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Abstract

The use of standard laboratory methods to estimate the soil texture is complicated, expensive, and time-consuming and 
needs considerable effort. The reflectance spectroscopy represents an alternative method for predicting a large range 
of soil physical properties and provides an inexpensive, rapid, and reproducible analytical method. This study aimed 
to assess the feasibility of Visible (VIS: 350-700 nm) and Near-Infrared and Short-Wave-Infrared (NIRS: 701-2500 
nm) spectroscopy for predicting and mapping the clay, silt, and sand fractions of the soils of Triffa plain (north-east of 
Morocco). A total of 100 soil samples were collected from the non-root zone of soil (0-20 cm) and then analyzed for 
texture using the VIS-NIRS spectroscopy and the traditional laboratory method. The partial least squares regression 
(PLSR) technique was used to assess the ability of spectral data to predict soil texture. The results of prediction 
models showed excellent performance for the VIS-NIRS spectroscopy to predict the sand fraction with a coefficient of 
determination R2 = 0.93 and Root Mean Squares Error (RMSE) =3.72, good prediction for the silt fraction (R2=0.87; 
RMSE = 4.55), and acceptable prediction for the clay fraction (R2 = 0.53; RMSE = 3.72). Moreover, the range situated 
between 2150 and 2450 nm is the most significant for predicting the sand and silt fractions, while the spectral range 
between 2200 and 2440 nm is the optimal to predict the clay fraction. However, the maps of predicted and measured soil 
texture showed an excellent spatial similarity for the sand fraction, a certain difference in the variability of clay fraction, 
while the maps of silt fraction show a lower difference.  
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1. Introduction

Soil texture classification and mapping are an essential key 
for agriculture lands monitoring and management. The 
soil texture corresponds to the relative abundance of the 
size fractions by weight: sand, silt, and clay (Lucadamo 
& Leone, 2015). It is a good indicator for controlling the 
spatial and temporal evolution of soils in order to preserve 
and manage them sustainably. Soil texture gives excellent 
information about the soil capacity in water retention 
(Emerson, 1995), the soil erodibility factor (Gourfi et 
al., 2018), the soil biological activity, and organic matter 

storage (Hassink et al., 1993), and it is one of the essential 
parameters in the spatial characterization of aquifers 
and soil moisture variation (Mohammad et al., 2016; 
Al Jassar & Rao, 2015).  It is one of the most important 
characteristics used in the soil classification system and 
taxonomy (Hristov, 2013). 

The mapping of soil texture in different scales of 
Morocco, in order to benefit with better variability of 
soil texture, required collecting and analyzing a large 
number of soil samples in the laboratory. Also, the use 
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of standard laboratory methods to estimate texture such 
as hydrometer-pipette and sedimentation methods (Jacob 
& Topp, 2002; Smith & Mullins, 1991) is complicated, 
costly, and time-consuming and needs considerable effort 
(Lazaar et al., 2019). For this reason, in recent years, the 
researchers have given a particular interest to the VIS-NIR 
spectroscopy. It is an inexpensive, rapid, and reproducible 
analytical method (Timezel, 2015; Gholizadeh et al., 
2017). The advantage of this method lies in the sample 
preparation, which requires only a few minutes for each 
sample compared to the traditional laboratory method, 
and it is a useful tool for large-scale digital soil mapping, 
in which the number of soil samples is enormous, while 
the cost of soil analysis is expensive (Lazaar et al., 2019). 
Currently, the VIS-NIRS spectroscopy represents an 
alternative method for predicting a large range of soil 
physical properties such as the texture, structure, and 
bulk density (Emerson, 1995; Gomez et al., 2008; Leone 
et al., 2012; Curcio et al., 2013; Virgawati et al., 2018). 
Concerning the use of VIS-NIRS spectroscopy to predict 
soil texture, Rossel & Webster (2012) and Lacerda et al. 
(2016) found that the prediction is robust for the sand 
and clay fractions but is not reliable for the silt fraction. 
However, Sørensen & Dalsgaard (2005) indicated that the 
accuracy of NIR equations for determination of clay was 
related to the calibrated concentration range, the spectral 
regions used for calibration, and the spectral pretreatment 
procedure.

