
 

 

Quantitative Evaluation of the Spatial Variation of Surface Soil Properties in Continuous 

Paddy Growing Fields 

 

ABSTRACT 

Soil degradation caused by poor land management practices is a major impediment to optimal land 

productivity. Soil spatial variability is required for agricultural productivity, food safety and environmental modeling. 

Rice is one of the important food resources for most of the world’s population, especially in India and feeds more than 

60 per cent population of the country. Telangana is on track to become India's rice bowl as rice production is expected 

to reach 1.3 croretonnes in 2019–20.The present study was conducted in continuous paddy cultivated field of 

Machapur village of Siddipet district, Telangana, India to know the spatial variability of soil properties with a help of 

geostatistical model. For this, a total of 100 composite samples at 20*20 m grids in an area of 4 ha were collected. 

The pH of the soil, electrical conductivity (EC), organic carbon (OC), available nitrogen (N), phosphorus (P) and 

potassium (K) were all determined. The semivariogram model was used to create surface maps of soil properties 

using the ordinary Kriging technique. The skewness values showed a normal distribution for all analyzed parameters 

except for Available K. Coefficient of variation ranged from 1.92% for pH to 34.08% for EC in topsoil indicating the 

heterogeneity of soil properties. Spherical model fits well with experimental semivariogram of pH, EC and AK. 

Exponential model better described the variation of soil OC and AN while the variation of AP was best described by 

Gaussian model. The soil pH, OC and available P were moderately spatially dependent whereas EC, available N and 

K were strongly spatially dependent. The cross validation results demonstrated the spatial prediction's smoothing 

effect. According to the findings of this study, a geostatistical model can directly reveal the spatial variability of lateritic 

soils and will assist farmers and decision makers in improving soil-water management.  
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INTRODUCTION 

Soil is the soul of life. Soils have a high degree of spatial variability due to the combined effect of physical, 

chemical and biological processes that operate at various intensities and scales.Accurate estimation of quantitative 

information on spatial variability of soils is significant for intensive agriculture, sustainable development and natural 

resource management. Land use planning, agricultural field trial research and precision farming all benefit from 

understanding the spatial variation of soil properties. Both inherent and human-induced variability lead to non-uniform 

crop production at the field level. Thus, knowledge of the spatial variability of soil properties is critical for improving soil 

management and, as a result, crop productivity. 



 

 

Traditional statistical methods can be used to define soil variability and it is assumed that soils have a random 

property.However, many reported that soil characteristics show spatial dependence (Costa et al. 2015; Ozgozet al. 

2013). In this regard, classical statistics is not capable of analyzing the spatial dependency of the variables since the 

data is assumed to be measured independently and it is thus possibly evaluated using a geostatistical approach 

(Patilet al. 2011). For timely and accurate assessment and mapping of the spatial variability of soil fertility of un-

sampled locations, geostatistical analysis methods are most helpful (Behera and Shukla 2015; Xuet al. 2013). 

Owing to variation in topography, soil management and inherent soil properties; soil spatial variability is 

inevitable in Siddipet area of Telangana. Farming by the majority of farmers in the area also relies on small land 

holdings due to land fragmentation which is most common in the country. This compels farmers to intensively exploit 

their land as much as possible. Yet, soil management practices are far from adequate level. All these highlight the 

importance of having adequate information on the spatial variability of soil properties to support site-specific soil 

management decisions. Therefore, this study was carried out in continuous paddy cultivated field of Machapur village 

of Siddipet district, Telangana, India to estimate the soil variability for increasing productivity of soil.  

2. MATERIALS AND METHODS 

Study area 

A farmer field from Machapur village of Siddipet district having geographic coordinates from 18°11′1.43′′ to 

18°11′8.83′′ N latitude and 78°53′10.54′′ to 78°53′20.65′′ E which belongs to the Central zone of Telangana which is 

most prominent for continuous rice growth was selected. Siddipet district receives 742.7 mm normal rainfall and 

experiences an average annual temperature range of 20.6° C to 33.5° C. (Weather and Climatology of Telangana, 

January 2021). The texture of soil is red loamy in nature. 

