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Quantitative estimation of rainfall fields has been a crucial objective from early studies of the hydrolog-
ical applications of weather radar. Previous studies have suggested that flow estimations are improved
when radar and rain gauge data are combined to estimate input rainfall fields. This paper reports new
research carried out in this field. Classical approaches for the selection and fitting of a theoretical corre-
logram (or semivariogram) model (needed to apply geostatistical estimators) are avoided in this study.
Instead, a non-parametric technique based on FFT is used to obtain two-dimensional positive-definite
correlograms directly from radar observations, dealing with both the natural anisotropy and the temporal
variation of the spatial structure of the rainfall in the estimated fields. Because these correlation maps can
be automatically obtained at each time step of a given rainfall event, this technique might easily be used
in operational (real-time) applications. This paper describes the development of the non-parametric esti-
mator exploiting the advantages of FFT for the automatic computation of correlograms and provides
examples of its application on a case study using six rainfall events. This methodology is applied to three
different alternatives to incorporate the radar information (as a secondary variable), and a comparison of
performances is provided. In particular, their ability to reproduce in estimated rainfall fields (i) the rain
gauge observations (in a cross-validation analysis) and (ii) the spatial patterns of radar fields are ana-
lyzed. Results seem to indicate that the methodology of kriging with external drift [KED], in combination
with the technique of automatically computing 2-D spatial correlograms, provides merged rainfall fields
with good agreement with rain gauges and with the most accurate approach to the spatial tendencies
observed in the radar rainfall fields, when compared with other alternatives analyzed.

� 2008 Elsevier Ltd. All rights reserved.
1. Introduction

Rainfall is one of the most important inputs in hydrological
models. Rain gauges and weather radars are probably the two sen-
sors that are most widely used in rainfall measurement. Unfortu-
nately, typical densities of operational rain gauge networks are
usually unable to fulfill the requirements for real-time hydrological
modelling. Weather radar helps to improve our knowledge of rain-
fall fields, but radar rainfall fields are affected by systematic and lo-
cal errors that should be corrected, in order to use these fields
directly for hydrological purposes. Previous works have suggested
that radar data are essential information in providing accurate flow
estimates using a rainfall runoff model, even when a dense rain
gauge network exists [1–3]. These results have led to the develop-
ment of diverse methodologies for estimating rainfall fields by
merging radar and rain gauge data.
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These merging techniques range from the simplest formulation,
i.e. finding a constant multiplicative calibration factor [4–6], to sta-
tistical approaches based on multivariate analysis [7,8], radar–rain
gauge probability distribution analysis [9–12], geostatistical esti-
mators [2,13–18], and Bayesian methods (see e.g. [19]).

The aim of this study is to define a methodology to estimate
rainfall fields that fit locally with direct (but scarce) rain gauge
measurements and spatially with the shapes of highly detailed
(but indirect) radar fields in a real-time combination of radar and
rain gauge data using geostatistical approaches.

The methodology proposed here introduces two main advances
over classical approaches.

(i) The use of a non-parametric automatic procedure for esti-
mating valid spatial variability models, firstly proposed in
[20], and applied for the first time to rainfall estimation by
the authors [21,22] and fully described and developed in this
paper. This automatic procedure uses FFT for estimating
valid spatial variability models for rainfall fields that can
metric automatic blending methodology to estimate rainfall fields
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be used to estimate rainfall fields merging radar and rain
gauge data. The main advantages of this automatic tech-
nique are that:
o it does not require the prior selection of an analytical

model (i.e. covariance values do not need to be related
by any analytical formulae and there are no parameters
that must be adjusted),

o it includes the observed anisotropy of rainfall fields in the
estimation because it is possible to compute two- or
three-dimensional correlation maps,

o the spatial variability model can be changed for each time
step of an event because this technique provides fast,
automatic definitions and

o it guarantees a single, valid solution for the kriging equa-
tions system by definition.
(ii) The second advance is the use of the radar data field to infer
the spatial structure of the rainfall field. Thus, the high spa-
tial and temporal resolutions of radar data are used to com-
pute the correlogram (or variogram if desired), allowing a
better definition of the high variability in space and time
of the rainfall.

The incorporation of these two new advances into geostatistical
techniques for blending radar and gauge data is the main original-
ity of the methodology proposed here.

The goal of the paper is to show how this methodology can be
used to improve selected geostatistical estimators of rainfall fields
and to compare the performances of three alternative approaches
that use the radar field data as supporting information. All three
alternatives use rain gauge data to estimate rainfall fields, but sup-
plementing these estimates with radar data in different ways: (1)
using radar fields only to define the spatial variability models of
rainfall (i.e., an ordinary kriging estimator), (2) using radar fields
as in (1) but also driving rainfall estimation using the observed
trends in radar fields (i.e., via kriging with external drift), and (3)
using radar fields as in (1) but also including the radar observations
at the target point in the estimation equations (i.e., via collocated
cokriging). It is noted that in all these alternatives radar fields
are used to infer the spatial variability model (as correlation maps)
of true rainfall through the non-parametric automatic methodol-
ogy based on FFT introduced in this paper. Finally, a fourth (refer-
ence) technique is used in the comparisons: classical ordinary
kriging using only information from rain gauges (i.e., with correla-
tion maps obtained directly from the rain gauge data), which serve
to assess the improvements introduced by the use of radar data.
The performance of each one of these estimators was analyzed,
compared and discussed using several events observed in Catalo-
nia (Spain).

The description of the automatic modelling technique used to
automatically define spatial variability models for rainfall fields
is presented in Section 2. A brief description of each blending alter-
native, as well as some examples showing how they are imple-
mented, is included in Section 3. The case study is described in
Section 4. Finally, Section 5 describes the analysis and the compar-
isons and discusses the results and performance of the proposed
methodology and its different alternatives.
2. Automatic modelling of the spatial variability of rainfall

The traditional (parametric) modelling approach for determin-
ing valid spatial models (to be used in kriging) considers only po-
sitive, linear combinations of basic covariance or semivariogram
models known to be positive definite under very restrictive condi-
tions. All previous radar–rain gauge (co-)kriging applications have
used this parametric modelling of the spatial covariance of exper-
Please cite this article in press as: Velasco-Forero CA et al., A non-para
..., Adv Water Resour (2008), doi:10.1016/j.advwatres.2008.10.004
imental radar and rain gauge data. Each author defined different
spatial models appropriate to the specific data used. Krajewski
[13] worked with simulated fields and defined an exponential
covariance model for a radar–rain gauge cokriging system. Creutin
et al. [14] defined three different variograms from radar and rain
gauge data for each analyzed day. Seo [2] employed isotropic expo-
nential models with a nugget effect to model both indicator and
conditional correlation functions in his estimations of real-time
rainfall fields. Sun et al. [3] worked on an Australian case study
and defined a Gaussian model for both auto- and cross-covariance
from radar and gauge data. Nicolau et al. [23] mapped the spatial
distribution of rainfall in Portugal, interpolating rain gauge data
using a spherical semivariogram model. Seo et al. [16] merged ra-
dar and rain gauge data by cokriging using a least squares criterion
to find the best-fit empirical combination for defining the semi-
variogram model, choosing between spherical, exponential and
Gaussian models. Germann and Joss [24] reported the effects of
precipitation type on the spatial patterns of rainfall in various
Swiss Alpine regions using semivariograms. Berne et al. [25] used
spherical semivariograms to analyze the temporal and spatial cor-
relation of Mediterranean rainfall events. Due to this diversity of
results, and the difficulty of adjusting the covariance (correlation)
models, it has not been possible to establish, until now, a reference
methodology for the operational combination of radar and rain
gauge data.

