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a b s t r a c t
Compared to other estimation techniques, one advantage of geostatistical techniques is that they provide
an index of the estimation accuracy of the variable of interest with the kriging estimation standard deviation (ESD). In the context of radar–raingauge quantitative precipitation estimation (QPE), we address in
this article the question of how the kriging ESD can be transformed into a local spread of error by using
the dependency of radar errors to the rain amount analyzed in previous work. The proposed approach is
implemented for the most signiﬁcant rain events observed in 2008 in the Cévennes-Vivarais region,
France, by considering both the kriging with external drift (KED) and the ordinary kriging (OK) methods.
A two-step procedure is implemented for estimating the rain estimation accuracy: (i) ﬁrst kriging normalized ESDs are computed by using normalized variograms (sill equal to 1) to account for the observation system conﬁguration and the spatial structure of the variable of interest (rainfall amount, residuals
to the drift); (ii) based on the assumption of a linear relationship between the standard deviation and the
mean of the variable of interest, a denormalization of the kriging ESDs is performed globally for a given
rain event by using a cross-validation procedure. Despite the fact that the KED normalized ESDs are
usually greater than the OK ones (due to an additional constraint in the kriging system and a weaker
spatial structure of the residuals to the drift), the KED denormalized ESDs are generally smaller the OK
ones, a result consistent with the better performance observed for the KED technique. The evolution of
the mean and the standard deviation of the rainfall-scaled ESDs over a range of spatial (5–300 km2)
and temporal (1–6 h) scales demonstrates that there is clear added value of the radar with respect to
the raingauge network for the shortest scales, which are those of interest for ﬂash-ﬂood prediction in
the considered region.
Ó 2014 Elsevier Ltd. All rights reserved.

1. Introduction
Rainfall estimates covering large spatial domains are critically
needed in hydrological sciences and their applications, e.g. for
water budget estimates and hydrological risk assessment. Obtaining those estimates at adequate space–time resolutions with
respect to the dynamics of the hydrological processes of interest
is a further challenge. To illustrate this space–time resolution issue
for the speciﬁc application in this study, Fig. 1 displays the time-topeak of ﬂoods as a function of the size of the watersheds for a number of watersheds situated in South-Eastern France. The dataset
includes urban watersheds of the City of Marseille, mediumelevation mountain watersheds of the Cévennes region, the main
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tributaries of the Rhône river, and the Rhône river itself. It is complemented with some ﬁgures from Italian high-elevation mountain
watersheds. Berne et al. [1] proposed a method for characterizing
the required spatial and temporal resolution as a function of the size
of the watershed of interest. The idea is that a correct temporal
sampling of a ﬂood event has to be a fraction (e.g., 1/3, 1/4) of the
time-to-peak. To derive the corresponding spatial resolution, one
may consider empirical models of the rainfall spatial decorrelation
distance as a function of the time sampling value. For instance, [2]
found that the decorrelation distance d (km) of raingauge measurements depends on the considered time resolution T (hours) through
the following power-law relationship:

d ¼ 25T 0:3

ð1Þ

in the T-range of [1–24 h]. To give an example, a watershed of
100 km2 has a time-to-peak comprised between 60 and 100 min
(Fig. 1) in the Cévennes-Vivarais region. Considering a fraction
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Fig. 1. Time-to-peak of ﬂoods as a function of the watershed surface for a number
of watersheds in Southeastern France and Alpine Italy.

