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A B S T R A C T   

This study aimed to evaluate (i) the potential of visible-near-infrared (Vis-NIR) preprocessing techniques com-
bined with a partial least square (PLS) regression to estimate soil organic carbon (SOC), the cation exchange 
capacity (CEC), and clay content and (ii) the effects of the wavelengths selection on the predictive capability of 
the PLS models. The study was conducted on a total of 132 topsoil samples (0–25 cm) collected on arable land in 
Eastern Croatia. Raw reflectance data and six commonly used spectral preprocessing, namely, multiplicative 
scatter correction (MSC), standard normal variate (SNV), de-trending (DT), continuum removal (CR) and 
Savitzky–Golay first and second derivative (SG1.der and SG2.der) were compared to identify the best for pre-
dicting selected soil properties. The PLS models calibrated with the SG1.der preprocessing achieved the best 
predictive performance for all soil properties compared to other methods used. The R2, RPD and RMSE of the 
SG1.der -PLS model in the validation mode for SOC, CEC and clay were 0.81, 2.12, 2.57 g C kg− 1; 0.78, 1.95, 1.80 
cmol(+) kg− 1 and 0.83, 2.20, 37.2 g kg− 1, respectively. The lowest predictability had PLS models that used soil 
raw reflectance data. These results indicate that the appropriate choice of Vis-NIR preprocessing can optimize the 
PLS calibration performance for accurate predicting SOC, CEC and clay in arable soils of the study area. The 
selection of informative wavelengths (IW) obtained using the PLS regression β-coefficient approach resulted in a 
highly reduced number of wavelengths in the IW-PLS models. Informative wavelengths in the IW-PLS model for 
SOC lay in the full Vis-NIR spectrum but mainly in the near-infrared (NIR), whereas for the CEC and clay in the 
NIR spectrum. In addition, IW-PLS models have a lower number of principal components and almost identical 
prediction capability relative to models based on full spectra (FS–PLS). Our results suggest that the Vis-NIR 
spectroscopy is a powerful tool to estimate soil properties rapidly, non-destructively and inexpensively appli-
cable in some real situations e.g., monitoring and updating information on soil properties for precise soil 
management and soil quality assessment.   

1. Introduction 

Soil organic carbon (SOC), clay content and cation exchange ca-
pacity (CEC) are important properties for the productivity of agricultural 
soils and necessary parameters for environmental monitoring and 
modelling. However, analysing soil properties by traditional laboratory 
methods is time-consuming and expensive. Therefore, looking for ways 
to overcome these limitations is very important. Diffuse reflectance 
spectroscopy is a time, cost-efficient and environmentally friendly 
technique that allows simultaneous determination of various soil 

properties and promising alternatives to traditional laboratory soil 
analysis (Ben-Dor and Banin, 1995; Viscarra Rossel et al., 2006; Sten-
berg et al., 2010; Viscarra Rossel et al., 2016; Asgari et al., 2020a; Asgari 
et al., 2020b; Naimi et al., 2022). A few extensive review papers (Malley 
et al., 2004; Stenberg et al., 2010; Soriano-Disla et al., 2013; Viscarra 
Rossel et al., 2016) compiled published studies of the diffuse reflectance 
spectroscopy in the prediction of soil properties and revealed a consid-
erable difference in the accuracy of the models. Noted differences some 
authors an example, Stoner and Baumgardner (1981), Xu et al. (2016), 
Pinheiro et al. (2017) and Xu et al. (2020) are associated with a diversity 
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of soil types and geology, spectrum acquisition, preprocessing proced-
ures and methods of establishing relationships between spectral data 
and soil property. Numerous methods have been used to describe the 
relationship between spectral reflectance signature and soil properties i. 
e. stepwise multiple linear regression, principal component regression, 
and partial least square regression (PLSR) based on linear regression 
(Mouzaen et al., 2010; Gao et al., 2014; Wetterlind et al., 2013) and data 
mining techniques such as multivariate adaptive regression splines, 
random forest, support vector machines, boosted trees and artificial 
neural network (Viscarra Rossel and Behrens, 2010). Among all 
methods, the PLSR has been applied the most frequently for predicting 
soil properties (Dotto et al., 2018). 

The recorded soil spectra have a unique spectral signature for each 
sample that provides essential information about the sample constitu-
ents and composition. Unfortunately, the soil raw spectra also contain 
some information that interferes with the spectroscopic measurements 
and makes them difficult to interpret. For example, the scatter effects 
caused by soil structure (Stenberg et al., 2010; Jaconi et al., 2019), 
overlapping absorption bands of different soil constituents (Viscarra 
Rossel et al., 2006; Gholizadeh et al., 2016), noise from instrumental and 
peripheral light sources (Soriano-Disla et al., 2013). Spectral pre-
processing techniques have been introduced to remove the unwanted 
variability or noise from signals so that the useful information re-
lationships between multivariate signals and the property of interest can 
be used for efficient modelling. The preprocessing of the soil spectra 
includes smoothing, weighting, normalization, scatter-correction, con-
tinuum removal, and derivatives. Preprocessing of raw spectral data 
plays a fundamental role in chemometrics. The selection of an optimal 
method is not straightforward because it depends on the characteristics 
of the data set and may strongly influence the analysis results. Therefore, 
there is no preprocessing technique that may be considered a gold 
standard applicable to any data, regardless of its nature. The most 
widely used preprocessing techniques Rinnan et al. (2009) grouped into 
those scatter-correction methods and spectral derivatives. The scatter- 
corrective preprocessing methods include Multiplicative Scatter 
Correction (MSC), Inverse MSC, Extended MSC (EMSC), Extended In-
verse MSC, de-trending, Standard Normal Variate (SNV) and normali-
zation. The spectral derivation group included two techniques: Savitzky- 
Golay (SG) polynomial derivative filters and Norris-Williams (NW) de-
rivatives. For more details about preprocessing, methods see Duckworth 
(2004), Rinnan et al. (2009), Gholizadeh et al. (2013a) and Dotto et al. 
(2018). The previous studies indicated a great diversity regarding the 
impact of the preprocessing techniques on the predictive capability of 
the calibration model. Most authors (Vasques et al., 2008; Cambule 
et al., 2012; Nawar et al., 2016; Pinheiro et al., 2017; Dotto et al., 2018; 
Santos et al., 2020; Heil and Schmidhalter, 2021) agree that the pre-
processing improves prediction capability of the model. On the contrary, 
some authors (Muñoz and Kravchenko, 2011; Seema et al., 2020) 
observed no improvements in model accuracy when using different soil 
spectra preprocessing. The fact that the best single or combined pre-
processing technique for different soil data sets does not exist suggests a 
quantitative approach to establishing the optimal preprocessing strategy 
is of the highest importance. 

