southern Italy.

Temperature and reference evapotranspiration are inversely related to rainfall, with the highest
values during summer (June–August). According to Köppen classification [29], the climate subtype is
“Csa—Hot-summer Mediterranean Climate”. The coastal belt of the lower Volturno river basin is a
rich agricultural land, mainly devoted to irrigated vegetal crops and fruit trees [30]. The dominant
soils are Gleyic, Gleyic-Vertic, Calcari-Gleyic and Calcari-Fluvic Cambisols, and CalcaricGleysols [31].

2.2. Soil Sampling and Analyses

For the purpose of this study, an existing soil database, available at the Institute for Agricultural
and Forestry Systems in the Mediterranean of the National Research Council of Italy (CNR-ISAFoM),
was used. This database contains information on soil organic carbon (OC), particle size distribution
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(sand, silt and clay), and volumetric water retention (cm3 water cm−3 soil) at both FC (θwt −33 KPa)
and PWP (θwt −1500 KPa). Information about OC was available for 96 samples, while those for sand,
silt and clay contents and for FC and PWP were available only for 82 samples, which are part of the 96.
The analytical data included surface soil samples randomly collected in 1999 within the study area,
air-dried and ground to a size fraction passing a 2 mm sieve. Soil organic carbon and texture were
determined according to the Italian Official Methods for Soil Analysis [32]. Namely, total clay (soil
separate with <0.002 mm particle diameter) and silt (soil separate with 0.002 to 0.05 mm particle
diameter) contents were determined with the pipet method. Total sand content (soil separate with
0.05 to 2.0 mm particle diameter) was determined by wet sieving; OC content was determined using
Walkley-Black methods. Water retention at FC (θwt at −33 KPa) and PWP (θwt at −1500 KPa) was
measured with a Richards pressure, according to the Italian Methods of Physical Analysis of Soils [33],
on undisturbed soils, taken in a ring core of a height of 5 cm and a diameter of 6.8 cm.

2.3. Statistical Analysis of Soil Properties

All basic (OC, sand, silt and clay contents) and hydraulic (FC and PWP) soil variables
were statistically described in terms of minimum, maximum, mean, coefficient of variation (CV),
and skewness. Before further statistical analyses, a log-transformation was performed for those
variables that did not follow a normal distribution. Relationships among the variables were investigated
using Pearson’s correlation coefficients. The XLStat statistical software, ver. 6.5 was used to this end.

2.4. Vis-NIR Spectroscopy

The diffuse vis-NIR reflectance was measured in the laboratory, on a residual fraction of the
air-dried and 2 mm-sieved soil samples previously used for chemical and hydraulic analyses. Prior
to spectral measurements, the samples were oven-dried at 40 ◦C during 12 h, in order to eliminate
any possible residual moisture; then each sample was further grounded to minimize anisotropic
scattering. The spectral measurements were carried out using a FieldSpec Pro spectroradiometer
(Analytical Spectral Devices Inc, Boulder, CO, United States, 2013), with the help of a high-intensity
contact probe (also from Analytical Spectral Devices) that uses a halogen bulb (2901 Å} 10 K) for
illumination. The FieldSpec Pro spectroradiometer combines three spectrometers to cover the portion
of the spectrum between 350 and 2500 nm. The instrument has a spectral sampling distance of ≤1.5 nm
for the 350–1000 nm region and 2 nm for the 1000–2500 nm region. The contact probe measures a
spot of diameter 10 mm, and it is designed to minimize errors associated with stray light. The sensor
was calibrated with a Spectralon® white reference panel. For each soil sample, four spectra were
averaged to minimize noise and so to maximize the signal-to-noise ratio. Noisy portions of the spectra
between 350 and 399 nm and between 2451 and 2500 nm were removed, leaving spectra in the range of
400–2450 nm for the analysis.

The continuum removal approach [34] was used to normalize the reflectance spectra for comparing
absorption features from a common baseline. The continuum can be calculated using different functions.
In this work, a convex hull was fitted over the original spectral curve, then the absorption spectrum
was calculated by taking the ratio between the original reflectance spectrum and the enveloping
curve [35,36].