equal to 1/4, this yields required temporal resolutions between 15
and 25 min. If we consider the same 1/4 fraction for the spatial scale
as for the temporal one, spatial resolutions of 4–5 km can be associated from Eq. (1). Similarly, the required time and space resolutions for a 1000 km2 watershed lie approximately in the (1–3 h)
and (6–8 km) ranges, respectively.
Standard raingauge networks are generally not adapted for
rainfall estimation in terms of spatial density for such small scales
applications. Although presenting much better characteristics in
terms of spatial and temporal resolution, weather radar systems
are prone to many instrumental and sampling errors, which limit
their utility for quantitative precipitation estimation. A longlasting effort to develop rainfall estimation techniques based on
raingauge and radar data, considered individually or in synergy,
has therefore been carried out in the last decades. Following the
initial works of [3,4], in this article we tackle the problem in a
geostatistical framework. Compared to deterministic estimation
techniques, geostatistics (we refer the readers to the founding
contribution of Matheron [5] and several textbooks [6,7],
among others) offers the deﬁnite advantages of (i) accounting in
a probabilistic framework for the spatial variability of the variable
of interest and (ii) providing an index of the estimation accuracy
through the estimation standard deviation (ESD).
We may distinguish two types of contributions to this topic in
the literature: ﬁrst, there is the need to assess the QPE performance
of radar systems with respect to reference values derived from
dense raingauge networks. This approach has been implemented
many times in the past both for point and areal rainfall estimates
([4,8–16], to name just a few). Based on this ‘‘external reference’’
approach, the most recent works address the question of establishing radar error models, which prove to be complex in terms of bias,
conditional bias, random error, space and time correlation of the
error. This is essentially due to the particular sampling properties
of the radar combined with the rainfall variability at all scales.
Climatological characteristics of the study areas also play an
important role. A second set of works is about radar–raingauge
merging in an attempt to combine the advantages of the two
observation systems, the point accuracy of the raingauge measurements and the high space–time resolution of the radar data.
Although termed as a ‘‘crutch’’ for the radar by Huff [17], it is clear
now, after decades of efforts on radar processing algorithms and
improved maintenance procedures of radar networks, that raingauge networks are still necessary to check radar QPEs. This is due to
the underdetermined nature of the radar rainfall estimation problem. It is particularly true for conventional radar systems: how can
we obtain and maintain an absolute electronic calibration of the
radar? How can we parameterize the relationship between the
radar reﬂectivity and the rainrate (Z–R relationship)? Although
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promising, polarimetric radar systems still have to demonstrate
their greater autonomy in operational context. Compared to the
crutch, a more positive vision is indeed to try taking the best beneﬁt of all the existing rainfall observation devices (raingauges,
radars, but also disdrometers, cellular communication links, satellite radiometers and radars, etc.) by ﬁrst processing them individually as far as possible in order to reduce instrumental errors, and
then by merging them with intelligent methods accounting for
their error structure (instrumental, sampling). Several variants of
kriging have been tested for the radar–raingauge merging, e.g.,
cokriging, ordinary kriging of the radar–raingauge residuals,
kriging with external drift, indicator kriging, conditional merging,
[3,4,18–21]. Among these methods, we have selected the kriging
with external drift (KED) technique, this method having demonstrated a signiﬁcant superiority in several evaluation studies (e.g.
[21,22]).
Among the issues in applying geostatistical techniques for rainfall estimation, Erdin et al. [23] have addressed the question of the
data transformation. Arguing that ‘‘the skewed and heteroscedastic
nature of precipitation is in contradiction to assumptions of classical geostatistics’’, these authors use a class of transformations
introduced by Box and Cox [24], ranging from logarithmic to
power-law transformations. They indicate that the transformation
has little impact on the estimated values themselves but signiﬁcantly affects the ‘‘probabilistic estimates’’. They show that a
power-law transformation of the rainfall data with an exponent
of about 0.2 yields better performance compared to both the
non-transformed and the log-transformed data. In the present
paper, we want to address a more pressing question that arises
from the merging approach: if we are using all the available information, how are we going to specify the error model of the merged
estimates? In spite of the ‘‘selling argument’’ of the estimation
standard deviation provided by geostatistical techniques, one has
to recognize that such kriging ESDs have been, to our knowledge,
never used to quantify the accuracy of radar–raingauge rainfall
estimates. We will show in Section 2 that the kriging ESDs depend
(i) on the spatial structure of the variable of interest and (ii) on the
geometry of the observation system with respect to the point or
the area of interest. However, they do not depend on the data values themselves while rainfall errors quite obviously do, as it was
demonstrated by conditional analyses of radar–raingauge datasets
(e.g. [12,16,25]). As noted by Goovaerts [7, p. 181], the ‘‘kriging variance is only a ranking index of data geometry and size and not a
measure of the local spread of error’’.
The present article addresses the problem of quantifying the
estimation error of merged products, by using both the kriging
estimation standard deviations and the lessons learned from conditional analyses of radar–raingauge datasets. Section 2 recalls
some basic notions on kriging with external drift and provides
some details about the way it was implemented in the present
study. Section 3 presents the study area. It is also devoted to a
cross-validation assessment of various rainfall estimation techniques, using radar and raingauge data separately and in combination. Section 4 illustrates the procedure for quantifying the
estimation uncertainty of the kriging rainfall products. Finally,
some conclusions are drawn in Section 5.