As an alternative, some authors have proposed non-parametric
methodologies for finding valid spatial covariance (correlation)
models [26,27]. Generally, non-parametric techniques look for
covariance values that do not need to be related by any analytical
formulae via numerical approaches. Nevertheless, all values must
be consistent with each other and provide a good fit for the corre-
sponding experimental covariance. The principal advantages of
non-parametric techniques are that they: do not require the prior
selection of an analytical model; free the modelling of coregional-
ization models when several variables are involved in the estima-
tion process; and guarantee a single, valid solution for the kriging
equations system. To our knowledge, there are no previous studies
in which these non-parametric techniques were applied to the
estimation of rainfall fields with a combination of radar and rain
gauge data. Only preliminary results have previously been re-
ported by the authors [21,22,28]. In this paper, we propose using
a non-parametric technique based on FFT firstly proposed by Yao
and Journel [20] (from now as YJ) for the fast and automatic defi-
nition of valid, two-dimensional correlograms from radar or rain
gauge data. With this methodology it is possible to progressively
compute valid, two-dimensional spatial correlograms for each time
step in operational applications of the radar–rain gauge merging
process.

The technique proposed by YJ consists of transforming the
experimental (cross-)covariance values into spectral density maps
in the frequency domain using FFT. Following Bochner’s theorem
[29], the spectral density maps are smoothed in the frequency do-
main under positivity constraints. Then, the inverse FFT transform
of the smoothed spectral density provides (jointly) positive-defi-
nite (cross-)covariance matrices. This technique can be applied to
define intrinsic cross-covariance models and to find valid variabil-
ity models in one, two, or three dimensions.

YJ’s algorithm proceeds as follows:

1. Calculate the experimental covariance (correlation) maps from the
sample data. This original sample covariance matrix is generally
not positive definite.

2. Because not all covariance values are experimentally available, the
sample covariance values must be interpolated to fill it up. This
preliminary smoothing of the experimental covariance maps
fills in all missing entries of the covariance matrix and filters
metric automatic blending methodology to estimate rainfall fields
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Fig. 1. Steps of the automatic methodology for computing 2-D spatial correlation maps. First row shows experimental correlation maps from gauge data (a) and from radar
rainfall field (b). Second row shows correlation maps after a radial smoothing schema fulfilled all missing values in the experimental maps of first row (Step 2 of YJ’s
algorithm). Third row shows the 2-D valid spatial correlation maps obtained after the smoothing process in the Fourier domain (last steps of YJ’s algorithm). Left column
corresponds with correlation maps computed using gauge data ((a), (c), and (e)), and right column using a radar rainfall field ((b), (d) and (f)). Only central (127 � 127) sectors
of correlograms are showed in this figure. Bold lines indicate the null correlation level in each case. Rain gauge and radar data used to compute these correlation maps were
extracted from event number 5 at 1300 UTC 9 of October 2002, and can be seen in Fig. 8a and b.
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the main data fluctuations. YJ proposed to weight the original
values via a radial moving window scheme, although others
Please cite this article in press as: Velasco-Forero CA et al., A non-para
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could be used. The weight associated with each original value
is proportional to the number of data pairs used in its derivation
metric automatic blending methodology to estimate rainfall fields
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and decreases with the distance of the value from centre of the
window. This interpolation method may produce a covariance
matrix that does not meet the positive definiteness condition,
so checks and corrections are applied as follows.

3. The correction for the positive definiteness condition of the exper-
imental covariance matrix is done in the spectral domain. The
transformation between the spatial and frequency domains is done
using FFT. With FFT, an experimental covariance matrix C(h) can
be transformed into a gridded spectrum matrix s(w), where h is
the distance vector in the d-dimension space Rd and w is the fre-
quency vector in the corresponding frequency domain.

4. Now, in the frequency domain, the only conditions are that: the
experimental density spectrum table must be greater than zero
and sum to a unitary value. Bochner [29] states that a function
C(h) is positive definite, if and only if it can be expressed as the
Fourier transform of a bounded nondecreasing positive measure
S(w)

CðhÞ ¼
Z

Rd
e2pih�w dSðwÞ: ð1Þ

If the stationary random function model Z(u) has unit variance
(where u is the position vector in the function space), i.e.
C(0) = Var{Z(u)} = 1, then S(w) can be seen as a cumulative distri-
bution function (cdf), with dS(w) = s(w)dw. Bochner’s theorem
then requires that the density s(w) = dS(w)/dw be a probability
density function (pdf), i.e. such that

sðwÞP 0 8w;Z
Rd

sðwÞdw ¼ 1:
ð2Þ

Therefore, the original spectrum values are smoothed under
these last two constraints to obtain a valid (YJ call ‘licit’) density
spectrum map, following Bochner’s theorem.

5. That licit and smooth spectral density is then inverse transformed
by FFT into a licit positive definite and smooth correlation map.
This correlation map can be used for kriging estimation or sim-
ulation in the spatial domain instead of selecting an analytical
model.

This technique does not require the prior selection of an analyt-
ical model; the transformation between the spatial and frequency
domains is performed very quickly using FFT and the constraints
for positive definiteness in the frequency domain are easy to
implement. In summary, the final matrix of covariance values is
thus built from a FFT ‘‘roundtrip” with multiple intermediate
smoothing processes. Also, it is important to note that in the case
of using radar rainfall fields as is proposed here, the experimental
correlation maps of exhaustive sampled variables can be computed
quickly using FFT by applying the Wiener–Khinchin theorem, so
the first two steps of YJ’s technique are unnecessary in these cases.
A full description of this algorithm can be found in [20,26] and de-
tails on the computational implementation in [30].

In order to illustrate how YJ’s algorithm is applied to estimate
valid correlograms, Fig. 1 shows an example of the application of
some steps of this algorithm to two experimental 2-D spatial cor-
relation fields, one computed from gauge data (left column) and
the other from the contemporaneous radar rainfall field (right col-
umn). The rain gauge and radar rainfield data used to create the
correlation images shown in Fig. 1 were extracted from event num-
ber 5 at 1300 UTC of 9 October 2002, and can be seen in Fig. 8a and
b, respectively.

Fields in the top row of Fig. 1 correspond with sample correla-
tion maps (Step 1 of YJ’s algorithm). The experimental spatial cor-
relation map of rain gauge data (Fig. 1a) has a sparse set of
available correlation values because gauge pairs are not located
Please cite this article in press as: Velasco-Forero CA et al., A non-para
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at all separation distances (lags). Therefore the main tendencies
of the spatial correlation of rainfall cannot be easily identified from
this field. On the other hand, the sample spatial correlation map
calculated from the radar rainfall field (Fig. 1b) shows correlation
values for almost all lags due to the availability in the radar field
of more points with observed rainfall values than the rain gauge
network. An anisotropic distribution of the field of correlation val-
ues of rainfall can be observed here, with the main correlation
trend in the NW–SE direction.