Many techniques are used to discern the response of 
soil attributes using spectral data such as the principal 
component analysis (PCR) (Pirie et al., 2005), the 
continuum removal (Curcio et al., 2013), the support 
vector machine regression (SVMR) (Wang et al., 2014), 
and the partial least squares regression (PLSR) (Gomez et 
al., 2008; Leone et al., 2012; Gholizadeh et al., 2016), but 
several studies showed that the most common calibration 
method used for soil spectra in order to predict the soil 
texture with a better model is the PLSR method (Viscarra 
Rossel et al., 2006; Curcio et al., 2013), although the 
preprocessing and transformation of spectral data generate 
models with different quality of prediction (Hobley & 
Prater, 2018). 

The main objective of this study, compared with other 
studies carried out by Curcio et al. (2013) and Virgawati 
et al. (2018), in order to predict the soil texture, is to assess 

the feasibility of the data of the VIS-NIRS spectroscopy 
to predict and map the soil texture (clay, silt, and sand) 
in the semi-arid region of Triffa plain, using the PLSR 
method, and to show the influence of the texture of the 
soil samples used to make the prediction on the coefficient 
of determination.

2. Materials and methods

2.1. Study area and soil samplings

The study area is located in Triffa plain in the north-
east of Morocco along the Algerian border (longitude 
34°56’32.67” N; latitude 2°24’05.95” W) (Figure 1). 
Triffa plain is characterized by a semi-arid climate, with 
precipitations from 200 to 300 mm/year (Boughriba et al., 
2006) and a regime dominated by strong irregularity in 
space and time (Fekkoul, 2012). The study area represents 
the most fertile and productive agricultural zone in the 
oriental region. It is characterized by six types of soils 
represented by the isohumic, fersialitic, brown calcareous, 
hydromorphic, less-developed, and rendzina soils (Lazaar 
et al., 2019). Regarding the soil texture of this study area, 
Lazaar et al. (2020) indicated that all soil types of the 
Triffa plain are characterized by silt-loam and sandy-loam 
texture. Soil sampling was carried out in August 2018 with 
the density of one sample per 1.5 km2. A total of 100 soil 
samples were collected in the non-root zone (0-20 cm) 
of soil with a mechanical auger, georeferenced using a 
Global Positioning System (GPS), and then transported to 
the laboratory in order to analyze their texture by using the 
densimeter method (Estefan et al., 2013). The principle of 
this method is as follows: all particles larger than 2 mm in 
diameter are removed by a 2 mm sieve. The sieved sample 
is homogenized, and a weight of approximately 40 g (dry 
weight) is mixed with a volume of water containing a 
dispersing agent ((NaPO3)6, HCl, H2O2…) and introduced 
into a cylinder. Subsequently, the density of the mixture is 
measured with a hydrometer at various time intervals. The 
density obtained as a function of the sedimentation time 
gives the particle size of the analyzed sample. A blank line 
has to be placed above, but not below them.
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 Fig. 1. Location of the study area of Triffa plain and the soil sample.

2.2. Spectral measurement and data pretreatments

The soil samples collected in the study area were air-
dried to 100 °C for 24 hours, in order to remove any 
effect of moisture before measuring soil reflectance and 
then placed in Petri dishes with a diameter of 95 mm 
and a thickness of 15 mm. The spectral measurements 
were conducted using an ASD FieldSpec III portable 
spectroradiometer with a wavelength of 350–2500 nm. 
The wavelength configuration of the spectroradiometer is 
organized as the VIS spectral domain (350–700 nm), the 
NIR domain (700-1300 nm), and the SWIR1 (1300-1800 
nm) and SWIR2 (1800-2500 nm) domains. The spectral 
measurements were conducted using two steps; the first 
step consists of measuring the reflectance on a white 
reference (spectralon) in order to calibrate the sensor of 
measurement and in the second step, the soil reflectance 
was measured with an optical probe integrated into a 
pistol grip with an illuminator Halogen lamp (Figure 2). 
These measurements were repeated 25 times for each 

soil sample in order to benefit from a good reflectance of 
soil, and the measurement sensor was recalibrated with 
the white reference every ten successive measurements. 
In order to obtain a better prediction of soil texture, the 
spectral data had to go through several pretreatments to 
remove the signal noise and to correct for nonlinearities 
of spectral data (Stenberg et al., 2010; Tian et al., 2013). 
The first step of preprocessing applied for the spectral data 
used in this study was to remove the spectral domain 350–
399 nm and 2451–2500 nm because it was affected by the 
noise. The spectral bands between 400 and 2450 nm were 
transformed into the first derivative and then smoothed 
with the Savitzky-Golay algorithm with a window size 
of 11 and a polynomial of order 2 (Savitzky & Golay, 
1964; Ren et al., 2009), for eliminating the artificial noise 
caused by the spectroradiometer device (Gholizadeh et 
al., 2016). The pretreatment was performed using the 
Unscrambler software.
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Fig. 2. Experimental configuration used to measure the reflectance of soil samples.