2. Theoretical aspects
Geostatistical methods are well known (e.g. [6,7]) and available
in scientiﬁc computation packages, such as gstat in R (http://
www.gstat.org/), which was used in the present study. We ﬁnd
useful to brieﬂy present the kriging with external drift technique
and its implementation conditions for the radar–raingauge estimation problem.
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Practically, the weights are determined by solving the following
system of equations:
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where l1 and l2 are Lagrange multipliers, Ri ¼ Rðxi Þ and R0 ¼ Rðx0 Þ.
In this system, we model the spatial correlation of the stochastic
component YðxÞ of the variable ZðxÞ using the variogram function,
deﬁned as:
Fig. 2. Sketch illustration of the KED (Z KED ðxÞ) and OK (Z OK ðxÞ) estimators in the case
of radar–raingauge QPE. The radar data RðxÞ is voluntarily represented with a
signiﬁcant negative bias with respect to the raingauge measurements (crosses). The
drift mðxÞ is a linear function of the radar data with a priori unknown coefﬁcients a
and b. The raingauge measurements and the corresponding drift estimated values
(circles) are used to compute the residuals required for the KED variogram
inference.

2.1. Kriging with external drift and ordinary kriging: estimators
Kriging with external drift (KED) is a variant of universal kriging
for which the variable ZðxÞ to be interpolated is assumed to be the
sum of a stochastic term YðxÞ and a deterministic term mðxÞ, also
called the drift (see Fig. 2 for a sketchy illustration):

ZðxÞ ¼ YðxÞ þ mðxÞ

ð2Þ

where x denotes a given location. In the application of KED to the
radar–raingauge QPE problem, the drift is supposed to be a linear
function of the radar ﬁeld RðxÞ with:

mðxÞ ¼ aRðxÞ þ b

ð3Þ

Let us remark that the term ‘‘drift’’ is a bit misleading in the radar
QPE context since a drift generally evokes a smooth ﬁeld representing the spatial trends of a given variable, while (3) clearly indicates
that the radar QPE drift may display the full spatial variability of
the radar data, especially if the radar-raingauge consistency is high.
In our view, various ambiguities result from this point in the radar
literature; we believe the term ‘‘secondary variable’’ would be more
neutral and indeed appropriate in the present context.
A linear estimator Z KED ðx0 Þ, corresponding to a weighted sum of
the raingauge measurements Gðxi Þ, is used for the estimation at a
given point or over a given domain x0 :

Z KED ðx0 Þ

n
X
¼
kKED
Gðxi Þ
i

ð4Þ

i¼1

The weights kKED
are estimated so as to minimize the estimation
i
standard deviation:
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ð5Þ

1
2

cðhÞ ¼ E½ðYðxÞ  Yðx þ hÞÞ2 

ð9Þ

where h denotes a lag distance. Working with the variogram allows
relying on a weaker second order stationarity hypothesis (known as
the intrinsic hypothesis [6]) regarding the YðxÞ  Yðx þ hÞ spatial
increments and not the YðxÞ values themselves. The cij terms in
(8) are the variogram values calculated between each pair of raingauges and the c0j terms are the variogram values calculated between
each raingauge location and the point or domain of estimation; for
the estimation over domains, or block kriging, the c0j estimator will
be given below.
The ordinary kriging (OK) equations can be easily derived from
the KED case by supposing the drift to be constant, yielding the following expressions for the estimator, the unbiasedness constraint
and the system to be resolved:
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l is a Lagrange multiplier.

2.2. Kriging estimation standard deviations and variograms
When the systems of Eqs. (12) and (8) are solved, the OK and
KED optimal estimation deviations (ESDs) can be expressed respectively as:

vﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
u
n
X
u
rOK ðx0 Þ ¼ tc00  kOK
i c0i þ l

ð13aÞ

i¼1

under a non-bias constraint:

EðZðx0 ÞÞ ¼ EðZ KED ðx0 ÞÞ

ð6Þ

In (5) and (6), E (–) denotes the expectation operator. Condition
(6) is satisﬁed whatever the ða; bÞ parameters of the drift if:
n
X
kKED
¼1
i

ð7aÞ

i¼1

and
n
X
kKED
Rðxi Þ ¼ Rðx0 Þ
i
i¼1

ð7bÞ

and

vﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
u
n
X
u
rKED ðx0 Þ ¼ tc00  kKED
c0i þ l1 þ l2 R0
i

