
 
  

 

  
 

 

 

 

  

   

 

 

 
Abstract: - Soil fertility mapping is essential when planning land 

use and developing crop fertilization strategies. Interpolation 

techniques are widely used for the mapping processes in varied 

fields of soil sciences to estimate the soil property values at 

unsampled sites. The aim of this work was to evaluate and 

compare the performances of three spatial interpolation methods 

(inverse distance weighting IDW; ordinary kriging OK; and 

spline) using the statistical criterion of root mean square error 

(RMSE) for cross validation and then generate a set of accurate 

soil property maps (pH, organic matter, phosphorus, and 

potassium). The study covers an area of 45 000 ha in the 

Loukkous irrigated district, Northwest of Morocco and includes 

934 soil samples. These samples were collected from irregular 

cross-line nodes grids and were analyzed in the laboratory. 

Exploratory data analyses were first adopted to identify and 

remove all spatial outliers and to validate the normal distribution 

required for geostatistical analyses. In all cases, the distributions 

were found strongly skewed and needed to be transformed. Box-

Cox transformations were used; they performed well for all soil 

properties. Experimental variograms were fitted with the 

exponential, spherical and Gaussian models. With the use of the 

lowest RMSE approach, ordinary kriging model was selected as 

the best method compared to IDW and spline for interpolating 

with the exponential variogram for pH, organic matter and 

potassium, and the spherical model for phosphorus. A map was 

generated for each soil property. The maps indicated the low 

level of potassium and organic matter soil content throughout the 

study area. These maps could be used for optimizing crop 

fertilizing considering the different soil fertility levels. 

 

Keywords-: Soil Properties; geostatistics; spatial interpolation; soil 

maps; kiging; inverse distance weighting; spline,; prediction 

accuracy. 

 

I. INTRODUCTION 

The inappropriate agricultural practices followed by the 

farmers and the lack of technical know-how associated with 

conventional and intensive rainfed agriculture are responsible 

for most degradation of land resources [1].  

In Morocco, the traditional agriculture caused rapid soil 

structure degradation with loss of soil fertility rendering 

conventional agriculture unsustainable. Ait Kadi and Benoit 

(2012) [2] assert that if the current production practices are 

continuing, Morocco will face serious food shortages in the 

very near future, given also the rapid population growth. 

Therefore, the Moroccan agricultural policy has been 

promoting environment-friendly agriculture concept through 

the introduction of ―good farming‖ strategies. The 

minimization of fertilization inputs is one of the key strategies 

of this concept. For this purpose, developing skills on the 

spatial distribution of physical and chemical soil properties is 

strongly needed for an accurate estimation of plant 

fertilization requirements in different areas. 

Soil mapping is a process in which the spatial variance of 

topsoil properties are estimated and exposed in a way that can 

be understood and analyzed by a wide range of users [3, 4]. A 

standard method for generating these maps is to sample the 

area of interest using a grid sampling design and then 

interpolate the measured variable values of the samples using 

one of the existing interpolation methods. The spatial 

interpolation methods make available a tool for estimating the 

values of soil variable at unsampled points using data from 

point observations [5, 6]. 

 There exist a large number of deterministic and stochastic 

spatial interpolation methods [7]. Spatial interpolation allows 

converting irregular discrete point data into regular continuous 

data that can be processed in a Geographic Information 

System GIS for a better decision making. 

In the literature, there were many published research works 

that compared the prediction performance of two or more 

spatial interpolation methods in varied fields of research like 

climatology [8,9], environmental studies [10,11], 

oceanography [12], etc. In particular for soil sciences, studies 

were done for erosion [13, 14], salinity [15, 16], etc.  More 

specifically for soil fertility, comparisons were done for pH 

[17, 18], organic matter [19], and macronutrients [20, 21]. 

However, the results of comparing spatial interpolation 

methods were not concordant. In some published works, the 

stochastic geostatistical method of kriging was found better 

than the deterministic method of the inverse distance weigthed 

(IDW) [17, 22, 15, 20, 23], whereas other researchers found 

that this was not true [24, 25, 26]. Therefore, the question 

about which method is most appropriate to specific conditions 

is still unsolved. Li and Heap (2011) [27] have compared the 

key features of the frequent used methods. Unfortunately, at 
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present there is no compromise regarding most robust 

methods, the published studies are not clear and obvious as to 

which interpolation approach is most accurate to map soil 

properties [18]. 

