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Abstract  

High soil variability necessitates a large number of samples, which poses 

disadvantages in terms of labor, time, and economic and environmental 

impacts. Utilizing spectroradiometers and geostatistical methods can lead 

to significant savings in chemical inputs and time. In this study, sixty 

surface soil samples from basaltic parent material areas were analyzed in 

the laboratory for their physical (clay, silt, sand), chemical (pH, EC, 

exchangeable cations: Ca, Mg, Na, K, CEC, percent CaCO3) and 

biological (soil organic matter; OM100mμ, OM2mm) properties. 

Spectral and geostatistical methods were employed to estimate and map 

these properties. Spectral reflectance were obtained within the 350 to 

2500 nm wavelength range. Modeling the relationships between 

laboratory measurements and spectral readings were performed using 

Partial Least Squares Regression (PLSR). Additionally, geostatistical 

techniques such as Inverse Distance Weighting (IDW), Ordinary Kriging 

(OK), and Cokriging (COK) were utilized to generate maps illustrating 

the spatial distribution of soil parameters. The accuracy of the predictions 

were evaluated using RMSE (Root Mean Square of Estimation) 

parameter. The predictive success of prediction techniques varied 

depending on the specific soil property under investigation. The VNIRS-

PLSR method achieved the highest accuracy and the lowest RMSE values 

for parameters such as organic matter, sand, clay contents, cation 

exchange capacity (CEC), and electrical conductivity (EC). Conversely, 

geostatistical methods yielded the lowest RMSE results for parameters 

such as lime (CaCO3), pH, silt, exchangeable Ca, exchangeable K, 

exchangeable Na, and exchangeable Mg. The application of the COK 

technique using a secondary variable resulted in a 1 % to 19 % increase 

in prediction success compared to OK and IDW techniques. Overall, each 

estimation technique has its own advantages and disadvantages, which 

should be taken into consideration in the selection of the technique for 

prediction of soil variables. 
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1. Introduction 

Precision agriculture methods should be 

utilized to boost productivity per unit of land 

area (Türker and Güçdemir, 2004). The 

precision farming ensures optimal efficiency 

by customizing inputs accordingly (Kaplan, 

2020). Kaplan (2020), highlighted the 

significance of identifying regional differences 

in land through mapping, enabling agricultural 

practices to align with the specific needs of soil 

and plants. Furthermore, Qi et al. (2009), 

recommended precision agriculture practices 

not only for efficiency but also for 

environmental protection, aiming to prevent 

the pollution of nature and ecosystems from 

unnecessary chemical applications. 

Excessive use of inputs leads to infertility 

and the formation of barren land. Since soil 

nutrients may vary within the same field, it is 

crucial to map the variability in the land and 

apply fertilizers based on these specific needs 

(Birol and Günal, 2022). For agricultural areas, 

it is recommended to perform soil content 

analyses and create maps based on these results 

to apply practices according to spatial 

variability. Furthermore, these maps, obtained 

through geostatistical methods, can be 

integrated into precision agriculture tools, 

enabling region-specific applications. (Kaplan 

and Rufaioğlu, 2023; Kaplan and Öztürk, 

2023; Kaplan and Rufaioğlu, 2024; Kaplan et 

al., 2024). The site-specific management of 

inputs reduces soil pollution, input costs, and 

enhances productivity, ultimately ensures the 

sustainability of agricultural production 

(McGrath et al., 2004; Trangmar et al., 1985). 

The ability of a soil sample to accurately 

represent an entire land area depends on the 

soil variation within that land (Trangmar et al., 

1985). Variability in soil properties in the field 

significantly impacts the evaluation and 

interpretation of these properties. The number 

of samples taken and the distance between 

sampling points are crucial for achieving 

accurate results in studies. Neglecting the 

distance factor for closely located variables 

leads to insufficient information for variable 

identification (Hamlett et al., 1986). Therefore, 

soil sampling should consider the distance 

between coordinate points, as closer proximity 

to real data enhances the likelihood of 

obtaining more precise results. 

Determining soil properties play a crucial 

role in achieving optimal yield in agriculture. 

Various methods exist to determine soil 

properties, geostatistical and spectral 

techniques have emerged as priorities to 

estimate soil properties. A map depicting the 

variation within a field is generated using 

geostatistical methods. Geostatistical 

techniques have been applied to create maps 

showing the spatial distribution of diverse soil 

properties (İmamoğlu and Sertel, 2016). local 

variations in precipitation (Çetin and Tülcü, 

1998). and to estimate available phosphorus 

levels in soils (Akbaş, 2012). The geostatistics 

rely on determining experimental variogram 

structures from observed values and 

constructing a theoretical model based on this 

structure (Çetin and Tülcü, 1998; Baskan, 

2004). Estimates of variables in areas without 

measurements are derived using Kriging 

analysis results based on semivariogram 

parameters (Turgut and Öztaş, 2012). COK is 

a method utilizing information from the cross-

correlation of a second variable to minimize 

the variance of the estimation error (Journel 

and Huijbregts, 1978). The COK method is 

useful in the characterization of soil properties 

because it takes into account the variability of 

primary and secondary variables, thus 

improving predictions using measurements of 

the secondary variable in cases where 

measurements of the primary variable are 

inadequate. The creation of geostatistical maps 

also offers advantages for investment planning 

in the area and facilitates the establishment of 

databases (McGrath et al., 2004; Aksakal and 

Öztaş, 2010; Turgut and Öztaş, 2012). 

