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ABSTRACT: The spatial distribution of precipitation is an issue of particular importance 

for water-related researches such as hydrological modelling and watershed management. 

The use of different interpolation methods in the same area may cause large differences 

and deviations from the real spatial distribution of rainfall, which depend on the type of 

model chosen, its mode of geographical management and the resolution used. In this 

study, different algorithms of spatial interpolation of rainfall in a region of southern Italy 

(Calabria) were applied and the results of geostatistical and deterministic approaches 

were compared in order to choose the best method for reproducing the actual surface. In 

particular, inverse distance weighting (IDW), ordinary kriging (OK), kriging with 

external drift (KED), ordinary cokriging (COK) and Empirical Bayesian kriging (EBK) 

were applied to produce the monthly rainfall maps of Calabria. Cross-validation and 

visual analysis of the precipitation maps were performed to analyse the results of the 

different methods. Results clearly indicate that geostatistical methods outperform inverse 
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distance. Moreover, among these methods, the kriging with an external drift showed the 

smallest error of prediction. 
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1. Introduction 

Rainfall is an irregular phenomenon showing large spatial variability. The spatial 

availability of precipitation data is problematic, because the information is recorded at 

permanent but very disperse weather stations (Vicente-Serrano et al., 2003) which only 

collect point estimates (Miràs-Avalos et al., 2007). Therefore, in order to obtain spatial 

interpolation from point measurement to continuous surfaces, it is necessary to estimate 

rainfall at unrecorded locations from values at surrounding sites (Goovaerts, 2000). In 

fact, the spatial distribution of rainfall is essential in several scientific and engineering 

fields, such as hydrological modelling, disaster prediction, and watershed management 

(Buttafuoco et al., 2016a; Frazier et al., 2016; Ly et al., 2011). For example, rainfall maps 

at different timescale can be used as input to crop growth simulation models or 

hydrological models for flood forecasting (Delbari et al., 2013). 

Many uncertain factors, such as latitude, longitude, altitude, slope, aspect, and large-scale 

circulation, could affect the spatial distribution of precipitation; therefore, it is necessary 

to conduct a detailed study to improve the accuracy of such analyses (Chen et al., 2017). 

In the past years, several methods have been proposed for the interpolation of rainfall data 

and many papers have been dedicated to the comparison between the different models in 

various areas. In fact, the application of the appropriate interpolation method may vary in 

different regions (Buttafuoco et al., 2016b; Ly et al., 2011; Xu et al., 2015). Within this 

aim, one of the most common approach is the comparison between deterministic (inverse 



distance weighting, IDW - Legates and Willmott, 1990; splines - Hutchinson and Gessler, 

1994; empirical multiple regressions - Agnew and Palutikof, 2000; Vicente-Serrano et 

al., 2003) and geostatistical techniques (Goovaerts, 1997; Isaaks and Srivastava, 1989). 

Analysing the findings of these comparisons, several authors (Goovaerts, 2000; Moral, 

2010; Phillips et al., 1992; Tabios and Salas, 1985; Tsintikidis et al., 2002; Xu et al., 

2015) have shown that geostatistics, which are based on the theory of regionalized 

variables (Goovaerts, 1997, 1999; Journel and Huijbregts, 1978), provide a better rainfall 

estimation than deterministic techniques. However, other authors have concluded that 

results depend on the sampling density (e.g., Dirks et al., 1998). Accordingly, no 

consensus exists in the literature about which is the best method for interpolating monthly 

rainfall.  

As to what concern the Calabria region, in the past years several studies have been 

conducted on the spatial interpolation of monthly (Caloiero et al., 2014) and annual 

rainfall (Buttafuoco et al., 2011; Longobardi et al., 2016), but without a comparison of 

the different methods. The aim of this paper was to compare several methods for 

interpolating spatial patterns of monthly rainfall in the Calabria region (southern Italy). 

Within this purview, the paper represents an innovation in comparative studies of 

interpolation methods including, among others, the use of auxiliary variables such as 

elevation and geographical coordinates to integrate into multivariate geostatistics and the 

application of Empirical Bayesian kriging (EBK) for spatial interpolation of monthly 

rainfall.  

