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Abstract

Spatial interpolation of precipitation data is of great importance for hydrological mod-
elling. Geostatistical methods (krigings) are widely used in spatial interpolation from
point measurement to continuous surfaces. However, the majority of existing geosta-
tistical algorithms are available only for single-moment data. The first step in kriging5

computation is the semi-variogram modelling which usually uses only one variogram
model for all-moment data. The objective of this paper was to develop different algo-
rithms of spatial interpolation for daily rainfall on 1 km2 regular grids in the catchment
area and to compare the results of geostatistical and deterministic approaches. In this
study, we used daily rainfall data from 70 raingages in the hilly landscape of the Ourthe10

and Ambleve catchments in Belgium (2908 km2). This area lies between 35 and 693 m
in elevation and consists of river networks, which are tributaries of the Meuse River. For
geostatistical algorithms, Cressie’s Approximate Weighted Least Squares method was
used to fit seven semi-variogram models (logarithmic, power, exponential, Gaussian,
rational quadratic, spherical and penta-spherical) to daily sample semi-variogram on15

a daily basis. Seven selected raingages were used to compare the interpolation per-
formance of these algorithms applied to many degenerated-raingage cases. Spatial
interpolation with the geostatistical and Inverse Distance Weighting (IDW) algorithms
outperformed considerably interpolation with the Thiessen polygon that is commonly
used in various hydrological models. Kriging with an External Drift (KED) and Ordinary20

Cokriging (OCK) presented the highest Root Mean Square Error (RMSE) between the
geostatistical and IDW methods. Ordinary Kriging (ORK) and IDW were considered to
be the best methods, as they provided smallest RMSE value for nearly all cases.

1 Introduction

Basin management, including hydrological and water quality applications, requires data25

on the very important precipitation parameter. These data are always collected using
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raingages, and hence they are point data. However, use of a single raingage as rain-
fall input carries great uncertainties regarding runoff estimation (Faurès et al., 1995;
Chaubey et al., 1999). This presents a great problem for the prediction of discharge,
groundwater level and soil moisture, especially if the raingage is situated outside the
catchment (Schuurmans and Bierkens, 2007). As a result, some applications such5

as rainfall erosivity mapping (Aronica and Ferro, 1997; Goovaerts, 1999; Hoyos et al.,
2005; Nyssen et al., 2005; Angulo-Martinez et al., 2009a,b) and hydrological modelling
(Syed et al., 2003; Kobold and Sušelj, 2005; Gabellani et al., 2007; Cole and Moore,
2008; Collischonn et al., 2008; Ruelland et al., 2008; Moulin et al., 2009) require rainfall
data that are spatially continuous. The quality of such result is thus determined by the10

quality of the continuous spatial rainfall (Singh, 1997; Andréassian et al., 2001; Kobold
and Sušelj, 2005; Leander et al., 2008; Moulin et al., 2009).

The generation of continuous surfaces starting from irregularly distributed data is
a task for many disciplines. It can be performed by a variety of methods but the dif-
ficulty lies in choosing the one that best reproduces the actual surface (Caruso and15

Quarta, 1998). Indirect estimates of continuous surface based on the measurement of
related ancillary variables have been provided since the late 1960s by ground-based
meteorological RADARs and by remote sensing devices carried on satellite platforms.
The significance and reliability of such indirect methods for hydrological purposes have
still to be determined. The methods must be calibrated and validated using historical20

data (Lanza et al., 2001). However for direct ground-based measurement, spatial inter-
polation techniques can be broadly classified into two main groups: deterministic and
geostatistical.

The first group, deterministic methods, considers that the estimates of regional value
take the form of the weighted mean of observed regional values. The simplest method,25

the Thiessen polygon, assumes that the amount of rainfall at any station can be applied
halfway to the next station in any direction (Chow, 1964). Another of the most frequently
used deterministic methods in spatial interpolation is the Inverse Distance Weighting
(IDW) method. The latter is relatively fast, easy to compute, and straightforward to

7385

http://www.hydrol-earth-syst-sci-discuss.net
http://www.hydrol-earth-syst-sci-discuss.net/7/7383/2010/hessd-7-7383-2010-print.pdf
http://www.hydrol-earth-syst-sci-discuss.net/7/7383/2010/hessd-7-7383-2010-discussion.html
http://creativecommons.org/licenses/by/3.0/


HESSD
7, 7383–7416, 2010

Spatial interpolation
of daily rainfall

S. Ly et al.

Title Page

Abstract Introduction

Conclusions References

Tables Figures

J I

J I

Back Close

Full Screen / Esc

Printer-friendly Version

Interactive Discussion

D
iscussion

P
aper

|
D

iscussion
P

aper
|

D
iscussion

P
aper

|
D

iscussion
P

aper
|

interpret. Its general idea is based on the assumption that the attribute value of an
un-sampled point is the weighted average of known values within the neighbourhood,
the weights being inversely related to the distances between the prediction and the
sampled locations (Teegavarupu and Chandramouli, 2005; Lu and Wong, 2008).