The second aspect that can be of utmost importance for spectroscopy 
datasets containing a huge number of variables is the risk of including 
irrelevant and noisy variables in the prediction models. When a multi-
variate model, such as PLS, is trained with the full-spectrum range then 
includes wavelengths unrelated to the variations of the response. Often, 
including a large number of irrelevant wavelengths can result in weaker 
model performance (Kawamura et al., 2017; Xu et al., 2020), and the 
reduction of the comprehensibility of modelled relationships (Lee et al., 
2012; Vohland et al., 2016). Hence, the selection of informative wave-
lengths became a topic in chemometrics modelling and has been dis-
cussed in many papers. The goal of selection is to obtain a small set of 
informative original wavelengths that gives the model capability better 
or at least equivalent to the full range set of wavelengths. Different 

variable selection methods for regression models are provided by 
Andersen and Bro (2010), Mehmood et al. (2012) and Mehmood et al. 
(2020). 

Consequently, with all above mentioned findings this study aimed to 
evaluate the potential of Vis-NIR spectra preprocessing combined with 
the PLS regression to estimate SOC, CEC and clay content in arable silty 
soils collected in Eastern Croatia as one of the most important agricul-
tural regions of Croatia. A second goal was to determine relevant parts of 
the spectral range and evaluate the effects of the wavelengths selection 
on the predictive capability of the PLS models by comparing the per-
formances achieved for the full spectrum PLSR (FS-PLS) versus the 
model with the informative wavelengths (IW-PLS). 

2. Material and methods 

2.1. Study area 

The study area (Fig. 1) is located in Eastern Croatia (17◦22′–19◦04′ E, 
45◦03′– 45◦53′ N) and is characterized by flattened terrain at about 200 
m above sea level. It comprises depressions of the Drava river in the 
north, the Danube river in the east, and the Sava river in the south and 
plateau in the central part. According to the Köppen climate classifica-
tion, this region has a moderately warm and rainy continental climate. 
The mean annual temperature averages 10 to 12 ◦C, with the warmest 
month, July, averaging just below 22 ◦C. The mean annual precipitation 
amounts are about 600–900 mm. This area is an important agricultural 
region dominated by the growing cereals, fruit trees and vineyards. 
According to the Geological map of the Republic of Croatia 1: 300.000 
(Velić and Vlahović, 2009) the sampling area is built of Quaternary 
sediments. Holocene deposits included alluvial gravels, sands, siltstones 
and clays in the valleys of the Danube, Sava and Drava rivers, marsh 
sediments predominantly clays and clayey siltstones in the lowest part of 
the terrain and eolian sediments with fine-grained, medium-grained and 
silty sands (Hećimović, 2009). Pleistocene is represented by fluviatile 
deposits (medium-grained sands with interbedded silts and clays, and 
coarse-grained sands), terrestrial loess (silt with sand and clay compo-
nents) and marsh loess (clayey-silt sediment) deposited in uneven 
sedimentation environments (terrestrial and aqueous – lakes and 
shallow marshes), Bačani et al. (1999). Quaternary deposits, especially 
loess materials, were subjected to multiple re-sedimentation processes 
overlapping in the study area (Mutić, 1990; Galović, 2016; Rubinić 
et al., 2018). Moreover, part of these sediments have been eroded and 
redeposited as alluvial, diluvial, and/or eolian sediments (Galović et al., 
2009). Mentioned different post-depositional modifications (geogenic 
and pedogenic) of quarternary deposits resulted in the presence of 
different soil types and their changes over short distances. As the basis 
and source of soil types, data were used from the Soil map of Slavonia 
and Baranja (Škorić, 1977) at the scale of 1:200 k derived using the Basic 
Soil Map of Croatia at the scale of 1:50 k. According to the World 
Reference Base for Soil Resources (IUSS Working Group WRB, 2014) 
soils of the study area we classified as follows: Mollic, Umbric, Calcic, 
Stagnic, Eutric GLEYSOLS (Clayic/Loamic/Siltic, Humic/Vertic) Gleyic, 
Stagnic LUVISOLS (Loamic/Siltic, Ochric) and Albic LUVISOLS 
(Loamic/Siltic, Ochric); Albic, Gleyic, Eutric, Luvic STAGNOSOLS 
(Loamic/Siltic, Ochric); Calcic, Gleyic CHERNOZEMS (Loamic and 
Calcic) CHERNOZEMS (Loamic); Gleyic, Eutric FLUVISOLS (Clayic/ 
Loamic) and Eutric, Distric, Humic CAMBISOLS (Clayic/Loamic/ Siltic). 

2.2. Soil sampling and laboratory analysis 

Soil sampling locations were chosen to cover the variability of the 
most represented soil types in Eastern Croatia derived from Quarternary 
deposits. The Geological map of the Republic of Croatia 1: 300.000 
(Velić and Vlahović, 2009) and the Soil map of Slavonia and Baranja 
(Škorić, 1977) at the scale of 1:200 k derived using the Basic Soil Map of 
Croatia at the scale 1:50 k were used to select locations. A total of 132 
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composite samples were collected from the top-soil (0–25 cm) of arable 
land in Eastern Croatia (Fig. 1) using the random sampling method. 

Soil samples were air-dried, crushed and sieved through the 2 mm 
sieve (ISO, 2006). Particle size distribution was determined by pipette 
method including wet sieving and sedimentation after dispersion in 
sodium pyrophosphate (Na4P2O7, c = 0.4 mol/dm3) according to ISO 
11277:2009 (ISO, 2009). The cation exchange capacity (CEC) was 
analysed through the extraction by ammonium acetate at pH = 7 (Jones, 
2001). The organic carbon content was obtained by the bichromate 
method (ISO, 1998) using wet combustion of organic matter by potas-
sium bichromate. The concentration of organic carbon was determined 
spectrophotometrically on the spectrophotometer Varian Cary 50. 