2.5. Multivariate Calibration

Multivariate calibrations were performed to predict the investigated soil properties from reflectance
spectra, using the software ParLeS [37]. PLSR was used to calibrate the spectral data with the reference
(laboratory) soil data using two-thirds of the available samples for calibration and the remaining third
to independently validate them. For each variable, the selection of samples was carried out as follows:
First, the samples were sorted following ascending order of the variable, then, sequentially, every two
samples were taken for calibration and the third for validation.
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To enhance the predictive power of multivariate calibration models, spectroscopic data were
transformed and pre-processed prior to data analysis, with the aim of removing undesired variation in
the data [38]. In this study, we assessed all the transformation and pre-processing methods, either
alone or in combination, before multivariate calibration. These methods include multiplicative scatter
correction (MSC) [39], standard normal variance (SNV) correction [40,41], wavelet detrending (WD) [42],
first and second derivative transformation, median [37], and Savitzky-Golay filtering [43].

Before multivariate modelling, spectra were also pre-treated by mean centering the data. The above
procedures were applied alternatively to the original reflectance spectra (R) and to their absorbance
(A = log 1/R).

Leave-one-out cross-validation [44] was then used to determine the number of factors to retain in
the calibration models. To select the optimal cross-validated calibration model, we computed the root
mean squared error (RMSE) of predictions:

RMSE =

√√√
1
N

N∑
i=1

(
ypred − yob)

2
(1)

where N is the sample population size, ypred is the predicted value, and yob is the observed value.
The model with the lowest RMSE is usually selected. However, a more parsimonious PLSR model,
i.e., a model with fewer factors, that represents the variability in the data without causing it to overfit,
is better to use. To this end, the optimal selection of factors can be based on the Akaike Information
Criterion (AIC) [45,46]:

AIC = Nlog (RMSE) + 2 m (2)

where N is the sample population size, and m is the number of model parameters (i.e., the number of
factors). To evaluate the accuracy of models, the adjusted coefficient of determination (R2adj) and the
relative per cent deviation (RPD), that is the ratio of the standard deviation of analyzed data (i.e., the
soil properties) to RMSE, was used.

In accordance with previous studies [47,48], the quality of predictions expressed by RPD was
classified as follows: RPD <1.0 indicates very poor model/predictions and their use is not recommended;
RPD between 1.0 and 1.4 indicates poor model/predictions where only high and low values are
distinguishable; RPD between 1.4 and 1.8 indicates fair model/predictions which may be used for
assessment and correlation; RPD values between 1.8 and 2.0 indicate good model/predictions where
quantitative predictions are possible; RPD between 2.0 and 2.5 indicates very good, quantitative
model/predictions; and RPD > 2.5 indicates excellent model/predictions.

We also used the R2adj and RPD statistics to assess the performance of validation, using the
independent data set.

3. Results and Discussions

3.1. Soil Properties

Summary statistics, calibration and validation subsets are provided in Table 1. Organic carbon
content is on average moderate (21.5 g kg−1), but highly variable (CV 1.35), within a range from 2.71 to
215.6 g kg−1. A slight difference in the average values exists between the calibration (22.5 g kg−1) and
validation (19.6 g kg−1) sub-sets. Skewness exhibits always high values (4.47 for the whole data-set;
4.52 and 3.74 for the calibration and validation sub-stets, respectively), thus indicating a significant
deviation from the normal distribution.
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Table 1. Descriptive statistics of the selected soil properties for both calibration and validation data.

n Mean Range CV Skewness

OC
(g kg−1)

Calibration 64 22.5 4.4–215.6 1.43 4.52
Validation 32 19.6 2.8–121.4 1.12 3.74

All data 96 21.5 2.8–215.6 1.35 4.57

Sand
(g kg−1)

Calibration 54 419.8 80.0–940.0 0.53 0.59
Validation 28 423.6 70.0–950.0 0.56 0.64

All data 82 421.1 70.0–950.0 0.54 0.60

Silt
(g kg−1)

Calibration 54 201.1 10.0–370.0 0.39 −0.35
Validation 28 201.1 10.0–390.0 0.43 −0.23

All data 82 201.1 10.0–390.0 0.40 −0.30

Clay
(g kg−1)

