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ABSTRACT  
Visible and near-infrared reflectance spectroscopy (Vis-NIRS) technology has the potential to provide a reliable, cost effective and non-
destructive analysis of soils in a short period of time. The ability of Vis-NIRS technology was investigated to predict a range of soil 
properties in the Kazova watershed of middle Black Sea Region of Turkey. A total of 400 surface soil samples (0-30 cm) collected from 
various crop rotations were used. Partial least squares regression (PLSR) method was used to develop calibration models between 
reflectance spectral data obtained with a fiber-type Vis-NIR, Agro Spec spectrophotometer with a spectral range of 350–2500 nm, and 
measured values of soil properties obtained using traditional laboratory methods. Spectra were divided into calibration and prediction sets 
and the calibration spectra were subjected to a PLSR with leave-one-out cross validation using ParLeS 3.1 software. The performances of 
the methods were evaluated using the coefficient of determination (R2), the root mean square error (RMSE) and residual predictive deviation 
(RPD). Soils have distinct absorbance features at around 1400 nm, 1900 nm and slight absorbance features at around 2200 and 2400 nm. 
The strong absorbance around 1400 nm and 1900 nm have been attributed to O-H groups, showing the influence of water adsorbed by 
interlayers of clay minerals PLSR models successfully predicted clay content (RPD: 3.21; r2: 0.90), organic matter (RPD:2.67; r2: 0.86), 
cation exchange capacity (RPD: 2.65; r2: 0.86), total nitrogen (RPD: 2.51; r2: 0.84), calcium carbonate content (RPD: 2.24; r2:0.80), sand 
(RPD: 2.04; r2:0.76), and silt (RPD: 1.92; r2: 0.73) contents. In contrast, poor predictions were obtained for pH (RPD: 1.48; r2: 0.54) and 
electrical conductivity (RPD: 1.35; r2: 0.45) of soils. The results indicated that the Vis-NIRS is capable of rapidly and accurately predicting 
some of characteristics in surface soils. 
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INTRODUCTION 
 

Visible and near infrared (Vis-NIR) spectroscopy provides a potential tool to measure many of soil 
physical, chemical and biological properties [11,25,22,23,26,37]. The Vis-NIR technology compared to 
laboratory based analyses has advantages of being fast, cost-effective, repeatable and relatively accurate. 
Sample collection and processing i.e., drying, grinding and sieving are being significantly reduced when reliable 
spectral libraries are used [23]. The simplicity of sample pre-treatment, lack of using chemical reagents and non-
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destructive nature are some of other main advantages of using NIR reflectance spectroscopy [39,55,37] that can 
be used in environmental monitoring, soil quality assessment and precision agriculture. 

Structural and compositional information of molecules sensitive to spectral wavelengths between 350 and 
2500 nm are successfully provided by the Vis-NIRS technology [37]. Molecules with dipole moments can be 
exited to stretching, bending and rotating oscillations when absorbed infrared radiation. The technique mainly 
measures overtones in the near infrared spectrum and combination bands of fundamental vibrations mainly from 
functional groups like O-H, N-H and C-H bonds of organic materials in the mid-infrared region [44,63] and 
relates the measurements with the analyzed soil characteristics. Such approaches have attracted the interests of 
soil scientists since the 1980s [51], and spectra from scanning a soil with Vis-NIR spectroscopy have been used 
for the prediction of a variety of soil properties simultaneously [44,49,26,23]. The studies showed that Vis-NIR 
technology using different multivariate calibration methods is a viable alternative for the routine quantitative 
analysis of particularly soil organic carbon [56], total nitrogen, clay content, pH, cation exchange capacity [54], 
and etc [47].  

Uncontrolled environmental factors in the field including moisture, particle size, mineral composition, and 
the presence of Fe, might mask the absorption features of some soil properties [23]. Soil characteristics can be 
predicted by deriving models from the reference laboratory data and corresponding spectra [17]. Some attributes 
(e.g., carbonates, SOM, and Fe oxides) can be predicted directly based on the presence of characteristic 
chemical bonds or molecules that absorb at specific wavelengths. Alternatively, calibrations might be based on 
the correlations between the attribute of interest and Vis-infrared–active compounds. 

Complex relationships between spectral signatures and soil properties have been mostly quantified by 
multivariate methods which have an advantage over simple bivariate relationships based on, for example, peak 
intensity measurements [31]. The performance in modelling reflectance spectra largely depends on the 
calibration success [35]. Multivariate methods used in calibration based on Vis-NIRS are multiple linear 
regression [4] partial least-squares regression (PLSR) [4,32,55]; principal components regression [34,9]; 
multivariate adaptive regression splines [19,48]; support vector regression [63]; random forest; boosted trees; 
and the use of wavelet analyses and artificial neural networks. Of these, PLSR approach has inference 
capabilities has been perhaps the most popular for soil quantitative analysis [46,37].  