Soil sampling procedure and laboratory analysis 

A farmer field of 4 hectares was selected in Machapur village of Siddipet district which is continuously under 

paddy cultivation.  A total of 100 soil (point) samples were collected by making the grids of size 400 m
2
 (20 m * 20 m) 

area. Grids were prepared to get the required number of samples by using QGIS 3.8 software. Three to four 

subsamples were collected at random locations inside a grid cell for making a composite sample. The collected soil 

samples were processed and analysed for pH, EC, OC, available N, P and K in laboratory.Soil pH was determined in 

1:2.5 soil water suspensions by potentiometric method (Jackson 1973), electrical conductivity (EC) was determined in 

1:2.5 soil-water extract using conductivity bridge (Jackson 1973). The organic carbon was determined by Walkley and 

Black’s wet oxidation method (Walkleyand Black 1934). Available N (Alkaline Permanganate method), available P 

(Olsen method); available K was extracted with 1 N NH4OAc and then estimated by flame photometry (Chapman and 

Pratt 1961). 



 

 

Statistical analyses 

The main statistical parameters, including mean, median, standard deviation, variance, coefficient of variance 

(CV) and maximum and minimum values, which are generally accepted as indicators of the central tendency and of 

the data spread, were analyzed. The normal distribution of the data was verified by the skewness (between -1 and +1) 

value.  

Geostatistical analysis 

In order to interpolate the values of un-sampled locations and create maps of soil properties, standardkriging 

was used (Singh et al. 2010). The scatter point set was used to create the semivariogram and the input point data set 

was used to quantify the spatial variation. Semivariograms that are represented as equations were calculated to 

determine the spatial variability's structure (Costa et al. 2015).       
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In order to calculate the experimental semivariogram and select the best fitted model, popular theoretical 

models including circular, spherical, gaussian, and exponential were tested for each soil parameter data before 

mapping. The models offer details on the spatial organization in addition to the interpolation input parameters. Values 

of root-mean-square standardized error (RMSSE), mean standard error (MSE) and root-mean-square error (RMSE) 

were obtained to ascertain the fitted model. The best models of the fitted models were selected on the basis of error 

values computed from the entire data sets as suggested by Ewis, 2012; Gorai and Kumar 2013. Accordingly, the 

model showing lowest RMSE value was selected as a best fitted model (Deyet al. 2017; Bogunovicet al. 2017a). 

When the RMSE values for all models were equal, then RMSE values of models close to one were selected as best 

fitted model as suggested by Gorai and Kumar (2013). Next, the best models were used to analyse the spatial 

structure and provide the input parameters for interpolation. 

  To determine the spatial organization of the measured variables, three key parameters - nugget (C0), sill (C0 

+ partial sill (C)) and range (A0) values - were derived from the fitted models. According to Costa et al. (2015), nugget 

variance (C0) refers to variance resulting from measurement error or short-range variability of the property that cannot 

be detected at the current scale of sampling. The sill is used to represent total variation, and the ratio of nugget to sill 

is used to classify spatial dependence (Martin et al. 2016). The difference between correlated soil property values is 

indicated by the range. Also known as the separation distance, it is the distance past which the measured data are no 

longer spatially dependent (Costa et al. 2015). 

3. RESULTS AND DISCUSSION 

3.1 Descriptive statistics for soil parameters 



 

 

Table 1 shows a summary of descriptive statistics for measured soil properties. The variability in soil 

properties was interpreted using the coefficient of variation (CV). According to criteria given by Gualbertoet al. (2016)  

indicated that CV≤15% is accepted as the low variability, CV between 16-35% is considered as moderate variability 

and CV>35% is reported as high variability. According to CV values between 1.92% and 34.08%, soils in the study 

area showed diverse variation (Table 1).The least variable of the investigated parameters was soil pH, whereas AP 

variability was moderate. On the other hand, EC, OC, AN and AK showed a moderate variability. The heterogeneity of 

soil properties which may result from uneven fertilization (Laekemariamet al. 2016a) and microrelief (Vasuet al. 2016) 

of the field. 