2.3. Partial least squares regression (PLSR) and soil 
texture mapping

The main objective of the statistical analysis was to 
determine the performance of the data of VIS-NIRS 
spectroscopy to predict the soil texture and to identify the 
range of spectral bands used in the prediction models. The 
dataset used in this study was divided into two groups, 
75% for calibration and 25% for validation. The PLSR is 
a method for relating two data matrices X and Y through a 
linear multivariate model and is widely used in reflectance 
spectroscopy data analyses (Volkan Bilgili et al., 2010). 
In this study, the PLSR was used to relate the reflectance 
spectra of the calibration dataset with measured soil 
texture. The models’ prediction quality was evaluated by 
the coefficient of determination (R2) and the RMSE.

The spatial distribution maps of the soil texture were 
constructed using the measured values obtained from 
the conventional method of laboratory, and the predicted 
values from calibrated models of sand, silt, and clay. The 
kriging method (Zhang et al., 2013) of ArcGIS software 

was employed to make the maps variability of soil texture 
in the study area of Triffa plain.

3. Results and discussion

3.1. Soil textural properties

 Descriptive statistical results of soil texture for all samples 
analyzed (N=100) are summarized in Table 1. The studied 
samples are characterized by sand fraction ranging from 
16.5% to 74.75% with an average value of 39%, silt 
fraction varied between 20.25% and 83.50 % with an 
average of 54.95%, and clay fraction varied between 0% 
and 16% with an average of 5%. This result indicates that 
the sand and silt fractions have a strong distribution and 
dominance in the soils of Triffa plain in relation to the clay 
fraction. Moreover, the texture classification according to 
the USDA triangle shows that the soils of the study area 
are characterized by the silt-loam (Figure 3), sandy-loam, 
and loam textures; our results confirmed those obtained 
by Lazaar et al. (2019).

Table 1. Descriptive statistics for the soil texture of the samples analysed.

Fraction Minimum Maximum Mean Median Standard
Deviation

Clay (%) 0 16.0 5.6 5.0 3.8
Silt (%) 20.2 83.5 52.9 54,9 12.3

Sand (%) 16.5 74.7 41.3 39.0 12.6
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Fig. 3. Texture classification of soil samples according to the USDA texture triangle.

3.2. VIS-NIRS spectra of soil data and spectra 
processing

The spectra of soil samples measured in laboratory 
with the ASD FieldSpec spectroradiometer are plotted 
in Figure 4a. In general, the VIS-NIRS spectra of soil 
samples have a similar reflectance shape, in which the 
reflectance is lower in the VIS range (400–700 nm) 
and higher in the NIRS range (701–2450 nm) with 
the presence of several absorption bands of different 
intensities around 1400 nm, 1900 nm, and 2200 nm. 
According to Bishop et al. (2008), the strong absorption 
bands detected around 1400 and 1900 nm are due to the 
vibrational frequency of -OH group in water and the 
molecular water contained in minerals, while the band 
observed near 2200 nm is related to the clay or hydroxyl 

mineral (Bishop et al., 1994) and the characteristics of 
organic matter (Vašát et al., 2015). Also, the VIS range 
is marked by many absorption peaks with lower intensity 
near 430, 530, and 650 nm, which are attributed to the 
presence of iron oxide and a small amount of haematite 
(Fe2O3) (Sherman & Waite, 2000; Rossel & Behrens, 
2010). Concerning the spectra processing in order to 
enhance the robustness of prediction models of the soil 
texture and to detect the important spectral bands used 
in the prediction, many processing models are tested, but 
in the present study, the transformation of spectral data 
(400-2500 nm) with the first derivative algorithm and 
the smoothing with the Savitzky-Golay algorithm with a 
window size of 11 and a polynomial of order 2 (Figure 
4b) were the better preprocessing models. 
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Fig. 4. Representative VIS-NIRS spectra of soil samples (a) and the smoothed and 1st derivative preprocessed soil spectra (b).