The principal aim of this work is to evaluate the consistency 

of maps of topsoil fertility in an irrigated area in Morocco, the 

Loukkous district, made by kriging, inverse distance weighted, 

and splines interpolation techniques. More specific objectives 

are:  

o To produce maps of soil fertility: pH, organic matter, 

phosphorus and potassium content; 

o To assess and compare the performance and accuracy 

of the topsoil maps created by kriging, IDW and 

splines methods,  

o To recommend the most appropriate technique for the 

soil properties studied in the specific site,  

o To develop soil data systems by improving the 

prediction accuracy of soil properties. 

II. SPATIAL INTERPOLATION TECHNIQUES 

TESTED 

A. Kriging 

Kriging is a geostatistical interpolation technique which 

considers both the distance and the degree of variation 

between known data points when estimating values in 

unknown areas. It is a weighted linear combination of the 

known sample values around the point to be estimated [28]. 

 
Following Goovaerts (1997) [29], all kriging estimators are 

variants of the basic linear regression estimator Z*(u) defined 
as: 

  ( )   ( )  ∑   
 ( )
   , (  )   (  )-  (1) 

with 

u,uα: location vectors for estimation point and one of the 

neighboring data points, indexed by α; 

n(u): number of data points in local neighborhood used for 

estimation of Z*(u); 

m(u), m(uα): expected values (means) of Z (u) and Z(uα); 

βα(u): kriging weight assigned to datum z(uα) for estimation at 

location u; the same datum will receive different weights for 

different estimation locations. 

 

Kriging uses a property called the semivariance to identify 

the degree of relationship between points on a surface. The 

semivariance is simply half the variance of the differences 

between all possible points spaced a constant distance apart. 

The value of the experimental variograms for a separation 

distance of h (referred to as the lag) is half the average squared 

difference between the value z(uα) and the value z(uα + h) 

separated by a distance and a direction h [30]: 
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where N (h) is the number of data pairs within a given class 
of distance and direction. The semivariances are smaller at 
shorter distances and then they stabilize at some distance. This 
can be explained as follows: the values of a target variable are 
more similar at shorter distances, up to a certain distance where 
the differences between the pairs are more or less equal to the 
global variance [6]. 

B. Inverse Distance Weighting 

This is one of the simplest and most available methods. 

Inverse distance weighting directly implements the 

assumption that a value of an attribute at an unsampled 

location can be approximated as a weighted average of values 

at points within a certain cut-off distance, or from a given 

number m of the closest points (typically 10 to 30). Weights 

are usually inversely proportional to a power of distance [30, 

31]. The formula of this exact interpolator is [7]: 
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where x0 is the estimation point and xi are the data points 

within a chosen neighborhood. The weights (r) are related to 

distance by dij, which is the distance between the estimation 

point and the data points. The disadvantage of the IDW 

interpolation technique is that it handles all sample points that 

fall within the search radius the same way. 

C. Splines  

A spline function is based on a set of interpolating 

polynomials and an ascending array of domain knot points, 

determining the intervals over which the spline function is 

defined by the constituent polynomials [32].  

 

The prediction value by spline or radial basis functions can 

be expressed as the sum of two components [33]:  

 

 ( )  ∑   
 
     ( )  ∑    (  

 
   )   (4) 

 

where w(dj) shows the radial basis functions and dj the 

distance from sample site to prediction point x, fi(x) is a trend 

function, a member of a basis for the space of polynomials of 

degree <m. The coefficients    and bj are obtained by solving 

the system: 

 (  )  ∑   
 
     (  )  ∑    (   

 
   ) for k = 1, 2,….,n (5) 

∑   
 
     (  )     for k =1, 2,……, m.    (6) 

Splines generate good results with softly varying surfaces, 

and are often not appropriate when there are considerable 

changes in the surface values within a short horizontal 

distance [34]. 