Other researchers have also found that soil pH is more stable over time than other soil characteristics (Reza 

et al. 2012b, 2016a; Shuklaet al. 2015). It is expected the occurrence of lower value of CV for pH, since their values 

vary within a narrow range. The CV of pH cannot be compared with those of other attributes because it is measured in 

logarithmic scale. EC varied with the differential concentration of dissolved salts due to natural drainage facility and 

land relief. Unequal duration of oxido-reduction processes, duration of water logging on these soils and proportion of 

decomposition of OM have implications on spatial pattern. The important factors which affect the soil fertility is 

cropping practices resulted emergence of multiple nutrient deficiencies in the area especially if proper dose of 

additional fertilizer not provided in the required ratios. 

Referring the mean values (Table 1), the studied soil was neutral in soil pH (7.61); and non-saline in nature 

(0.37 dS m
-1

); high in OC (0.77%) and AP (315.95 kg ha
-1

); moderate in AK; and low in AN (171.86 kg ha
-1

). Flooding 

conditions in paddy will neutralize the soil pH is the main reason for neutral reaction. Dissolution of salts in flooding 

water reduces the concentration of salts and also causes the leaching of salts are the reason for non-saline 

soils.Floodplain soils record higher OM content compared to soils located in other areas this may due to poor 

decomposition of organic material (Ceddiaet al.2015; Bogunovicet al., 2017b). The possible reasons for low AN and 

moderate AK would be non-application of adequate dose of nitrogen fertilizer to the high yielding varieties which need 

large quantities of nutrients and losses due to leaching and gases emissions. High AP may be due to heavy 

fertilization with complex fertilizers as well as neutral soil reaction which increases phosphorous solubility 

(Bogunovicet al., 2015). 

 According to Webster (2001), skewness is the most serious departure from normality typically observed with 

soil data. Furthermore, all sampling intensities had asymmetry (skewness) coefficients that ranged from -1 to +1, 

indicating symmetric distributions. The data distribution of the all the analyzed soil parameters was normal with the 

exception of the available K which was long transformed in order to normalize data sets for geostatistical analyses. 

3.2 Spatial variability of soil properties 



 

 

Table 2 and Figure 1 present semivariogram analysis and defining parameters of soil characteristics. It is 

clear from the results that a uniform kriging model cannot be recommended for all the soil parameters. Different 

models were suitable for different parameters (Mousavifardet al. 2013; Reza et al. 2016a). The best fit for pH and EC 

was provided by the spherical model. The exponential model best explained the semivariogram of soil OC and AN, 

while the gaussian model best explained the semivariogram of soil AP. For AK, the circular model worked best. 

According to papers on models, the soil pH was modeled as spherical (Nourzadehet al. 2012; Tesfahunegnet al. 

2011); the soil TN and OC were modeled as exponential (Guan et al. 2017, Laekemariamet al. 2018) and Guassian 

(Behera and Shukla, 2015) respectively. 

The ratio of nugget and sill was used as a criterion to classify spatial dependence, with strong spatial 

dependence semivariograms having a nugget effect less than or equal to 25% of the sill, moderate spatial 

dependence semivariograms having a nugget effect between 25 and 75%, and low spatial dependence 

semivariograms having a nugget  effect greater than 75%.  The variation of intrinsic soil properties such as soil parent 

material, topography, texture, and mineralogy is associated with a strong spatial dependence (Xuet al. 2013; Behera 

and Shukla, 2015; Costa et al. 2015). However, a weak spatial dependence of soil characteristics suggested that 

extrinsic factors, such as soil fertilization and farming methods, were primarily responsible for the spatial variability 

(Guan et al. 2017; Ozgozet al. 2013). Both intrinsic and extrinsic factors are probably responsible for controlling a 

moderate spatial dependence (Behera and Shukla, 2015; Costa et al. 2015; Guan et al. 2017). 