3.3. Predictive models of soil texture 

The summary of prediction models for the soil texture 
(sand, silt, and clay fractions) of the calibration and 
validation dataset is shown in Table 2, as well as the scatter 
plots of the measured against predicted concentrations 
(Figure 5). Results of the R2 and the RMSE of the PLSR 
models for the calibration dataset (Table 2 and Figure 5a) 
indicated that the prediction is better for the sand fraction 
with R2=0.94 and RMSE=3.18, good for the silt fraction 
with R2=0.87 and RMSE=3.38, and acceptable for the clay 
fraction with R2=0.56 and RMSE=2.35. The quality of the 
calibration models was tested by the validation dataset. 
Results of the validation models (Table 2 and Figure 5b) 
have confirmed those obtained by the calibration models, 
in which the quality of prediction for the sand is better 
(R2=0.92 and RMSE=3.72), good for the silt (R2=0.87 
and RMSE =4.55), and acceptable for the clay (R2=0.53 
and RMSE=2.0). Moreover, these results indicate that the 
PLSR method had a higher accuracy to relate the reflectance 

spectra with the sand and silt fractions, while the other one 
had an acceptable efficiency for the clay fraction. These 
results obtained in our study have confirmed the R2 values 
introduced in the literature by many authors (Curcio et al., 
2013; Gholizadeh et al., 2016; Hobley & Prater, 2018). 
These results conclude two things: the first is that the 
accuracy to predict the different fractions of soil texture 
(sand, silt, and clay) using the PLSR method is related to 
the percentages of the three fractions; for example, in our 
study, the percentage of sand and silt is high compared to 
the low percentage of the clay fraction in all soil samples; 
this provides better prediction models for the sand and silt 
fractions and an acceptable prediction of clay. The second 
is that the quality of prediction models of the sand and silt 
fractions depended on, and is influenced directly by, the 
percentage of clay fraction. This conclusion confirmed 
the result obtained by Curcio et al. (2013).
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Table 2. Summary of the PLSR prediction models of soil texture (sand, silt, and clay) for the calibration 
and validation dataset.

Calibration Validation
R2 RMSE R2 RMSE

Clay 0.56 2.35 0.53 2.0
Silt 0.87 4.38 0.87 4.55

Sand 0.94 3.18 0.92 3.72

Fig. 5. Scatter plots of measured versus predicted soil texture obtained by PLSR method for the calibration ((a): sand; 
(b): silt; and (e): clay) and validation ((b): sand; (d): silt; and (f): clay) dataset.

3.4. Influential spectral bands used by the PLSR 
method

The regression coefficient (B0), coupled with the 
wavelengths summarized in Figure 6, was used to identify 
the critical spectral bands used by the PLSR method 
to predict soil texture. The results of the regression 

coefficient showed that the spectral range situated 
between 2150 and 2450 nm is the significant range for 
predicting the sand and silt fractions, while the spectral 
range situated between 2200 and 2440 is the optimal 
to predict the clay fraction. Our result confirmed those 
obtained by Viscarra Rossel et al. (2006).
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Fig. 6. Variation of regression coefficients with wavelength, obtained from the PLSR analysis for sand (a), silt (b), and 
clay (c) fractions.

3.5. Soil texture mapping of soil texture

The results obtained from the kriging method used to 
map the measured and predicted soil texture of the three 
fractions (sand, silt, and clay) are displayed in Figure 7. 
The comparison between the maps of the measured and 
predicted clay fraction (Figure 7a) demonstrates a certain 
difference in the variability of clay fraction and in their 
values range in the central and south-western part of the 

study area; this result is confirmed by the acceptable 
quality obtained by the PLSR method (R2=0.53). The 
maps of silt fraction (Figure 7b) show a lower difference 
in the variability of silt compared to the clay fraction. 
This minor difference of silt variability appears in the 
northeastern and southwestern part of the study area, and 
this is confirmed by the R2=0.87.
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Fig. 7. Comparison of laboratory-measured and laboratory VIS-NIRS spectroscopy predicted maps of clay (a), silt (b), 
and sand (c) fraction.

4. Conclusion

The main objective of this paper is to assess the feasibility 
of VIS-NIRS spectroscopy to estimate and map the soil 
texture in the semi-arid area of Triffa plain using the 
PLSR method combined with the data of spectroscopy. 
The main conclusions that can be drawn from this study 
are as follows: 

• The VIS-NIRS spectroscopy is an efficient and feasible 
method for predicting the soil texture, which is excellent 
for the sand, good for the silt, and acceptable for the clay 

fractions. This difference in prediction accuracy is related 
to the texture of soil samples of Triffa plain dominated by 
the sand and silt fractions and poor for the clay fraction. 
Moreover, the prediction accuracy of sand and silt is 
dependent and influenced by the percentage of the clay 
fraction. 

• The spectral range situated between 2150 and 2450 nm is 
significant for predicting the sand and silt fractions, while 
the range from 2200 to 2440 nm is optimal to predict the 
clay fraction.
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