The Visible and Near-Infrared 

Spectroradiometer (VNIRS) method has 

recently gained widespread use in predicting 

soil and plant properties. This can be attributed 

to its positive aspects, such as not requiring 

chemicals used in laboratory chemical 

analyses for the determined parameters and 

saving labor within a short period (Dunn, 

2002). The VNIRS method has been utilized in 
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various areas, including soil salinity 

classification (Bilgili et al., 2014), forensic 

science related to soils (İnci et al., 2021) and 

creating soil maps (Milos and Bensa, 2018), as 

well as in precision agriculture (Keskin and 

Görücü Keskin, 2012). 

Between 0.1 % and 1 % of the world's soils 

consist of basaltic soils, which are typically 

formed as a result of volcanic activity. These 

soils are known for their mineral richness and 

are commonly found in volcanic regions (Soil 

Servey Mnual, 2017). Soils derived from 

basaltic parent material typically exhibit a 

neutral to slightly alkaline pH, and their 

mineral composition enhances the retention of 

plant nutrients. These soils are generally 

regarded as fertile agricultural lands with good 

drainage systems that promote root 

development. Characterizing basaltic soils is 

crucial for evaluating their agricultural 

suitability. Understanding soil properties helps 

determine key factors such as plant nutrition, 

water retention capacity, drainage capabilities, 

and soil structure. This information is essential 

for developing appropriate fertilization, 

irrigation, and soil amendment practices for 

optimal plant cultivation (Valenzuela-Estrada 

et al., 2015). 

This study aims to characterize, estimate, 

and map the properties of soils formed from 

basalt parent material using geostatistical and 

spectroradiometric methods. Additionally, it 

seeks to compare the success of both 

techniques in achieving these objectives. 

2. Materials and Methods 

2.1. Study area  

The study was conducted in soils formed on 

basaltic rocks in the Siverek district of 

Şanlıurfa province. The study area, spanning 

39 km2, is situated between latitudes 

37°43'16.00 "N - 37°45'20.66 "N and 

longitudes 39°04'23.82 "E - 39°16'49.82 "E.  

The average annual temperature is 26.4 °C 

and the difference between the driest and 

wettest month is 90 mm. The annual rainfall is 

478.4 mm, 30 % of which falls in spring, 1.4 

% in summer, 13.8 % in autumn and 54.7 % in 

winter (Karakeçili, 2004). 

Şanlıurfa is located in the southern foothills 

of the Southeastern Taurus Mountains and the 

northern parts of the Arabian plateau. Siverek, 

Hilvan, Viranşehir and Karacadağ are 

composed of basalts, while the other part of the 

province consists of limestone (Erdinç et al., 

2011). In Şanlıurfa province, under semi-arid 

climate conditions, there are red-brown, 

brown, brown forest, non-calcareous brown, 

basaltic, colluvial, and alluvial soils (İnci et al., 

2023). Karacadağ is an extinct volcano that 

sprayed lava around itself and formed black 

stones. The land descends from Viranşehir 

towards the Harran Plain (Karakeçili, 2004). 

Most of Şanlıurfa is covered with calcareous 

soil and has Karst topography. The lavas of 

Karacadağ are spread over a wide area and 

consist of basalt. There are many caves, 

cisterns, dolines and poljes in the region. Soils 

generally have high clay content and are low in 

organic matter and phosphorus. The elevation 

of the study area varies between 549 and 758 

meters above sea level. 

2.2. Soil sampling 

A total of 60 samples were collected from 

the study area at around 500-meter intervals 

using GPS, from a depth of 0-30 cm based on 

a random sampling approach. The distribution 

of sampling points across the study area is 

depicted in Figure 1. 
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Figure 1. Study area and sampling points 

 

2.3. Topographical analyses 

The contour lines from the topographic 

maps of the study area were digitized to 

create a digital elevation map (DEM) in the 

ArcMap environment. Subsequently, a 

slope map of the study area was generated 

from the obtained DEM (Figure 2). The soil 

sampling coordinates were then matched 

with elevation data and slope values 

corresponding to the sampling points. 

 

 

 

Figure 2. Slope and elevation maps of the study area 

586



Kaplan and Bilgili 

 
 

 

2.4. Soil analyses 

To prepare the soil samples for analysis, 

air-dried disturbed soil samples were passed 

through 2 mm. A 100 micron sieve was 

additionally used for soil organic matter 

analyzes. Texture analysis in soil samples 

was performed with the Bouyoucos method 

(Bouyoucos, 1951). Exchangeable cations 

(Ca, Mg, K, and Na) were determined using 

the 1 N ammonium acetate method 

(Thomas, 1983). Cation exchange capacity 

(CEC) was determined using the 1 N 

ammonium acetate (pH = 7.0) method 

(Jackson, 1958). Lime (CaCO3) content was 

measured using the Scheibler calcimeter 

(Gedikoğlu, 1990). Soil reaction (pH) was 

determined using a pH meter with the 

extract obtained from saturation paste (Soil 

Survey Laboratory, 2004). Electrical 

conductivity (EC) was measured using an 

EC meter with the filtrate obtained from the 

saturation paste (Soil Survey Laboratory, 

2004). The organic matter contents of soils 

both sieved through 2 mm (OM2mm) and 

100 micron sieve (OM100mμ) were 

determined using a modified version of the 

Walkley-Black method (Jackson, 1958). 