 

2. Study area and data 

Located at the toe of the Italian peninsula, Calabria has a surface of 15,080 km2; on 



average its altitude is 597 m a.s.l. and its tallest relief is 2,266 m a.s.l.. Calabria does not 

present many high peaks, yet it is one of the most mountainous areas in the country, as 

mountains (over 500 m a.s.l.) occupy 42% of the regional area, while hills between 50 

and 500 m a.s.l. cover 49% of the territory and only 9% of the region is under 50 m a.s.l. 

(Figure 1). Calabria has an oblong shape, with a length of 248 km and a width ranging 

between 31 and 111 km, and it has a coastline of 738 km on the Ionian and Tyrrhenian 

seas (Ricca and Guagliardi, 2015). To the north, it borders the Basilicata region for 80 

km. It is a region characterised by a typical Mediterranean climate, presenting sharp 

contrasts due to its position within the Mediterranean sea and its orography (Coscarelli 

and Caloiero, 2012; Guagliardi et al., 2015; 2016a; 2016b). Specifically, warm air 

currents coming from Africa and high temperatures affect the Ionian side, leading to short 

and heavy rainfall. The Tyrrhenian side, instead, is affected by western air current, which 

causes temperatures to be milder and higher precipitation amount on the mountains than 

on the Ionian side. Cold and snowy winters and fresh summers with some precipitation 

are typical of the inner areas of the region (Caloiero et al., 2014). 

The database used in this study was the one presented in Brunetti et al. (2012). The 

original precipitation series registered in the Calabria region from 1916, and stored by the 

Multi-Risk Functional Centre of the Regional Agency for Environment Protection, were 

checked to eliminate inhomogeneities from the data series and lack of data. As a result, 

the analysis focused on 129 rainfall series (Figure 1) for the period 1916÷2006. 

 

3. Methodology 

Deterministic (IDW) and geostatistical algorithms (ordinary kriging, OK; kriging with an 

external drift, KED; ordinary cokriging, COK and Empirical Bayesian kriging, EBK) 



were used to compare interpolated monthly rainfall and the spatial distribution of 

precipitation in Calabria region. Each method was evaluated in order to choose the best 

one for reproducing the actual surface. 

While IDW, OK, KED and COK were implemented in R statistical computing 

environment using the gstat package (Pebesma et al., 2016), the ArcGIS 10.5 

geostatistical analyst was used to implement EBK (Krivoruchko 2011; 2012). 

3.1 The inverse distance weighting (IDW) 

The most known deterministic method, the IDW, is based on the assumption that the 

rainfall value at unsampled point is a distance-weighted average of the rainfall values at 

sampling point. Hence, those measured values closest to the prediction location will have 

more influence on the predicted value than those farther away. Thus, IDW assumes that 

each measured point has a local influence that diminishes with distance. The weight can 

be computed by: 
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where iv̂  is the value to be estimate, iv  is the known value, n
p

i
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n data points to the power of p of the point estimated. 

The lower the exponent, the more uniformly all neighbours are incorporated into the 

calculation (regardless of their distance), and therefore, the “smoother” the estimated 

surface. The higher the exponent, the more accentuated and “unsettled” is the surface 

because only the weight of the nearest neighbours is integrated in the interpolation. 



Using a power value of 2 for monthly time steps, would appear to minimize the 

interpolation errors. Furthermore, this power is usually set to 2, following Goovaert 

(2000) and Lloyd (2005) and hence inverse square distances are used in the estimation. 

Consequently, a power value of 2 was adopted for IDW in this study. 

 

3.2 Geostatistical methods 

Geostatistical interpolation methods assume that the spatial variation of a continuous 

climatic variable is too irregular to be modelled by a mathematical function and its spatial 

variation could be better predicted by a probabilistic surface (Vicente-Serrano et al., 

2003). This continuous variable is called a regionalized variable, which consist of a drift 

component and a random but spatially correlated component. A detailed presentation of 

geostatistical theories can be found in Cressie (1991), Goovaerts (1997), Chilés and 

Delfiner (1999), and Webster and Oliver (2007). 

