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Abstract

Kriging has become a widely used method for spatial distribution of hydro-
climatic variables. The aim of this work was to evaluate the simple kriging and co-
kriging on the spatial distribution of rainfall in Espírito Santo state, Brazil. Data
model elevation and distance from the sea, obtained from sampling points in regu-
lar and irregular grids were used as covariates in co-kriging. Also, we used aver-
age annual rainfall of 108 rain gauge stations geographically distributed in the 
state. The evaluation of methods and variables was based on cross-validation, 
considering the errors of the predicted values, adjusting the first degree linear 
regression model of the observed values as a function of the estimated values and 
the coefficient of determination. In general, the regular grid sampling of the co-
variates showed a slight trend toward better prediction accuracy compared to 
the irregular grid. Also, co-kriging provided more accurate results than kriging,
which was verified by the average absolute errors, ranging from 7.066% 
to 7.924%, and by the root mean squared errors, varying from 109.6 mm
and 120.4 mm. The results suggest that, wherenever possible, it is better to use co-
kriging and regular grids for sampling.
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1. Introduction

The rainfall is considered a useful variable in many fields other than agriculture, 
such as ecology, forestry, health and diseases, and other civil engineering (Chap-
man and Thornes, 2003). However, these applications usually require data available 
on a continuous space (Hu, 2010). Often, rainfall data are obtained from specific 
collection points, which determines the use of spatial interpolation methods for 
their Mapping, among which we highlight the geostatistical interpolation and in-
verse distance squared (Mello et al. 2003, Carvalho and Assad, 2005, Viola et al., 
2010).

Kriging is a geostatistical method of univariate interpolation that has been wide-
ly used because of its efficiency in the interpolation of rainfall data (Tabios and 
Salas, 1985). The multivariate extension of kriging, called co-kriging is used when 
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there is spatial correlation between the variable cross primary and secondary varia-
bles (Vieira, 2000).The usefulness of co-kriging is often enhanced by the fact that 
the primary variable of interest is subsampled (Isaaks and Srivastava, 1989). In this 
respect, co-kriging has proven more interesting than kriging, due to the low density 
of rain gauge stations in the existing areas of interest, especially in mountainous 
areas of difficult construction and maintenance of equipment (Hu, 2010).

The method of cokriging, for purposes of spatial rainfall has usually involved 
topographic variables (Goovaerts, 2000; Hu, 2010). Among these variables, the 
elevation has been most widely used and studies have shown improvements in 
accuracy of prediction of rainfall using it as covariate (Hevese et al., 1992; Diodato 
and Cecarelli, 2005; Viola et al., 2010). However, as suggested by Goovaerts 
(2000), other environmental descriptors should be investigated, which may explain 
a large proportion of the spatial variability shown by rainfall.  

The objectives of this study were to evaluate the method of simple kriging and 
co-kriging in the spatial distribution of annual precipitation in Espirito Santo State; 
evaluate the performance of spatial prediction by using different covariables and 
their sampling scheme with random points in a regular and irregular grids.

2. Methodology 

The Espirito Santo State is located in southeastern of Brazil. Its area is approxi-
mately 46,098.571 km2

Analysis of outliers was performed using boxplot graphs in the software Minitab 
14. As mentioned by Junior Diggle and Ribeiro Junior (2000), the data should be 
inspected for possible outliers before any variogram is calculated. Then after the 
identification of rainfall outliers, it was removed from the dataset of the annual 
period and calculated the parameters of basic descriptive statistics.
For co-kriging we used the elevation and the distance from the coast as secondary 
variables. These covariates were obtained for 3014 randomly sampled points in 
regular grid, with spacing of 5x 5 kilometer , and irregular grid, with a minimum 
distance of 1kilometer among the points. The distance from the coast was calculat-
ed as the minimum distance of each point relative to the coast. The data of rainfall, 
elevation and distance from the Sea were analyzed by Pearson's correlation.

and has a great climatic diversity. The series of rainfall data 
used in this study were obtained from the hydrological information system 
HIDROWEB (ANA, 2011) and from the Capixaba Institute of Research  (Tech-
nical Assistance and Rural Extension - Incaper). In the total we used 108 rain gauge 
stations and it was considered 25 years of data, a recurrence period 1976 to 
2006. The flaws in the monthly series presented in some rain gauge stations were 
filled by the method of weighted regional (Bertoni and Tucci, 2007). The con-
sistency of the data series from Incaper and the filling of gaps were done using the 
method of double mass (Bertoni and Tucci, 2007).  

The verification of anisotropy of the rainfall data was performed using the R (R 
DEVELOPMENT CORE TEAM, 2011), using the package GeoR (Ribeiro Junior
and Diggle, 2001), by experimental semivariograms in the directions of 0 º, 45 º, 90 
º and 135 º. For the remainder procedures we used the package Geostatistical Ana-
lyst software Arcgis 10.0. (ESRI, 2011), which were carried out trend analyzes, 
adjusting of semivariogram and cross-validation. The rainfall showed trend, but his
need for removal was not confirmed by the results of cross-validation studies. We 
used simple kriging (SK) and cokriging (CK), without prior removal of trend and 
respectively with the exponential and Gaussian models, which best fit to the 
semivariograms. The average value of the precipitation, which must be known and 
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constant for performing simple kriging, was calculated from the data set used in the 
interpolation. There were two co-krigings using only one covariate, ie, cokriging 
rainfall x elevation (CKE) and co-kriging precipitation x distance from the Sea
(CKD). We also evaluated the co-kriging with three sets of data, a primary (precipi-
tation) and two secondary, represented by elevation and distance from the Sea 
(CKED). The model parameters were adjusted automatically focusing on the results 
of cross-validation. The map of kriging standard error, referred to as the standard 
deviation of the prediction for any individual point, was obtained in order to inform 
the correct interpolated values in the area of interest.