2.3. Spectral reflectance measurements 

The collected soil samples were air-dried, sieved through a 2 mm 
sieve and homogenised. Samples were scanned in the laboratory using a 
FieldSpec 4 Hi-Res Mineral Spectroradiometer (ASD Inc.). The correc-
tion with a standardized white Spectralon® panel (Analytical Spectral 
Devices, Boulder, CO, USA) was made before the first scan and after 
every ten samples. The original spectra collected at intervals of 1 nm 
(yielding a total of 2151 data points from 350 to 2500 nm) were re- 
gridded by selecting data points at five-nanometer steps. The wave-
length ranges with a high signal-to-noise ratio (from 350 to 400 nm, and 
2451 to 2500 nm) were removed. Thus, the total numbers of wave-
lengths for Vis-NIR modelling were 411. 

2.4. Data preprocessing methods 

Spectral data preprocessing is essential to remove or reduce the 
undesired artefacts from the spectra and preserve the linear relation-
ships between multivariate signals (reflectance) and soil properties. 
These mathematical techniques include many steps such as data clean-
ing, weighting, normalization, scatter correction, removing nonlinear 
trends, smoothing and derivatives. In the analytical phase of data pro-
cessing, the soil spectra are smoothed to reduce noise or measurement 
error. After removing the noisy portion, the remaining spectra were 
smoothed using Savitzky–Golay transformation (Savitzky and Golay, 
1964) with second-order polynomial across a moving window of seven 
smoothing points. After that some of the most used preprocessing 

techniques for modelling soil properties have been chosen, as follows: 
multiplicative scatter correction (MSC), standard normal variate (SNV), 
de-trending (DT), continuum removal (CR) and Savitzky–Golay (SG) 
first and second derivative (SG1.der and SG2.der). To evaluate which is 
the best one for model performance these techniques were compared. 
The MSC preprocessing method, introduced by Martens et al. (1983), 
reduces nonlinearities in spectral data caused by additive and multi-
plicative scatter effects from particulates in the samples. This method 
aligns each spectrum to a referent spectrum that baseline and amplifi-
cation effects are at the same average in each of them (Isaksson and Næs, 
1988). The SNV is a transformation used to remove scattering effects by 
centring and scaling each spectrum (Barnes et al., 1989). The DT is a 
transformation that removes the mean value or linear trends in spec-
troscopic data. For more details about SNV and DT transformations, see 
Barnes et al. (1989). The derivatives are among the most common signal 
preprocessing applied to spectral data. They also remove both additive 
and multiplicative effects on the spectroscopic data. The first derivative 
removes only the baseline; the second derivative removes both baseline 
and linear trend. The first and second derivatives were performed 
following Savitzky–Golay method (Savitzky and Golay, 1964). The 
continuum removal (CR) or convex hull (Clark and Roush, 1984) is a 
baseline method that adjusts a convex hull to each spectrum and com-
putes the deviations from the hull. The CR was calculated by the 
equation: Scr = S/C, where Scr = Continuum removed spectra, S =
Original spectrum C = Continuum curve (ENVI 5.1 software, Research 
Systems Inc., Solutions, Boulder, CO, USA). 

2.5. Data modelling 

The multivariate calibration was carried out by the partial least 
squares (PLS) regression method. The algorithm performs a multivariate 
regression using spectral data and reference matrices, by projecting the 
spectral data to a lower-dimensional space. The technique was devel-
oped in high-dimensional and collinear multivariate settings and 
therefore it is often used in chemometrics. For more details about the 
PLS see Wold (1975), Martens and Naes (1989), Frank and Friedman 
(1993) and Wold et al. (2001). PLSR method is especially popular in 
predicting soil properties. 

Fig. 1. The position of Croatia in Europe and study area with soil sampling locations.  
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2.5.1. Component and wavelength selection 
The choice of the optimal number of component factors or to retain 

in a PLS regression is of great significance to model performance. The 
selection of a less-than-optimal number of factors leads to a loss of in-
formation since a more-than-optimal number can lead to models with 
poor predictive capability (Wiklund et al., 2007). The optimal number of 
components to retain in the PLS model in the current study is based on a 
full cross-validation and Martens uncertainty test (Martens, 1999; 
Martens and Martens, 2000), included in the Unscrambler® software 
package from Camo. Full cross-validation used the leaves out only one 
sample at a time, based on the jack-knifing used to prevent over-or 
under-fitting the data, which may produce a model with poor perfor-
mance. The multicollinearity among variables and noise introduced by 
known and unknown factors or experimental errors interpret relation-
ships in the multivariate models complicated. The purpose of selecting 
variables is to improve model performance, provide better predictions 
and obtain a more consistent and easier-to-understand model. In the 
current study, the selection of the informative wavelengths (IW) appli-
cable for a PLS model is based on the thresholding standard deviations of 
PLS regression β-coefficients as shown by Chong and Jun (2005), Vis-
carra Rossel et al. (2008), Rajahalti et al. (2009) and Xu et al. (2016). 
According to the mentioned authors, wavelengths are considered to be 
informative if the β-regression coefficient was larger than ±2* standard 
deviations calculated from the spread of all the regression coefficients. 
The statistical analysis included comparing two PLS regression models 
(i) full spectrum PLS regression model (FS-PLS) composed of all 411 
wavelengths from the Vis-NIR range (400–2450 nm) and (ii) informative 
wavelengths PLS model (IW-PLS), constructed after excluding non- 
informative wavelengths. 

2.5.2. Model validation 
The PLS regression model validation was carried out using the co-

efficient of determination (R2), the root mean square error (RMSE) of 
calibration (RMSEC) and the root mean square error of validation or 
prediction (RMSEP) and the residual predictive deviation (RPD). 

The root mean squared error (RMSE) (Eq.1) is defined as follows: 

RMSE =

[
1
N

∑N

i=1
(ŷi − yi)

2

]1
2

(1)  

where ŷi the predicted value, yi is the reference value, and N is the 
number of samples. 

As the square root of the variance of the residuals, RMSE has the 
property of being in the same units as the response variable. It indicates 
the absolute fit of the model's predicted values to the observed data 
points. The results of future predictions are calculated as reference value 
±2*RMSEP that represents a 95% confidence interval for the reference 
or mean value. A prediction interval (PI) is a range of values that include 
the value of a single new observation based on the existing model. It 
gives the probability that the value of the future sample will fall in that 
range. 