One of the most widely used geostatistical interpolation method is kriging, which takes 

advantage of the spatially dependent correlation of environmental variables, assigning 

more weight to stations nearby (Webster and Oliver, 2007). The weighting is chosen so 

that the calculation is not biased and variance is minimum. Kriging also provides an 

uncertainty estimate. The first step in kriging computation is the semi-variogram 

modelling which represents the core tool to characterize the spatial dependence in the 

property of interest. A theoretical model is fitted to the experimental semi-variogram, 

which is a function of the lag of data pair values. 

The coefficient of the theoretical model are used to determine the weight through equation 

systems of the different types of implemented kriging algorithms: OK, KED, COK, EBK. 

 



3.2.1 Ordinary Kriging (OK) 

Ordinary kriging is the most widely used kriging method. It aims to estimate a value of 

the random variable Z(x) at a point of a region x0 for which a variogram is known, using 

data in the neighbourhood Z(xα) of the estimation location. 

(Webster and Oliver 2007):  
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where   are the ordinary kriging weights and  0xn is the number of data closest to the 

location 0x  to be estimated. The weights are obtained such that the estimation is unbiased 

and the variance is minimized. 

 

3.2.2 Kriging with an External Drift (KED) 

In geostatistics, COK is an extension of the basic kriging algorithm which allows one or 

more supplementary variables, which are spatially correlated (or assumed to be 

correlated) with the primary variable of interest, to be included in the estimation process. 

The secondary information can be incorporated using kriging with external drift, which 

became the value of the covariable. The external drift method allows the prediction of a 

variable Z, known only at small set of points of the study area, through another variable 

s, exhaustively known in the same area. The two quantities are assumed to be linearly 

related. This study dealt with the trend model of the elevation and geographic coordinates 

as the secondary variables. Indeed, the rainfall data have a global elevation-controlled 

trend in the south-western – north-east direction. 



Let z(x) be the external deterministic variable. The model for the random function can be 

written as: 

 

     xYxzbaxY R .         (3) 

 

where  xYR  is a residual stationary random field, z(x) is known everywhere and a and b 

are coefficients to be estimated if  xYR  is needed. Kriging of Y at a location x0 where it 

is unknown is a linear combination of the data: 
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where the  ixY ’s are the values at the n measured sites and the i ’s solve the following 

kriging system: 
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compared to the ordinary kriging system, the covariance function C refers to the residual 

random function  xYR  and the last constraint is added so that the linear predictor  0

* xY  

filters the effect of the external drift. 1  and 2 are two Lagrange parameters. 



 

3.2.3 Ordinary Cokriging (COK) 

COK is another approach which allows samples of an auxiliary variable (also called the 

covariable), besides the target value of interest, to be used when predicting the target 

value at unsampled locations. The co-variable may be measured at the same points as the 

target (co-located samples), at other points, or both. Co-kriging requires that both target 

and co-variable have a spatial structure that can be modelled, and in addition a spatially-

dependent covariance. COK uses a multivariate spatial model and a related secondary 2D 

or 3D attribute to guide the interpolation of a primary attribute known only at well 

locations. The mean is specified explicitly and assumed to be a global constant. 

 

3.2.4 Empirical Bayesian Kriging (EBK) 

In the Bayesian approach, parameters are treated as random variables, summarizing their 

uncertainty. Geostatistical interpolation carried out using EBK is a method that automates 

the most difficult aspects of building a valid kriging model. Other kriging methods require 

a manually adjustment of parameters to receive accurate results, but EBK automatically 

calculates these parameters through a process of subsetting and simulations which is 

implemented by estimating several semivariogram models. EBK using an intrinsic 

random function as the kriging model but differs from other kriging methods by 

accounting for the error introduced by estimating the underlying semivariogram. Other 

kriging methods calculate the semivariogram from known data locations and use this 

single semivariogram to make predictions at unknown locations; this process implicitly 

assumes that the estimated semivariogram is the true semivariogram for the interpolation 

region. By not taking the uncertainty of semivariogram estimation into account, other 



kriging methods underestimate the standard errors of prediction. The result is a robust 

non-stationary algorithm for spatial interpolating climatic corrections. This algorithm 

extends local trends when data coverage is good and allows for bending to a priori 

background mean when data coverage is poor (Knotters et al., 2010; Krivoruchko, 2011; 

2012; Krivoruchko and Butler, 2013). 

