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Abstract 
The potential ability of the Vis-NIR (350 - 2500 nm) laboratory spectroscopy for prediction of soil 
properties has been demonstrated in the literature. The aim of this work was to predict different 
soil properties of soils collected in Mugan plain (Azerbaijan) using PLSR models and cross-valida- 
tion. Carbonatation and salinisation are the main pedogenetic processes in Muganplain, therefore 
there is a need to monitor total carbonates and soil electrical conductivity (EC). The result of work 
was positive and both total carbonates and EC showed the best result (SE = 2.90, R2-0.90 and 
SE-0.09, R2-0.82, respectively). This parameter using PLSR, SOM (SE-0.54, R2-0.83), CEC (SE-0.43, 
R2-0.62), and Total P (SE-0.50, R2-0.73) is predicted and result is over optimist. Total N (SE-0.04, 
R2-0.44), and pH (SE-0.02, R2-0.51) demonstrated low prediction quality. 
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1. Introduction 
There is widespread interest for using Vis-NIR spectroscopy to predict soil properties due to cost-effective, 
rapid and minimal soil preparation process and no hazardous to environment [1]. The demographic increasing of 
world population requires that soil resources should be carefully used. It is important that, soil resources should 
be investigated using modern technology. Conventional soil analysis is not efficiently because they are very 
slow and expensive [2] with their ecological hazard. Visible (Vis, 400 - 700 nm) and Near-Infrared (NIR, 700 - 
2500 nm) diffuse reflectance spectroscopy (DRS) has shown to be an efficient tool for the rapid and cheap pre-
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diction of soil properties [3]. The prediction of soil properties requires the creation of a spectral library relating 
spectra with reference data [4]. Such a library should be designed to represent the variation in soil properties of 
the soil types of interest. Multivariate regressions are then used to infer properties [5].  

The most important thing to enhance the accuracy of Vis-NIR measurement of soil properties is the optimal 
selection of calibration model. Five multivariate techniques, namely, stepwise multiple linear regression, PCR, 
PLSR, regression tree and committee trees were compared by Vasques et al. 2008 [6] with the aim of identify-
ing the best combination of multivariate statistics and spectra pre-processing to predict soil carbon. They con-
cluded that PLSR performed the best compared to other techniques tested. Moreover, linear PCR and PLSR 
analyses are the most common techniques for spectral modelling [1] [7]. 

There are several works predicted soil properties using Vis-NIR spectroscopy by PLSR model. Soil organic 
carbon and soil organic matter prediction is highly variable in Vis-NIR region but often reported that OM sig-
nals are weak [2]. Different authors explain it with relating soil spatial variability and soil condition and accord-
ing to Ben-Dor and Banin [8] suggested that the organic matter itself changes due to decomposition. There is 
support that soil spatial variation would affect to Vis-NIR prediction but in small range so field or farm-scale 
calibration is better than regional or coarse [9]. As an alternative Vis-NIR widely used and there are a lot of po-
werful results. NIR reflectance spectroscopy is sensitive to organic carbon and mineral soil composition which it 
possible to predict of various soil properties form single scan [15].  

2. Materials and Methods 
2.1. Study Area 
Soil samples were collected on the Mugan plain of Azerbaijan. The study are has a arid climate with a mean 
annual precipitation, evaporation, temperature of 30 mm, 1000 mm, 17˚C, respectively. Study area (Figure 1) is 
mainly located under sea level and the dominant soilsare Calcisols, Solonchaks and Calcaric Fluvisols. Saliniza-
tion, gleyfication and carbonatation processes are very appreciable and plays significant role in these soils gene-
sis and morphology [10]. 
 

 
Figure 1. The false colour composite of the study area.                                                                   
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2.2. Soil Samples and Laboratory Analysis 
For representative result of soil properties have been selected 46 sites and 194 samples were collected over ge-
netic horizon of soil sites. Soil samples were air dried and 2 mm sieved. Particle size distribution were deter-
mined by Pipette method, Organic matter content (OM) and N contents were determined using Walkey-Black 
and Kjeldahl methods, respectively; CaCO3 content was determined with the gas-volumetric method; CEC was 
determined through the extraction in ammonium acetate. Soil pH and electric conductivity (EC) were deter-
mined using a 1:5 soil-water suspension 

2.3. Soil Vis-NIR Spectral Measurement and Pre-Processing  
Air died and 2 mm sieved soil samples were put in a glass Petri dish for spectral scanning. The samples were 
scanned using ASD FielSpec 3 radiometer (Analytical Spectral Devices, Boulder, Colo.) at the range of 350 - 
2500 nm wavelength, using a contact probe with artificial light. Each soil spectrum was obtained as the mean of 
10 scans. Spectralon® white reflectance standard was scanned after every 10 soils samples for white reference. 