Calibration 54 377.4 50.0–730.0 0.46 −0.14
Validation 28 378.9 10.0–770.0 0.50 −0.09

All data 82 377.7 10.0–770.0 0.47 −0.12

FC
(m3 m−3)

Calibration 54 0.33 0.07–0.60 0.36 0.19
Validation 28 0.34 0.07–0.56 0.35 −0.06

All data 82 0.33 0.07–0.60 0.36 0.10

PWP
(m3 m−3)

Calibration 54 0.21 0.05–0.42 0.38 0.36
Validation 28 0.21 0.04–0.45 0.43 0.49

All data 82 0.21 0.04–0.45 0.43 0.41

Sand was the dominant particle size fraction (421.1 g kg−1, on average), followed by clay
(377.7 g kg−1) and silt (201.1 g kg−1). The dominant soil texture (Figure 2) ranges from fine (clay),
to moderately fine (clay-loam, sandy-clay-loam), to moderately coarse (sandy-loam). Mean and
extreme values for all, sand, silt and clay calibration, and validation subsets are similar. Skewness was
consistent, thus indicating, for these variables, a frequency distribution close to the normal distribution.
Water retention at FC and PWP is, on average, 0.33 m3m−3 and 0.20 m3m−3, respectively. Differences
between calibration and validation sub-sets are minimal, and the CV is moderate for both these
variables. Skewness is consistently low. Considering that the mean and the coefficient of variation
for the calibration and validation sets are comparable for all the basic and hydraulic soil properties,
the selection of both datasets can be considered representative [49].
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Figure 2. Distribution of soil samples on the USDA texture triangle.

Significant correlations exist among the investigated soil variables (Table 2). As expected,
the highest, negative correlation was between clay and sand contents. Of particular interest for
the purposes of this study, were the correlations between OC, sand and clay contents, and the soil
hydraulic properties.
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Table 2. Correlation coefficients between the selected basic and hydraulic soil properties.

OC Sand Silt Clay FC

Sand −0.337 **
Silt 0.233 * −0.691 ***

Clay 0.317 ** −0.942 *** 0.408 ***
FC 0.604 *** −0.659 *** 0.473 *** 0.608 ***

PWP 0.615 *** −0.679 *** 0.467 *** 0.639 *** 0.959 ***

p-values ≤ 0.05 (*), ≤0.001 (**), ≤0.0001 (***).

3.2. Soil Spectral Characteristics

Figure 3 shows the average soil spectrum and the relative continuum removed reflectance of the
investigated soil samples and their standard deviation.
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Figure 3. Mean and standard deviation of spectral reflectance (a) and continuum removed spectral
reflectance (b) of sampled soils. In (a), the position of spectral ranges where the various visible
reflectance slopes were calculated is shown; in (b), the approximate positions of some fundamental soil
constituents are shown.

The average spectrum (Figure 3a) shows a typical convex shape and a moderate overall reflectance.
The dispersion of the spectral intensity, as measured by the standard deviation, was evident.
Many studies demonstrated that different soil properties, especially particle size distribution and
organic carbon content, may affect the overall reflectance [24]. Changes in slopes of different ranges
in the visible region are also observed. Various studies have related visible reflectance slopes to soil
organic matter content [50]. The average continuum removed spectrum (Figure 3b) shows a number
of absorption bands across the entire vis-NIR region, which can be related to clay minerals, organic
matter, iron oxides, water, and carbonate contents [24,51].

In order to visually analyze the direct and indirect effects of the investigated basic and hydraulic
soil properties on soil spectral reflectance, the mean spectra of quartiles for each of these properties
were calculated [50]. Figure 4 shows the mean spectra of quartiles for clay content. Absorption bands
near 1400, 1900 and 2200 nm are affected by clay minerals [22], and the absorption feature near 2200 nm
is due to Al–OH bending, as in kaolinite, smectite and illite; that at 1400 nm can be attributed partly
to an overtone of structural O–H stretching, as in kaolinite and illite, and partly to the combination
vibrations in the water bond in the interlayer lattice, related to hydrate cations and water absorbed on
particle surfaces. Absorptions by H2O also cause the absorption band near 1900 nm [24].
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Smectitic clays dominate the study area and the nature of the spectra support this, as shown by
the presence of a shallow absorption band near 2200 nm (value <1 for asymmetry), and an intense
absorption band near 1900 nm (Figure 4) [35,52]. Asymmetry is the ratio of the area-left to the area-right
of the line through the center of an absorption feature. As expected, quartiles spectra for sand content
(not shown) displayed an opposite trend, with respect to clay content (Table 2). No noteworthy relation
was observed between the silt content and quartile spectra (not shown). Regression analysis (Table 3)
revealed positive linear relationships between clay content and depth of the absorption bands near
1900 nm (R2 = 0.42) and near 2200 nm (R2 = 0.68).