2.5. Spectroradiometric analyses  

To obtain the spectral reflections of air-

dried soil samples sieved through a 2 mm 

sieve in the visible and near-infrared range, 

soil samples were placed in glass petri 

dishes at approximately 20-25 grams. 

Spectral reflections with a 1 nm resolution 

in the 350-2500 nm wavelength range were 

obtained using a Spectroradiometer (ASD 

FieldSpec 3) at Harran University (Figure 

3). The Spectroradiometer was calibrated 

using white spectralon when needed, and 

the final reflectances of soil samples were 

obtained by ratioing the soil spectra to the 

white spectralon spectra (Equation 1) The 

Partial Least Squares Regression (PLSR) 

method was employed to model the 

relationships between reflectance 

measurements taken from the soil and the 

soil properties. 

 

 
Figure 3. Taking reflections of soil samples with the Field Spec III Spectroradiometer instrument 

 

 

 

R = (
Soil Reflection

White Spectralon Reflection
)                Equation 1  

 
 

2.6. Partial least square regression 

(PLSR)  

PLSR is particularly useful for 

interpreting and evaluating a large number 

of X variables that have significant 

correlations between them, such as spectral 

data (Esbensen and Geladi, 2010). In this 

method, spectral reflections form the X 

matrix, while the soil parameters to be 

estimated (laboratory analysis values) form 

the Y matrix.  The validation of PLSR 
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calibration models was conducted using a 

leave-one-out cross-validation approach. In 

this technique, each sample is removed 

from the dataset, and a model is created with 

the remaining samples. This process is 

repeated for all samples, ensuring that each 

sample goes through the same procedures, 

and results are obtained for the entire 

dataset (İnci et al., 2021). The cross-

validation method is also utilized in the 

PLSR technique for calibration and 

validation to determine the optimal number 

of variables (Milos and Bensa, 2018). PLSR 

models were developed using The 

Unscrambler program.  

Basic descriptive statistics (Minimum, 

Maximum, Average, Standard Deviation, 

Range, Coefficient of Variation) of the soil 

parameters investigated in the study and 

correlations among soil parameters were 

obtained using the JMP program. 

2.7. Geostatistical analyses 

The steps followed when using 

geostatistics are: the first, data is collected 

and exploratory data analysis is performed. 

Before proceeding to kriging analysis, 

parameters that did not exhibit a normal 

distribution were normalized. Parameters 

with skewness values exceeding 1 were 

normalized through logarithmic 

transformation before being subjected to 

kriging analysis. Then, the spatial 

correlation between data points is analyzed 

by creating a semi-variogram. Based on the 

semi-variogram, the most appropriate 

mathematical model is selected. Using this 

model, values at unknown points are 

estimated and mapped using the kriging 

method. Finally, the accuracy and precision 

of the predictions are evaluated by cross-

validation (Isaaks and Srivastava, 1989). In 

the study, soil properties were estimated 

and mapped using the IDW, kriging and 

COK techniques. IDW predominantly 

conducts predictions based on distance, 

whereas kriging incorporates both distance 

and spatial dependency among samples. 

Conversely, COK, unlike IDW and kriging, 

anticipates the utilization of an alternate 

variable correlated with the primary 

variable rather than a singular variable. 

Consequently, these three techniques, each 

with distinct structures, were subjected to 

testing. The operational principles of these 

three methods diverge from one another. 

2.8. Inverse distance weighting (IDW)  

The Inverse Distance Weighting method 

creates estimates by using a linear 

combination of the values at the sampled 

points and the values at the non-sampled 

points, with the inverse distance functions 

of the distances (Burrough and McDonnell, 

1998). Where the point r is the exponent that 

determines the assigned range of each of the 

observations, and d is the distance between 

the observation point Xi and the prediction 

point X0 (Equation 2). 

 

 

𝑍(𝑋0) =
∑ 𝑍(𝑋𝑖). 𝑑𝑖0

−𝑟𝑛
𝑖=1

∑ 𝑑𝑖0
−𝑟𝑛

𝑖=1

                          Equation 2 

 

 

2.9. Ordinary kriging 

The Kriging technique is widely 

employed in the field of geostatistics 

(Caruso and Quarta, 1998). Ordinary 

Kriging is a spatial interpolation method 

widely used for estimating characteristics in 

areas where no sampling has been 

conducted. In this method, neighboring 

samples are utilized to make predictions. 

The value of the point to be predicted is 

determined by calculating the average 

weight based on the distances to 

neighboring points (Equation 3) (Isaaks and 

Srivastava, 1989). 
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𝑍(𝑋𝑜) = ∑ 𝑊𝑖 𝑍(𝑋𝑖)

𝑁

𝑖=1

                                    Equation 3  

 

where Z(Xo) is the kriging estimate for 

point Xo, n is the number of samples in a 

search neighborhood, and Wi is the weights 

assigned to the i'th observation Z(Xi). 