The second group of spatial interpolation techniques, geostatistical methods, consti-5

tutes a discipline involving mathematics and earth sciences. The work of Krige, a South
African mine engineer, is a precursor of geostatistics. Nevertheless, the term “kriging”
and the formalism of this method are due to Matheron (1971).

Several authors have compared various deterministic and geostatistical approaches
to one another in spatial rainfall interpolation. For example, Dirks et al. (1998) com-10

pared Inverse Distance Weighting, the Thiessen polygon and kriging in interpolating
rainfall data from a network of thirteen raingages on Norfolk Island. Nalder and Wein
(1998) used cross validation to evaluate four forms of kriging and three simple alter-
natives for spatial interpolation of climatic data in the Canadian boreal forest. Buytaert
et al. (2006) studied the variability of spatial and temporal rainfall in the South Ecuado-15

rian Andes using the Thiessen polygon and kriging. Basistha et al. (2008) analysed the
spatial distribution of rainfall in the Indian Himalayas using both deterministic and geo-
statistical methods. Goovaerts (2000) and Lloyd (2005) used elevation as secondary
data to incorporate into multivariate geostatistics for monthly and annual rainfall and
compared these results with those of deterministic methods. Overall, they found that20

the geostatistical and IDW methods provided better result than the other deterministic
techniques.

Hydrological models have traditionally used rainfall data interpolated from the
Thiessen polygon. Most of applications consider only monthly or annual time steps
for spatial interpolation of precipitation (Hevesi et al., 1992; Goovaerts, 2000; Boer25

et al., 2001; Todini, 2001; Marquı́nez et al., 2003; Vicente-Serrano et al., 2003; Lloyd,
2005) but some others used hourly time steps for large-scale extreme rainfall events
(Haberlandt, 2007). They usually apply the same theoretical variogram model for each
time step when they interpolate rainfall using the geostatistical methods. However,
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a daily time step is optimal for an understanding of the soil-plant-water relationship and
long-term catchment management simulation.

The objective of this study is to obtain the best interpolation method to produce daily
rainfall data for hydrological models. We develop algorithms for spatial interpolation of
daily rainfall data on 1 km2 regular grids at the catchment scale, taking into considera-5

tion the automatic choice of a daily based theoretical variogram model for geostatisti-
cal methods. The algorithm will be applied to different cases degenerating into different
numbers of raingages inside and surrounding the catchment. This approach addresses
key questions: which method gives the best results? With the raingage in which posi-
tion? Can secondary data improve the results? The results of the interpolated rainfall10

using geostatistical methods were compared to the reference of deterministic methods
(Thiessen polygon and Inverse Distance Weighting).

2 Materials and methods

In this paper, geostatistical algorithms (ordinary kriging, universal kriging, kriging with
an external drift and ordinary cokriging), deterministic algorithms (Thiessen polygon15

and inverse distance weighting) were developed using Fortran 90 to produce the daily
rainfall of each grid from 1976 to 2005. The performance of these methods was then
evaluated.

2.1 Interpolation procedures

The interpolation methods used in this paper will be briefly introduced. A detailed pre-20

sentation of geostatistical theories can be found in Cressie (1991), Goovaerts (1997),
Chilès and Delfiner (1999), and Webster and Oliver (2007).

Spatial interpolation is generally carried out by estimating a regionalized value at
un-sampled points from a weight of observed regionalized values. In this study, un-
sampled points refer to the centres of 1-km2-regular grids in the catchment area. The25
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general formula for spatial interpolation is as follows:

Zg=
ns∑
i=1

λiZsi (1)

where Zg is the interpolated value at point g, Zsi is the observed value at point i , ns is
the total number of observed points (raingages) and λ=(λi ) is the weight contributing
to the interpolation.5

The problem lies in calculating the weights λ, which will be used in the interpolation.
The different methods for computing the weights will be presented in the following
sections.

2.1.1 Deterministic methods

Thiessen polygon (THI)10

For the Thiessen polygon, the catchment area is divided into polygons so that each
polygon contains a single point of sampling (recorded raingages). Each interpolated
point (centre of each grid) takes the value of the closest sampled point. The advantage
of this method is its simplicity. However, the disadvantages of this method are obvious –
the estimation is based on only one measurement and the information on neighbouring15

points is ignored. Moreover, there are sudden jumps of discontinuity in the passage
from one polygon to another.