Pre-processing is important for remove undesirable affects from spectral data. A spectral pre-treatment was 
performed to reduce the influence of particle size and optical path length variation in the reflectance spectra [11]. 
The head and the tail (350 - 400 nm and 2450 - 2500 nm) of the spectra showed very high noise and were re-
moved manually from data matrix. The remaining spectra were subjected to Multiplicative Scatter Correction 
(MSC) for removing scatter effect and first derivative with Savinski Golay algorithms to highlight the peaks of 
the spectra [12]. All pre-processing data were carried out using Unscrambler 9.7 (CAMO) (See Figure 2). 

2.4. Spectral Modeling, Calibration and Cross-Validation 
The spectral modeling process was carried out by Partial Least Squareregression (PLSR), which is one of the 
most common methodin Vis-NIR chemometrics analysis. PLSR is a method for relating to data matrix X and Y 
through a linear multivariate model [13]. PLSR is closely related to Principal component regression (PCR), but 
PLSR algorithm integrates the compression and regression steps and it selects successive orthogonal factors that 
maximize the covariance between predictor and response variables [14]. Since the number of soil samples set 
was not high, but very representative of the soil typologies in Mugan plains, we decided to use a leave-one-out 
cross validation. Then, PLSR model was calculated on all the 194 samples, whereas the validation of the model 
was carried out on “total set-1 sample”, iteratively.  

3. Result and Discussion 
3.1. Soil Properties 
Summary statistic of measured laboratory data is provided in Table 1. The range of measured data have a varia-
ble respectively CaCO3 (215 - 3.60 g/kg), P (49 - 1 mg/kg), SOM (67.10 - 3.80 g/kg) and for the variable pH 
(9.50 - 8), K (0.11 - 4.40), have narrow range in the data set opposite to other properties. Standard deviation (SD) 
for total N, CaCO3, P, pH and SOM is respectively 0.59, 39.4, 0.97, 7.85, 0.25, 9.37. 

3.2. Prediction of Soil Properties 
The cross validation approach was used with PLSR model to calibrate soil variables based on entire soil data set. 
Method was estimated using cross validation R2 and RMSE for the soil properties. The result of PLSR model 
applied to soil properties statistics are shown in Table 2 and Figure 3 for variable soil measured and validated 
properties. PLSR applied to total N, CaCO3, total P, CEC, EC, SOM and pH. The results showed that there was 
strong correlation between Vis-NIR spectra and most of the measured soil properties. Only pH showed low cor-
relation with soil spectra. The best calibration models were obtained for EC (R2-0.96), CaCO3 (R2-0.94), Total N 
(R2-0.86), Total P (R2-0.86), CEC (R2-0.83), SOM (R2-0.78). The poor calibration result for pH (R2-0.65) but 
these properties inherently poorly related with Vis-NIR spectroscopy [1]. 

The statistics of cross-validation and result of PLSR models for CaCO3, CEC, SOM, Total N, Total P, and pH 
in soils of Mugan plain are presented in Table 2. Standard error for measured vs predicted CaCO3 (4.22 - 4.11), 
CEC (0.88 - 0.79), SOM (0.99 - 0.70), Total N (0.06 - 0.05), Total P (0.83 - 0.66) and pH (0.03 - 0.02) re-
spectively. 
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Figure 2. The spectral data plots of soil samples: the raw data (top) and first derivative with Savinski Golay smoothing 
algorithms (bottom).                                                                                        
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Figure 3. The correlation between measured soil properties and VNIR calibrated soil variables.                                               

 
Table 1. The statistic of reference data.                                                                                             

 Total N, g/kg Total  
CaCO3, g/kg CEC meq/100g EC (dS∙m−1) Fosfor 

mg/kg P pH SOM, g/kg 

Min 0.22 3.60 15.60 0.03 1.00 8.00 3.80 

Max 3.71 215.80 31.10 5.75 49.00 9.50 67.10 

Range 3.49 212.20 15.50 5.72 48.00 1.50 63.30 

Mean 1.01 108.02 22.84 0.65 6.49 8.54 15.21 

Median 0.93 115.40 22.55 0.33 3.00 8.50 14.80 

Sd.error 0.06 4.11 0.38 0.10 0.83 0.03 0.99 

SD 0.59 39.04 3.59 0.97 7.85 0.25 9.37 

Skew 1.58 −0.78 0.10 3.87 2.99 0.86 2.32 

 
A correlation between soil spectra and carbonates were investigated by using calibration set and measured soil 