Weights are determined for each variable 

using a variogram, which measures the 

spatial correlation and covariance structure 

between data points (Journel and 

Huijbregts, 1981) (Equation 4); 

 

𝑟(ℎ) =
1

2
𝑁(ℎ) ∑[𝑍(𝑋𝑖) − 𝑍(𝑋𝑖 + ℎ)] 2

𝑁

𝑖=1

           Equation 4 

 

2.10. Co-kriging 

In the Co-Kriging method, the auxiliary 

variable is estimated as a co-variable of the 

primary parameter. The weights ⋋i and ⋋j 

refer to the Z and Y variables, respectively, 

and m and n represent the number of data 

used in the estimation of Z and Y variables, 

respectively (Equation 5). COK leverages 

the covariance between primary and 

secondary variables in estimations. When 

the primary variable is not sufficiently 

sampled but the secondary variable is better 

sampled, and the covariance between the 

primary and secondary variables can be 

well modeled, the Co-Kriging method is 

utilized to enhance the estimation quality 

(Chang, 2002). Geostatistical analysis was 

conducted using ArcMap program version 

10.5. 

 

𝑍∗ = ∑  ⋋İ  𝑍İ +  ∑⋋𝑗 𝑦𝑖

𝑚

𝑗=1

𝑛 

𝑖=1

                                Equation 5 

 

2.11. Accuracy evaluations 

The accuracy of predictions made by 

both geostatistical and VNIRS methods was 

evaluated, and comparisons between the 

methods were made using the RMSE (Root 

Mean Square Error) parameter. RMSE is 

calculated as the square root of the mean of 

the squared differences between the actual 

measurement values and the predicted 

values (Equation 6). 

 

𝑅𝑀𝑆𝐸 = √∑
(𝑋𝑖 − 𝑌𝑖)2

𝑛

𝑛

𝑖=1

                                       Equation 6 

 

Xi: X1, X2,….Xn (estimated values). Yi: 

Y1, Y2,….Yn (observed values). n: number 

of observations (Equation 6).  

3. Results and Discussion 

3.1. Soil properties 

The average values of the soil variables 

investigated are presented in Table 1. These 

soils exhibit a low CaCO3 content, ranging 

from 0.23 % to 3.74 % (with an average of 

1.38 %), which is characteristic of soils 

formed on basalt rocks with minimal 

CaCO3 content (Brady and Weil, 2008). 

The soils had a neutral pH averaging 7.2, 

ranging from 6.5 to 7.7, and relatively low 

to moderate organic matter content, 
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averaging 1.38 % and varying from 0.23 % 

to 3.74 %. These soils are predominantly 

clayey in texture and exhibit high levels of 

exchangeable cations such as Ca, Mg, Na, 

and K (averaging 7971 ppm, 477 ppm, 1028 

ppm, and 106 ppm, respectively), along 

with a CEC ranging from 10.06 to 97.79 

me/100g. Silicates resulting from the 

decomposition of basalt promote the 

formation of clay minerals in the soil. These 

minerals increase the clay content of the soil 

(Brady and Weil, 2008). The average 

organic matter content (2.42 %), CaCO3 

content (6.12 %), clay content (52.64 %), 

silt content (21.33 %), sand content (26.02 

%), pH (7.57), and EC (0.66 dS m-1) at the 

surface depth of three different soil profiles 

developed on basalt parent material in the 

region reported by İnci (2020) were 

consistent with the values in this study. 

Additionally, the exchangeable Ca, Mg, Na, 

K values (51.66, 13.16, 0.49, 1.40, 

respectively) and CEC values (14.25 

me/100 g) were found to overlap with the 

findings of this study. In another study 

conducted by Ekberli and Dengiz (2017), 

the surface soil of the profile formed on the 

basalt parent material exhibited varying 

values for clay (32.1-56.2 %), organic 

matter (1.65-2.35 %), pH (7.03-7.87), and 

lime (CaCO3) content (0.20-0.79 %). 

Additionally, the exchangeable Na, K, and 

Ca+Mg (cmol kg-1) values ranged between 

0.22-0.41, 0.24-1.67, and 33.16-42.24, 

respectively, aligning with the results of our 

study as well. The Coefficient of Variation 

(CV) provides valuable insights into the 

distribution (variability) of soil parameters. 

CV values less than 15 % indicate low 

variability, values between 16-35 % 

indicate moderate variability, and values 

greater than 36 % indicate high variability 

(Cambardella et al., 1994). Based on this 

classification, some parameters in the study 

area exhibited significant variability. 

Among these parameters, OM100mµ had 

the highest coefficient of variation (71.8 %), 

indicating the greatest variability in the 

study area. Factors such as vegetation 

diversity, biological activity, land slope and 

drainage may lead to differences in organic 

matter accumulation and transport, causing 

more organic matter to accumulate in flat 

areas and less organic matter to accumulate 

in sloping areas due to erosion (Brady and 

Weil, 2008). In this study, a negative 

correlation was found between organic 

matter values determined from soils of 

different sizes and topographic parameters 

(elevation and slope) (Table 2). Conversely, 

pH had the lowest coefficient of variation 

(3.19 %), indicating the least variability in 

the study area. Clay, silt, and sand showed 

low variability, while exchangeable Ca, 

exchangeable Mg, exchangeable K, 

OM2mm, lime (CaCO3), CEC, 

exchangeable Na, and EC exhibited 

moderate variability (Table 1). The general 

chemical properties of soils associated with 

basaltic parent materials show significant 

differences that are dependent on 

mineralogy, particularly clay mineralogy. 