The residual prediction deviation (RPD) defined by Williams and 
Sobering (1986) was used to measure the precision of the PLS model. 
The RPD (Eq.2) is the ratio of standard deviation (SD) of the reference 
value, and the root mean square error of the prediction (RMSEP). It is 
defined as follows: 

RPD =
SD

RMSEP
(2) 

The capability of the PLS model to predict values of soil properties is 
estimated using the scale provided by Chang et al. (2001). The authors 
suggested three categories of the prediction capability for soil properties 
based on RPD. Category A: indicates accurately prediction (RPD >2.00); 
category B: indicates prediction with less accuracy (RPD 1.4–2.0) and 
category C: indicates unreliable prediction - soil properties could not be 

predicted (RPD <1.40). The RPD is appealing since can be compared 
with properties measured in different units. 

3. Results and discussion 

3.1. Descriptive statistics of soil properties 

A summary of the descriptive statistics for SOC, CEC and particle size 
distribution of analysed soil samples determined using laboratory 
analysis is presented in Table 1. The SOC and CEC varied in a wide range 
(5.45–38.14 g C kg− 1 and 5.01–25.14 cmol(+) kg− 1), having the mean 
value of 16.49 g C kg− 1 and 11.71 cmol(+) kg− 1, respectively. The co-
efficients of variation (CV), (Table 1) indicate that SOC and CEC datasets 
have a similar dispersion. The skewness coefficients of both properties 
indicate moderately skewed data distribution with a right tail. High 
variability in SOC and CEC may be ascribed to high variation in parent 
material, soil types and texture classes, as well as to land use and 
different management practices within the study area. 

According to the United Kingdom Soil Texture Triangle (Avery, 
1980), the analysed soil samples belong predominantly to silty loam and 
silty clay loam classes (Fig. 2). The coefficients of variation (CV) of 
particle size (Table 1) indicate a wide range of dispersion. The greatest 
dispersion or variability of numerical values has sand, the middle has 
clay and the lowest silt. The data distribution for clay and silt is 
approximately symmetric and positively highly skewed for sand. The 
soil samples exhibited a wide range in clay and sand content 
(98.9–532.0 and 20.5–432.2 g kg− 1, respectively) and a narrower range 
in silt content (332.6–794.3 g kg− 1). The highest mean value had silt 
content (604.1 g kg− 1) followed by clay (259.7 g kg− 1) and sand (136.2 
g kg− 1), Table 1. 

3.2. Soil spectral characteristics 

The soil spectral reflectance curves for the raw spectra (Raw), curves 
derived by the six preprocessing techniques, including Savitzky–Golay 
first-order derivative (SG1.der), De-trending (DT), Continuum removal 
reflectance (CR), Standard Normal Variate (SNV), Multiplicative scatter- 
correction (MSC), and Savitzky-Golay second-order derivative (SG2.der) 
for all 132 soil samples are given in Fig. 3a-g. The soil raw or original 
data spectral signatures acquired in the laboratory (Fig. 3a) have a 
typical soil spectrum similar to those obtained in other soil studies. 
These had a sharp rise in reflectance with increasing wavelength in the 
visible region (400 to 780 mm) and three major distinguishable ab-
sorption bands around 1400, 1900 and 2200 nm. The major constituents 
controlling the shape of soil spectral signatures are the organic matter 
content, iron oxide, and moisture (Stoner and Baumgardner, 1981; Ben- 
Dor et al., 2008; Viscarra Rossel et al., 2006; Demattê José et al., 2017). 
Absorptions in the visible region are associated with the main soil 
chromophores: iron-oxide minerals (e.g., hematite, goethite) and dark 
colour of organic matter (Baumgardner et al., 1970; Sherman and Waite, 
1985; Ben-Dor and Banin, 1995; Ben-Dor et al., 1999; Bartholomeus 
et al., 2008; Stenberg et al., 2010). The near-infrared (NIR) region 
(780–2500 nm) dominated strong water and OH- absorptions, particu-
larly near 1400 and 1900 nm, showing the influence of water adsorbed 
by interlayers of clay minerals (Ben-Dor and Banin, 1995; Clark, 1999; 
Mouazen et al., 2006; Viscarra Rossel et al., 2006; Stenberg et al., 2010, 
Demattê José et al., 2017). Prominent absorption peaks around 2200 
nm, indicating clay mineral influences (Dalal and Henry, 1986; Clark, 
1999; Viscarra Rossel and Behrens, 2010). After preprocessing raw 
spectra by combined performing Savitzky-Golay (SG) smoothing and the 
Savitzky–Golay first-order derivative (SG1.der), the most spectral values 
tended to approach zero, highlighting the bands where the curvature of 
raw spectra changed highly. The differences between spectra are more 
clearly determined, including the peaks that are magnified. The reflec-
tance peaks of the spectral signatures obtained by combined performing 
Savitzky-Golay smoothing and 1st order SG derivative (Fig. 3b) have 
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increased relative to the raw reflectance graph (Fig. 3a). The SG1.der 
preprocessed spectra (Fig. 3b) have an increased range of the relative 
signal of reflectance at around 425 and 525 nm indicating noise and the 
non-linearity in these spectral regions. 

3.3. Effects of the preprocessing techniques on PLS model capability 

3.3.1. Performance of the best preprocessing technique 
The results (Table 2) show that the PLS models with the Savitzky- 

Golay first-order derivative (SG1.der) preprocessing achieved the best 
predictive performance for all soil properties compared to other 
methods used. The R2, RMSEP and RPD of the SG1.der.-PLS model in the 
validation mode for SOC, CEC and clay were 0.81, 2.11, 2.57 g C kg− 1; 
0.78, 1.95, 1.80 cmol(+)kg− 1 and 0.83, 2.20 g kg− 1, 2.20, respectively. 