III. MATERIALS AND APPROACH 

A. Study area, sampling design and laboratory analysis 

The study area is located in the middle of Kenitra and 

Larache Provinces, in the North West of Morocco and 

covering 45 000 Hectares (Fig. 1). The climate is typical 
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Mediterranean, with average air temperature between 11°C in 

winter and 25 °C in summer and mean annual rainfall of 700 

mm distributed between October and April. To ensure high 

added value of agricultural production all this area had been 

converted to irrigated lands. 

The local topography is divided into three different 

geomorphologic categories: plains, plateaus and hills. The 

main soil types are the alluvial soils extending in the plains 

and the sandy soils dominating the plateaus. 

A total of 934 surface soil samples (0–30 cm) were collected 

from the study area (Fig. 1). Soil samples were gathered from 

irregular cross-line nodes of approximately average distance 

700 m * 700 m grids. Each sampling point was geo-referenced 

using a GPS receiver. 

The soil samples were taken to the laboratory, air-dried 

and passed through a 2 mm sieve. Available phosphorus (P) 

was determined by Olsen method (1982) [35], available 

potassium (K) was determined by extraction with ammonium 

acetate [36], pH was measured in a 1:2.5 soil/water suspension 

with the pH meter method [37], and organic matter (OM) was 

determined by using oxidation method of Walkley-Black [38]. 

B. Exploratory data analysis  

The spatial prediction and comparative assessment of the 

soil properties begin with basic summary statistics, including 

mean, median, variance and skewness. Summary statistics is 

the first step in data treatment previous to the application of 

any data analysis techniques [39]. 

Other statistics tools such as histograms, box-plots and 

normal probability plot are available   to identify the outliers. 

Outliers affect the performance of spatial interpolation 

techniques. The variogram is sensitive to outliers and to 

extreme values because the exceptionally big or small values 

will distort the average of semivariance [5]. 

Outliers should be removed if they are thought to not 

belong to the population; the elimination of outliers can 

improve considerably the performance of spatial interpolation 

methods [40]. 

C. Data transformation  

Geostatistical analyses, like many statistical procedures, 

make the assumption that the data distribution is normal. 

There are several ways to verify if the variables are normally 

distributed. These tools range from simple evaluation of the 

skewness coefficient (ideally closer to 0) and kurtosis (closer 

to 3) to the evaluation of P-P plots (plotted percentages have 

to be close to the diagonal line to indicate normality) and 

inferential tests of normality such as the Kolmorogov-

Smirnov, Shapiro-Wilkor or Cramer-von Mises tests (a 

probability value > 0.05 indicates the normality) [41]. 

When non-normality is revealed, the strongly skewed 

distribution needs to be transformed to make it approximately 

Gaussian, or at least symetric [5]. The transformation widely 

applied in different fields of science is logarithmic 

transformation and its application in geostatistics is at the 

origin of the log-normal kriging [42].  Log-normal variables 

seem to be best performed when outcomes are influenced by 

various independent elements [43]. 

Other transformation functions are also used to achieve the 

normality such as the Box-Cox transformation [44]. Box-Cox 

represents a potential best practice to normalize data and 

offers a range of power transformations that incorporate and 

extend the traditional options (square root, logarithm, and 

inverse) to help researchers easily identify the optimal 

transformation techniques [43]. 

D. Interpolation and comparison  

The interpolations are performed by using the 

Geostatistical Analyst extension of the Arc GIS software [45]. 

To validate the accuracy of those predictive models, the cross-

validation statistical method is applied [46]. Cross-validation 

involves consecutively eliminating a data point, estimating the 

value from the remaining observations and comparing the 

predicted value with the measured one [21]. The cross-

validation technique is used generally to choose the best 

variogram model among proposed models for kriging and also 

the best parameters from those tested for IDW and splines 

[47]. 

To compare different interpolation methods, the mean error 
(ME) and the root mean square error (RMSE) calculated from 
the measured and interpolated values at each sample location 
are used: 

   
 

 
∑ * (  )   

 (  )+
 
      (7) 

      √
 

 
∑ * (  )   

 (  )+
  

        (8) 

where z(xi) is the observed value at location i, z*(xi) is the 

interpolated value at location i, and n is the sample size. 