In order to infill the missing values (especially for the gauges),
the second step of YJ’s algorithm (radial smoothing) was applied
to each one of these sample correlation fields obtaining the images
shown in the second row of Fig. 1. The ‘‘smoothed” radar correla-
tion map (Fig. 1d) shows no important changes because just a
few values were initially missing in this case (Fig. 1b). However,
the changes in the correlation map of rain gauge data (Fig. 1c)
are quite remarkable. At this stage, the main trend of this new
smoothed field can be inferred (it seems similar to the radar’s
one), but strong discontinuities remain after this step.

Finally, last three steps of YJ’s algorithm were applied to each
one of the smoothed fields, and valid spatial correlation fields were
obtained in each case (last row of Fig. 1). A valid correlation field
obtained from rain gauge data (Fig. 1e) now shows clear tenden-
cies: (1) a high correlation region at shorter distances and (2) a de-
cay of the correlation values with matching distances and
orientations to those observed in the correlation map of the radar
field (Fig. 1f). The main shape of the valid spatial correlation field of
the radar data (Fig. 1f) is the same as the previous ones (Fig. 1a and
c), but an increment in the correlation length in all directions can
be observed after the smoothing process in the Fourier domain.
However, the null correlation zones are located almost at the same
distances and directions in both final correlation fields.

These results demonstrate the ability of the proposed technique
to estimate valid spatial correlation fields from gauge data or radar
rainfall fields, and illustrate how the high spatial definition of radar
data can assist the estimation of more detailed correlation fields of
rainfall than any rain gauge network. However, it is important to
note that the estimation of the spatial correlation of rainfall from
radar data will be accurate only if an adequate chain of corrections
is applied to the raw radar data. Any uncorrected error (e.g., anom-
alous propagation, attenuation or sample regions with very low
reflectivity values associated with noise) in the radar rainfall field
will affect the quality of the estimation of the spatial correlation
field.
3. Blending alternatives

One of the objectives of the paper is to show how the new
methodology to automatically obtain correlation maps can be (i)
incorporated into some geostatistical estimators of rainfall fields,
and then (ii) to identify the best approach to introduce the radar
information as supporting data. Thus, three different geostatistical
alternatives were selected to estimate rainfall fields using rain
gauge data but dealing with radar data in different ways. Details
of the different kriging techniques used here can be found in the
literature (see, e.g. [31–34]). However, in order to make clear
which kriging estimators were used and how they were imple-
mented in this study, descriptions of each one of them are outlined
in the next subsections.

3.1. Ordinary kriging

Ordinary kriging (OK) is widely used to estimate rainfall fields
using only one variable (in our case the rain gauge data) and is a
well-established reference to assess the improvements that more
metric automatic blending methodology to estimate rainfall fields



C.A. Velasco-Forero et al. / Advances in Water Resources xxx (2008) xxx–xxx 5

ARTICLE IN PRESS
advanced techniques might provide. The OK estimator is a
weighted linear estimator widely described in the literature, which
guarantees that the weights defined for a target location, in which
the value of rainfall is unknown, produce the best linear unbiased
estimation (BLUE) in a least squares sense.

We take {x1,x2, . . . ,xn} as n locations (in two dimensions) that
have known rainfall values fZGðx1Þ; ZGðx2Þ; . . . ; ZGðxnÞg and x0 as
the location at which the rainfall value is unknown. The value of
rainfall ZG(x0), at the target point x0, is then estimated by OK as a
weighted linear combination of the n observations through

Z�OKðx0Þ ¼
Xn

i¼1

kOK
i ZGðxiÞ; ð3Þ

where the symbol * indicates that the value is only an estimation of
the real value and kOK

i are the weights associated with the estima-
tion of the rainfall value at point x0. If the target location changes,
so will the weights. Optimal weights are obtained by solving the fol-
lowing system of (n + 1) linear equations:

Xn

j¼1

kOK
j C xi; xj

� �
þ l ¼ C xi; x0ð Þ;

Xn

j¼1

kOK
j ¼ 1;

ð4Þ

where the last equation corresponding to the null bias constraint of
the estimation, C(xi,xj) is the covariance value between points xi and
xj and l is an auxiliary Lagrange multiplier.

If ~r2 is the (field) variance of the observed values, the estima-
tion (kriging) error variance, r2

OK, can be computed by

r2
OK ¼ ~r2 �

Xn

i¼1

kOK
i Cðxi; x0Þ þ l

 !
; ð5Þ

which is zero when the target point is located at one of the
observations.

In this study we will use the OK estimator in two ways, with dif-
ferent estimates of the variogram:

(i) To determine the reference field, with the rain gauges obser-
vations used (without assistance from radar) to obtain the
spatial correlation model of rainfall (from now we call this
OKRG). This reference field will serve to assess the improve-
ments introduced by the use of radar data.

(ii) The second way of using ordinary kriging allows us to
include the full spatial variability of the rainfall field mea-
sured by the radar in the OK estimates (from now OKRD).
In this OKRD method, rain gauge data are only used as condi-
tional values on the resulting field; they are interpolated
using the spatial correlogram of the radar fields. This is the
simplest one of the three blending alternatives proposed
for the application of the new methodology to define a spa-
tial variability model of rainfall, since the information of the
radar is only introduced through the inference of the spatial
correlogram.
3.2. Kriging with external drift

If extensive auxiliary information (e.g., radar, satellite or topo-
graphical data) is available and correlated with a target variable
(e.g., rain gauge data), kriging with external drift (from now KED)
is a simple method for including an external variable in the estima-
tion process. In this paper, KED allows us to drive the rainfall esti-
mations with the observed trends in radar fields. KED assumes that
estimations are modelled as a drift term plus a residual term. The
drift term is an unknown linear function defined externally
Please cite this article in press as: Velasco-Forero CA et al., A non-para
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through an auxiliary variable. Previous works have estimated rain-
fall fields using KED merging radar and rain gauges (see e.g.
[28,35]) or rain gauge and satellite data [36]. A full description of
KED equations can be found in the literature [27,33,37].

If only one secondary variable Z2(x) is available, KED assumes
that the mean of the principal variable is linearly related to the ten-
dencies of the secondary variable, such that

EðZ1ðxÞÞ ¼ m1ðxÞ ¼ a0 þ a1 � Z2ðxÞ; ð6Þ

where m1(x) is the mean value of the principal variable at the point
x, Z2(x) is the value of the secondary variable at the same location,
and a0 and a1 are unknown coefficients (which do not need to be
estimated). Rainfall estimations using KED (Eq. (7)) are computed
using the same expression as in the OK estimator (Eq. (3))

Z�KEDðx0Þ ¼
Xn

i¼1

kKED
i ZGðxiÞ: ð7Þ

However, KED weights, kKED
i , are unlike those used in the OK tech-

nique because the equation system of the KED estimator (Eq. (8))
has an additional constraint to satisfy the new drift hypothesis
and there is a second auxiliary Lagrange multiplier, l1

Xn

j¼1

kKED
i CRðxi; xjÞ þ l0 þ l1ZRðxiÞ ¼ CRðxi; x0Þ; i ¼ 1;2; . . . ;n

Xn

j¼1

kKED
j ¼ 1;

Xn

j¼1

kKED
j ZRðxjÞ ¼ ZRðx0Þ

ð8Þ

where ZG(�) and ZR(�) are respectively gauge and radar observations
at a given location and CR is the covariance of the residuals
ZG(x) �mG(x), where mG(x) is the gauge drift field.