For example, the pH of soils derived from 

basaltic materials typically ranges from 5.0 

to 7.5 (Singer, 1987), and these high pH 

values can be maintained even in tropical 

regions unless subjected to intensive 

weathering (Isbell et al., 1976, 1977; 

Gillman and Sumpter, 1986). The base 

saturation percentage of these soils is 

generally over 60 %, and their cation 

exchange capacity (CEC) is high (Mitchell 

and Jarvis, 1956), even in silt fractions 

(Wilson and Logan, 1976). In this research, 

the variability in the CEC parameter 

determined in soils on the same parent 

material can also be explained by the 

topography of the study area. As a matter of 

fact, a statistically significant positive 

correlation (r: 0.34*, p<0.05) was obtained 

between CEC and slope (Table 2).  Soil 

parameters with high variability based on 

coefficients of variation are expected to 

have low spatial dependency rates, whereas 

parameters with less variability tend to have 

higher spatial dependency (Tekin et al., 
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2011; Akbaş, 2012). In a different study 

similar to this one, the pH parameter also 

had the lowest coefficient of variation. 

However, unlike our study, the CaCO3 

parameter exhibited the highest coefficient 

of variation (Başbozkurt et al., 2013). 

 
Table 1. Introductory statistics of soil parameters 
Soil 

variables 

 

Unit 

 

Min. 

 

Max. 

 

Average 

 

Std.Sd 

 

Skewness 

 

Range 

 

CV† 

CaCO3 % 0.23 3.74 1.88 1.12 1.89 3.5 59.57 

OM2mm % 0.23 3.74 1.38 0.58 1.65 3.5 42.02 

pH  6.5 7.7 7.2 0.23 -0.33 1.2 3.19 

EC µS/cm 268 2460 586 401.5 2.88 2192 68.46 

Sand % 17.12 37.12 26.12 5.01 0.45 20 19.18 

Clay % 46.88 66.88 57.57 5.36 -0.31 20 9.31 

Silt % 12 22 16.3 2.51 0.60 10 15.39 

OM100mµ % 0.65 7.99 2.38 1.71 1.95 7.34 71.84 

CEC me/100g 10.06 97.79 26.28 15.78 3.19 87.73 60 

E. Ca ppm 0 14020 7971 2541 0.13 14024 31.87 

E. K ppm 0 1132 477.6 188 1.33 1136 39.36 

E. Mg ppm 0 1714 1028 339.9 -0.08 1724 33.06 

E. Na ppm 0 426,8 106 70.16 2.47 428.2  66.18 
†: Coefficient of Variation ((Standard deviation/mean) *100), E. Ca: Exchangeable Ca, E. K: Exchangeable K, E. Mg: Exchangeable Mg, E. Na: 

Exchangeable Na, 

 

 

Several statistically significant (p<0.05) 

positive and negative relationships were 

recorded among soil variables (Table 2). 

These include a significant negative 

correlation between pH and EC (p<0.05), a 

significant positive correlation between pH 

and exchangeable Ca (p<0.05), a significant 

negative correlation between CaCO3 and 

Mg (p<0.05), and a significant negative 

correlation between OM2mm and EC, K 

(p<0.05). Additionally, significant positive 

correlations were found between clay and 

Mg (p<0.05), and between Ca and K, Mg, 

and Na (p<0.05). Furthermore, a significant 

positive correlation was observed between 

K and Mg (p< 0.05), as well as between Mg 

and Na (p<0.05) (Table 2). These 

correlations highlight the interrelationships 

among various soil parameters in the study 

area. 

 
Table 2. Correlation between soil parameters 

 

CaCO3  

OM 

2mm 

 

pH 
EC 

 

Sand 

 

Clay 

 

Silt 

 

OM 100mµ 

 

CEC 

 

Ca 

 

K 

 

Mg 

 

Na 

 

 

Sǂ 

 

 

Eᵻ  

CaCO3(%) 1                           

OM2mm(%) -0.17 1              

pH -0.04 -0.12 1 
          

  

EC 

(µS/cm) 
-0.14 0.31* -0.39* 1 

         

  

Sand (%) 0.18 -0.24 -0.16 0.07 1         
  

Clay (%) -0.11 0.2 0.2 -0.09 -0.8* 1          

Silt (%) -0.1 0.05 -0.12 0.06 -0.1 -0.36* 1 
      

  

OM100mµ 

(%) 
-0.09 0.28* -0.28 0.07 0.03 -0.14 0.23 1 

     

  

CEC 

(me/100g) 
-0.11 0.17 0.08 -0.06 -0.19 0.2 -0.04 0.13 1 

    

  

Ca(ppm) -0.03 -0.11 0.26* -0.08 0 0.21 -0.45* -0.28 0.01 1 
   

  

K(ppm) -0.18 0.35* -0.12 0.22 -0.19 0.22 -0.08 0.17 0.19 0.55* 1     

Mg(ppm) -0.36* 0.11 0.23 -0.07 -0.15 0.36* -0.46* -0.07 0.22 0.60* 0.40* 1 
 

  