properties data and there is in 3 region (1800, 2350 and 2360 nm) of spectral wavelength to predict soil carbo-
nates [8]. Prediction result demonstrated that in our prediction set is reliable. The predicted soil samples count 
are 194 and RMSE = 2.89. The best result for quantifying soil carbonate ranged between 10% - 60% and the  
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average value is 10.8 (Table 1) in our samples.  
Soil organic matter is major constitutes for soil properties and wide spectral range for assess SOM over spec-

tral region. There is strong correlation between soil color and SOM. For this reason there is suggested to use 
both vis and NIR to get best prediction result [1]. R-square is 0.83 in our sample set and RMSE is 0.54. Bands 
around 1400, 1890 and 2200 nm are very sensitive in spectra. Therefore, in study area soils have low content of 
SOM (Table 1.) for this reason Vis regions have high reflectance because of light color. Cation exchange capac-
ity (CEC) prediction result is poor than calibration set. R-square is 0.62 but in calibration set R-square was 0.83 
and RMSE = 0.43 prediction quality decreased when using more samples in validation set than calibration set 
[13]. Generally CEC capacity and SOM demonstrate same spectral similarity [16]. 

Table 3 contains statistic result of predicted properties of soil vis-nir spectroscopy measurement. The low re-
sult recorded for Total N, pH and CEC (R2 0.44, 0.51 and 0.62). Several scientific works demonstrates that pH 
hasn’t direct spectral responses. The pH regulated several properties of soil. One of them is CEC, SOM and clay 
content. Generally study area soils undergo calcification and salinization process. The positive result is CaCO3 
and EC have a good relation with spectral reflection. As a prediction result, R-square of EC is 0.82 and RMSE 
0.09. 

3.3. Conclusions 
This paper aimed to predict CaCO3, CEC, SOM, EC, pH, Total N and Total P content in the arid zone of Azer-
baijan using Vis-NIR reflectance Spectroscopy based on PLSRCV models. 

Considering of carbonate, CEC, SOM, EC, pH, Total N and Total P importance in soil also the cost of labor-
atory measurement of them Vis-NIR is a reliable alternative. It is possible to reduce laboratory costs using 
nis-NIR spectroscopy. The soil of the study area undergoes different ecological problems such as organic matter 
losses, salinisation and carbonatation. To study them and to prevent these negative processes the area soils  

 
Table 2. Statistics of measured and predicted soil data using PLSR calibration model.                                               

 
CaCO3 (g/kg) CEC meq/100 SOM (g/kg) Total N g/kg() P (mg/kg) pH 

Measured Predicted Measured Predicted Measured Predicted Measured Predicted Measured Predicted Measured Predicted 

Min 3.60 4.74 15.00 14.17 3.00 3.54 0.22 0.21 1 0.116 8 7.98 

Max 215.80 219.79 54.00 55.43 67.00 27.74 3.71 2 49 28.9 9.4 9.49 

Mean 106.14 106.14 24.68 24.12 14.80 14.35 1.01 0.96 6.49 6.43 8.50 8.52 

Median 114.95 114.98 23.00 23.24 14.00 13.95 0.92 0.92 3.00 4.76 8.50 8.53 

Sd. error 4.22 4.11 0.88 0.79 0.99 0.70 0.06 0.05 0.83 0.66 0.03 0.02 

SD 40.07 38.99 8.42 7.26 9.37 6.27 0.60 0.45 7.85 5.96 0.24 0.22 

 
Table 3. Descriptive statistics of predicted soil properties.                                                                     

 CaCO3 (g/kg) CEC 
(meq/100) SOM (g/kg) Total N 

(mg/kg) P (mg/kg) pH EC ds∙m−1 

Min 9.27 8.95 0.88 0.14 0.12 6.99 0.10 

Max 168.70 42.26 36.73 3.82 52.95 9.50 5.63 

Range 159.44 33.32 35.85 3.68 52.84 2.51 5.53 

Mean 101.51 22.92 15.04 1.05 6.66 8.45 0.88 

Median 112.27 22.60 15.02 1.03 5.01 8.47 0.45 

*SE 2.90 0.43 0.54 0.04 0.50 0.02 0.09 
#SD 39.71 5.93 7.19 0.47 6.61 0.31 1.12 

R2 0.90 0.62 0.83 0.44 0.73 0.51 0.82 

SE*: Standart error, SD#: Standart deviation. 
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should be analyzed with powerful and reliable methods. PLSR based prediction model with cross validation al-
gorithms were achieved positive result. The result of this study shows that it is possible to predict soil properties 
with reasonable accuracy using PLSR methods. 
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