The final constraint in the equation system (Eq. (8)) introduces
the variability of the radar data into the interpolation process of
the rain gauges values. This constraint means that rain gauge data
are weighted using the set of weights that add in the effect of esti-
mating the radar value at the target point as the radar values at
rain gauge locations were interpolated. Theoretically, KED requires
that CR, the covariance of the residuals ZG(x) �mG(x), to be inferred.
This is not straightforward, because neither the trend (drift) nor
the residuals are known a priori. In this paper the following ap-
proach is used: first, a trend field mG(x) was estimated, at all target
points from the radar rainfall field by OKRD and then residuals were
computed by subtracting this estimated trend field from the radar
rainfall field, to estimate ZG(x) �mG(x).

To obtain the kriging variance in KED, if ~r2
R is the variance of the

residuals calculated as above, the estimation (kriging) error vari-
ance, r2

KED, can be computed as an extension of Eq. (5)

r2
KED ¼ ~r2

R �
Xn

i¼1

kKED
i CRðxi; x0Þ þ l0 þ l1 � ZRðx0Þ

 !
: ð9Þ

To summarize the methodology for obtaining estimated rainfall
fields using KED, we assume that the correlogram of the radar field
is used to interpolate the rainfall field and the relationship between
rain gauge and radar rainfall data is linear and high. Then

(a) Calculate a drift map from the radar rainfall field by OK for
the whole estimation area, using only the radar rainfall data
at the rain gauge locations. The valid correlogram of the
rainfall field for this initial estimation is computed from
the complete radar rainfall field using the non-parametric
modelling technique described in the previous section.

(b) Obtain the radar residual map by subtracting the drift map
calculated in step (a) from the radar field.
metric automatic blending methodology to estimate rainfall fields
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(c) Apply YJ’s technique to the radar residual map to calculate a
valid radar residual correlogram map.

(d) The KED algorithm can be used then to estimate rainfall
fields using rain gauge data as the primary variable, radar
data as the secondary variable and the radar residual corre-
logram as the spatial variability model.

This alternative might be more computationally expensive than
the OK approach because the residual map must be computed be-
fore fitting the valid spatial model and constructing the equation
system. However, the results might be more precise because the
full map of radar values is included in the estimation process but
in as unbiased a manner as possible. The proposed approach for
defining residual fields is fairly similar to the conditional merging
approach [18], but in this KED application, radar residuals are only
used to define the spatial correlation and only indirectly affect the
rainfall field estimated from the rain gauge values via the external
drift.

3.3. Collocated cokriging

Collocated cokriging (from now ColCOK) is a simplified version
of cokriging (COK) in which the secondary data used for the esti-
mation are limited to the secondary datum value collocated at each
target point. This simplification is used in this study since the full
cokriging estimator is computationally more expensive than the
other techniques, and is not likely to be appropriate for real-time
applications where there are serious temporal constrains. How-
ever, several authors (see, e.g. [13,15,17]) have shown the advanta-
ges of the COK estimator among the other geostatistical techniques
in the estimation of rainfall by merging radar and gauge data, and
have proposed some schemes to allow its use in operational frame-
works. Full details of the ColCOK technique can be found in the lit-
erature (see e.g. [33,34]).

The ColCOK estimator equation can be defined as

Z�ColCOKðx0Þ ¼
Xn

i¼1

kColCOK
i ZGðxiÞ þ k02ZRðx0Þ; ð10Þ

where kColCOK
i are the weights associated with the n known rainfall

values of the gauges, ZG(xi), and k02 is the weight related to the
known rainfall value of the radar field ZR(x0) at the target point.
In this case, there is a single constraint

Xn

i¼1

kColCOK
i þ k02 ¼ 1 ð11Þ

and the weights of this estimator can therefore be computed by
solving the following linear equation system:

Xn

k¼1

kColCOK
k CGGðxi; xkÞ þ k02CGRðxi; x0Þ þ l ¼ CGGðxi;x0Þ; i ¼ 1;2; . . . ;n

Xn

k¼1

kColCOK
k CRGðx0; xkÞ þ k02CRRð0Þ þ l ¼ CRGð0Þ;

Xn

k¼1

kColCOK
k þ k02 ¼ 1:

ð12Þ

Thus, in ColCOK it is only necessary to know the covariance function
of the gauges, CGG(h), and the cross-covariance function between ra-
dar and gauges, CRG(h). The full radar covariance CRR(h) is not re-
quired, only the variance CRR(0) at h = 0. Often in practice, the
cross-covariance CRG(h) is not computed directly but instead de-
fined as a factor of the correlogram of the gauges, for example by
applying a Markov-type model as suggested in [38]
Please cite this article in press as: Velasco-Forero CA et al., A non-para
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qGRðhÞ ¼ qGRð0Þ � qGGðhÞ; ð13Þ

where qGG(h) is the standardized primary covariance or correlo-
gram of gauges ZG(x), qGR(h) is the cross-correlogram and qGR(0)
is the linear correlation coefficient inferred from co-located data
ZG(x), ZR(x).

As an alternative, [39,40] suggested that when the secondary
variable is defined on a large support volume (as in the case of
the radar–rain gauge combination) Eq. (13) should be replaced
by the following model:

qGRðhÞ ¼ qGRð0Þ � qRRðhÞ; ð14Þ

where the cross-correlogram is now a factor of the correlation of the
radar.

In this study the ColCOK algorithm was applied to estimate
rainfall fields using rain gauge data as the primary variable, the ra-
dar data as the collocated secondary variable and the radar spatial
correlation map as the spatial correlation model of the rainfall. The
cross-correlogram model was also approximated from the radar
spatial correlation map, using the alternative Markov approach
(Eq. (14)). Using ColCOK, both rain gauge and radar data are con-
sidered in the estimation of rainfall, as in the full cokriging ap-
proach, but without the need to calculate multiple (cross-)spatial
correlation models or build a large equations system. We remark
that ColCOK is not a full COK approach, but a simplified approxima-
tion that could have some advantages when it is operationally
applied.
4. Case study

Practical applications of the trio of merging methodologies
introduced in Section 3 are analyzed, compared and discussed
based on a case study in Catalonia (Spain). Catalonia is a Mediter-
ranean region in which rain events can cause catastrophic floods in
a wide range of river basin sizes. The region has been the object of
different pilot studies and has been used as a Hydrometorological
Observatory in the EC projects FLOODSite and HYDRATE. Four
operational weather radars cover the region and one more is
planned to enter into operation during 2008. There are about 200
telemetering rain gauges belonging to the Catalan Water Agency
(ACA) and The Meteorological Service of Catalonia (SMC) distrib-
uted across the whole region.

The radar data used in this study were obtained from the single
C-band radar in Puig de les Agulles (near Barcelona city), operated
by the Spanish Meteorology Service (AEMET). Raw radar data that
correspond to the first PPI were preprocessed using the full chain
of processing algorithms of the EHIMI System (Integrated Hydro-
meteorological Forecasting Tool; for more details, see, e.g. [41]).
Thus, ground clutter, partial screening and secondary lobes were
corrected, and the ASCMORE algorithm [42] was applied to avoid
attenuation by rain over the radome and to provide temporal sta-
bility. The widely used Z–R relationship proposed by Marshall and
Palmer [43] was applied to compute the rainfall values associated
with different levels of reflectivity of radar data. Accumulated ra-
dar images were then computed assuming that precipitation fields
move at a constant velocity between images and vary linearly in
intensity with time between each time interval [44]. A region of
140 � 140 km centred on the radar was defined as a study area
in an attempt to reduce the effect of errors in radar data due to dis-
tance. Spatial resolution was defined as 1 � 1 km2 and time resolu-
tion as 60 min. The radar data intensities were thus linearly
morphed and accumulated and converted to hourly rainfall depth
for compatibility with rain gauge data.