To implement EBK procedure, the following steps are need (Krivoruchko, 2011; 2012): 

1. Input data are used to estimate a semivariogram model; 

2. Basing on the semivariogram of step 1, a new value at each of the input data 

locations is simulated. 

3. Simulated data of step 2 are used to estimate a new semivariogram model. A weight 

for this semivariogram is then calculated using Bayes' rule, which shows how likely 

the observed data can be generated from the semivariogram. 

Steps 2 and 3 are repeated a specified number of times. During this process, the 

predictions and prediction standard errors are produced at the unsampled locations using 

these weights. This process finally creates a spectrum of semivariograms (150 in our 

case), and each of these is an estimate of the true semivariogram for the subset. 

 

3.3 Cross validation 

Cross-validation technique was adopted for evaluating and comparing the performance 

of different interpolation methods. It checks the compatibility between the input data and 

the model. It takes each data point in turn, removing it temporarily from the data set and 

using neighbouring information to predict the value of the variable at its location. The 

estimate is compared with the measured value by calculating the experimental error, i.e. 

the difference between estimatation and measurement, which can also be standardized by 



estimating the standard deviation (Buttafuoco et al., 2010). The mean absolute error 

(MAE), and the root mean square error (RMSE) were calculated to evaluate the accuracy 

of interpolation methods.  

MAE and RMSE are calculated as follows: 
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where iii yye ˆ , actual = iy and predicted = iŷ  

The most accurate algorithm has an RMSE value closest to zero. Although all 

geostatistical methods provide an estimate of the error variance, this value has not 

retained as a performance criterion because it is not adequate to delimit the reliability of 

kriging estimate (Goovaert, 2000). 

The MAE and the RMSE has been used as a criteria of comparison in many studies related 

to spatial interpolation of rainfall (Dirks et al., 1998), comparison of interpolation 

methods for mapping climatic and bioclimatic variables at regional scale (Attore et al., 

2007), and spatial distribution of rainfall (Basistha et al., 2009). 

A scatterplot of measured versus predicted values provided additional evidence on how 

well an estimation method has performed. The best possible estimates would match the 

measured values and therefore the slope of the scatterplot should be close to 1. 

 



4. Results and Discussion 

First, the descriptive statistics of the monthly precipitation data for the 129 rainfall series 

were evaluated and then results of the deterministic (IDW) and geostatistical algorithms 

(OK, KED, COK and EBK) were compared.  

Results of the statistical analysis (Table 1) showed that mean monthly rainfall in Calabria 

varied from 16.79±7.01 mm in July to 160.9±51.03 mm in December. The maximum 

monthly value has been detected in January (287.2 mm) while the minimum value has 

been identified in July (2.32 mm). Coefficients of variation (CV, defined as the ratio of 

the standard deviation to the mean) of monthly rainfall values, ranging between 22.91% 

and 41.76%, showed a low spatial heterogeneity of the rainfall in Calabria region. Finally, 

an appreciable difference between monthly mean and median values and the high values 

of the coefficients of skewness (SK) were observed, thus evidencing a non-normal 

distribution of the monthly data. This is an important issue in the spatial analysis of the 

data, in fact, although normality is not a prerequisite for kriging, it is a desirable property 

and kriging will only generate the best absolute estimate if the random function fits a 

normal distribution (Moral, 2010). For this reason, a priori logarithmic transformation for 

all monthly data was performed after which normality was apparent. Considering the 

limited number of measured data, the spatial dependence analysis was carried out with 

the omnidirectional semi-variograms. Therefore, the spatial variability was assumed 

identical in all directions. In particular, three nested models (Gaussian, spherical and 

circular) were fitted to each month sample semi-variogram alternatively. These three 

semi-variogram models were also adopted to avoid negative interpolated rainfall. A linear 

combination of two models provided the best fit for all cases. 

The cross-validation results for all months and for the five methods are shown in Table 



2. An example of scatter plots of predicted versus measured values for June is shown in 

Figure 2. Moreover, a graphical comparison of the mean absolute error and the root mean 

square error for error measurement in each methods is provided in Figure 3. 