The interpolations were assessed by cross-validation, which the value found for
each sampled point is temporarily removed and an estimate is calculated for the 
remainder sampled points, using adjacent sampling points by an interpolation 
method. We fitted the linear regression model of observed values on e based on the
estimated values, considering the values ����1�� �0 and R2 (Isaaks and Srivastava, 
1989). The values obtained for the mean absolute error (MAE) were also used as a 
percentage, and root mean square error (RMSE), which are defined by equations 1 
and 2:
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Where z(si) is the average of observed precipitation, z(si) the number of predict-
ed values and n the number of rain gauge station. 

3. Preliminary results  

The elevation data and distance from the Sea showed significant correlations (p 
<0.01) but weak (0.251) and moderate (-0.361), respectively, with annual precipita-
tion. These results indicate that these variables can be useful in secondary analyzes 
of the spatial distribution of this primary variable in the study area. Distance from 
the Sea resulted in a higher correlation with the precipitation and hence to assist in 
the best potential for interpolation by using multivariate methods.

The directional semivariograms of rainfall showed different behaviors of the 
spatial continuity in the regions closer to the threshold. Based on these behavior 
displayed, which indicated no marked anisotropy for the primary outcome, 
geostatistic analysis was performed assuming an isotropic distribution.

The condition of isotropy for the precipitation data were then taken for both the 
construction of the semivariogram and for the cross-covariograms as directional 
analyzes carried out also in package ArcGis10.0 the Geostatistical Analyst.
The semivariogram model and cross covariogram that best fits the rainfall data 
were exponential. The total variance of annual precipitation data was 36,176.26 
mm, being close to the value found for the plateau (Figure 1).
The CKE and CKED co-krigings produced the lowest values of RMSE (Table 
2). The coefficients of determination were similar for kriging and co-kriging, but 
��	�
���	�	����0 �����1

In the evaluation of regular and irregular grids for the variables it was found that 
regular showed generally slight tendency towards greater efficiency in spatial pre-

showed over all best fit to the data in co-kriging.
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diction of rainfall (Table 2). Although the evaluation was for the secondary varia-
bles, the observed results are consistent with the geostatistics theory. In kriging, the 
predictive performance is affected by sampling (Diggle and Ribeiro Junior, 2000) 
and, in general, the regular grids result in minimized prediction variance and pro-
vide better estimates with respect to random sampling in irregular grids 
(Hengl, 2007). However, the sampling pattern for regular or irregular in some cases 
can not result in significant difference as observed by Englund et al. (1992).

Figure 1: Best fitted semivariogram and cross-covariogram models of precipitation
in the study area, using regular grid for secondary variables. 

Table 2: Cross-validation parameters for the semivariogram fitted for the annual 
precipitation data, using simple kriging (SK) and cokriging (
Method/

CK)

covariable
Model Grid

Predicted value error R Regression 2

MAE (%) RMSE (mm) �� ��
SK Exp. 7.924 120.428 0.601 535.5 0.574

CKE Exp.
Reg. 7.066 109.660 0.667 463.8 0.623
Irreg. 7.534 117.502 0.616 489.3 0.606

CKD Exp.
Reg. 7.739 118.227 0.613 453.4 0.638
Irreg. 7.736 118.193 0.613 453.3 0.637

CKE/D Exp.
Reg. 7.316 112.447 0.648 448.9 0.639
Irreg. 7.649 117.638 0.614 442.5 0.639

  
The maps of standard prediction error (Figure 2), which measure the confidence 

of the interpolated values, point out that areas close to the measured points have 
standard errors smaller than those farther away. As mentioned by Mello Junior et 
al. (2006), this behavior is characteristic of the kriging variance, indicating that the 
variance also represents the greatest uncertainty for the prediction. The largest 
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standard error of prediction (Figure 2) occur in areas located in the northeastern and 
northern, where the density of rain gauge stations is lower. In these locations the 
precipitation values predicted are probably associated with a higher level of uncer-
tainty. The lowest values for the standard errors of prediction occur in areas located 
to the south. Visually the maps show that the precipitation uncertainty is smaller in 
the maps generated by co-kriging, especially CKD.

Figure 2: Prediction standard error maps for annual precipitation (mm) obtained by 
kriging (A), co-kriging using elevation (B), distance from the Sea (C) and elevation 

and distance from the Sea (D).

4. Conclusions

For the interpolation of rainfall in the state of Espirito Santo the co-kriging tend-
ed to provide smaller mean absolute errors and root mean square error, in addi-
tion a map with smaller standard errors of the estimated values than the simple 
kriging. These results suggest that the method of co-kriging is preferable, but the 
use of this method requires a prior assessment of the costs of sampling second-
ary variables and the expected benefits in improve  the interpolated data. In par-
ticular, sources of secondary information available at low-cost or free, such as 
digital elevation model (SRTM) used in this study favor the choice of method of
co-kriging. The use of regular grids also tended to better predictive performance
compared to irregular grids and should be considered in the sampling scheme of
secondary variables.
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