Seventy-seven rain gauges of the Spanish national programme
SAIH (Automatic System of Hydrological Data) are located inside
of the study area (a subset of the 200 gauges in the whole Catalan
metric automatic blending methodology to estimate rainfall fields
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region) and were used to provide precipitation data. Each observed
precipitation value was centred on the pixel in which the corre-
sponding rain gauge was located to define a precipitation grid with
the same data format as the radar. If two or more rain gauges were
located in the same pixel, the maximum precipitation value was
accepted. Rain gauge data hourly accumulations were calculated
to temporally match the radar hourly intervals. Fig. 2 shows the
locations of radar, rain gauges and the square test area used for this
study.

Data from six different rainfall events were used in this study
and are described in chronological order. Their main characteristics
are also summarized in Table 1.

The first rain event occurred on 10 of June 2000. This event was
a sharp band of precipitation that crossed Catalonia, showing the
importance of the topographic enhancement caused by the Mont-
serrat Mountain. It was mainly convective during the first 15 hours
but showed stratiform characteristics at the end. The data selected
consist of a 22-h series in which the maximum accumulated depth
measured by rain gauges was close to 225 mm.

The second case study is a rain event that occurred on 28–29 of
September 2000. This 17-h event showed mainly stratiform rainfall
fields but with some nuclei of embedded convection in the first
half of the period. The maximum accumulated precipitation re-
ported by rain gauges was 40 mm.
Table 1
Main characteristics of the events selected for the validation of the tested blending techniqu
located at rain gauge positions).

Case study

Code Date Time-steps available (selected) Number R

1 10 June 2000 22 (22) 70
2 28 September 2000 18 (14) 75
3 19 July 2001 26 (10) 72
4 15 November 2001 96 (62) 76
5 08 October 2002 38 (34) 76
6 30 March 2004 73 (51) 75
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The third event was a 25-h data set recorded on 18–19 of July
2001. This case was a pure stratiform rainfall event with a maxi-
mum accumulated precipitation of less than 40 mm.

The fourth case analyzed was a 96-h rainfall event that took
place between 14 and 17 of November 2001. Successive stratiform
rainfall fields moving in from the Mediterranean Sea crossed the
study area during the selected period, dropping a maximum accu-
mulated precipitation of 125 mm on rain gauge locations. Coastal
mountains facilitated the formation of convective nuclei over the
sea in the southern part of the study area, which caused a local in-
crease in the total accumulated precipitation.

Between 8 and 10 of October 2002, successive rain fronts, again
moving in from the sea with strong nuclei of embedded convection
crossed the study area, which constitutes the fifth case. This event
lasted 37 hours and the maximum accumulated precipitation re-
ported by rain gauges was 193 mm.

Finally, between 29 and 31 of March 2004, first a broad front
and then several stratiform rain formations covered the study area,
leaving precipitation values close to 100 mm in 96 hours.

The available rain gauge observations during each event were
analyzed to eliminate possible erroneous values before combining
them with radar data. Rain gauges with accumulated precipitation
values equal to zero for the whole event were discarded from the
analysis when the total accumulated rainfall measured by radar
on the collocated pixel was greater than 10 mm. Remaining rain
gauges with long periods of inactivity or with total accumulated
values that were noticeably lower than radar measurements were
also discarded. This simple quality control stage for rain gauge data
was made manually and independently for each event analyzed;
we note that quality control of gauges was made in this study after
the rainfall events ended. In real-time applications, therefore, other
schemes proposed in literature (e.g. the methods proposed by Ami-
tai [45], Habib et al. [46] or Upton and Rahimi [47]) should be used
to automatically identify wrong or low quality gauges values. Fi-
nally, only time steps with a total number of non-null radar–rain
gauge pairs greater than or equal to 10 were included in all analy-
ses and estimations made herein. A total of 193 hourly time steps
were finally analyzed in this paper. The eventual number of rain
gauges used, the number of total and selected time steps are also
shown in Table 1.
5. Results

In this section, the results of the comparison of the different
geostatistic estimators are presented and analyzed. First, the char-
acteristics of the correlograms computed in this paper are com-
mented upon. The cross-validation technique used to evaluate
the quantitative performance of each kriging method for estimat-
ing rainfall values, with reference to gauged data, is then de-
scribed. Finally, the spatial difference/similarity between each of
the estimated rainfall fields and the original radar fields is
analyzed.
es (‘‘RG” stands for rain gauges, ‘‘Radar at RG” stands for rainfall values of radar pixels

Maximum accumulated rainfall (mm) Main rainfall type

G RG Radar at RG Radar Field

223.8 65.7 106.1 Convective
39.7 26.9 40.8 Stratiform
38.6 25.5 32.9 Stratiform

125.4 115.7 226.2 Stratiform
193.8 119.5 134.8 Convective

96.9 42.1 67.4 Stratiform

metric automatic blending methodology to estimate rainfall fields
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5.1. Automatically computed correlograms

This paper introduces an automatic non-parametric technique
to define 2-D positive-definite correlograms for geostatistical esti-
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mators from radar fields. These correlation maps condense the
main tendencies of the data employed in the estimations and guar-
antee the solution of the systems of linear equations for all estima-
tors tested in this study. Thus three different experimental 2-D
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ds correspond to 1-h accumulation of rainfall at (a) 0200, (b) 0600, (c) 1200, (d) 1400
fall field indicate the rain gauge locations. Bold lines show the Mediterranean coast
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correlation maps were computed for each time step of all the
events: one from rain gauge data, one from the radar rainfall field
and a third from the radar residuals using the drift field (see Sec-
tion 3.2 on KED). Experimental correlation maps from rain gauge
data were computed following the first two steps of YJ’s technique
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(because of the gaps in the raw correlation maps) but from radar
and residual fields using FFT. Each of these sets of experimental
correlation maps was then adjusted to obtain valid correlograms
using the last three steps of YJ’s technique in a completely auto-
matic process. All computed correlograms have dimensions
 0
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Table 2
Statistics of cross-validation errors (against rain gauge data) for radar and each
blending methodology tested using the results of all time-steps of all events. The time
step used was 1 h.

Estimator Cross-validation error (mm)

Mean Median St. Dev. Minimum Maximum Range

Radar �0.38 0.00 2.18 �58.0 24.1 82.1
OKRG 0.05 0.03 1.89 �49.6 27.3 76.9
OKRD 0.07 0.02 2.05 �34.4 49.7 84.1
KED 0.05 0.02 1.86 �34.3 31.8 66.1
ColCOK �0.03 0.00 1.77 �35.5 37.0 72.5
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256 � 256 (i.e., horizontal and vertical lags vary from �127 km to
+127 km). However, these dimensions should be appropriately de-
fined in other cases, according with the particular size of the esti-
mation region.