The importance of quality in spectral data sets has been emphasized in several publications on NIRS deal 
with the influence of soil samples on spectral information [23,37,43,47]. The quality of the data with regard to 
the heterogeneity of samples was addressed by Abrams et al. [1]. The objective of the present work is to explore 
the potential of using Vis-NIR reflectance spectroscopy to estimate different physical and chemical properties of 
soils from the Kazova Plain of Tokat, as rapid methods for soil analysis are essential to assess and monitor soil 
quality. Soils studied have heterogeneous nature with respect to the land uses, parent materials and 
geomorphologic units. 

 
MATERIALAND METHODS 

 
Study Area: 

Soil samples were collected from an area of 20656 ha agricultural fields located in Kazova plain of Tokat 
province, Turkey (Figure 1). Soils were mostly formed over alluvial materials and wheat, corn, sugar beet, 
sunflower and tomato were the crops mostly grown in the study area. Total annual average rainfall of the area is 
443.7 mm, and average annual temperatureis12.4°C [16]. Soil moisture regime of study area is mesic and 
moisture regime is ustic based on long term climate data [50]. Since the study area covers a large watershed, 
soils in study area have been classified within several soil groups such as Typic and Fluvaquentic Haplustolls, 
Typic Ustifluvents, Vertic Haplustepts, Aquic Argiustoll setc. [50] Phaeozems, Fluvisols, Cambisols, 
Kastanozems in WRB [62,18,27,40]. 
 
Soil Sampling:  

A total of 400 soil samples from 0-30 cm depth were used in this study (Figure 1). Soils were sampled from 
sites with different land uses and soil parent materials to guarantee a wide range in physical and chemical 
characteristics to cover the various characteristics of soils in this region. The fields in Kazova supported tomato, 
corn, wheat, and sugar beet production, respectively. 
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Fig. 1: Study area and soil sampling points 
 
Soil Analysis:  

Soil samples were air-dried, plant residues and stones were removed, and samples were crushed and sieved 
to pass a 2-mm mesh for physical and chemical analysis and some for spectrophotometer measurements. 
 
Physical and Chemical Soil Analysis: 

Particle size distribution was determined by the hydrometer method in a sedimentation cylinder, using 
sodium hexamethaphosphate as the dispersing agent [24]. The soil reaction (pH) and electrical conductivity 
(EC) were measured in saturated paste [42]. CaCO3 was determined by using calcimeter method as mentioned 
by Allison and Moodie [3]. Organic matter was determined by Walkley and Black [38]. Cation exchange 
capacity (CEC) was measured at pH 7 with Ammonium Acetate method [12]. Total nitrogen was analyzed 
based on Kheldal method [12]. 
 
Visible and Near Infrared Spectroscopy: 

The soil samples were kept in room temperature (20–25oC) and mixed to homogenize before 
spectrophotometer measurement. A soil sample of about 5 g was loaded into a static ring cup and measured with 
a LabSpec 2500 spectrophotometer (Analytical Spectral Devices Inc., Boulder, CO, USA) equipped with a fiber 
optic probe. The spectra were recorded in diffuse reflectance mode over the wavelength range of 350–2500 nm 
at 1-nm data spacing interval. A 100% white reference was measured before soil scanning, and was repeated 
every 30 min. A total of ten replicate scans were measured from each sample, and these were averaged into one 
spectrum.  
 
Data Processing and Statistical Analysis:  

Descriptive statistics (mean, standard deviation, variation of coefficient, skewness and kurtosis) and 
correlation analyses were conducted using SPSS 21.0 statistical software (SPSS, Inc., Chicago, IL).The most 
serious departure from normality encountered with soil data has been reported as positive or negative skewness. 
Thus, the shapes of parameter distributions that are described by skewness are also accepted as an indication of 
normality. For variables without normal distributions, those with positive or negative skew values of greater 
than 0.5 were subjected to square‐root transformation whereas those with values greater than 1.0 were subjected 
to log transformation [13]. 