The results of the best PLSR model for SOC obtained in the current 
study are comparable with those reported by Viscarra Rossel and 
Webster (2012), Stevens et al. (2013), Clairotte et al. (2016), Xu et al. 
(2018), Levi and Karnieli (2020) with an RPD value of 2.17, 2.17, 2.10, 
2.18 and 2.14 respectively. Some studies have reported less successful 
prediction of SOC with an RPD < 1.4 (i.e. Sudduth et al., 2010; Gomez 
et al., 2012; Clingensmith et al., 2019), while some have achieved 
significantly better accuracy with an RPD > 4 (Xie et al., 2011; Heil and 
Schmidhalter, 2021). Comparable accuracy in the prediction of CEC 
obtained Xu et al. (2018) and Zhao et al. (2021) having an RPD of 1.90 
and 1.96, respectively. Several studies, i.e. Pirie et al. (2005), Genot 
et al. (2011) and Tavares et al. (2021) have reported worse results with 
an RPD < 1.4, whereas some studies (Van Groenigen et al., 2003; Lee 
et al., 2009) achieved slightly better accuracy (RPD > 2.0). The 
mentioned results for the clay model were in line with the previous study 

by other researchers. The spectroscopic studies, for example, Sarathjith 
et al. (2016) and Pinheiro et al. (2017) described clay prediction model 
with a similar RPD value of 2.27 and 2.14, respectively. The better 
model performance for clay content (RPD > 6) was obtained in the study 
by Hermansen et al. (2016) and Jaconi et al. (2019), whereas some 
studies (i.e. Sankey et al., 2008; Genot et al., 2011; Shahrayini et al., 
2020) have reported prediction models for clay with RPD < 1.4. 

These discrepancies in results between mentioned studies we related 
to numerous reasons including spectral characteristics of analysed soil 
sample sets connected to soil forming factors, the spectral measurement 
methods, preprocessing techniques and calibration methods. 

A systematic review of soil properties prediction studies using Vis- 
NIR spectroscopy over the last 30 years (Ahmadi et al., 2021) revealed 
wide ranges of prediction accuracy. According to a meta-analysis of 
these authors, based on the 115 studies, R2 of the most analysed soil 
properties with Vis-NIR spectroscopy - SOC and clay, varied in the range 
0.01–0.98 and 0.14—0.97, respectively, whereas RPD for the same 
properties varied in the range 0.68–4.92 and 1.08–6.20. A wide range of 
predictive capability in soil properties predictions using spectroscopy 
could be associated with many factors. Stenberg et al. (2010) identified 
varying soil texture, soil structure, moisture, and mineralogy as factors 
that limited the prediction accuracy of soil properties. Some authors, (i. 
e. Stevens et al., 2013; Gholizadeh et al., 2013b; Vohland et al., 2014; 
Shi et al., 2014; Nawar et al., 2016) quality in soil properties prediction 
related to many factors including spectral measurement methods, pre-
processing techniques, size of calibration and validation set, selection of 
variables and calibration methods. Therefore, a comparison of calibra-
tion results in the current study with those in other studies is not 
straightforward. 

3.3.2. Comparative performance analysis 
The calibration and validation statistics of the full spectrum regres-

sion models (FS-PLS) for SOC, CEC and clay content obtained using raw 
and data processed with six different transformation methods are given 
in Table 2. Once the modelling is completed, it is possible to measure its 
capability for prediction. Effects of the preprocessing on the perfor-
mances of the PLS models were assessed using the coefficient of deter-
mination (R2), the root mean squared error of calibration (RMSEC) and 
prediction (RMSEP), and the residual predictive deviation (RPD). These 
criteria can help to choose one model over another. The results in 
Table 2 indicate that the spectra preprocessing techniques had a 
considerable effect on the PLS model performances for each selected soil 
property. In general, the PLS model capability increased by employing 
preprocessing. Compared with soil raw reflectance data all of the pre-
processing methods performed well in removing noise and enhancing 
the prediction effect. 

The effect of the raw data and different preprocessing methods on the 
predictability of the PLS model for SOC, CEC and clay in increasing RPD 
order is presented in Fig. 4. The predictive capability of the pre-
processing techniques estimated by RPD of the validation set for SOC 
and CEC increased in the following order RAW<SG2.der < CR < DT <
SNV < MSC < SG1.der, and for clay content as follow: RAW <SG2.der <
CR < MSC < SNV < DT < SG1.der. The order of the preprocessing 
techniques concerning increasing R2 in PLS models for SOC, CEC and 
clay is identical to the RPD order (Table 2). Simultaneously, RMSEP 

Table 1 
Descriptive statistics for SOC, CEC and particle size distribution of 132 soil samples.  

Soil property Mean Median Min Max Range SD CV Skew 

SOC 
g kg− 1 

16.49 15.15 5.45 38.14 32.69 5.87 35.61 0.95 

CEC cmol(þ) kg¡1 11.71 10.93 5.01 25.14 20.13 3.82 32.67 0.81 
Clay <0.002 mm g kg− 1 259.7 238.8 98.9 532.0 433.1 88.8 34.21 0.40 

Silt 0.002–0.06 mm g kg− 1 604.1 618.8 332.6 794.3 461.7 105.4 17.44 − 0.4 
Sand 0.06–2.0 mm g kg− 1 136.2 114.8 20.5 432.2 411.7 85.9 63.07 1.4 

Min – minimum; Max-maximum; SD – standard deviation; CV- coefficient of variation; Skew - skewness. 

Fig. 2. Distribution of soil samples on the texture triangle: United Kingdom 
(Avery, 1980). 
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decrease in the same order. When comparing the RPD values achieved 
for the Vis-NIR spectra different preprocessing transformations (Table 2, 
Fig, 4) Savitzky-Golay first-order derivative spectra achieved the best 
predictions for all soil properties compared to other methods used. The 
lowest predictability had PLS models that used soil raw reflectance data 
(Table 2, Fig. 4). 

The results in Fig. 4 and Table 2 indicate that the PLSR model with 
SG1.der., MSC and SNV preprocessing transformation SOC predicted 
accurately (Category A: RPD >2.0, includes R2 > 0.8). The PLS-SG1.der., 
MSC and SNV achieved almost identical prediction performance, but 
slightly better had the PLS model with SG1.der. (Table 2). This model 
had the lowest number of principal components (N = 5), and the lowest 
RMSEP (2.57 g C kg− 1). Using CR, SG2.der., and DT transformation PLS 
model predicted SOC with less accuracy (Category B: RPD 1.4–2.0 and 
R2 0.50–0.80). The SOC prediction by Vis-NIR-PLS modelling with the 
raw reflectance data was unreliable (Category C: RPD < 1.4 and R2 <

0.5). The PLSR model with Vis-NIR spectra SG1.der and DT trans-
formation clay predicted accurately (Category A: RPD >2.0, includes R2 

> 0.8), Fig. 4., Table 2.). The PLS model with SG1.derivative included 

the lowest number of principal components (N = 5) and achieved the 
lowest values of RMSEP (37.2 g kg − 1). With the SNV, MSC, SG2.der, and 
CR transformation the PLS models predicted clay content with less ac-
curacy (Category B: RPD 1.4–2.0 and R2 0.50–0.80). The clay prediction 
by Vis-NIR-PLS modelling with the raw reflectance data was unreliable 
(Category C: RPD < 1.4 and R2 < 0.50). The CEC was less accurate 
predicted (Category B: RPD 1.4–2.0 and R2 0.50–0.80) compared to SOC 
and clay by any transforming methods. The PLS model with SG1.de-
rivative gave better prediction, compared to others. The CEC was un-
reliable predicted by the PLS model with raw reflectance data (Category 
C: RPD < 1.4 and R2 < 0.50), Fig. 4., Table 2. 