Inverse Distance Weighting (IDW)

Inverse Distance Weighting (IDW) estimates values at un-sampled points by the
weighted average of observed data at surrounding points. So, this can be defined20

as a distance reverse function of each point from neighbouring points. That means by
using a linear combination of values at a known sampled point, values at un-sampled
points can be calculated. IDW relies on the theory that the unknown value of a point is
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influenced by closer points than by points further away. The weight can be computed
by:

λi =

1
|Di |

d

ns∑
i=1

1
|Di |

d

, d > 0 (2)

where Di is the distance between sampled and un-sampled points. The d parameter
is specified as a geometric form for the weight while other specifications are possible.5

This specification implies that if the power d is larger than 1, the so-called distance-
decay effect will be more than proportional to an increase in distance, and vice versa.
Thus, small power d tends to give estimated values as averages of Zsi in the neigh-
bourhood, while large power d tends to give larger weights to the nearest points and
increasingly down-weights points further away (Lu and Wong, 2008). Using a power10

value of 2 for daily and monthly time steps, 3 for hourly and 1 for yearly would appear
to minimize the interpolation errors (Dirks et al., 1998). Furthermore, this power d 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.15

2.1.2 Geostatistical methods

Geostatistical methods use the semi-variograms as a core tool to characterize the spa-
tial dependence in the property of interest. Figure 1 shows a simplified flowchart of
kriging computations procedures carried out in this study.
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Variogram modelling

First of all, the experimental semi-variogram was calculated as a half the squares dif-
ference between paired values to distance by which they were separated:

γ̂(h)=
1

2N(h)

N(h)∑
i=1

(Zsi −Z(si +h))2 (3)

where N(h) is the number of pairs of data locations a vector h apart. The spatial5

variability was assumed here to be an isotropic spatial pattern due to the lack of number
of points data, and hence identical variability in all directions.

In practice, the average squared distance was obtained for all pairs separated by
a range of distances and these average squares differences were plotted against the
average separation distance. A theoretical model might then be fitted to the exper-10

imental semi-variogram and the coefficient of this model could be used for kriging.
Most previous studies have used only one theoretical model for each time step, and
these were mostly in monthly or yearly steps (Hevesi et al., 1992; Goovaerts, 2000;
Boer et al., 2001; Todini, 2001; Marquı́nez et al., 2003; Lloyd, 2005). However, this pa-
per focuses on daily data over 30 years. On a daily basis, rainfall has different spatial15

variability. In this study, we dealt with the fitting of the semi-variogram for every day of
our 30-year period. In order to do this, we used seven existing theoretical models, as
presented below:

– De Wijs (logarithmic) model:

γ(h;θ)=
{

0, h=0,
θ0+θ1 ln‖h‖ , h 6=0,

for θ0 ≥0 and θ1 ≥0.

(4)20
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– Power model:

γ(h;θ)=
{

0, h=0,
θ0+θ1‖h‖

θ2 , h 6=0,

for θ0 ≥0, θ1 ≥0 and 0≤θ2 <2.

(5)

– Exponential model:

γ(h;θ)=
{

0, h=0,
θ0+θ1[1−exp(−3‖h‖/θ2)], h 6=0,

for θ0 ≥0, θ1 ≥0 and θ2 ≥0.

(6)

– Gaussian model:5

γ(h;θ)=

{
0, h=0,

θ0+θ1

{
1−exp

[
−3(‖h‖/θ2)2

]}
, h 6=0,

for θ0 ≥0, θ1 ≥0 and θ2 ≥0.

(7)

– Rational quadratic model:

γ(h;θ)=


0, h=0,

θ0+θ1

19
(‖h‖/θ2

)2

1+19
(‖h‖/θ2

)2 , h 6=0,

for θ0 ≥0, θ1 ≥0 and θ2 ≥0.

(8)
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– Spherical model:

γ(h;θ)=


0, h=0,

θ0+θ1

(
3‖h‖
2θ2

− 1
2

(
‖h‖
θ2

)3
)
, 0< ‖h‖≤θ2,

θ0+θ1, h 6=0,
for θ0 ≥0, θ1 ≥0 and θ2 ≥0.

(9)

– Penta-spherical model

γ(h;θ)=


0, h=0,

θ0+θ1

(
15‖h‖
8θ2

− 5
4

(
‖h‖
θ2

)3
+ 3

8

(
‖h‖
θ2

)5
)
, 0< ‖h‖≤θ2,

θ0+θ1, h 6=0,
for θ0 ≥0, θ1 ≥0 and θ2 ≥0.