Partial least squares regression was performed on the spectral data using ParLes 3.1 software developed by 
Rossel [45]. Diffuse reflectance spectra of soils scanned were transformed to log (1/R) units several pre-
processing methods were used in this study such as standard normal variate (SNV), the wavelet filter at scale 2 
and a first derivative. The data were also mean centered prior to the multivariate modeling. This combination of 
preprocessing techniques selected yielded the most robust models and are presented in Table 1. Normalization is 
designed to remove multiplicative spectral effects; while smoothing techniques have been proposed to remove 
random noise from NIR spectra [36]. The first derivative is used to remove background and increase spectral 
resolution [10]. ParLeS software version 3.1 was used for all pre-processing techniques and calibration methods 
[45]. The principal component analysis (PCA) is the best known, and most widely used variable reduction 
methods [61]. PCA was performed for a maximum of 10 principal components (Table 1). 
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Vis-Near infrared spectroscopic determination requires the development of calibrations that relate soil 
characteristics analyzed by traditional laboratory methods, i.e. organic matter content in soils, to the spectral 
information using multivariate statistical procedures such as PLSR [60]. The PLSR analysis with leave-one-out 
cross-validation technique was performed using the calibration data set. Leave-one-out cross validation 
particularly with large data sets is the most complicated part in ParLeS [45]. 
 
Table 1: The pretreatment performed to reduce errors from the spectral data [45]. 
Application Pretreatment 

Data Manipulations 

Data Transformation R to Log(1/R)  
Light Scatter & Baseline Corrections SNV 
De-noising/Smoothing Wavelet Filter 
Differentiation 1st Derivative 
Centre & Scale Data Mean Centre 

PCA No. Principal Component   10 
 
PLSR Cross Validation 

No of Factor for X-Validation 25 
Leave 'n' out X-Validation 1 

PLSR Model Select No. Factors for PLSR 30 

 
Evaluation of Model Performance: 

The performances of the methods were evaluated using the coefficient of determination (R2), the root mean 
square error (RMSE) and residual predictive deviation (RPD). Generally, a good model prediction has an R2 

close to one, a large RPD, and a small value of RMSE. Equation (1) shows the expression of RMSE. 

               (1) 

Where Xmis the measured value, Xp is the PLSR-predicted value, and N is the number of samples used for 
prediction.  

The RPD used to evaluate the usefulness of PLSR model is the ratio of standard deviation of reference 
values to the RMSE of the prediction set (Eq. 2). 

               (2) 

where, RMSE is the root mean standard error of cross validation. 
The criteria adopted for RPD classification (1) was that an RPD value below 1.4 indicates very poor model 

predictions and that such a value could not be useful; an RPD value between 1.4 and 2.0 indicates a possibility 
of distinguishing between large and small values, while a value over 2.0 is classified as very well, respectively 
(Table 2).  

The difference between measured and predicted values of samples in the potential calibration set larger than 
three times of RMSE values were considered as outliers and were excluded from the final calibration model 
[11]. Data were reanalyzed after removing the outliers from the data set. 
 
Table 2: Criteria of prediction ability of model used in the estimation of soil properties [11]. 

Criteria of prediction ability 

 RPD R2 Prediction 

1 >2 0.80-1.00 Very well 

2 1.4-2.0 0.5-0.8 Acceptable 

3 <1.4 <0.5 Unacceptable 

 
RESULTS AND DISCUSSION 

 
Soil Properties and Vis-NIRS Spectral Characteristics:  

Summary statistics of reference values of soil characteristics in both the calibration and prediction with Vis-
NIRS measurements are summarized in Table 3. The values obtained with laboratory analyses and prediction 
model were similar to each other. The OM content of the samples was typically low with the mean, minimum 
and maximum values of 1.99%, 0.59%and 7.42%, respectively. Sand content was between 6.25% and 65.00% 
with a mean of 26.55% (Table 3).  

The coefficient of variation (CV) is a useful statistic for measuring the spatial variability of soil properties 
and optimizing the values of various soil properties characterized with different units. Wilding et al. (59) has 
described a classification scheme for identifying the extent of variability for soil properties based on their CV 
values of 0-15, ≥ 15 to 35 and ≥ 35 indicate little, moderate and high variability, respectively. The mean total 
nitrogen and organic matter contents were 0.12% and 2.00% with a CV of 40.42% and 43.83%. The CaCO3 
content had the greatest CV (45.99%), followed by sand and organic matter contents, whereas pH values had the 
lowest CV value (2.63%). Overall, the descriptive statistics were comparable in both the calibration and 
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validation datasets (Table 3). The CV values of soil attributes obtained with the prediction of Vis-NIRS were 
slightly lower as compared to the original data. 