Table 3. Regression coefficients between OC, water retention at the field capacity (FC) and permanent
wilting point (PWP) and 1/slopes of reflectance spectra in different ranges ** of the visible wavelengths.

Clay OC * FC PWP

Slope I (400–700 nm) – 0.398 (l) 0.199 (l) 0.204 (l)

Slope II (400–600 nm) – 0.530 (l) 0.243 (l) 0.259 (l)

Slope III (500–700 nm) – 0.270 (l) 0.202 (l) 0.196 (l)

Slope IV (500–600 nm) – 0.580 (l) 0.310 (l) 0.317 (l)

Depth abs. band 660 nm – 0.561 (ex) 0.171 (ex) 0.212 (ex)

Depth abs. band 1900 nm 0.417 (l) – 0.244 (l) 0.296 (l)

Depth abs. band 2200 nm 0.681 (l) – 0.147 (l) 0.157 (l)

* log10 transformed, (l) linear regression; (ex) exponential regression. ** Spectral ranges correspond to those considered
by [53].

Figure 5 shows the mean soil spectra of the quartiles for OC. No trend with increasing OC content
was observed in the visible, or the first section of the NIR ranges (Figure 5), which is probably due to the
effects of other soil properties (i.e., texture, carbonates, iron-oxides at these ranges). On the other hand,
a clear negative trend was observed in the longer wavelengths of the NIR range (1450–2450 nm).
However, there was no significant relationship observed between OC content and the reflectance
integrated (albedo) over the portion of spectra in this range. Some significant relationships were
observed between OC and other spectral features, such as slopes and absorption bands in the visible
range (Table 3). In particular, 1/slopes in the visible ranges 400–700 nm (Slope I), 400–600 nm (Slope II),
500–700 nm (Slope III), and 500–600 nm (Slope IV) [53], increased with OC content.
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According to Ref. [53], the inverse values of slopes (1/slopes) were considered, instead of those
of slopes, to make the regressions linear. The best linear regressions (Table 3) were those found
between log-transformed OC and 1/Slope IV (500–600 nm) (R2 = 0.580) and 1/Slope II (400–600 nm)
(R2 = 0.530). From Figure 5, it is evident that the depth of the absorption band near 650 nm (as
observed on the continuum removed reflectance spectra) tends to increase with increasing OC. Ref. [21]
reported that the band near 660 nm may be important for the prediction of OC. Ref. [23] attributed
the absorption near 664 nm to pigment residuals in the soil organic matter. In this study, a moderate
(R2 = 0.561) exponential regression (Table 3) was found between the absorption depth at 650 nm and the
log-transformed OC content. From Figure 4, it also appears that organic matter affects the absorption
band depth near 480 nm. This was attributed to the influence of OC on the spectral absorption on
iron-oxides in the visible and first range of NIR [54,55]. In particular, Goethite absorbs mostly near
480 nm, and the intensity of the absorbance at this wavelength is significantly masked by the optical
interference of organic matter.

The characteristics of the mean spectra of quartiles for the FC (Figure 6) and PWP (Figure 7) reflect
those of the mean spectra of quartiles for clay, sand (not shown) and OC.
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In particular, as both FC and PWP increase, the relative depth of absorption bands near 1900 nm
and 660 nm also increases, while the one near 480 nm decreases. In both the quartile spectra of FC and
PWP, no trend was observed for the 2200 nm band. The 1/slopes of spectra in the visible ranges also
decreased with increasing FC and PWP. However, in all cases (Table 3), the regression coefficients (R2)
between both FC and PWP and the above spectral variables (depth of bands at 660 nm and 1900 nm,
visible 1/slopes) were lower than those between the basic soil properties (particularly OC and clay
contents) and the same spectral variable. On the basis of these results, it is reasonable to expect positive
results from the subsequent multivariate calibration.