Ideally ME should tend to zero and RMSE should be as small 

as possible to indicate less error and more accurate spatial 

interpolator, respectively. 
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IV. RESULTS AND DISCUSSION  

A. Summary statistics  

The exploratory analysis revealed outliers in the different 

soil properties data as shown in Fig. 2. The pH, organic 

matter, and phosphorus variables showed 2, 6, and 14 outliers, 

respectively. The exploratory analysis suggested that there 

were no potential outliers for potassium. In total, the 22 

outliers were removed from the original dataset, thus finally 

we kept 912 samples for the spatial interpolation.  

A statistical summary of the new trimmed data is presented 

in Table I. Phosphorus and potassium have high coefficient of 

variation (CV) fluctuating between 64 and 75%. The values of 

their coefficients of skewness and kurtosis do not fit the 

normality standards, indicating that the variables are highly 

skewed to the right with a high peak and thin tails. 

However, these descriptive statistics do not provide conclusive 

information about normality. Further statistical tests (Shapiro-

Wilk, Kolmogorov-Smirnov, etc) were applied to examine 

normality and all of the variables showed a non-normal 

distribution. 

The Box-Cox transformation was applied to the data. 

Different parameters for this transformation were found, for 

pH, OM and phosphorus variables whereas for potassium a 

particular parameter was found which corresponds to the 

logarithmic transformation. Those transformations resulted in 

the best fit of a normal distribution, as the skewness and 

kurtosis values were near zero. 

 

 

All the data processing later, from the variogram 

computation and the validation tests to the spatial prediction 

were carried out with the transformed data. 

B. Interpolation 

For every soil property the experimental variogram was 

calculated. Among the exponential, spherical and Gaussian 

models the best fitted model to these experimental variograms 

were chosen using the lowest RMSE as presented in Table II. 

Fig. 3 illustrates the structure of the fitted variogram models 

obtained for all soil properties. The pH, OM, and K 

semivariograms were fitted to an exponential model and the P 

semivariogram was fitted to a spherical model.  

In both cases of IDW and splines, the best weighting 

parameters were found using the optimizer parameter tools of 

the Geostatistical Analyst extension of the Arc GIS software. 

For IDW the optimal power value was found to be one in all 

cases. 

On the other hand, the precision of all these interpolation 

methods is strongly affected by the number of the closest 

neighbors used for estimation. Therefore, kriging, IDW and 

splines were implemented using the same neighborhood 

structure. This latter was divided into eight sectors including a 

maximum of three and a minimum of two neighbors per 

sector. 

Fig.1. Study area location and map of the distribution of soil samples. 
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Soil properties 
Statistical analysis 

N Min Max Mean Median Range Variance CV (%) Skewness Kurtosis 

pH 912 5,58 8,93 7,66 7,77 3,35 0,39 8,1 -0,64 0,04 

OM 912 0,15 3,17 1,26 1,2 3,02 0,33 45,4 0,63 0,25 

K 912 14 822,24 139,02 106,05 808,24 11247 76,3 1,36 2,68 

P 912 2,43 92 26,74 23,79 89,57 287,95 63,5 1,07 1,14 

Fig. 1. Box plots of soil properties; pH, organic matter content, phosphorus content and potassium content. 

TABLE I: Summary statistics for pH, organic matter, potassium and phosphorus 

Fig. 3.  Variograms and fitted models for soil properties: (a) soil pH, (b) organic matter content, (c) phosphorus content and (d) 
potassium content. 
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Table II shows the RMSE based on the cross-validation of 

all the spatial interpolation techniques tested. The method with 

the lowest RMSE was chosen and applied to create the soil 

property maps presented in Fig. 4. 

This figure shows the interpolation of soil pH using the 

ordinary kriging technique. It reveals that 80 % of the 

enclosure has a pH higher than 7.5, which means that the soils 

are alkaline. Barrow (1984) [48] proved that the availability of 

the phosphorus for plants is optimal in the soil pH range 

between 5.5 and 7.5. For that reason, it would be beneficial to 

consider this soil pH map while advising fertilization 

strategies.  