Whereas R2 and RPD are relative measures of fit i.e. how accurately 
the model predicts the response, RMSE is being in the same units as the 
response variable and indicates an absolute fit of the model's predicted 
values to the observed data points. The RMSEP measures the average 
deviation of a new prediction to its actual value. Therefore it is a more 
relevant parameter than R2 or RPD to assess the model accuracy con-
cerning new predictions. The future predictions can be represented by 
the prediction interval (PI). It gives the probability that future 

Fig. 3. Vis-NIR spectra spectral curves for all soil samples a) Raw spectral reflectance acquired in the laboratory (Raw). The preprocessing techniques of the spectral 
curves: b) Savitzky-Golay first-order derivative (SG1.der), c) De-trending (DT), d) Continuum removal (CR), e) Standard Normal Variate (SNV), f) Multiplicative 
scatter-correction (MSC), g) Savitzky-Golay second derivative (SG2.der). 
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observation will fall in a range defined as reference value ±2*RMSEP. 
The prediction intervals achieved for full spectra PLS (FS-PLS) with 
Savitzky-Golay first-order derivative preprocessing ranging from 11.33 
to 21.65 g kg− 1, 8.07–15.35 cmol(+) kg− 1 and 185.3–334.1 g kg− 1 for 
SOC, CEC and clay content, respectively. This means a 95% chance that 
the new sample, as measured by wet-chemical means, will lay in the 
mentioned prediction intervals. 

One more finding to stand out was that few preprocessing methods 
achieved very similar results, e.g. the RPD of SOC 2.12, 2.11, 2.09, 2.00 
or RPD for Clay 2.20, 2.03, and CEC 1.95, 1.91, 1.82, Table 2, (same is 
true for R2 and RMSEP). This suggests that some transformation tech-
niques are not substantially different. The predictive capability of the 
best PLS model for SOC was similar to the second, third and fourth 
performing model and declined slightly using the MSC, SNV and DT 
method compared to SG1.der. Almost identical values of prediction 
parameters have PLS model for CEC coupled with SG1.der and MSC 

preprocessing and clay model using SNV and MSC technique (Table 2). 
But regardless of these similarities, it is noticeable that the number of 
PCs in the best PLS model for all soil properties is the lowest for SG1. 
derivative transformation. 

Compared to previous research, it is worth noting that many authors 
have reported that the effects of different transformations on the capa-
bility of PLS models to predict soil properties can vary greatly. Most 
authors (Vasques et al., 2008; Cambule et al., 2012; Nawar et al., 2016; 
Pinheiro et al., 2017; Dotto et al., 2018; Santos et al., 2020; Heil and 
Schmidhalter, 2021) agree that the transformation techniques improves 
prediction capability of the model. Results in Table 2 are in line with the 
assertions of the numerous authors that also found the best predictive 
performance of PLS models when using the Savitzky–Golay first deriv-
ative. For example, Heil and Schmidhalter (2021) reported that the 
derivatives with Savitzky–Golay produced the most accurate predictions 
of the C and N in a humus-clay-rich soil, among 55 combinations that 
have been tested. These authors showed that Vis-NIR techniques could 
effectively provide rapid and accurate predictions of soil properties. 
Vasques et al. (2008) compared thirty preprocessing methods, including 
normalization, non-linear transformations and derivatives. Overall, 
these authors found that the Savitzky–Golay derivatives were the 
preferred data transformation for the models of soil carbon in soils from 
Florida, USA. The RPD of the best Vis-NIR models were higher than 2.50. 
A similar outcome was achieved by Peng et al. (2014), who explored the 
effects of eight spectral preprocessing techniques in 298 heterogeneous 
soil samples from different provinces in China. Their results indicated 
that the selection and distribution of the model variables were affected 
by different techniques and that the Savitzky-Golay derivative obtained 
better results in terms of model development. Furthermore, some studies 
have found different preprocessing methods as the best for predicting of 
soil properties, e.g. Pinheiro et al. (2017) identified SG derivatives as the 
best method for clay content prediction, whereas the best preprocessing 
technique for SOC and CEC prediction was SNV method. Some authors i. 
e. Nawar et al. (2016) and Dotto et al. (2018) to predict SOC identified 
CR as the best preprocessing method, while Cambule et al. (2012), 
Pinheiro et al. (2017) and Chen et al. (2020) stated MSC, SNV and SG, 
respectively as the best. Nawar et al. (2016) compared the performances 
of seven preprocessing techniques to assess the organic matter and clay 
content in salt-affected soils from northern Sinai, Egypt. The best 

Table 2 
Comparative table of the calibration and validation performance for the full spectrum regression models (FS-PLS) for SOC, CEC and clay content achieved using the soil 
raw reflectance data and six different pre-processed methods. The best models are highlighted in bold.  