3.3. Multivariate Calibration

The ability of vis-NIR reflectance spectroscopy to predict the investigated hydraulic and basic
soil properties is summarized in Table 4. Scatterplots of the predicted vs measured values for these
properties are shown in Figure 8. The best results were achieved by pre-processing the spectra prior to
data analysis by applying a combination of the following procedures: reflectance (R) to absorbance
(A) transformation (A = log 1/R), wavelet detrending, Savitzly-Golay filtering, second derivative of
absorbance, and data enhancement (mean centre). Reflectance to absorbance transformation reduces
nonlinearities [37], while wavelet detrending [42] corrects light scattering variation and baseline.
The Savitzky-Golay filter [43] (carried out prior to the second derivative transformation) reduces the
effects of spectral random noise, thereby providing smoother spectra. The second derivative removes
additive and linear baseline effects [56], while amplifying absorption features, which are indicative of
the contents of the soil materials. Mean centering is a commonly used method of data enhancement to
reduce redundant information.

Table 4. Results of PLSR applied to basic and hydraulic soil properties and soil spectral reflectance in
the vis-NIR spectral domain.

Soil Property
Calibration Validation

n. Fact. R2adj RMSE RPD R2adj RMSE RPD

OC * 8 0.845 0.124 2.52 0.847 0.122 2.50
Sand 7 0.794 100.71 2.22 0.804 106.37 2.24
Silt 4 0.326 64.40 1.23 0.229 74.38 1.16

Clay 5 0.857 64.80 2.69 0.905 56.71 3.33
FC 5 0.741 0.060 2.00 0.798 0.048 2.05

PWP 5 0.787 0.038 2.20 0.810 0.044 2.18

* log10 transformed.
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PLSR applied to the two-thirds of the available sample set provided good correlations between
soil spectra and the selected soil properties, except for silt. Based on the values of RPD, the calibration
models were excellent for clay (RPD 2.69) and log-OC (RPD 2.52) and very good for sand (RPD 2.22),
FC (RPD 2.00) and PWP (RPD 2.20). For clay, FC and PWP, models including five factors (based on
the RMSE and AIC values) allowed to achieve a cross-validation between predicted and measured
data with R2adj of 0.857, 0.741 and 0.787, respectively. For log-OC and sand (models with a higher
number of factors; 8 and 7, respectively) cross-validation resulted in an R2adj of 0.845 and 0.794,
respectively. For silt, it was possible to calibrate only a poor model, with an R2adj of 0.326 and
RPD of 1.23. In some cases, increasing the number of factors gave slightly higher coefficients of
regression (R2), but increased RMSE, thus reducing the stability of the calibration models (i.e., leading



Water 2019, 11, 1712 12 of 16

to over-fitting) [57,58]. Therefore, we selected the most parsimonious model, in terms of number of
factors, based on the values of AIC and RMSE. Leave-one-out calibration models constructed through
vis-NIR reflectance spectroscopy and PLSR are empirical; therefore, validations of these models are
better performed using a data set that is independent of the one used for calibration [59].

Validation using the remaining one-third of the available samples indicated excellent models for
the prediction of clay (R2adj 0.905 and RPD 3.33) and log-OC (R2adj 0.847 and RPD 2.50); very good
models for sand (R2adj 0.804 and RPD 2.24), PWP (R2adj 0.810 and RPD 2.18) and FC (R2adj 0.798 and
RPD 2.05); and a poor model for silt (R2adj 0.229 and RPD 1.16).