ð13bÞ

i¼1

In the case of a point estimation, the c0i values are calculated as
explained before and the c00 value is simply taken equal as the variogram value for h ! 0, also called the nugget value. In the case of a
spatial estimation over a domain of size A, the domain is discretised
into N A Cartesian meshes and c0i and c00 are estimated with the
following expressions:
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A
1 X
c
NA k¼1 ki

c0i ¼

ð14aÞ
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3. Case study
3.1. Dataset

and

c00 ¼



 NA X
NA
1 X
c
NA l¼1 k¼1 kl

ð14bÞ

Among the authorized functions for modeling the variogram, we
use hereafter the 3-parameter spherical model deﬁned as:



cðhÞ ¼ C 0 þ ðC  C 0 Þ
¼C

3h
2d

 12

h3 
d

if 0 < h 6 d

ð15Þ

if h > d

where C and C 0 are the sill and nugget values, respectively, and d is
the range or spatial decorrelation distance. The sill is theoretically
equal to the rainfall (residuals-to-the-drift, resp.) ﬁeld variance for
the OK (KED, resp.) technique, and the nugget, comprised between
0 and C, is the value of the variogram when h ! 0; a non-zero value
for the nugget may result from small-scale variability of the variable of interest not resolved by the observation system and/or from
the presence of measurement errors.
The raingauge measurements are generally used for the OK spatial structure function inference. However, Velasco-Forero et al.
[21] have proposed an automatic inference of the radar rainfall
variogram based on a Fast Fourier Transform, able to provide a
detailed 2D-function accounting for the eventual anisotropy of
the rain ﬁeld, which is particularly suited for real-time implementation. Regarding the KED method, the variogram to be used is the
variogram of the residuals to the drift [5–7]. As noted in [23], a
practical problem arises since these residuals are to be estimated
as the differences between a priori unknown KED estimates
(Z KED ðxÞ in Fig. 2) and the drift estimates, which require knowledge
of two a priori unknown parameters a and b. To our knowledge,
two solutions have been proposed in the radar QPE literature: (i)
consider the residuals RðxÞ  Z OK ðxÞ (e.g. [23]) for all the radar
meshes, where Z OK ðxÞ is the raingauge OK ﬁeld; (ii) interpolate
the radar values observed at raingauge locations using ordinary
kriging (let’s denote the corresponding ﬁeld ROK ðxÞ) and consider
the residuals RðxÞ  ROK ðxÞ; again for all the radar meshes [21]. In
our view, neither of these two options is totally justiﬁed: the second one, being radar-based only, is not able to account for eventual
radar–raingauge discrepancies and the ﬁrst one may lead to excessive variability of the residuals in case of signiﬁcant radar bias like
illustrated in Fig. 2. The use of smooth ﬁelds like the Z OK ðxÞ and
ROK ðxÞ ﬁelds in these two approaches results in our view from
the ambiguity mentioned before about the term ‘‘drift’’.
Instead, we propose to perform ﬁrst a linear regression between
the raingauge and the radar measurements at the corresponding
meshes in order to estimate the ða; bÞ parameters of the drift,
and then to consider the residuals Gðxi Þ  ðaRðxi Þ þ bÞ in the variogram inference, where i indexes the available raingauges and the
corresponding radar meshes. Indeed, since the KED estimator is
an exact interpolator, the Gðxi Þ values sample the KED solution
and the aRðxi Þ þ b values sample the drift. A concern about this
approach is related to the relative small density of the raingauge
network which may result in non-robust variograms. We take into
account this aspect in the following by inferring so-called ‘‘climatological’’ variograms, instead of calculating variograms for each
time step, following Lebel et al. [2]: the residual increments are normalized by the standard deviation of the residuals computed over
the considered time step; then the normalized increments of all
the time steps are averaged over the range classes prior to the model
inference. A unique variogram is thus inferred for a given rain event.
By construction, it has an expected sill value equal to 1.