 
Table 3: Descriptive statistics of soil properties for both observed and predicted data 

N=400 
Sand Clay Silt Total  N OM CaCO3 CEC EC pH 

% meq 100g-1 dSm-1  

Min. 
Obs 6.25 12.50 12.50 0.039 0.59 1.79 8.84 0.13 7.35 
Pre 0.91 7.56 14.59 0.030 0.80 0.53 3.38 0.08 7.56 

Max. 
Obs 65.00 77.50 51.25 0.416 7.42 26.58 45.99 0.85 9.19 
Pre 66.33 81,47 45,43 0,438 8,04 21.00 48.17 0.67 8.93 

Mean 
Obs 26.55 41,00 32,40 0,117 1,99 8.24 21.97 0.31 8.15 
Pre 26.56 41,00 32,39 0,117 1,99 1.79 8.84 0.13 7.35 

Standard 
Deviation 

Obs 26.56 41.00 32.39 0.117 1.99 8.25 21.97 0.31 8.15 
Pre 11.78 12.45 7.64 0.05 0.88 3.79 7.39 0.12 0.21 

CV 
Obs 10.26 11.82 6.52 0.04 0.81 3.39 6.85 0.08 0.16 
Pre 44.35 30.35 23.59 40.42 43.83 45.99 33.65 38.31 2.63 

Skewness 
Obs 38.62 28.83 20.14 37.34 40.65 41.04 31.17 28.65 1.94 
Pre 0.51 0.51 0.00 2.55 2.25 1.30 0.89 1.51 0.32 

Obs: Observed, Pre: Predicted 
 
Reliable Vis-NIRS-models require sample populations that cover the whole calibration range with an 

approximately homogenous distribution of samples across the range of the variables to be predicted. In contrast, 
populations with normally distributed samples tend to overestimate the errors in low values and under estimate 
high values in model calibration [30]. 

Soils in study area have formed from several parent materials (alluvium, lime stone and serpantinite) on 
various physiographic units (river bank, river terraces, lacustrine and colluvium) and been used for various crop 
productions (wheat, sugar beet, corn, sunflower, pasture, orchards etc). 
 
Spectral Characteristics Related to Soil Properties: 

The reflectance spectra of the soils with different values for clay, sand, organic matter, cation exchange 
capacity (CEC), electrical conductivity and CaCO3 were presented in Figure 2. The spectra have similar basic 
shapes to those obtained in other soil studies, with three major distinguishable absorption bands around 1400, 
1900 and 2200 nm. Intense absorption occurs near the wavebands of 1400 nm and1900 nm, and are caused by 
O-H features of free water. The effect of O-H bond stretching is seen near 1400 nm and the combinations of the 
H-O-H bend with O-H stretching are represented around 1900 nm [5,37]. The results indicated that reflectance 
values decreased with increasing clay and organic matter contents and CEC of soils, whereas the reflectance 
increased with increasing sand and CaCO3 contents and EC values of soils (Figure 2). Not only chemical 
composition of soils but also physical characteristics such as soil texture, aggregation, water content and color 
also affect the visible and near infrared characteristics of soils [7,51]. Mouazen et al. [33] reported that shapes of 
spectra obtained from different textured soils visibly different from each other. The decrease in reflectance with 
increasing sand content might probably be related to the decline in soil moisture content of soils with different 
clay and sand contents at room temperature. Soils have distinct absorbance features at around 1400 nm, 1900 
nm and slight absorbance features at around 2200 and 2400 mm (Figure 2). The strong absorbance around 1400 
mm and 1900 mm have been attributed to O-H groups, showing the influence of water adsorbed by interlayers 
of clay minerals [6]. Dematte et al. [15] and Mouazen et al. [34] also related the absorbance at 1900 nm from air 
dried soils to the strongly adsorbed water by 2:1 clay minerals. Acir [2] reported that the dominant clay type in 
Kazova plain is smectite that explains the strong 1900 nm peak obtained in air dried soil samples. Small 
adsorption features observed around 2200 and 2400 mm were probably resulted from the adsorption of Al – OH 
and Fe – OH in octahedral sheets of montmorillonite and illite [41]. 

Composition and amount of soil organic matter have significant influence on soil spectral characteristics. 
Reflectance’s of soils with various organic matter contents were different from each other, and reflectance was 
lower where the organic matter content was lower (Figure 2). Soils become darker with the increasing soil 
organic matter content and result in increasing light absorption or decreasing reflectance of the soil. However, 
CaCO3 content had an opposite effect on reflectance, and yielded lower reflectance values (Figure 2) [28]. 
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Fig. 2: Reflectance spectra of soil samples corresponding to different soil characteristics (clay, sand, OM, CEC, 

EC and CaCO3) 
 