The predictions obtained from the present investigation (Table 4 and Figure 8), using PLSR and
vis-NIR spectroscopy, are consistent with similar predictions in other geographical areas of the world
and in some cases better. For instance, in a study of reflectance spectroscopy for the prediction of
field capacity, PWP and other soil properties, Ref. [60] found values of R2 and RPD of 0.79 and 1.93,
respectively, for the prediction of FC and of 0.80 and 2.18, for the prediction of PWP, in agreement
with the results of our research. Our results agree with these observations. In contrast with our
finding, the same authors were able to calibrate models for sand, silt and clay. The prediction of OC
(R2 = 0.87) is in agreement with other studies: Ref. [59] (R2 = 0.84), working on soil samples from
Mollic Ustifluvent, Typic Ustifluvent and Typic Ustorthent of a semi-arid environment of northern Turkey;
Ref. [27] (R2 = 0.83), working on soils from different sites of the Armorican Massif, Brittany region,
France; and Ref. [61] (R2 = 0.91), working on soils from the Kakamega Forest, Kenya. Predictions
comparable with our results, were previously achieved by Refs. [62] (R2 = 0.69/0.88), [63] (R2 = 0.85)
and [64] (R2 = 0.89), who used soil samples from the Trier region, south Germany, west-central United
States, and various areas of Iowa and Minnesota, USA, respectively. Our prediction of OC resulted
much better than those found by Refs. [21] (R2 = 0.60; soils from Kelso New South Wales, Australia), [65]
(R2 = 0.70; soils from the Liverpool plain, New South Wales), [66] (R2 = 0.60; soils from the Bakenhof
flood, The Netherlands), and [67] (R2 = 0.66; soils from Southern NSW, Australia). In our opinion, the
reasons for these discrepancies are in the specificity of the different pedo-environments.

The predictions of sand and clay are in a good agreement with those from the works of Refs. [59,68]
(R2 = 0.84 and 0.88, for sand and clay, respectively) and [69] (R2 = 0.88 for clay) and with the work of
Ref. [70] (R2 = 0.91) on soils from different region of Denmark. Instead, they were much better than
those from the work of Refs. [69] (R2 = 0.88 for sand), [21] (R2 = 0.47/0.59 e 0.43/0.60 for sand and clay,
respectively) and [61] (R2 = 0.75 and 0.77 for sand and clay, respectively).

4. Conclusions

This study focused on the use of vis-NIR reflectance spectroscopy under controlled laboratory
conditions for characterizing hydraulic (water retention at the FC and PWP) and related, basic soil
properties (clay, sand, silt and organic carbon contents) in the coastal area of the lower Volturno river
basin, southern Italy.

All basic soil properties, with the exception of silt, were significantly correlated with FC and PWP.
Visual analysis of reflectance spectra showed that both clay and organic matter evidently affect some
specific spectral features, such as absorption depth at 1900 and 2200 nm (clay), absorption at 650 nm,
and spectra slopes in the visible region (OC). The presence of OC weakens the absorption of iron-oxides
near 480 nm. Sand, being inversely and significantly related to clay, shows an opposite effect on
reflectance spectra, compared to that of clay. Any visual influence of silt on the spectral reflectance
was not observed. Giving their positive correlations with OC, clay and sand, both FC and PWP
indirectly affected most of the above-mentioned spectral features. Regression analysis quantitatively
corroborated most of the relationships between spectral features and both basic and hydraulic soil
properties. Using PLSR, it was possible to calibrate and validate very good models for the prediction
of FC, PWP and sand and an excellent model for OC and clay.

PLSR was used to predict water retention at FC and PWP as well as sand, clay and organic carbon
content. Excellent predictions were obtained for clay and organic carbon, and those for sand, FC and
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PWP were very good, whereas prediction for silt was poor. As a result, the mathematical equations
identified in this study, based on laboratory reflectance measurements, can be used to determine, in a
simple and relatively inexpensive way, the considered soil properties, with the exception of silt.

Furthermore, vis-NIR reflectance spectroscopy is a rapid technique, making it possible to analyze a
large number of samples in a practical and timely manner. The results achieved in this study, although
promising, need to be further validated in the whole irrigation territory of the lower Volturno river
basin and other irrigation districts of Italy characterized by different pedo-environments.

It might be desirable to assess the potential of the reflectance spectroscopy in the prediction of the
considered soil properties using field measurements. However, the spatial variability of the physical
conditions of the soils in the field (humidity, stoniness, particles aggregation) could significantly affect
the spectral response of the soil fine earth fraction, thus interfering with the quality of prediction
models. The evaluation of these effects will be one of the objectives of future research activities.
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