To illustrate the results obtained with this technique, several
individual radar rainfall fields (see Fig. 3) have been selected from
event 5 and then used to compute their respective correlation
maps (see Fig. 4). The examples are selected (time separated)
hourly depth accumulations during the rainfall event that took
place on 8 of October 2002 (event 5), and are shown in chronolog-
ical order, from left to right and from top to bottom. At the early
stages this rainfall event exhibited rainfall fields (Fig. 3a) with a
strong structure and correlation (Fig. 4a) in the SW–NE direction.
This was followed by a period of stratiform rainfall fields
(Fig. 3b–d) that slowly changed the direction of the main correla-
tion to NW–SE and produced broad, quasi-elliptic correlograms
as indicated in Fig. 4b–d. Next, some small and detached nuclei
of intense precipitation appeared from the south (Fig. 3e) and the
associated correlograms therefore reflect a reduced size of the
main correlation area, and secondary areas of significant correla-
tions appeared, in keeping with new spatial tendencies observed
in the radar fields (Fig. 4e). Finally, rainfall fields with a small num-
ber of intense precipitation nuclei (Fig. 3f) and a NW–SE orienta-
tion crossed the study area and the correlogram maps changed
again to reflect this new direction (Fig. 4f). The size of the highest
correlation area increases in response to the wider spatial patterns
observed during this interlude in this event.

Changes in the main shapes of correlation maps were observed
for each time step of all the events studied and their evolution clo-
sely follows that of the spatial patterns observed in the radar fields.
These results are not surprising since the high spatial and temporal
variability of precipitation is widely known [48,49]. However these
observations contrast with previous works that have generally
used classical approaches based on isotropic and temporally
homogeneous correlograms (variograms). Thus the capacity to in-
fer, from the measured data, the best correlogram at any time,
without imposing any model or limitation, is indeed an improve-
ment provided by the non-parametric, automatic methodology
introduced here, which is able to fully deal with anisotropy and
temporal evolution of the spatial correlation of the precipitation
fields.

It is worth noting that in this case study, the reduced size of the
estimation region and the duration of the time step used, allow us
to consider that the one correlogram can be used in the estimation
of the all points inside the study area at a given time step, assum-
ing translation invariance. By contrast, in cases with larger estima-
tion areas and shorter time steps this assumption might not be
valid, because different types of rainfall or dissimilar spatial pat-
terns in the same time step might be observed. In these cases a
more complex methodology for dealing with these problems will
be required. In that case, a suggestion is that ‘‘local” correlograms
associated with each different region or rain type detected in the
estimation area would be identified and then the correlogram that
most closely represents the particular rainfall characteristics of the
point for which the estimation is required would be used, allowing
that the correlogram would vary from point to point in the studied
area. Even in this case, the non-parametric, automatic technique
for computing correlograms introduced here would be a suitable
solution for this type of problem.

5.2. Agreement between the blending estimates and the rain gauge
observations

The quantitative performance of each blending methodology for
estimating rainfall values measured by the rain gauges is evaluated
in this section using the cross-validation technique. In this iterative
Please cite this article in press as: Velasco-Forero CA et al., A non-para
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technique the rain gauge data at each site in turn is omitted from
the calculations and the estimated value of rainfall at the ‘‘hidden
data” location is interpolated using the remaining data (see details
in, e.g. [32]). The cross-validation error, defined as the difference
between the estimated and known (but not used) value, can be
then computed. The process is repeated N times for each time step
where N is the number of gauge sites. It is worth noting that this
technique only assesses the accuracy of estimations at the location
of the observed points and not in other areas; nevertheless, these
statistics allow us to compare the behaviour of the different esti-
mation procedures systematically. Cross-validation estimates are
independently calculated for each case study, for each time step
and for each kriging estimator considered (OKRG, OKRD, KED and
ColCOK).

As the cross-validation errors of a good estimator have to be
unbiased, i.e. the mean and median of errors should be close to
zero with minimum dispersion, we use these cross-validation sta-
tistics to analyze the quality of the estimates. Thus, the mean, med-
ian, maximum, minimum and range of the individual cross-
validation errors were computed. Data pairs with both values zero
were removed so that they did not influence the mean or median
results. The results reported in Table 2 show that all estimators
are relatively unbiased (mean and median errors were close to zero
in all cases) but the range of errors varies between the different
techniques. For the data analyzed, the ColCOK estimator has lowest
mean cross-validation errors, although the differences between
methodologies are not significant and much lower than the mean
errors computed just using radar values. No significant differences
are observed between the standard deviations of the cross-valida-
tion errors of the different estimators, but all values are lower than
the corresponding radar value. Perhaps the main difference be-
tween these results can be seen in the range of the errors, where
blending techniques that used the radar data in the interpolation
(KED and ColCOK, in order of better performance) have a smaller
range of error than the radar and both OK approaches.

Comparison of cross-validation estimates of the three proposed
blending techniques as well as OKRG (as reference technique) and
the radar data were made for all events using the following four
quality criteria: the Nash–Sutcliffe’s efficiency (see Eq. (15)), the
correlation with rain gauge data, the correlation with collocated ra-
dar data at rain gauge locations and the slope of the best-fit line of
estimates with rain gauge data. Scatter plots of estimates of blend-
ing and the reference technique as well as of the radar data for the
event on 19 of July 2001 (event 3) are shown in Fig. 5. However, the
statistics obtained for each specific estimator and for all events are
summarized in Table 3.

The Nash–Sutcliffe’s efficiency statistics [50] (from now NS) is
defined in Eq. (15)

eff ¼ 1�
Pn

i¼1½RGi � REi�2Pn
i¼1½RGi � RG�2

ð15Þ

where RGi is the rain rate measured using the reference instru-
ment (e.g. rain gauges) at a known point i, REi is the rain rate
metric automatic blending methodology to estimate rainfall fields
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estimated (measured) using the comparison technique (instru-
ment) (e.g. radar rainfall or merged rainfall values), RG is the
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mean rain rate measured by gauges and n is the number of
known points.
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Table 3
Statistics of the comparisons between cross-validation estimations of each estimate methodology and rain gauge observations. Radar estimations correspond to radar values of
the collocated pixel at each rain gauge location. Results of each case study are presented separately. Last column shows the average value of each statistic for each estimator using
all single event results. Cross-validation estimations and radar values correspond to 1-h rainfall. Values in bold indicate the best value for each quality criterion for each studied
event, and for the average performance.

Quality criteria Estimator Case study Average

1 2 3 4 5 6

Nash–Sutcliffe efficiency Radar 0.30 0.70 0.46 0.56 0.54 0.18 0.46
OKRG 0.72 0.56 0.82 0.60 0.62 0.71 0.67
OKRD 0.76 0.55 0.75 0.53 0.49 0.66 0.62
KED 0.80 0.74 0.77 0.56 0.68 0.71 0.71
ColCOK 0.79 0.69 0.77 0.63 0.61 0.68 0.70

Correlation with rain gauges Radar 0.71 0.85 0.87 0.75 0.77 0.71 0.78
OKRG 0.85 0.75 0.91 0.78 0.79 0.84 0.82
OKRD 0.88 0.76 0.87 0.75 0.73 0.82 0.80
KED 0.90 0.86 0.88 0.78 0.84 0.85 0.85
ColCOK 0.89 0.83 0.88 0.79 0.79 0.83 0.84

Correlation with radar Radar – – – – – – –
OKRG 0.67 0.75 0.87 0.69 0.71 0.72 0.74
OKRD 0.68 0.78 0.86 0.70 0.68 0.70 0.73
KED 0.79 0.89 0.90 0.79 0.79 0.76 0.82
ColCOK 0.72 0.86 0.88 0.78 0.78 0.71 0.79