Soil 
property 

Pre-processing method Calibration Validation 

R2 RMSEC NPC R2 RMSEP RPD CP    

SOC 
g C kg− 1 

Raw data 0.65 3.43 7 0.49 4.02 1.16 C 
CR 0.81 2.57 7 0.70 3.24 1.61 B 

SG2.der 0.84 2.04 7 0.70 3.22 1.62 B 
DT 0.86 2.22 8 0.79 2.67 2.00 B 

SNV 0.87 2.07 8 0.81 2.60 2.09 A 
MSC 0.87 2.08 8 0.81 2.59 2.11 A 

SG1.der 0.87 2.09 5 0.81 2.57 2.12 A   

CEC cmol(þ) kg¡1 

Raw data 0.55 2.56 6 0.45 2.82 1.00 C 
CR 0.66 2.20 6 0.64 2.29 1.43 B 

SG2.der 0.81 1.43 7 0.67 2.21 1.48 B 
DT 0.79 1.76 7 0.70 2.09 1.60 B 

SNV 0.83 1.50 6 0.76 1.90 1.82 B 
MSC 0.84 1.52 6 0.77 1.82 1.91 B 

SG1.der 0.85 1.37 6 0.78 1.80 1.95 B   

Clay 
g kg− 1 

Raw data 0.76 43.7 7 0.54 55.3 1.39 C 
SG2.der 0.81 31.3 7 0.68 50.3 1.60 B 

CR 0.83 36.2 6 0.72 47.1 1.75 B 
MSC 0.83 37.9 7 0.75 45.8 1.81 B 
SNV 0.83 36.2 8 0.76 44.3 1.85 B 
DT 0.87 32.2 8 0.80 41.0 2.03 A 

SG1.der 0.88 31.3 5 0.83 37.2 2.20 A 

NPC - Number of the principal component; CP - Category of the prediction according to Chang et al. (2001) A: indicates satisfactorily models, B: less accurate models, 
and C: unreliable models. 

Fig. 4. The RPD values for the raw reflectance data (RAW) and six pre- 
processing techniques: Savitzky-Golay first-order derivative (SG1.der), Contin-
uum removal (CR), De-trending (DT), standard normal variate (SNV), multi-
plicative scatter correction (MSC) and Savitzky-Golay second-order derivative 
(SG2.der) for clay, SOC and CEC PLS predicting models. PLS regression models 
are in order of increase of RPD values. 
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predictions these authors obtained using the continuum-removed, giv-
ing R2, and RPD of 0.85 and 2.63, respectively, for soil organic matter; 
and 0.90 and 3.15 for the clay content, respectively. Dotto et al. (2018) 
showed that the scatter-corrective preprocessing group was superior to 
the spectral-derivatives group in predicting SOC from Vis-NIR spectra. In 
this group, the continuum removed (CR) was identified as the most 
suitable method for SOC prediction with an R2 value of 0.82 and the 
ratio of performance to the interquartile range (RPIQ) of 3.18. Silva et al. 
(2018) also reported that the scatter-corrective preprocessing tech-
niques (i.e. MSC, DT, CR and normalizations by range -NBR) produced 
similar or better prediction performances than spectral derivative for 
clay content. In addition, spectra preprocessing before regression anal-
ysis does not improve sand prediction. However, preprocessing trans-
formations do not always increase the prediction capability of models. 
So, some authors (Muñoz and Muñoz and Kravchenko, 2011; Seema 
et al., 2020) observed no improvements in model accuracy when using 
preprocessing transformations. These authors obtained the best predic-
tive results using soil unprocessed (raw) spectral data. 

3.4. Informative wavelength selection 

The goal of selection is to obtain a small set of informative wave-
lengths that gives the PLS model capability better than the full range set 
of wavelengths. The wavelength selection represents excluding those 
that do not contribute to the capability of modelling and thereby 
establishing which spectral wavelengths and regions could leave 
without compromising the predictive capabilities of the calibration 
model. Furthermore, the analysis of the selected wavelengths can help in 
understanding which are the relevant regions of the spectra. The se-
lection of informative wavelengths conducted within the whole range 
Vis-NIR spectrum transformed with Savitzky-Golay derivative and 
coupled with PLS regression. A numerical assessment of the relevance of 
each wavelength was rated using PLS regression β-coefficients. The 
larger the value of the β-coefficients, the more relevant the associated 
wavelength is considered for prediction. Wavelengths with low β-co-
efficients may therefore be left out to improve the model performance. 
The β-coefficients thus enable the identification of the relevant or 
informative wavelengths (IW) to be used in the model for predicting 
each soil property. Finally, a thresholded β-coefficient for each soil 
property as a limit for the wavelengths included in modelling was 
selected. Using this strategy of the selection wavelengths new calibra-
tion PLS model (IW-PLS) for SOC, CEC and clay content is determined as 
summarized in Table 3 and Fig. 5a-c. 

The selected IW for SOC content had the ranges as follows 555–565, 
675–685, 1100, 1420–1425, 1590–1605, 1715–1725, 1910–1925, 
2205–2210, 2240–2285 and 2445–2460 nm (Fig. 5a; Table 3). Fig. 5a 
shows that the selected informative wavelengths for SOC lay in the 
whole (full) Vis-NIR spectrum but mainly in the NIR region. Wave-
lengths with a large regression coefficient play an important role in the 
regression model; a positive coefficient shows a positive link with the 
response, and a negative coefficient shows a negative link. The SOC IW- 
PLS prediction model used 30 wavelengths in the range >1100 nm, and 
only six important wavelengths at a visible range were closely associated 

with SOC. 
The plots of PLS regression β-coefficients for clay content and CEC 

(Fig. 5b and Fig. 5c) show that all informative wavelengths lay in the 
NIR spectrum, in the range of the wavelengths >1400 nm (Table 3). By 
the thresholding for clay content and CEC of 411 wavelengths for the full 
model the 24 and 23 important wavelengths respectively, were selected. 
The list of selected important wavelengths is given in Table 3. 

Spectrally active soil constituents interact in a complex way and 
often mask each other (Stenberg et al., 2010; Soriano-Disla et al., 2013; 
Vohland et al., 2016). Therefore, different studies have identified a wide 
variety of important wavelengths for particular soil properties. The 
reasons for this variability may be related to different sample sets, 
preprocessing techniques and methods of selection of important wave-
lengths. Numerous authors (Viscarra Rossel and Behrens, 2010; Her-
mansen et al., 2016; Kawamura et al., 2017; Pinheiro et al., 2017; Xu 
et al., 2018; Levi and Karnieli, 2020) have found important wavelengths 
for SOC over the full Vis- NIR region that is in agreement with findings in 
the current study. However, some studies (Lee et al., 2009; Hermansen 
et al., 2016; Ng et al., 2019) reported important wavelengths for SOC 
only in the NIR region. The important wavelengths for clay content 
established in the current study (Table 3) are in line with previous 
studies (eg. Hermansen et al., 2016; Jaconi et al., 2019), although some 
studies (Viscarra Rossel and Behrens, 2010; Pinheiro et al., 2017; Xu 
et al., 2018) reported a few peaks in the visible spectral region associ-
ated with clay content. The informative wavelengths for CEC (Table 3) 
are slightly different from those found in the studies of Xu et al., 2018, 
Ng et al. (2019) and Rehman et al. (2019) that lie in the whole Vis-NIR 
spectrum. 