Prediction of Soil Characteristics via Vis-NIRS Technique: 
Determination of outliers where the predicted values differ considerably from the reference values in a data 

set is important to build a reliable spectroscopic model [52]. An outlier in the calibration data results in 
distorting the calibration model, whereas an outlier in the validation data leads to under estimate the model 
prediction quality [29]. Therefore, in the validation stage, outliers that differed from the reference by three times 
the standard error of prediction or more were removed. Six samples for clay and nitrogen, four samples for silt 
and CEC, five samples for sand, 9 samples for pH and 8 samples for EC were eliminated from the calibration 
sample set when the calibration models were developed, whereas no outliers were removed from the 
independent validation set. The accuracy of models was increased by the removing of outliers. Scatter plots of 
predicted vs. measured values for soil characteristics before and after removing the outliers were presented in 
Figure 3-5. In all figures, the ordinate and abscissa represent the predicted and measured fitted values of the 
appropriate parameters, respectively. The prediction performances of these models, except EC and pH, were 
excellent with high correlation coefficients. 
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Fig. 3: Scatter plots of predicted vs. measured values for clay (a), sand (b) and silt (c) before and after removing 

the outliers. 
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Fig. 4: Scatter plots of predicted vs. measured values for organic matter (a), total nitrogen (N) (b) and cation 

exchange capacity (CEC) (c) before and after removing the outliers. 
 
Vis-NIR spectra provided acceptable semi-quantitative estimation with residual prediction deviation (RPD) 

ranging from 1.4 to 2.0 for silt, CEC and pH of soils (Table 4). Due to the strong absorption of NIR radiation 
(1000-2500 nm) overtones by SO4

2-, CO3
2-, OH- and clay minerals have distinct spectral characteristics [15,58]. 

Chang et al. [11] also have successfully estimated the organic matter content (RPD: 2.67; r2: 0.86), CEC (RPD: 
2.65; r2: 0.86) total nitrogen (RPD: 2.51; r2: 0.84) and calcium carbonate (RPD: 2.24: r2= 0.80) of soils using 
NIRS technology. CEC is an indication of total surface area and negative charges of colloidal materials, and 
mostly related to the organic matter content, clay type and clay contents of soils. Therefore, NIRS has the ability 
to predict CEC of soils. The PLSR model predicted clay content with the highest accuracy (R2: 0.90, RMSE: 
3.58, RPD: 3.21) and EC with the lowest accuracy (R2: 0.45, RMSE: 88.57, RPD: 1.35 (Table 4). 
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Fig. 5: Scatter plots of predicted vs. measured values for calcium carbonate (CaCO3) (a), pH (b) and electrical 

conductivity (EC) (c) before and after removing the outliers 
 
The performance of pH and EC models can be classified as poor to fair models and predictions, with RPD 

values ranging between 1.35 for EC  (r2: 0.45) and 1.48 for pH (r2: 0.54). The scatter plots of measured 
predicted for EC and pH also support the low accuracy of models. Since EC of soils depends on the chemistry of 
soil solution and varies with transient criteria, reliability of NIRS predictions for EC is relatively low [21,53]. 
Hydrogen concentration of soils, defined as pH is not expected to have a direct spectral response, but some 
studies reported various degrees of predictions with NIRS. Tekin et al. [52] attributed the low accuracy of 
models to the indirect spectral response of pH in the NIR range. 
 
Table 4: Prediction parameters for soil physical and chemical characteristics. 

 Sand Clay Silt OM CaCO3 CEC Total N pH EC 
r2 0.76 0.90 0.73 0.86 0.80 0,73 0,84 0,55 0,45 
RPD 2.04 3.21 1.92 2.67 2.24 1,91 2,51 1,48 1,35 
RMSE 5,76 3,88 3,98 0,33 1,69 2,78 0,02 0,15 88,57 

 
Previous studies have reported similar r2 values for pH that was ranged from 0.47 to 0.77 (1.43, 3.45). 

However, Han et al. [20] reported acceptable predictions of pH with NIRS and middle infrared spectroscopy, 
and related to the high variation of laboratory reference values used in their studies. The CV of soil samples 
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analyzed for pH was only 2.63% (Table 3) indicating a homogeneity of soil pH. Canasveras et al. [8] reported 
poor pH prediction of NIRS because the data spanned a short range (7.2-8.7). 
 
Conclusions: 

A visible and near infrared spectrophotometer in the range of 350-2500 nm was used to measure soil 
spectra. The results indicated that Vis-NIRS Laboratory spectroscopy is a good alternative to costly physical and 
chemical laboratory soil analysis in estimation of soil texture, organic matter, CaCO3, total nitrogen and cation 
exchange capacity of soils. However, reliability of models for soil pH and electrical conductivity were not 
satisfactory. The accuracy of model predictions was increased with the removal of outliers from the data set. 
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