Slope best-fit line Radar 0.28 0.68 0.57 0.64 0.59 0.34 0.52
OKRG 0.71 0.67 0.91 0.68 0.74 0.83 0.76
OKRD 0.88 0.78 0.94 0.79 0.80 0.86 0.84
KED 0.86 0.89 0.95 0.84 0.87 0.87 0.88
ColCOK 0.82 0.77 0.89 0.78 0.77 0.83 0.81
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The analysis of Table 3 shows that KED is the best estimator for
all quality criteria except on events 3 and 4 (19 of July 2001 and 15
of November 2001) in which it is not the best for two out of the
four quality criteria. In these cases (NS and correlation with rain
gauges) the OKRG estimations (i.e. using only rain gauges) provides
higher NS and correlation with rain gauges in event number 3, and
the ColCOK provides slightly better performances in event 4,
although KED is still the best in correlation with radar and bias
(slope of best-fit line closer to one). It is worth noting that in event
3 the radar is showing strong underestimation and that the regis-
tered intensities are low. This could explain why, in this case, the
reference technique just using rain gauge data can perform slightly
better in cross-validation than the blending techniques. However,
note also that even if radar underestimation is quite severe in this
case, all three blending techniques are able to compensate for this
underestimation, and looking at the scatter plots (see Fig. 5) the
differences are not too large. Finally, even in this case, the KED
blending technique still shows the least bias. This result, which is
general for all the analyzed events, is one of the main results at this
stage, showing that even if there are slight differences between the
three proposed blending methodologies, KED is in all the cases the
most effective technique in correcting the underestimation ten-
dency of the radar data in this study.

A comparison of the OKRD and OKRG results on bias criterion in
Table 3 (given by the slope of the best-fit line closer to one) is quite
noticeable. Since the only difference between both techniques is
the source of the correlogram, the fact that OKRG always shows
worse results than OKRD in bias criterion can be interpreted as evi-
dence that the use of correlograms computed from radar are more
useful in reducing systematic bias even when the radar is severely
underestimating.

Moreover, the last column of Table 3 shows the average value of
the statistics for each methodology. These average results show
clear tendencies in all statistics. For all the quality criteria each
of the estimators show greater values than the corresponding val-
ues for radar data, which illustrates the effectiveness of the adjust-
ment process of rain gauges used in all of them. Also, for all quality
criteria, the KED and ColCOK techniques provide better values than
Please cite this article in press as: Velasco-Forero CA et al., A non-para
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those of the OKRG and OKRD estimates, showing that the inclusion
of radar data in the interpolation process is valuable. In addition,
it can be noted that the optimum values for all the statistics are ob-
tained by the KED estimates. Finally, the values of the slope of best-
fit line statistic (the systematic bias reduction) indicate that the
underestimation tendency of radar data is considerably reduced
after merging the two types of data with all tested methodologies.
Again, the KED estimates using cross-validation provide the best fit
to rain gauges observations.

Cross-validation errors should be uncorrelated in space. There-
fore, if the (semi-)variogram of a given dataset of errors is com-
puted and follows a pure nugget effect model (i.e., a constant
level of variance for all distances, the same as that at the null
range), then these errors can be considered spatially uncorrelated
[32]. However, the methodologies used in this study change the
spatial variability model for each time step. For this reason, semi-
variograms of the cross-validation errors were computed for each
time step and were then divided by the corresponding field vari-
ance for the purpose of comparison. Fig. 6 summarizes the cross-
validation error semivariogram results for each methodology
tested here with data from event 6 (29–30 of March 2004). The
bold line shows the median value for each distance calculated from
the individual results of all time steps. The bars show the inter-
quartile range for each distance. In all events, the semivariogram
error results are similar to Fig. 6, in the sense that all blending
techniques have a good fit (median of each distance) to a pure nug-
get effect model (all values are close to one and do not exhibit
much trend), which shows that the blended fields’ cross-validation
errors are uncorrelated in space, unlike that of radar that shows a
definite trend.

Finally, we note that the results analyzed above correspond to
cross-validation estimates at rain gauge locations. All statistics
and plots presented in this section are intended to measure the
performance of the different blending techniques proposed in this
study associated with the correct and accurate estimation of rain
gauge observations. However, one of the goals of this study is to
identify a technique that estimates rainfall fields conditioned by
both known rain gauge values and also the spatial variability re-
metric automatic blending methodology to estimate rainfall fields
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Fig. 6. Semivariogram of cross-validation errors for the event 30 of March 2004. In all estimation methodologies, semivariogram error could be modelled statistically with a
pure nugget effect model indicating that estimation errors are uncorrelated in space.
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ported by meteorological radar. Therefore, the agreement between
the spatial properties of the estimated rainfall fields and the origi-
nal radar fields is analyzed in the next section.

5.3. Spatial agreement between the blending estimates and radar fields

The most desirable characteristic for estimated rainfall fields is
that they agree with the ‘‘known” values of precipitation, i.e. rain
gauge observations, as evaluated in the previous section. However,
different studies have shown that the spatial variability of rainfall
fields is also important when seeking to improve hydrological esti-
Please cite this article in press as: Velasco-Forero CA et al., A non-para
..., Adv Water Resour (2008), doi:10.1016/j.advwatres.2008.10.004
mates. We understand that radar data provide an adequate repre-
sentation (or at least a much better one that any rain gauge
network) of these spatial patterns, so estimated rainfall fields
should reproduce these patterns. Therefore, to evaluate the spatial
characteristics of the estimates, rainfall fields were computed for
all time-steps of all studied events using each blending methodol-
ogy and were then compared with the original radar rainfall fields.
As estimated rainfall fields would preserve only the general scales
and not the point values of radar fields, comparisons were made
using spectral analysis. Standard spectral methods and analysis
can be used to test for scale-invariance of rainfall fields. The most
metric automatic blending methodology to estimate rainfall fields
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familiar result of scaling is the power-law behaviour that is ex-
pected in the power spectra of scaling processes. Therefore, the
power spectrum derived from the rainfall fields should follow the
power law in frequency (see e.g. [51–53])

EðxÞ / x�b ð16Þ

where x is the wave-number, E(x) is the power spectrum of the
rainfall field and b is the spectral power-law model exponent. The
comparison variable used in this paper is thus the slope of the best
linear fit to the logarithm of the power spectrum of the rainfall field,
i.e. b. If the Fourier power spectra of two different rainfall fields
have similar slopes (b), their spatial tendencies will be similar. It
is worth noting that the energy spectrum is only a second-order sta-
tistic (i.e. the spectrum is related to the Fourier transform of the
autocorrelation function) and is therefore not particularly robust.
However, if only the fractal performance of rainfall fields is ana-
lyzed, the scaling of the second-order moments (characterized by
the spectral exponents) is expected to provide almost complete
information about their scaling properties, although for multifractal
behaviour, this information alone may not be sufficient.