 

 

Table 1: Descriptive statistics for soil properties 

Variable Unit Minimum Maximum Mean Median Skewness Kurtosis SD CV % 

pH - 7.26 7.94 7.61 7.60 -0.04 2.60 0.15 1.92 

EC dS m-1 0.16 0.68 0.37 0.34 0.79 2.69 0.13 34.08 

OC g kg-1 2.80 11.20 7.70 7.70 -0.34 2.71 0.19 24.32 

N kg ha-1 100.00 230.00 171.86 169.00 -0.07 2.90 28.64 16.66 

P2O5 kg ha-1 247.00 360.00 315.95 314.00 -0.31 3.86 19.00 6.01 

K2O kg ha-1 121.00 384.00 206.33 198.50 1.28 5.23 47.44 22.99 

 

Table 2: Model performance, semivariogram characteristics and Goodness of prediction values of soil properties  

Variable 

Tran-

sform

-ation 

Fitted 

semivariogram 

model 

RMSE MSE RMSSE G% 
Nugget 

(C0) 

partial 

sill (C) 

Sill 

(C0+C) 

range 

(m) 

Spatial 

dependence 

C0/(C0+C) 

Spatial 

dependence 

level 

pH No Spherical 0.1292 0.1291 1.0043 21.21 0.0093 0.0106 0.0199 53.6 46.68 Moderate 

EC No Spherical 0.0810 0.0839 0.9755 58.35 0.0015 0.0079 0.0094 43.3 15.89 Strong 

OC No Exponential 0.1765 0.1812 0.9763 10.76 0.0245 0.0104 0.0349 84.3 70.24 Moderate 

N No Exponential 20.000 20.610 0.9853 50.72 62.773 930.670 993.44 128.1 6.32 Strong 

P2O5 No Gaussian 17.555 17.638 0.9971 13.75 270.17 99.137 369.31 88.1 73.16 Moderate 



 

 

K2O Log Circular 42.726 40.046 1.0560 28.02 0.0163 0.0324 0.0487 46.0 33.50 Moderate 



 

 

pH EC  

 

OC AN 
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Figure 1: Semivariograms of soil properties with the lines indicating selected 

best fit    

model. 



 

 

The nugget and sill ratio in the current study ranged from 6.32 to 73.16% (Table 2). A moderate degree of 

spatial dependence was seen in the soil pH, OC, AP and AK. Their ratio was within the range of 33.50 to 73.16%, 

indicating that both intrinsic and extrinsic factors were at play in the control of the properties. According to 

Laekemariamet al. (2016a, 2016b), the study area's micro relief and intensive cultivation with poor soil management 

practices could have an impact on the soil's processes and nutrient contents. The nugget to sill ratio of EC and AK 

recorded nugget to sill ratios of 15.89 and 6.32%, respectively, indicating a strong spatial dependence that was 

controlled by intrinsic factors; this spatial dependence was likely attributed to change in the soil's micro relief. 

According to the data, the reported range values for pH, EC, OC, AN, AP, and AK were 53.6, 43.3, 84.3, 

128.1, 88.1, and 46.0 m, respectively. It is possible that the sampling strategy used in this study was adequate for 

examining the spatial pattern of the soil properties because the spatial range of all studied soil properties was greater 

than the sampling intervals (20 m) in the field under study (Laekemariamet al. 2018). Overall, the higher the range 

suggests the more soil homogeneity within its own scale.  

The performance/effectiveness/of interpolation was evaluated based on Goodness-of-Prediction. This 

technique compares the observed values with the predicted ones. Ideally, the predicted values should be the same as 

the measured ones, but in reality, data points would scatter due to natural variations and uncertainties. The current 

study's Goodness of Prediction (G) coefficients ranged from 13.17 to 45.22% (Table 2). Data regarding the predictive 

performances in the present study gave an indication of good predictions. The positive coefficients signified that 

interpolation technique and predictions are more reliable than using the sample means (Karydaset al. 2009).  Thus, it 

was determined that the kriging interpolation method was a useful tool for the area's intervention programs addressing 

the spatial variability of soil properties. 

CONCLUSIONS 

The soil properties in the current findings have shown significant variability even though the same 

management practices and cropping pattern were used. Therefore, managing variability is necessary to raise field 

productivity. Through the study, it was established that the geostatistical kriging interpolation method facilitates precise 

estimation of spatial variability of soil parameters.  
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