(10)

Each of these models was combined with a nugget effect. The most common methods5

of fitting semi-variogram models to experimental semi-variogram models are performed
by eye. However, this is not an appropriate approach because it depends on the ex-
pertise and the information in the field. Moreover, this procedure was not feasible for
daily data of 30 years, hence instead an automatic procedure was necessary. Cressie
(1985) proposed weighted least squares, used in this study, as a reasonable compro-10

mise between the efficiency of generalized least squares and the simplicity of ordinary
least squares for fitting a semi-variogram model to an experimental semi-variogram.
He introduced an approximation to the weighted least squares criterion, which reduced
the estimation problem to iteratively reweighted least squares:

C(h;θ)=
K∑
i=1

|N(hi )|
(

γ̂(hi )

γ(hi ;θ)
−1

)2

(11)15

where h1, h2, . . . , hk are equally spaced lags at which the semi-variogram is estimated.
In this study, the coefficients of a model for kriging were chosen when the coefficient
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C was least among the iteration processes. Moreover, a model was chosen for each
day by considering the model which provided the smallest C among the seven models.
Figure 2 shows an example of fitting seven variogram models to the sample semi-
variogram of rainfall on 7 August 1991. The rational quadratic model was chosen for
this day. However, kriging can lead to negative estimates. Thus, the variogram model5

was changed to another one until the kriging estimates were all positives (Fig. 1).
The coefficients of the chosen model were then used to determine the weight through

equation systems of different types of kriging: Ordinary Kriging (ORK), Universal Krig-
ing (UNK), and Kriging with an External Drift (KED).

Ordinary Kriging (ORK)10

The weights are obtained such that the estimation is unbiased and the variance is
minimized. The ORK system of (ns+1) equations, is as follow:

ns∑
i=1

λiγi j −µ=γi0 for j =1,...,ns

ns∑
i=1

λi =1
(12)

Where γi j represents the semi-variances of Zs between locations i and j , and µ is the
Lagrange parameter.15

This system can be shown in matrix form to facilitate the resolution:

Γ×λ=G⇒ λ=Γ−1×G (13)

The weights λi , obtained through this system are inserted into Eq. (1) to make the
prediction. The unbiased estimate is assured by the constraint of the sum of the weight
to 1, which requires the definition of the Lagrange parameter.20
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Universal Kriging (UNK)

This assumes that spatial variation in estimated values has a structural component in
addition to the spatial correlation between known points (Basista et al., 2008). Typically,
UNK incorporates a trend surface equation in the kriging process. This can be either
a first order polynomial or it can be a quadratic surface defined by a second order5

polynomial. The prediction is computed when the weights are such that the prediction
is unbiased and the variance is minimized. The same process as in ORK is followed.
The system of (ns+L+1) can be written as:

ns∑
i=1

λiγi j +
L∑

l=1
µl f

l
i =γi0 for i =1,...,ns

ns∑
i=1

λi f
l
i = f l0 for l =0,...,L

(14)

where γi j represents the semi-variances of Zs between locations i and j , and µl are10

the Lagrange parameters and f is the mean which is a function of spatial coordinates.
This study dealt with linear trend, hence L=2, f 0

i =1, f 1
i =xi , f 2

i =yi (x and y are the

abscise and ordinate of the points). When L=0,
ns∑
i=1

λi=1 which is the constraint of un-

bias. The system can be also written in matrix form (Eq. 13) and the weights λi can be
computed to make the prediction.15

Kriging with an External Drift (KED)

We made the hypothesis that the variable of interest presents a structure of ensemble
modelled by a secondary variable. The spatial behaviour of the secondary variable is
similar to an indicator of general trend, the so-called external drift, representative of
a representation of predictions, regarding the considered geographical domain. This20

study dealt with the trend model of the combined function of spatial coordinates and
elevation as the secondary variable simultaneously.
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Ordinary Cokriging (OCK)

The last of the geostatistical methods dealt with in this study is Ordinary Cokriging
(OCK), which is another approach to incorporating secondary information in order to
improve the spatial interpolation. Goovaerts (2000) stated that using multiple sec-
ondary variables can lead to unstable cokriging systems. Thus, only elevation (Ys)5

was considered in this paper. The cokriging estimate is:

Zg=
ns∑
i=1

λiZsi +
ns∑
i=1

αiYsi (15)

where all secondary variables are obtained at the same points of variable of interest.
As with ORK, the objective is to minimize the variance under the constraint of un-bias,
which gives a very complex system of (ns+ns+2) equations:10 

ns∑
i=1

λiγ(Zi ,Zj )+
ns∑
i=1

αiγ(Zi ,Yj )+µZ =γ(Z0,Zi ) for j =1,...,ns

ns∑
i=1

λiγ(Yi ,Zj )+
ns∑
i=1

αiγ(Yi ,Yj )+µY =γ(Z0,Yi ) for j =1,...,ns

ns∑
i=1

λi =1

ns∑
i=1

αi =0

(16)

The system can also be written in the matrix form. There are two Lagrange parameters
to take into account for the constraints on the weight of primary and secondary data.
The input information (γ(Zi ,Zj ), γ(Yi ,Yj ), γ(Zi ,Yj )) represents the values of direct semi-
variograms of primary and secondary variables and cross semi-variograms of primary15
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and secondary variables, respectively for spaced distances. The experimental cross-
semi-variograms were computed as:

γ̂ZY (h)=
1

2N(h)

N(h)∑
i=1

[Zsi −Z(si +h)][Y si −Y (si +h)] (17)

Modelling the co-regionalization between two variables Z and Y involves choosing and
fitting theoretical models to the two direct semi-variograms γ(Zi ,Zj ) and γ(Yi ,Yj ) plus5

the cross semi-variogram γ(Zi ,Yj ). The difficulty lies in the fact that the three models
can not be built independently from one another. The easiest approach consists of
modelling the three semi-variograms as linear combinations of the same set of basic
semi-variogram models (Goovaerts, 1998).

The coefficients of the fitted models are used to determine the weight through the10

equation systems of Ordinary Cokriging (Eq. 16).

2.2 Study area, data and case study

In this study, we used daily rainfall data of 30 years (1976–2005) from 70 raingages
within and surrounding the hilly landscape of the Ourthe and Ambleve catchments
(2908 km2). These catchments were divided into regular grids of 1 km2. The catchment15

area lies between 35 and 693 m in elevation, and is located in the Ardennes hill range
in the south-eastern part of Belgium, called the Walloon region (Fig. 3). The Ourthe
River is an important tributary of the Meuse River. Since the higher Condroz region
acts as a natural boundary, the Ourthe flows in a northerly direction. Several smaller
tributaries, such as the Vesdre and the Ambleve, join the Ourthe River along its way20

towards Liege, where it eventually joins the river Meuse.
The precipitation data were provided by the Royal Meteorological Institute of Bel-

gium. The elevation data used for this study are extracted from the Digital Elevation
Model (DEM) provided by the ERRUISSOL project (Demarcin et al., 2009).

In this study, the interpolation procedures were applied to different case studies,25

7396

http://www.hydrol-earth-syst-sci-discuss.net
http://www.hydrol-earth-syst-sci-discuss.net/7/7383/2010/hessd-7-7383-2010-print.pdf
http://www.hydrol-earth-syst-sci-discuss.net/7/7383/2010/hessd-7-7383-2010-discussion.html
http://creativecommons.org/licenses/by/3.0/


HESSD
7, 7383–7416, 2010

Spatial interpolation
of daily rainfall

S. Ly et al.

Title Page

Abstract Introduction

Conclusions References

Tables Figures

J I

J I

Back Close

Full Screen / Esc

Printer-friendly Version

Interactive Discussion

D
iscussion

P
aper

|
D

iscussion
P

aper
|

D
iscussion

P
aper

|
D

iscussion
P

aper
|

which consisted of degenerating into 70 (all available raingages), 60, 50, 40, 30, 20, 8
and 4 raingages.

Over the 30 years (1976–2005), there were a total of 10 063 rain days, on which
the Pearson’s coefficient could be computed (Fig. 4). Of these 10 063 rain days, 2087
rain days (20.74%) had a Pearson’s correlation coefficient higher than 0.5 and 181 rain5

days (1.8%) had a Pearson’s correlation coefficient lower than −0.5. In this study, a day
was designated a “no-rain day” if rainfall for that day was equal to zero for all raingages
of available data in the area, otherwise, the day was designated as a “rain day”.