Fig. 7 shows scatter plots of Fourier spectrum slopes for radar
rainfall fields against Fourier spectrum slopes for estimated rainfall
fields for each technique used in this paper. The data from all case
studies are included in these scatter plots (one point for each time
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Fig. 7. Comparison between slopes (b) of Fourier Spectrum of radar rainfall fields and
Rainfall fields for all time-steps of all case studies are shown.
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step). The values of b in the OKRG and OKRD rainfall fields are very
different to the computed b from radar fields, indicating that these
rainfall fields generally show different spatial patterns than the ra-
dar fields. In addition, a higher dispersion of values is observed
with the OKRD technique. The effect of including the radar data
as a secondary variable in the interpolation process can be seen
by comparing the values of b from OKRD and ColCOK rainfall fields.
The only difference in the definition of these estimators is the
inclusion of radar data in the interpolation process of the ColCOK
technique. In general, it can be seen that the inclusion of radar val-
ues produces values of b that are closer to those of radar fields as
seen in Fig. 7c and d. The poor fit of the OKRD field slopes
(Fig. 7b) to the radar field slopes is contrasted by a closer correla-
tion between ColCOK and radar rainfall fields (Fig. 7d), but a signif-
icant reduction in the dispersion of the results is not observed.
However in agreement with previous results, the values of b for
KED rainfall fields show the least amount of bias and scatter when
compared to the values of b for radar rainfall fields. This indicates
that the KED estimator should provide a more faithful reproduc-
tion of the spatial patterns of the rainfall fields than the other tech-
niques. The good performance of KED was expected because this
technique uses both the spatial trends and spatial correlogram of
the radar field to define the estimated values. However, it is inter-
esting to see the high consistency and low dispersion of KED re-
(d) ColCOK
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sults when compared with the other estimators that also use the
radar correlogram, especially with ColCOK.

Finally examples of estimated rainfall fields using each ap-
proach tested here are shown in Fig. 8. The estimated rainfall fields
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Fig. 8. Examples of estimated rainfall fields at 1300 UTC 9 of October 2002 (event 5). R
estimated rainfall fields computed by (c) ordinary Kriging using the correlation map of ra
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rainfall fields indicate the rain gauge locations. Bold lines show the Mediterranean coas
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were computed using the rain gauge data and the radar rainfall
field shown in Fig. 8a and b, respectively. They correspond with
1-h accumulated rainfall values collected on 9 of October 2002 at
1300 UTC.
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ain gauge data and radar rainfall field are shown in (a) and (b), respectively. Then,
in gauge data (OKRG), by (d) ordinary Kriging using the correlation map of radar data
are shown as well. Values correspond to a 1-h accumulation period. Diamonds in

t near Barcelona (Spain).
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Rainfall fields estimated by OKRG and OKRD are shown in Fig. 8c
and d, respectively. Both estimated rainfall fields have similar main
tendencies and values in the regions situated close to rain gauge
locations. Differences between these rainfall fields are due to the
discrepancy between the correlation distances of each correlation
map. Since the correlation distances of the rain gauge correlation
map are shorter in all directions (see Fig. 1e and f), the OKRG rainfall
field tends to fill most estimation points located far from known
values with the mean rainfall value. The OKRD rainfall field interpo-
lates rain gauge values in similar way to OKRG, but their distance of
influence is greater when OKRD is used. Therefore, each known
point produces broad rainfall areas of influence around it, e.g. the
high rainfall value measured near the coast extends its high value
over the sea further than in the OKRG rainfall field. On the other
hand, the rainfall field estimated using the ColCOK technique,
shown in Fig. 8f, has similar spatial tendencies to those observed
in the OKRD rainfall field (Fig. 8d). However the inadequate cover-
age of rainfall values in zones without rain gauge observations
shown in the OKRD rainfall field is reduced with ColCOK since radar
values provide useful additional information that controls the esti-
mation process when fewer rain gauge data are available. The rain-
fall field estimated using the KED technique is shown in Fig. 8e. The
spatial tendencies of the KED rainfall field are closer to those ob-
served in the radar rainfall field than in the other estimated rainfall
fields, but the rain gauge observations are maintained. Once more,
this example shows the great potential of the KED technique in the
radar–rain gauge blending context.
6. Summary and conclusions

This paper has reported work on the use of new non-parametric
geostatistical methodologies for estimating rainfall fields using ra-
dar and rain gauge data. The goal was to identify an advanced geo-
statistical technique that makes possible the estimation of rainfall
fields blending radar and rain gauge data in real time, under the
hypothesis that estimated rainfall fields should be consistent with
rain gauge observations but showing spatial patterns similar to the
rainfall fields observed by radar.

Spatial variability models (correlograms) for the estimates were
not defined according to the traditional method but rather esti-
mated automatically using the new proposed technique based on
a non-parametric FFT-smoothing process. This automatic tech-
nique for computing correlograms has considerable potential
advantages when compared with the conventional method of
defining spatial variability models. Specifically, with this method,
correlation fields can be obtained without previous hypotheses
about either the theoretical correlation model or average temporal
behaviour, allowing a full appraisal of the anisotropy and the tem-
poral variability of the fields. Thus, in this study, individual two-
dimensional spatial correlograms were defined automatically for
each time step and then used to estimate rainfall fields, avoiding
the classical assumptions of spatial isotropy and without making
previous steady-state ‘‘climatological” analyses. In all cases, the
correlograms computed with this technique guaranteed the solu-
tion of the geostatistical equation systems. This automatic tech-
nique for estimating correlograms is extremely fast and therefore
suitable for real-time applications of radar and rain gauge data
for operational purposes. To our knowledge, this is the first imple-
mentation of this automatic technique in this field.

Rainfall fields were estimated by blending radar and rain gauge
data taken from six rainfall events by using three geostatistical
alternatives that differ in the way in which the radar data are in-
cluded in the estimation. The automatic technique for defining cor-
relograms indicated above was used to incorporate the spatial
correlograms computed from radar data into the estimates. The re-
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sults have been compared against the widely used reference tech-
nique: ordinary kriging with only rain gauge data.

Moreover, cross-validation was used to quantify the accuracy of
the estimation alternatives, taking into account the known precip-
itation values. Analysis of the results for each event reveals that the
estimates using the three alternatives of the proposed technique
were in general more in agreement with observed rain gauge data
than the radar data. Also these results showed that estimates made
with the kriging with external drift (KED) alternative are more
accurate than those obtained with the other estimators. Estimates
made with KED also provided the highest correlation with radar
data and the best bias reduction in comparison with rain gauge
data. These results indicate that radar data need to be included
in the interpolation process of rain gauge data because they in-
crease the accuracy of estimates significantly.

Finally, comparisons using spectral analysis were made to ana-
lyze the spatial behaviour of the merged, improved rainfall fields
compared to the original radar fields. The comparison indicator
used was the slope of the best linear fit to the logarithm of the
power spectrum of the rainfall fields. In this case, the results indi-
cate again that the KED alternative provides better reproductions
of the spatial patterns of the radar rainfall fields than the other
techniques. Although these results were expected, because the
KED methodology makes intensive use of the radar data, it was
surprising to see the high consistency and low dispersion of KED
results when compared with the other alternatives that also in-
clude radar data in their interpolations.

For this case study and in the region of application, it is possible
to conclude that results seem to indicate that KED methodology in
combination with the technique to compute 2-D spatial correlo-
grams provides the best agreement with rain gauges and the most
accurate approach to the spatial tendencies observed in the radar
rainfall fields than the other alternatives analyzed in this paper.

Although further analysis of more cases is needed to fully doc-
ument the sensitivity of these techniques to systematic errors in
calibration (over- or underestimation) and other errors of radar
fields, to the density of the rain gauge network used for the merg-
ing process, and also to shorter time-steps, the results presented
here show that the proposed automatic, non-parametric geostatis-
tical technique is suited to the problem of blending radar and rain
gauge data to obtain field estimates in real time.
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