The Cévennes-Vivarais Mediterranean Hydrometeorological
Observatory (CVMHO; http://www.ohmcv.fr; [26,27]) is dedicated
to long-term observation of the intense rain events and subsequent
ﬂash ﬂoods that affect the Cévennes-Vivarais region, France. Fig. 3
shows the area of interest and the operational rainfall observation
system over the 32,000 km2 of the CVMHO window, which
includes (i) four weather radar systems of the Météo France ARAMIS network and (ii) an hourly raingauge network counting 250
stations complemented by 160 daily raingauges. The raingauges
are managed by three authorities, namely Météo France, the Service de Prévision des Crues du Grand Delta and Electricité de
France. The Bollène and Nîmes radars cover the downstream part
of the Cévennes watersheds. They are only 65 km apart, the shortest inter-distance between radars within the ARAMIS network.
They operate at S-band, which is justiﬁed by the strong attenuation
radar may experience in Mediterranean heavy precipitation. It was
shown however [28] that this positive point is counter-balanced by
the strong sensitivity of this frequency to parasite detections. This
makes the quantitative data processing particularly difﬁcult in this
context, due to the Cévennes mountains and the presence of many
infrastructures – highways, railways, electric lines and buildings –
in the Rhône valley. The Sembadel and Montclar radars operate at
C-band. They provide a complementary coverage of the mountainous part of the region and the Cévennes upstream watersheds.
Since the region is prone to heavy precipitation events, the
Cévennes hourly raingauge network is one of the densest in France.
Its average density is one raingauge per 128 km2 (i.e. a raingauge
inter-distance of 11 km). However it is clear from the space–time
sampling discussion in the introduction that this network is not
dense enough to study the ﬂash-ﬂood dynamics over the small
Cévennes watersheds. The radar data, with a (1 km2, 5 min)
space–time resolution, is likely to bring an important added value
in terms of rainfall observation. We aim to further quantify this
point in this article. Note that with its 410 daily raingauges (i.e.,
an average inter-distance of 8.8 km for a daily decorrelation range
of 64 km), one expects the complete raingauge network to provide
accurate rainfall estimates at the daily time resolution.
For the present study, we selected the 12 most important rainfall events observed in 2008 over the CVMHO window. Table 1 lists
the corresponding dates and a number of rainfall characteristic
values, as well as the minimum and maximum altitudes of the
0 °C isotherm during the events derived from the radio-soundings
available at the Nîmes Météo-France station. Although we have
started developing at LTHE a radar data processing system called
TRADHy aimed at regional and adaptive corrections [28], we will
consider herein the operational radar products (see the description
of the algorithms in [29] and their assessment in [30]). The MétéoFrance products present the deﬁnite advantage of relying on the
composite of the 4 radars available in the region (Fig. 3). A complementary processing was applied to these products: (i) retiling the
national mosaic to the CVMHO window; (ii) quality control of
potential residual ground clutter (by using a technique based on
search of gradients in the radar accumulation maps). It is worth
noting that, because of the radar upgrade to full polarimetric and
Doppler system, the Nîmes radar was not operational in the period
1 January 08–15 June 08, i.e. for the ﬁrst ﬁve events listed in
Table 1. A necessary and signiﬁcant effort was also dedicated to
the raingauge quality control. This task was tackled ﬁrstly by considering the entire raingauge network at the daily time resolution,
by using a geostatistical approach described in [14] coupled with
visual inspection of the OK rain maps. It was also found useful to
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Fig. 3. Location of the CVMHO window in France (insert) together with a map of the rainfall observation system superimposed on the topography. The D and r pictograms
refer to the hourly raingauges (250 stations) and the additional daily raingauges (160 stations), respectively. The +signs and the 50 and 100-km range markers refer to the
4 operational radars of Météo-France ARAMIS network. The thick black frame delineates the estimation domain of the rain products.

Table 1
Characteristics of the 2008 rainfall events.
Event

Dates

Maximum 1-h
rainrate (mm/h)

Maximum 24-h
rain amount (mm)

Minimum 0 °C isotherm
altitude (m)

Maximum 0 °C isotherm
altitude (m)

1
2
3
4
5
6
7
8
9
10
11
12

02–06 Jan 08
10–12 Jan 08
3–4 Feb 08
17–21 Apr 08
24–27 May 08
11–13 Aug 08
3–7 Sep 08
7–9 Oct 08
19–23 Oct 08
31 Oct- 3 Nov 08
13–15 Dec 08
29–31 Dec 08

18
18
22
23
29
74
105
48
87
74
19
22

190
120
124
163
127
155
174
103
465
451
103
84

1300
1200
1200
1700
2900
4000
3100
2700
2800
2000
1000
900

2900
2150
2600
2300
4000
4700
4300
3500
3400
3000
2150
2600

consider the correlation of the raingauge and radar time series at
the hourly time resolution, so as to detect eventual time shifts
and/or missing data related for instance to data transmission
failures.