2.3 Evaluation criteria for interpolators

The evaluation of such a comparison of different interpolators was usually made by10

cross validation which involves temporarily discarding data from the sample data set;
the value at the same location is then estimated using the remaining samples (Isaaks
and Srivastava, 1989). Most of authors cited in this paper always use a cross validation
technique with monthly or annual time steps. The sample size from the cross validation
is the number of sample data (number of existing raingages). Nevertheless, it would be15

time consuming to use cross validation for the daily time steps of 30-year precipitation.
Therefore, seven raingages in the study area were randomly selected to be used for
validation, in view of the fact that the existing observed daily rainfall series of these
seven raingages provided a large enough sample size. These seven raingages are
FLAMIERGES (elevation 496.88), FRAITURE (elevation 235.54), LA GLEIZE (eleva-20

tion 333.95), TAILLES (elevation 608.67), ROBERTVILLE (elevation 514.82), EREZEE
(elevation 320.87) and SINSIN (elevation 236.1) (Fig. 3). These raingages were not
included when we used 60, 50, 40, 30, 20, 8 and 4 raingages for interpolation. When
using 70 raingages, one of seven raingages was temporarily removed from the 70 sam-
ple data set for each computation; the value at the same location was then estimated25

using the 69 remaining samples. The interpolated rainfalls were then compared to
observed time series of daily rainfall at these seven raingages.

Root Mean Square Error (RMSE) has been used as a criteria of comparison in many
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studies related to spatial interpolation of rainfall such as high-resolution studies of rain-
fall on Norfolk Island (Dirks et al., 1998), assessing the effect of integrating elevation
data into the estimation of monthly precipitation in Great Britain (Lloyd, 2005), compar-
ison of interpolation methods for mapping climatic and bioclimatic variables at regional
scale in Mountain Appennies chain (Attore et al., 2007), and spatial distribution of rain-5

fall in the Indian Himalayas (Basistha et al., 2008).

RMSE=

√√√√1
n

n∑
i=1

(
Zs∗i −Zsi

)2
(18)

Zs* : observed value at the raingage; Zs: interpolated value at the raingage; n: sample
size (total number of days).

The most accurate algorithm has an RMSE value closest to zero. Although all geo-10

statistical methods provide an estimate of the error variance, but this value has not
been retained as a performance criterion because it is not adequate to delimit the reli-
ability of kriging estimate (Goovaert, 2000).

3 Results

3.1 Spatial distribution of rainfall15

The most straightforward method used was the Thiessen polygon (THI), whereby the
value of the closest observation was simply assigned to each grid. The Thiessen
polygon map showed the characteristics of the polygonal zones of influence around
each raingages (Fig. 5). This method obviously provided an unrealistic discontinuous
rain field at the border of each polygon, and did not show the true spatial variation20

of rainfall. The annual mean rainfall varied from 840 mm at the lowest elevation to
1421 mm at the highest elevation with a mean over the area of 1035 mm.

For the Inverse Distance Weighting (IDW) map, the closest measured values had the
most influence. IDW used a simple algorithm based on distance. In this study, we used
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inverse square distances to obtain the values at all grids in the catchment area. The
map showed a distribution in more or less individual areas. Within these areas, there
was usually a duck-egg shape corresponding to a high or low rainfall value (Fig. 5).
The annual mean rainfall varied from 878 mm at the lowest elevation to 1330 mm at the
highest elevation with a mean value over area of 1045 mm.5

Instead of distance, kriging formed weights from surrounding measured values to
predict values at each grid. However, the kriging weights for the surrounding measured
points were more sophisticated than those produced by IDW. The kriging weights came
from a semi-variogram that was developed by looking at the spatial structure of the
data. The predictions of each grid were made based on the semi-variogram and the10

spatial arrangement of measured values that were nearby. The map generated by
Ordinary Kriging (ORK) showed a relatively similar pattern to map obtained by IDW.
However, the ORK map was smooth, presenting fewer duck-egg shapes (Fig. 5). The
annual mean rainfall varied from 862 mm at the lowest elevation to 1334 mm at the
highest elevation, with an areal mean of 1046 mm.15

The trend modelled as a polynomial function of geographical coordinates was used
to enhance the estimation by Universal Kriging (UNK) method. The influence of coordi-
nates could make the map smoother than the map obtained by ORK (Fig. 5). However,
the average areal rainfall was 1052 mm, a bit higher than the value obtained using pre-
vious methods. The annual mean rainfall varied from 851 mm at the lowest elevation20

to 1340 mm at the highest elevation.
We also integrated the elevation information extracted from Digital Elevation Model

(DEM) in order to improve the previous estimation by using the Kriging with an External
Drift (KED). The latter used the elevations as the secondary variable to derive the local
mean of rainfall (primary variable). A visible high influence of topography over the25

estimated precipitation values appears clearly in the map (Fig. 5). Overall, KED tended
to overestimate the annual mean rainfall over the area (1065 mm). The annual mean
rainfall varied from 848 mm at the lowest elevation to 1406 mm at the highest elevation.