3.5. Comparison FS-PLS vs IW-PLS model capability 

The predictive parameters from the FS-PLS and IW-PLS models for 
SOC, CEC and clay content are given in Table 4. Comparing the pre-
dictive capabilities of the FS-PLS and IW-PLS regression models for SOC, 
CEC and clay content shows that all mentioned soil properties have 
almost the same values of the prediction parameters, (i.e., RPD was 
slightly decreased by 0.11, 0.04 and 0.16 for SOC, CEC and clay, 
respectively) relative to models based on full bands (Table 4). 

The largest differences between prediction parameters of the FS-PLS 
and IW-PLS models are in the number of used wavelengths and the 
number of principal components. The optimal IW-PLS model for SOC, 
CEC and clay content after excluding non-informative wavelengths and 
re-calibrated with important wavelengths had reduced the total number 
of wavelengths in the FS-PLS model from 411 to 36, 23 and 24 for SOC, 
CEC and clay, respectively in the IW-PLS models. The total number of 
the principal components in the FS-PLS models decreased from five to 
three for SOC and clay, and from six to three for CEC compared to the FS- 
PLS model. The results demonstrated that models obtained with a 
limited number of the selected informative wavelengths (IW-PLS) had a 
simplified structure with highly reduced wavelengths and decreased 
principal components. An exposed comparison showed that the predic-
tive capability of IW-PLS models is almost identical to those achieved 
with a full Vis-NIR range (FS-PLS). 

Table 3 
Mean, minimum, maximum, standard deviation and number of the informative wavelengths (IW) selected by thresholding PLS regression β-coefficients.  

Soil property Mean  Min.   Max  SD No of 
IW 

Important wavelenghts (IW) nm 

SOC g kg1 − 0.001 − 0.24 0.14 0.042 36 555–565, 675–685, 1100, 1420–1425, 1590–1605, 1715–1725, 
1910–1925, 2205–2210, 2240–2285, 2445–2460 

Clay g kg− 1 − 0.007 − 1.88 2.20 0.687 23 1780–1790, 1920–1930, 2030–2040, 2105–2120, 2250–2260, 2305, 
2340–2365 

CEC cmol(þ) 
kg¡1 

− 0.005 − 0.07 0.08 0.03 24 1415–1420, 1625–1630, 1675–1690, 1760–1770, 1910–1915, 2100–2120, 
2235–2240, 2290–2295, 2380–2385 

Min-minumum; Max-maximum; SD-standard deviation; No of IW – number of the informative wavelenghts. 
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More pronounced differences in predictive parameters between 
models using the whole spectra and selected wavelengths reported Dotto 
et al. (2017) for SOC prediction, while for clay prediction these differ-
ences were not statistically significant. All models using the whole Vis- 
NIR spectral region showed superior predictive performance. Howev-
er, mentioned authors pointed out enhanced interpretability and 
transparency of models using a reduced number of wavelengths. Lee 
et al. (2009) also found higher accuracy of full spectrum models 
compared to selected variable models in the prediction of SOC, CEC and 
clay. In the mentioned study R2 declined from 0.80 to 0.74 for SOC, 0.84 
to 0.80 for CEC and 0.80 to 0.72 for clay content. Nonetheless, some 

authors (Ng et al., 2019; Xu et al., 2020) reported slightly higher ac-
curacy of models using selected wavelengths compared to full spectrum 
models. Enhanced robustness of the model using selected variables (Lee 
et al., 2012) and reduced model complexity (Vohland et al., 2016) can 
be considered the main benefits of wavelength reduction. 

4. Conclusion 

We examined the efficacy of using different Vis-NIR preprocessing 
and the wavelengths selection on the predictive capability of the PLS 
models for estimation of SOC, CEC and clay content in arable silty soils 

Fig. 5. Regression β-coefficients from a full spectrum PLS for SOC (a), clay content (b) and CEC (c). Dashed horizontal lines indicate the thresholds for selection of 
informative wavelengths for particular soil properties. 

Table 4 
Comparison of accuracy achieved from full-spectrum (FS-PLS) model with Savitzky Golay first-order derivative (SG1der) pre-processing versus PLS model created 
using selected informative wavelengths (IW-PLS) for SOC, CEC and clay content.  

Soil 
property 

Full spectrum PLS (FS-PLS) Informative wavelengths PLS (IW-PLS) 

NPC NW R2 RMSEP RPD NPC NW R2 RMSEP RPD 

SOC g kg− 1 5 411 0.81 2.58 2.12 3 36 0.80 2.62 2.01 
CEC cmol(þ)kg¡1 6 411 0.78 1.80 1.95 3 23 0.77 1.82 1.91 
Clay g kg− 1 5 411 0.83 37.2 2.20 3 24 0.81 38.7 2.04 

NPC - number of principal components; NW – number of wavelengths; R2 - the coefficient of determination; RMSEP - root mean square error of prediction; RPD - 
residual predictive deviation. 
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from Eastern Croatia. PLS model calibrated with the Savitzky–Golay 
first-order derivative, with RPD in the validation mode of 2.11, 1.95 and 
2.20, for SOC, CEC and clay, respectively achieved the most accurate 
predictions compared to other methods used. The lowest predictability 
had PLS models that used soil raw reflectance data. PLS models cali-
brated with selected (informative) wavelengths had a simplified struc-
ture (highly reduced wavelengths and decreased principal components) 
and almost identical prediction capability to those achieved with a full 
Vis-NIR range. Based on our results, we draw the following conclusions: 
(i) the appropriate choice of Vis-NIR preprocessing can optimize the PLS 
calibration performance for estimating soil properties, (ii) the selected 
wavelengths in the final PLS model gave information on their impor-
tance for calibration and provided valuable help in understanding which 
are the relevant parts of the spectral range and (iii) the used method-
ology is a powerful tool to estimate soil properties rapidly, non- 
destructively and inexpensively applicable in some real situations e.g., 
monitoring and updating information of soil properties for precise soil 
management and soil quality assessment in arable silty soils in the study 
area. 
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Galović, L., 2016. Sedimentological and mineralogical characteristics of the Pleistocene 
loess/paleosol sections in the eastern Croatia. Aeolian Res. 20, 7–23. https://doi. 
org/10.1016/j.aeolia.2015.10.007. 
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