Na(ppm) -0.13 -0.02 0.09 0.01 0.2 -0.06 -0.26* 0.03 0.03 0.33* 0.15 0.30* 1   

S (%) -0.19 -0.10 -0.08 0.03 0.07 -0.09 0.06 -0.03 0.34* -0.21 -0.12 -0.09 -0.10 1  

E (m) -0.22 0.09 0.39** 0.11 -0.28* 0.28* -0.04 -0.23 0.21 0.25* 0.17 0.15 0.03 
-

0.21 

1 

*p<0.05: significant at level, **p<0.01: significant at level, ǂ : Slope, ᵻ : Elevation 
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3.2. Estimation and mapping of soil 

parameters with geostatistical 

methods 

The soil parameters investigated were 

estimated using geostatistical methods such 

as Ordinary Kriging, IDW, and Co-Kriging, 

and maps depicting the estimated 

distribution of these soil parameters were 

generated.  

The variogram graphs illustrating the 

spatial distribution of soil parameters, along 

with the variogram parameters (range, 

nugget, sill), are provided in Figure 4 and 

Table 3, respectively. The spatial patterns of 

soil parameters are predominantly 

characterized by Spherical variogram 

models, as shown in Table 3 and Figure 4. 

The Nugget/Sill ratio offers insights into the 

spatial dependencies of the examined 

parameters within the study area. A 

Nugget/Sill ratio below 25 % indicates a 

strong spatial distribution, between 25-75 % 

suggests a moderate spatial distribution, and 

above 75 % indicates a weak spatial 

distribution (Cambrella et al., 1994). Based 

on these criteria, parameters such as K, 

OM2mm, Clay, Silt, Sand, and CEC 

exhibited a Nugget/Sill ratio of 75 % and 

above, while pH displayed a Nugget/Sill 

ratio below 25 %. Other parameters 

(CaCO3, silt, EC, Ca, Mg, Na) fell within 

the range of 25-75 % for the Nugget/Sill 

ratio, indicating a moderate spatial 

dependence (Table 3). It is noted that the 

Nugget/Sill ratio parameters can influence 

the success of predictions (Kravchenko, 

2003). 
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        Clay                                                              Silt 
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Figure 4. Variograms of soil parameters 

 

Table 3. Parameters of variograms of soil parameters 

Soil parameters Model Range Co C Co + C 

Co/CoC 

*100 

Model 

Quality 

Lime (%) Spherical 899 0.64 0.75 1.39 46 Moderate 

OM2mm(%) Spherical 1566 0.315 0.092 0.407 77 Poor 

pH Spherical 1955 0.013 0.052 0.065 20 Powerful 

Sand(%) Spherical 2847 22.12 2.987 25.10 88 Poor 

Clay(%) Spherical 2519 22.38 6.55 28.93 77 Poor 

Silt(%) Spherical 1613 3.57 3.34 6.91 51 Moderate 

EC(µS/cm) Spherical 3389 69051 132047 201099 34 Moderate 

E. Ca(ppm) Spherical 2091 2922072 3619622 6541694 44 Moderate 

E. K(ppm) Spherical 3500 50158 0 50158 100 Poor 

E. Mg(ppm) Spherical 4999 0.0250 0.0100 0.035 71 Moderate 

E. Na(ppm) Spherical 1257 2952 2160 5112 57 Moderate 

CEC(me/100g) Spherical 16180 227.6 72.03 299.63 75 Poor 
Nugget to Sill: Co/Co+C*100 ratio, Sill: Co + C, Partial Sill: C, Nugget: Co, E. Ca: Exchangeable Ca, E. K: Exchangeable K, E. Mg: Exchangeable Mg, 

E. Na: Exchangeable Na, 

 

Following the derivation of variograms 

and cross-variograms, soil parameter 

estimates were generated at unsampled 

points using the Ordinary Kriging (OK) and 

Co-Kriging (COK) methods. The accuracy 

of these predictions was assessed through a 

cross-validation approach. Cross-validation 

is a method used to measure how well a 

model works. In this method, the data set is 

divided into several parts. The model is 

trained with one part, and tested with the 

other part. If the model performs well in 

training and also performs well in testing, 

reliability is high. However, if it performs 

well in training but poorly in testing, the 

model has low reliability. This method 

provides important information about the 

generalization ability of the model. Graphs 

depicting the relationship between the 

predictions from cross-validation and the 

actual laboratory measurements using the 

Ordinary Kriging, Inverse Distance 

Weighting (IDW), and Co-Kriging methods 

for soil parameters were constructed. The 

Root Mean Square Error (RMSE) values 

obtained from the cross-validation of each 

estimated parameter are presented in Table 

4. Ordinary Kriging, IDW, and Co-Kriging, 

and maps depicting the estimated 

distribution of these soil parameters were 

generated (Figure 5).  