A multivariate extension of kriging, Ordinary Cokriging (OCK), was also used by
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incorporating the elevation derived from DEM as secondary information. The elevation
was known in each grid and varied smoothly across the study area (Fig. 3). The map
derived using the OCK technique was very similar to those derived using the UNK and
ORK methods (Fig. 5). Moreover, the mean rainfall over the area was also in the same
range as the mean of THI, IDW, ORK and UNK methods. The annual mean rainfall5

varied from 847 mm at the lowest elevation to 1327 mm at the highest elevation with
mean over area of 1050 mm.

However, when the fewest gages were used for interpolation, UNK and KED provided
very poor results (Fig. 6) and over-estimated the annual mean rainfall. The annual
mean rainfall generated by UNK and KED varied from 558 mm and 298 mm at the10

lowest elevation to 2391 mm and 3719 mm at the highest elevation, with a mean of
1141 mm and 1214 mm, respectively. This was due to the extrapolation of the UNK
and KED outside the range of data. The values of the local trend (coordinate function)
and sampled secondary variable (elevation) were outside the range of the values at
locations where the primary variable were also sampled.15

3.2 Performance of daily rainfall interpolators

The Rotbertville raingage with a high elevation (514.82 m) and situated near to the
catchment’s border always provided the highest RMSE value in all of the gage-
degenerated cases (Fig. 7). However, Tailles, a raingage with the highest elevation
(608.67 m) and situated in the peak line between the two catchments provided the20

second highest RMSE value.
The number of gages was the key factor for gradually reducing the RMSE (Fig. 8).

There were little differences between geostatistical and IDW methods. However, the
RMSE of estimates made using Thiessen polygon was clearly higher than those result-
ing from using geostatistics and IDW. When the number of gages becomes very small,25

the RMSE becomes very high and the difference in the RMSE between the methods
becomes larger.

Geostatistical methods tended to increase the RMSE values, while IDW always
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tended to decrease these values gradually when using all the raingages. Geostatis-
tics and IDW considerably outperformed the Thiessen polygon method. The Thiessen
polygon provided the largest average RMSE value (2.81 mm), while ORK gave the
lowest average RMSE value (2.42 mm). Other methods gave a somewhat higher av-
erage RMSE than ORK-IDW (2.44 mm), UNK (2.49 mm), KED (2.50 mm) and OCK5

(2.53 mm). But their RMSE values stayed much lower than those of the Thiessen Poly-
gon.

There was a sudden decline in Thiessen-polygon RMSE value when using eight
raingages for interpolation (Fig. 8) because the eight raingages are close to the seven
raingages selected for validation. Although, RMSE values, provided by geostatistical10

and IDW methods, gradually decreased according to the number of raingages used for
the interpolation (Fig. 8). In general, the values of points close to the sample points
are more likely to be similar than those that are further apart. The Thiessen polygon
ignored the pattern of spatial dependence and considered only one measurement,
whereas IDW and geostatistics were respectively based on the surrounding measured15

values and statistical models that included autocorrelation – the statistical relationship
between the measured points.

For ORK, estimates based on more raingages tended to produce lower RMSE val-
ues. ORK outperformed the technique in most cases, while IDW provided lowest RMSE
values where 8 and 20 gages were used. UNK provided the second lowest RMSE val-20

ues where 50 and 60 raingages were used.

4 Discussion

Results from the application of different algorithms provided some insights in terms
of strengths and weaknesses, and in term of the applicability of the deterministic and
geostatistical methods to daily rainfall made using different densities of raingages in25

the Ourthe and Ambleve catchments. All the algorithms were able to produce 30-year
daily rainfall on the catchment grids for a distributed hydrological model, ranging from
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the most straightforward (THI) to the most complex method (OCK). This process is
very important because there is little evidence that any one method is optimal across
a range of conditions.

The geostatistical and IDW methods outperform the Thiessen polygon method for the
Ourthe and Ambleve catchments. However, this study suggests that gage density was5

one of the major factors in determining the performance of such interpolation method
(Fig. 8). Here, the best methods are ORK and IDW for daily rainfall. This is consistent
with the finding of cross validation from the interpolation of average daily rainfall in
the South Ecuadorian Paramo conducted by Buytaert et al. (2006) and daily rainfall
interpolation on a large scale basin in West Africa validated by hydrological modelling10

(Ruelland et al., 2008).
The present study also shows that IDW had a smaller error of estimates than ORK

and UNK when using 30, 20, 8 and 4 gages (Fig. 8). IDW weight is the inverse distance
of the neighbour points while kriging weight is determined by semi-variogam that made
using spatial relationship of both distances and values of the neighbour points. So the15

IDW is the most adequate because the stations used for interpolation of these cases
may be close to the seven stations for validation. This finding is consistent with the
conclusions of Nalder and Wein (1998) – IDW has a smaller error of estimates than
ORK and UNK in interpolating monthly precipitation in the Canadian boreal forest.
This result also confirmed previous findings by Dirks et al. (1998), who recommended20

the use of IDW for interpolation. But, they worked on the spatially dense networks in
Norfolk Island.