3.2. Assessment of the various rainfall estimation techniques
The following rainfall estimation techniques were implemented
for the 12 rain events in cross-validation mode (that is, by performing
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Table 2
Parameters of the event rainfall variograms (cols 3–5), the variograms of the residuals (cols 6–8) inferred using the method proposed in this article and the variograms of the
residuals (cols 9–11) inferred using the method proposed by Velasco-Forero et al. [21], for the 1-h time resolution and the various rainfall events.
Event

Dates

1
2
3
4
5
6
7
8
9
10
11
12

02–06 Jan 2008
10–12 Jan 2008
3–4 Feb 2008
17–21 Apr 2008
24–27 May 2008
11–13 Aug 2008
3–7 Sep 2008
7–9 Oct 2008
19–23 Oct 2008
31 Oct- 3 Nov 2008
13–15 Dec 2008
29–31 Dec 2008

Rainfall variograms

Variograms of residuals (inference method
proposed in this article)

Variograms of residuals (inference method
proposed by Velasco- Forero et al. [21])

Nugget (–)

Range (km)

Sill (–)

Nugget (–)

Range (km)

Sill (–)

Nugget (–)

Range (km)

Sill (–)

0
0
0
0
0
0
0
0
0.03
0.01
0
0

48
35
47
39
35
23
21
28
22
28
66
31

1.0
1.0
1.0
1.0
1.0
1.0
1.0
1.0
1.0
1.0
1.0
1.0

0.17
0.15
0.14
0.13
0.36
0.37
0.42
0.31
0.39
0.18
0.08
0.06

40.1
14.7
21.5
27.1
37.0
16.3
15.3
18.2
16.6
18.5
26.0
24.7

1.0
1.0
1.0
1.0
1.0
1.0
1.0
1.0
1.0
1.0
1.0
1.0

0.06
0.14
0.11
0.10
0.06
0.13
0.12
0.14
0.17
0.13
0.04
0.14

27
20
23
23
25
16
15
17
17
20
32
16

1.0
1.0
1.0
1.0
1.0
1.0
1.0
1.0
1.0
1.0
1.0
1.0

the estimation at a given raingauge location without the observed
value at this point; all the raingauge locations were considered in this
exercise):
(i) Ordinary kriging with a normalized ‘‘climatological’’ variogram (clim hereafter). The range is derived from Eq. (1),
the nugget value is set to 0, the sill is set to 1 and the variogram is supposed to be isotropic;
(ii) Ordinary kriging with a rainfall variogram inferred from
radar data (ani hereafter). Note that a 1-mm per time step
threshold is considered for the rain amount in the variogram
inference. We ﬁtted both anisotropic variograms for each
hourly time step and a unique isotropic variogram by aggregating all the hourly data of each event. Since no beneﬁt
could be evidenced from the implementation of hourly
anisotropic variograms with respect to a unique isotropic
variogram for each single event, we discuss hereafter the
results obtained in this latter case (Table 2);
(iii) Radar-alone estimation (radar hereafter) by simply considering the radar values at the pixel containing the raingauges;
(iv) Kriging with external drift (KED hereafter) with a unique
isotropic variogram of the residuals to the drift for each single event. The variogram is computed over the residuals
between the raingauge values and the corresponding drift
estimates, as explained in Section 2.2. Here again, rain values
less than 1 mm per time step were excluded from the variogram inference.
Table 2 indicates that the climatological rainfall variograms
derived from radar data present generally no nugget effect. Their
ranges are consistent with the climatological value of 25 km for
the summer and autumn events. The ranges are longer for some
winter events (up to 66 km) corresponding to more widespread
rainfall systems. The variograms of the residuals present signiﬁcant nugget effects (between 6% and 42% of the sill) and shorter
ranges compared with the rainfall variograms. For comparison,
the parameters of the variograms of the residuals obtained with
the Velasco-Forero’s method [21] are displayed as well. They signiﬁcantly differ by their smaller nugget value (6–17% of the sill),
which is an expected result since they are based on radar data only.
The performances of the various estimation techniques in crossvalidation mode are displayed in Fig. 4 for the hourly time resolution. For each event, they imply a bias criterion (ratio of the mean
estimated values to the mean observed values) and a variance criterion (square of the correlation coefﬁcient between the estimated
and observed series, denoted R2 hereafter, corresponding to the
percentage of variance explained by a simple linear regression).
Only rainfall values greater than 1 mm are accounted for in the

Fig. 4. (a) Bias and (b) R2 statistics of four estimation methods (see Section 3.2) in
cross-validation mode for the 12 rain events of interest. The bias criterion is the
ratio of the means of estimated and observed values at the hourly time resolution
while the R2 statistics is the square of their correlation coefﬁcient.