 

distance

se
m

iv
a

ri
a

n
ce

2e+06

4e+06

6e+06

8e+06

1000 2000 3000 4000 5000

distance

s
e

m
iv

a
ri

a
n

c
e

0.02

0.04

0.06

0.08

1000 2000 3000 4000 5000

594



Kaplan and Bilgili 

 
 

 

 

 

 
Figure 5. Mapping clay content in the research area with IDW, Kriging and COK methods 
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3.3. Spectroradiometric analyzes 

The spectral reflectance data of soils 

derived from basaltic parent material are 

illustrated in Figure 6, covering the range of 

350-2500 nm. Upon examining the soil 

reflections, distinct absorption peaks were 

observed at wavelengths of 1400, 1900, and 

2200 nm, which are associated with soil 

moisture held at various pressures (Bilgili et 

al., 2010). It is well-documented that soil 

moisture significantly influences both the 

reflection and absorption properties of soil 

(Lobell and Asner, 2002). 

 

 
Figure 6. Raw reflections of soil parameters in the range of 350-2500 nm 

 

The obtained spectral data was used for 

modeling and predicting soil parameters. 

The models and predictions between 

laboratory measurements and spectral data 

were performed using Partial Least Square 

Regression (PLSR) analysis, and the 

accuracy of the models was tested using 

cross-validation method. 

The graphs illustrating the relationship 

between laboratory measurement results of 

soil parameters and PLSR estimates, 

created using the reflections obtained from 

the spectroradiometer, are shown in Figure 

7. The cross-validation prediction success 

results of the models are provided in the 

Table 4. 

 

a)  
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b)  

c)  
 

Figure 7. Relations between predictions with VNIRS-PLSR and actual values of soil variables according to cross 

validation approach; a) OM100 mµ (*), b) OM100 mµ (**), c) clay (%). OM100mµ (*): Prediction chart obtained 

without subtracting values with organic matter content above 3% from the data (R2:0.36). OM100mµ (**): Prediction 

chart obtained when values with organic matter content above 3% are removed from the data (R2:0.52). 

 

The accuracy of prediction 

measurements can be assessed using R2 

values. According to the classification by 

Saeys et al. (2005), R2 values between 0.50-

0.66 indicate the model's ability to 

differentiate between increasing and 

decreasing trends, values between 0.66-

0.80 suggest close numerical predictions, 

values between 0.81-0.90 are considered 

good predictions, and values above 0.90 

indicate very good predictions. In this 

study, the R2 value for the OM100mµ 

parameter was determined as 0.52, and for 

the clay parameter, it was measured as 0.50, 

indicating the model's capability to 

recognize trends with reasonable accuracy. 

Among the parameters evaluated, variables 

such as Mg, Ca, K, Na, CEC, sand, silt, pH, 

CaCO3, OM2mm, OM100mµ, and EC 

demonstrated R2 values suggesting a low 

level of accuracy, while OM100mµ and 

clay parameters showed a moderate level of 

accuracy. In a previous study by Şenol and 

Akgül (2013), the clay parameter was 
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reported with an R2 value of 0.59 using 

visible-near-infrared reflection 

spectroscopy. Organic matter content is a 

significant soil parameter that accounts for 

variations in soil quality, influencing 

various soil physical, chemical, and 

biological properties. (Kara et al., 2022; 

Aydemir and Kara, 2023; Kara and 

Yakupoğlu, 2023; Kara et al., 2024). In 

spectral readings for organic matter 

detection, factors such as soil texture, 

moisture content and surface conditions 

affect organic matter signals. High moisture 

content can obscure organic matter signals, 

while sandy soils and different surface 

conditions make organic matter detection 

difficult. There exists a close relationship 

between soil organic matter content and soil 

color, where soils with high organic matter 

content tend to have darker colors. This 

relationship also extends to light reflections 

in the visible region (Ting et al., 2009). 

Studies have shown that the Visible and 

Near-Infrared Spectroscopy (VNIRS) 

method has been effective in estimating soil 

organic matter content (Wetterlind et al., 

2013; Bilgili et al., 2010; Ting et al., 2009). 

However, the success rate of the VNIRS - 

Partial Least Squares Regression (PLSR) 

model established for soil organic matter 

was found to be relatively low, possibly due 

to the suppressive effects of other soil 

properties on reflections (İnci et al., 2021). 

Wetterlind et al. (2013), discussed that light 

distribution in soils rich in sand can hinder 

organic matter adsorption, suggesting that 

sandy soils in the dataset should be 

excluded to achieve accurate estimates for 

soil organic matter. Additionally, the high 

lime content in soils can also impede the 

adsorption effect of organic matter, leading 

to weaker models between organic matter 

and soil reflections (İnci et al., 2021). 

Previous studies on organic matter 

estimation using the spectroradiometer 

method and PLSR method have reported R2 

values ranging from 0.80 to 0.93 (Lazar et 

al., 2020). 

3.4. Comparison of Geostatistical and 

VNIRS Methods for the estimation of 

Soil Parameters 

Soil parameters were estimated using 

four different techniques (OK, IDW, COK, 

and VNIRS), and the accuracy of the 

predictions was assessed through cross-

validation. The cross-validation RMSE 

values and percentage improvement rates 

obtained with the Co-Kriging technique are 

detailed in Table 4. 