When using 50 and 60 raingages, UNK produced RMSE values lower than IDW
(Fig. 8). This is comparable to the conclusions of Basistha et al. (2008), who reported
that UNK was the most suitable method, followed by ORK and IDW. The study of Ba-25

sistha et al. (2008) involved the interpolation of annual rainfall in the Himalayas where
the elevation lies from 175 m to 7409 m with 44 stations over an area of 53 484 km2.

However, UNK and KED showed some limitations and tended to over-estimate the
mean rainfall over the catchment area. In particular, the most critical case in this study
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used the fewest raingages, which were only at the low-elevation part of the catchment
area. UNK and KED produced very poor results in term of both rainfall distribution and
accuracy at raingages used for validation. The rainfall distributions were very poorly
represented. The RMSE values were very high.

Integrating elevation into KED and OCK for spatial interpolation did not really lead5

to a smaller error of estimates here and showed the highest RMSE value between
IDW and other geostatistical methods for most of the gage-degenerated cases (Fig. 8).
This is because of the poor correlation between elevation and daily rainfall (Fig. 4).
Certainly, differences in the time step used for interpolation could contribute to the
difference in the result of the present study and those of studies of Goovaert (2000)10

and Lloyd (2005), which used monthly and annual time steps. Accounting for elevation
using multivariate geostatistical algorithms (KED and OCK) generally reduces the ORK
prediction error as long as the correlation coefficient is larger than 0.75. The benefit
of multivariate techniques can, therefore, become marginal if the correlation between
rainfall and elevation is too small (Goovaert, 2000). When the observation time steps15

are less than one a month, the location relationship between precipitation and altitude
is likely to be less obvious (Lloyd, 2005). In his study, the rainfall accumulations were
measured in shorter time steps (daily) and the correlation was relatively small for most
of the rain days (Fig. 4). Hence, ORK and IDW provided better results than the other
methods.20

5 Conclusions

Our results confirm that for daily rainfall, geostatistical and IDW algorithms significantly
outperform simple techniques like the Thiessen polygon which is commonly used in
various hydrological models. Here, the Thiessen polygon clearly provided a discontin-
uous rain field at the border of each polygon, and did not show the true spatial variation25

of rainfall. Average RMSE values from the validated gages were always highest in all
gage-degenerated cases.
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We recommended that care should be taken in using UNK and KED when inter-
polating with very few neighbourhood sample points. These methods can extrapolate
outside the range of data values and cause a poor result. Between the geostatisti-
cal and IDW methods, KED and OCK are not supposed to be the improved methods
because the correlation of daily rainfall and elevation was small for most of the rain5

days.
ORK was considered to be the best method since it provided lowest RMSE value

for nearly all cases. This method was followed by IDW. However, the IDW method
was much simpler than complex geostatistical methods which require a lot of time for
computation.10

However, we dealt only with data at seven raingages in order to assess the perfor-
mance of the different methods. Further research should combine cross validation with
all time series of existing data for a fuller assessment of the strengths and weaknesses
of the approaches used. A subject that remains to be explored is what methods that
produce daily rainfall for a distributed hydrological model can provide the best results15

for stream flow simulation.
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Fig. 1. Flowchart showing the simplified procedure of kriging computation.
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Fig. 2. Sample semivariogram of daily rainfall (7 August 1991) with seven models fitted: the
Rational Quadratic Model is best fitted.
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Fig. 3. Location of raingages and Digital Elevation Model of the Ourthe and Ambleve catch-
ments, Walloon, Belgium.
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Fig. 4. Histogram of Pearson’s correlation coefficient of daily rainfall (1976–2005) and altitude
extracted from DEM.
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Fig. 5. Annual mean rainfall of the Ourthe and Ambleve catchments, generated using six
different algorithms and 70 raingages available in and surrounding the two catchments: 10-mm
intervals of hysoyetal contours.
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Fig. 6. Annual mean rainfall of the Ourthe and Ambleve catchments, generated using six
different algorithms and 4 raingages: 10-mm intervals of hysoyetal contours.
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Fig. 7. Evolution of average RMSE values of different validation gages according to number of
gages used for interpolation.
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Fig. 8. Evolution of RMSE values of different methods according to number of gages.
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