criteria evaluation. We note in Fig. 4(a) that, in spite of the unbiasness constraints of the kriging system, the geostatistical estimates
are signiﬁcantly biased, especially for the summer events #6–7.
This tendency is actually ampliﬁed in the cross-validation exercise:
if the raingauge network is uniformly distributed spatially and if
the decorrelation distance is of the same order of magnitude as
the gauge interdistance, the cross-validation estimates tend
towards the ﬁeld mean rainfall, with a tendency to under- (over) estimate high (low) values. Note that the radar products are even
more signiﬁcantly biased; the R2 statistics (Fig. 4(b)) indicates that
the radar performs poorly also in terms of spatial and temporal
coﬂuctuation compared to the raingauge network for the winter
and spring events (events 1–5 and 11–12). The radar network is
however better than the raingauge network for the summer and
autumn events which are those leading to the most severe ﬂoods
in the region. The 0 °C isotherm altitude (Table 1) appears to be a
good explanatory factor for these results. In winter, the combined
effects of the relief, the low altitude of the precipitating systems
and the bright band associated with the melting layer, make the
radar observation and the subsequent rainfall quantiﬁcation very
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difﬁcult. More favorable observation conditions occur for convective rainfall events with an extended vertical dimension of the precipitation and less marked melting layers, due to vertical mixing.
From Table 1, it appears that the radar network provides an added
value with respect to the raingauge network in the Cévennes-Vivarais context only in cases with 0 °C altitudes greater than 2000 m
asl. The event 5 (24–27 May 2008 ; 0 °C isotherm varying between
2900 and 4000 m) makes an exception related to the fact the most
intense rainfall occurred in a region severely affected by ground
clutter and thus making any radar data correction difﬁcult. One
should keep in mind that the Nîmes radar was not in function during the ﬁrst 5 events of 2008. This might have penalized the radar
network to some extent. Regarding the raingauge network estimates, one can notice that: (i) the clim and ani OK performances
are almost identical. As already mentioned, considering anisotropic
hourly variograms did not improve the OK performance; (ii) the
performance of the raingauge network is slightly degraded in
summer (events 6 and 7), which is related to the increased spatial
variability for these convective rain events.
Another remarkable result in Fig. 4(b) is that the KED performance is systematically better than those of the methods involving
the two observation systems separately. In some cases, there is a
signiﬁcant gain over the best method, e.g. for events #5–8–9–10.
We emphasize the fact that the R2 statistics used is not bias dependent: the gains in performance evidenced in Fig. 4(b) therefore
result from relevant spatial adjustments of the radar drift by
accounting for raingauge measurements. For the winter events
(1–4; 11–12), the KED performance is equivalent to the OK performance. One may wonder why accounting for poor quality radar
data does not degrade the merging performance compared to
the OK method. The explanation lies in the combined effect of
the overall consistency of the radar–raingauge measurements
(as described by the R2 statistics for instance) and the spatial structure of the residuals to the drift (as modeled with the variograms).
To illustrate how the KED method works, Figs. 5 and 6 present two
examples of rain ﬁelds at 1-h time steps taken during a winter
event (poor radar–raingauge consistency) and an autumn event
(good radar–raingauge consistency), respectively. In these examples, the KED estimations are carried out over 10-km2 hydrological
meshes with both a pure-nugget variogram and with the residualsto-the-drift variogram actually inferred. In summary, we may
distinguish the following cases:
 If the radar–raingauge consistency is low and the residuals to
the drift spatially well correlated (as for the bright-band case
in Fig. 5), the KED technique automatically discard the drift
(secondary variable) and the KED estimation (Fig. 5(d)) relies
essentially on the raingauge data (primary variable);
 If the radar–raingauge consistency is high and the residuals to
the drift spatially well correlated (as for the autumn case in
Fig. 6), the KED technique ‘‘trusts’’ raingauge data and performs
local adjustments of the drift in their neighborhood, the extent
of this neighborhood being controlled by the range of the variogram (Fig. 6(d));
 Whatever the radar–raingauge consistency, if the residuals to
the drift tend to be spatially uncorrelated, the KED method yields
the drift estimate. That means, the radar ﬁeld is corrected for the
overall bias using raingauge data. One may even obtain a spatially
constant ﬁeld in case the slope of the drift a tends towards 0 (e.g.
Fig. 5(c)). In case of good consistency between raingauge and
radar data (Fig. 6(c)), the KED technique does not trust the raingauges individually but uses them only globally for a bias adjustment; it preserves the radar spatial variability.
It should be noted that the residuals to the drift can be spatially
correlated for bad reasons (e.g., major radar measurement