According to the interpolation map of organic matter using 

the ordinary kriging, the entire area presents a clear shortage 

of organic matter with all values below 2.5 %. These results 

illustrate perfectly the inappropriate agricultural practices 

followed by the farmers. Recently, it is quite common to see 

that no crop residues are left on the fields for improving soil 

fertility. 

Ordinary kriging proved to be the best method for 

interpolating soil phosphorus as shown in Fig. 4. Since a value 

greater than 14 ppm suggests good nutrient storage capacity, it 

can be seen that almost all the soils have sufficient 

phosphorus. This region has adopted an efficient phosphorus 

fertilization programs which explain the high values presented 

in the interpolated map. 

The ordinary kriging is again the best performed method to 

create the maps of soil potassium as presented in Fig. 4. The 

map brings out a very low level of soil potassium in this area; 

over 65 % of the values are below 100 ppm. The lowest 

potassium is located along the coastal side of the area, which 

join the results obtained from soils study of the Atlantic coast 

of Morocco [49, 50]. On the other hand, the highest potassium 

is located over clayey soils. Mutscher (1978) [51] asserts that 

the low level of soil potassium is mostly due to a low 

bioaccumulation and a small degree of alteration of primary 

minerals in the deep horizons. 

 

 

 

 

 

Soil 

property 

Cross validation results 

Interpolation method ME RMSE 

pH 

Spherical* -0,3367 30,39 

Exponential* -0,2789 30,36 

Gaussian* -0,3765 30,49 

IDW 0,028 30,96 

Spline -0,1992 30,60 

OM 

Spherical* 0,0035 0,4365 

Exponential* 0,0022 0,4353 

Gaussian* 0,0044 0,4384 

IDW -0,0039 0,436 

Spline 0,0029 0,4433 

P 

Spherical* -0,0051 1,448 

Exponential* -0,0044 1,451 

Gaussian* -0,0055 1,448 

IDW 0,0153 1,472 

Spline -0,0084 1,489 

K 

Spherical* -0,0023 0,644 

Exponential* -0,0016 0,643 

Gaussian* -0,0028 0,646 

IDW 0,0046 0,652 

Spline -0,0004 0,647 

*: kriging using spherical, exponential or Gaussian model for the 

variogram.  

TABLE II: Summary of ME and RMSE based on the cross-validation of all the 

models tested. 
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Fig. 4. Soil fertility maps created using the best spatial interpolation method and the best variogram model: pH (upper left); OM (upper right); phosphorus (lower 

left); and potassium (lower right). 
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V. CONCLUSION  

The elaboration of soil property maps is an important step 

in implementing the good farming concept. These maps will 

be used as basis to measure spatial variance, in order to 

enhance crop productivity and optimize fertilization strategies. 

In this direction, this study intended to map soil properties, 

using three spatial interpolation techniques, and reveal among 

these techniques the most suitable method for each soil 

attribute. 

According to the results of our case study, the ordinary 

kriging (using either exponential or spherical models) is more 

accurate for predicting the spatial patterns of the four soil 

properties (pH, OM, P, and K) than the two other methods 

(IDW and splines). Actually, the RMSE values do not present 

sharp fluctuations, but the differences obtained between the 

methods are sufficient to prove the efficiency of ordinary 

kriging. 

For our dataset, the variables showed a non-normal and 

strongly skewed distribution which required introducing 

different transformation methods. The best transformation 

application was found by applying the Box-Cox method.  

The structure of the four variograms points out the weak 

spatial dependence existing in this specific landscape. Overall, 

it has been proved that the topography, land use and farming 

practices affect considerably the spatial dependence of soil 

properties. These results lead to future research to assess if 

additional kriging techniques, such as stratified kriging, 

regression kriging and co-kriging should be applied to include 

this auxiliary information and improve the accuracy of the 

spatial predictions and then the quality of soil fertility maps.  

Finally, the maps generated highlight the low level of both 

potassium and organic matter soil content which is clearly 

explained by the soil typology and the agricultural practices. 

These conclusions could be useful while implementing new 

farming management or fertilization orientations.  
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