 

4.1 The Inverse Distance Weighting (IDW) 

As expected, the maps obtained by IDW interpolation showed a distribution with a 

punctual areas corresponding to high or low rainfall input data values (Figure 4). This is 

because the IDW generally produces spikes around the sample points (Lloyd, 2005). The 

coefficient of determination (R2, R square) of measured versus predicted monthly rainfall 

range between 0.37 and 0.62 (Figure 2 and Table 2). Moreover, the MAE and RMSE 

results indicated that the IDW method was the worse approach for interpolating rainfall 

in any analysed month. 

 

4.2 Ordinary Kriging (OK) 

The maps obtained by OK appear more smoothed than the IDW ones in reproducing 

measured maximum and minimum rainfall values (Figure 5). Moreover, the R square  

coefficients of measured versus predicted monthly rainfall for OK show better results 

than IDW. Anyway, the MAE and RMSE results for OK indicated that the method was 

not the best approach for interpolating rainfall in any analysed month. The main finding 

of OK outcomes was that the method tended to underestimate rainfall mean values. 

 

4.3 Kriging with an External Drift (KED) 

Elevation, extracted from a  5 m x 5 m digital elevation model (DEM), and geographic 

coordinates were used as the secondary information to improve the interpolation accuracy 



for monthly rainfall in KED approach. This is a cheaper and widely available data, which 

can be used to incorporate into multivariate geostatistics of rainfall in the areas where the 

modern equipment are not available. Figure 6 shows the rainfall maps for all the months, 

obtained by using the KED technique. The KED method resulted the best interpolator 

approach for each monthly rainfall data in Calabria, since its MAE and RMSE results 

show the lowest values among all adopted methods (Table 3). In fact, the KED R square 

coefficients of measured versus predicted monthly rainfall range from 0.67 to about 0.84 

(Figure 2 and Table 2).  

 

4.4 Ordinary Cokriging (COK) 

Similarly to the KED, also in the COK elevation was incorporated as secondary variable. 

Its main purpose is to add information not represented in the primary variable, thereby 

increasing precision. Indeed, maps of rainfall distribution obtained by COK interpolation 

are quite similar to those obtained by OK in the driest months (Figure 7). In fact, the 

benefit of multivariate techniques can become marginal if the correlation between rainfall 

and elevation is too small (Goovaert, 2000) such in this case study. The R square 

coefficients of measured versus predicted monthly rainfall range between 0.63 and 0.81 

(Figure 2 and Table 2), and the MAE and the RMSE results indicated that the COK 

method can be considered a good approach for interpolating rainfall data (Table 3). 

 

4.5 Bayesian kriging (EBK) 

EBK is both a straightforward and robust method of data interpolation that automates the 

most difficult aspects of building a valid kriging model eliminating the manual parameter 

adjusting. The R square coefficients of measured versus predicted monthly rainfall for 



EBK approach range between 0.54 and 0.82 (Figure 2 and Table 2). Figure 8 shows the 

spatial variation of rainfall distribution computed using EBK. These maps are quite 

similar to those obtained by using COK interpolation. 

 

4.6 Methods comparison 

Results from the application of different algorithms provided some insights in terms of 

strengths and weaknesses, and in terms of the applicability of the deterministic and 

geostatistical methods to monthly rainfall. 

Table 3 and Figure 3 show, for each month, the best interpolation methods as results of 

the MAE and RMSE values. For both MAE and RMSE, the KED and the COK 

approaches showed the best values in all months and, specifically, KED can be identified 

as the best method for interpolating rainfall distribution in Calabria region. The results of 

the cross-validation provide clear evidence of the usefulness of kriging in the spatial 

interpolation of rainfall data (Table 3). In fact, because of the cross-validation, 

geostatistical interpolators clearly outperform the IDW technique, thus confirming past 

findings by other researchers (Goovaerts, 2000; Lloyd, 2005) which evidenced that IDW 

was found to be less accurate than geostatistical approaches for estimating monthly and 

annual rainfall. The visual comparison among all maps obtained by different deterministic 

and geostatistical interpolation algorithms is also compelling. Obviously, the maps 

produced using IDW are substantially different than other methods since IDW not 

consider the pattern of spatial dependence of rainfall data but only the distance between 

estimated and observed locations. Conversely, the OK, KED, EBK and COK 

interpolators produced spatial distribution which seem to be more consistent with natural 

precipitation. In particular, maps of rainfall distribution obtained by OK, EBK and COK 



are quite similar while, as evidenced in previous studies (Goovaerts, 2000; Kyriakidis et 

al., 2001; Moges et al., 2007), by using the KED, which take into account elevation and 

geographical coordinates, significant better results in spatial distribution can be obtained. 