 

Table 4. RMSE values of geostatistical and VNIRS methods in estimating soil parameters 

Soil parameters IDW OK COK 
Variables used in COK PI (%) VNIRS-

PLSR 

CaCO3 (%) 1.19 1.23 1.03 CaCO3
ᵻ -Mgǂ 1.34 1.13 

OM2mm (%) 0.62 0.63 0.62  OM2mm
ᵻ-Clayǂ 1.58 0.54 

pH 0.18 0.18 0.19  pHᵻ-Clayǂ  0.21 

Sand (%) 4.95 4.90 4.67 Sandᵻ-OM2mm
ǂ 5.65 4.04 

Clay (%) 5.25 5.25 4.94  Clayᵻ-Kǂ 5.90 3.8 

Silt (%) 2.60 2.58 2.20  Siltᵻ-Mgǂ 15.38 2.49 

OM100mµ (%) 1.75 1.68 1.64 OM100mµ
ᵻ-Clayǂ 6.28 1.39 

EC (µS/cm) 417 402 388  ECᵻ-OM2mm
ǂ 6.95 328 

E.Ca (ppm) 2299 2306 1855  Caᵻ-Mgǂ 19.31 2471 

E.K (ppm) 203 182 187  Kᵻ-OM2mm
ǂ 7.88 192 

E.Mg (ppm) 311 312 291  Mgᵻ-Clayǂ 6.73 304 

E.Na (ppm) 74.1 73.4 70.9  Naᵻ-Kǂ 4.31 72.1 

CEC (me/100g) 18.7 16.8 17  CECᵻ-Clayǂ 9.09 16.5 
IDW: Inverse Distance Weighting, OK: Ordinary Kriging, COK: Co-Kriging, VNIRS PLSR: Mean Least Squares Regression, ᵻ: primary variable (PV), 

ǂ: secondary variable (SV), E. Ca: Exchangeable Ca, E. K: Exchangeable K, E. Mg: Exchangeable Mg, E. Na: Exchangeable Na, % PI (Percentage 

Improvement): A*C/B (A: 100, B: IDW or OK RMSE values, C: B - COK RMSE values). 

 

The RMSE (Root Mean Square Error) 

values from cross-validation serve as 

indicators of prediction accuracy, with lower 

RMSE values indicating higher accuracy. 
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RMSE is a metric that measures how close the 

predicted values are to the actual values. A 

lower RMSE value indicates that the model's 

predictions are closer to the real values, 

signifying higher accuracy. Upon examination 

of the RMSE values from the study, the OK 

method yielded the lowest RMSE value for the 

exchangeable K parameter (178); the IDW and 

OK methods had the lowest RMSE values for 

the pH parameter (0.18); the COK method 

resulted in the lowest RMSE values for lime 

(CaCO3) (1.03), silt (2.20), exchangeable Ca 

(1855), Mg (291), and Na (70.95) parameters. 

For the parameters OM2mm (0.54), clay (3.8), 

OM100mµ (1.39), EC (328), sand (4.04), and 

CEC (16.5), the PLSR method exhibited the 

lowest RMSE values, indicating the best 

prediction results (Table 4). The Co-Kriging 

method was applied to assess prediction 

accuracy for parameters showing statistically 

significant correlations (CaCO3-Mg, Sand-

OM2mm, Clay-K, OM2mm-Clay, CEC-Clay, 

Mg-Clay, Silt-Mg, Ca-Mg, OM100mµ-Clay, 

Na-K, EC-OM2mm, K-OM2mm). COK 

demonstrated improved prediction success for 

several examined parameters. For instance, 

utilizing the COK method with exchangeable 

Magnesium as a secondary variable resulted in 

a lower RMSE value for CaCO3 content 

compared to the OK and IDW methods. The 

RMSE values for exchangeable Magnesium 

were 311 and 312 with the OK and IDW 

methods, respectively. When estimated using 

clay as the secondary variable with COK, the 

RMSE value decreased to 291, indicating a 

6.73% improvement in prediction accuracy. In 

another study, kriging and IDW methods were 

employed to estimate the properties of 53 

surface soils formed on basalt parent material. 

Upon examination of the RMSE values, the 

kriging method yielded the lowest values for 

EC, pH, organic matter, silt, and sand 

parameters, while the IDW method yielded the 

lowest value for the clay parameter. These 

results align with the findings of the current 

study (Aygür, 2020). 

4. Conclusion 

Methods such as geostatistics and 

spectroradiometry serve as efficient 

alternatives to traditional laboratory analyses, 

offering savings in both chemicals and time 

when determining soil properties. In this study, 

spectral and geostatistical approaches were 

employed to estimate characteristics of the soil 

samples collected in areas with basaltic parent 

material. These methods were compared in 

terms of their prediction accuracy. The 

VNIRS-PLSR method demonstrated the 

highest success and lowest RMSE values for 

parameters such as OM2mm, OM100mµ, 

sand, clay, EC, and CEC. Conversely, the 

geostatistical method yielded the highest 

RMSE values for lime (CaCO3), silt, pH, 

exchangeable Ca, exchangeable K, 

exchangeable Mg, and exchangeable Na. With 

the implementation of the COK technique, 

which utilizes a secondary variable, there was 

an enhancement in prediction success ranging 

from 1.34 % to 19.31 % compared to OK and 

IDW techniques. The aim of employing these 

methodologies is to optimize the process of 

determining soil properties, accurately apply 

necessary agricultural inputs, and promote 

sustainable agricultural practices. Therefore, 

there is a growing need for more studies 

utilizing these methods to further advance 

agricultural practices. 
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