The different behaviour of the COK with respect to the KED can be explained following 

Goovaerts (1997) which states that the contribution of the auxiliary data to the COK 

predictions depends not only on the correlation between primary and secondary variables, 

but also on their patterns of spatial continuity. Probably, as evidenced by Kyriakidis et al. 

(2001), if the additional information in KED and COK were, for example, monthly wind 

speed or humidity that are monthly time series of covariates, instead of a variable fixed 

in time, such in this case (topography and geographical coordinates), the cross-validation 

results might be even better. 

 

5. Conclusions 

Rainfall is one of the most important climatic parameter influencing the cropping pattern, 

productivity, flooding and drought hazards, erosion and sedimentation. The knowledge 

of the spatial distributions of rainfall in the Calabria region is essential for water resource 

management. In fact, cropping system of this region is decided by several soil and 

climatic parameters that determine overall agro-ecological setting for nourishment and 

appropriateness of a crop or set of crops for cultivation. 

In this paper, in order to generate different monthly precipitation maps, the spatial 

distribution of rainfall in Calabria has been investigated through deterministic and 

geostatistical methodology. In particular, DIW, OK, KED, COK and EBK  were applied 

and the prediction performance of each method was evaluated through cross-validation 

and visual examination of the precipitation maps produced. Results of the cross 



correlation confirm the better accuracy of geostatistical methods than deterministic ones 

and, in particular, that the KED can be identified as the best method for interpolating 

rainfall distribution in Calabria for all the months. The visual comparison among all maps 

obtained by the application of the KED and the COK interpolators produced the best 

rainfall spatial distribution, thus evidencing that taking into account elevation and 

geographical coordinates as secondary variables could get significant better results in 

spatial distribution. Moreover, EBK confirms good performance in terms of time-

computation and obtained results compared to its ease of implementation. 

Future developments of this study could include in the spatial analysis new variables, 

such as wind speed or humidity, which could improve the results of the rainfall 

distribution. 
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Figures Captions 

Figure 1. Location of the selected 129 rain gauge on a DEM of Calabria. 

Figure 2. Scatterplots between observed and estimated monthly precipitation in June for 

a) IDW, b) OK, c) KED, d) COK, e) EBK. 

Figure 3. Mean absolute error (a) and root mean square error (b) for the interpolation 

methods. 

Figure 4. Mean monthly precipitation interpolated using IDW method. 

Figure 5. Mean monthly precipitation interpolated using OK method. 

Figure 6. Mean monthly precipitation interpolated using KED method. 

Figure 7. Mean monthly precipitation interpolated using COK method. 

Figure 8. Mean monthly precipitation interpolated using EBK method. 



 

 
FIGURE 1    Location of the selected 129 rain gauge on a DEM of Calabria [Colour figure can be viewed at wileyonlinelibrary.com] 

 
 

 
 

 
FIGURE 2     Examples of histograms ante and post-transformation for March 
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FIGURE 3    Scatterplots between observed and estimated monthly precipitation in June for the selected interpolation methods [Colour figure can 

be viewed at wileyonlinelibrary.com] 
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FIGURE 4     MAE and RMSE for the selected interpolation methods [Colour figure can be viewed at wileyonlinelibrary.com] 
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FIGURE 5     Mean monthly 

precipitation interpolated using 

IDW method [Colour figure can 

be viewed at 

wileyonlinelibrary.com] 
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FIGURE 6     Mean monthly 

precipitation interpolated using 

OK method [Colour figure can be 

viewed at wileyonlinelibrary.com] 
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FIGURE 7     Mean monthly 

precipitation interpolated using 

KED method [Colour figure can be 

viewed at wileyonlinelibrary.com] 
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FIGURE 8     Mean monthly precipitation interpolated using COK method [Colour figure can be 

viewed at wileyonlinelibrary.com] 
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FIGURE 9     Mean monthly 

precipitation interpolated using 

EBK method [Colour figure can be 

viewed at wileyonlinelibrary.com] 
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