problems related for instance to range-related effects, such as bright
band, beam overshooting, etc.) or for good reasons (e.g., an
average Z–R relationship may not be suited for certain parts of a rain
ﬁeld where a convective Z–R relationship would be more
appropriate). As a generalization of the results in Fig. 5 and 6, Table 3
presents the KED R2 statistics for the 12 events for 3 sets of
residuals-to the-drift variograms: (i) 99%-nugget variograms, (ii)
the residuals-to-the-drift variograms actually inferred and (iii) the
rainfall variograms used for the OK implementation. For the
99%-nugget variograms, the KED performance is intermediate
between the radar and the OK performance for the events 1–5
and 11–12, while for the 2 other variogram sets, the KED performance slightly overpasses the OK performance. For all the events,
using the inferred variograms of the residuals to the drift or the
rainfall variograms (with higher ranges and 0-nugget values) give
rather similar results. The same is obtained with the variogram
inference proposed by Velasco-Forero et al. [21] (not shown). In
terms of the rainfall estimation itself, it therefore appears that the
variogram is not a very sensitive parameter, except in the case of
a 100%-nugget effect.
4. Quantiﬁcation of the estimation accuracy
4.1. Proposed method
The proposed procedure of the ESD quantiﬁcation includes the
following steps:
(i) Computation of a kriging normalized ESD (NESD), denoted
rN , for each point or domain of estimation, by using a
normalized variogram of the rainfall in the OK case, and a
normalized variogram of the residuals to the drift in the
KED case in the implementation of Eqs. (13a) and (13b). By
normalized, we mean that the variogram model inferred
from the data is scaled so as to have a sill equal to 1 instead
of the value of the rainfall variance (OK) or the residualsto-the-drift variance (KED). The resulting NESDs are consequently unitless and take their values in the [0, 1] range.
Note that the KED NESDs (rKED
N ) are likely to be greater than
the OK NESDs (rOK
N ), due to (i) the additional bias constraint
of the KED system (8) compared to the OK system (12) and
(ii) to the weaker spatial structure of the residuals compared
to the rainfall values (Table 2). Keeping in mind the dependence of the decorrelation range on the time resolution T
(e.g. through Eq. (1)), we also expect the NESDs to decrease
when T increases. A similar trend is expected when the size
of the integration domain increases. Note that the NESDs
over small surfaces greatly depend on their proximity to
raingauges.
(ii) In order to estimate the ESDs rOK and rKED (in mm), the
problem is now to denormalize the kriging NESDs by using
relevant estimates for the standard deviations of the rainfall
(rR ) and the residuals to the drift (re ) for the OK and KED
methods, respectively:

rOK ¼ rR rOK
N

ð16aÞ

rKED ¼ re rKED
N

ð16bÞ

As proposed by Lebel et al. [2] and already implemented in the
considered context by Kirstetter et al. [14], we assume hereafter a
linear relationship between the standard deviation and the mean
of rainfall, so that the OK ESD can be rewritten as a function of
the NESD and the rainrate as:
OK
rOK ¼ aOK
R RrN

ð17aÞ

G. Delrieu et al. / Advances in Water Resources 71 (2014) 110–124

117

Fig. 5. Hourly rainfall maps estimated during a winter rainfall event (3/01/2008, 21–22 UTC) over the 10-km2 hydrological mesh covering the four main watersheds of the
CVMHO window. This is a case with a very poor consistency between radar and raingauge measurements: (a) radar data are affected by a bright band effect leading to a strong
radar rainfall over-estimation in the eastern part of the window; (b) displays the raingauge OK estimates. Note there is a factor 2 between the color scales of (a) and (b). The
bottom ﬁgures illustrate the KED results for 2 residual-to-the-drift variograms: (c) with a 99%-nugget variogram, the KED method yields the drift estimate (spatially uniform
bias correction of the radar estimates) while (d) with the residual variogram inferred, the drift is soundly discarded from the rainfall estimation which thus relies essentially
on the raingauge measurements.

This hypothesis allows us to deal pragmatically with the nonstationarity of the rain ﬁelds by estimating a local rainfall standard
deviation that is directly related to the estimated rain amount for
each point or domain of estimation. It also results directly in a linear dependence of the error to the rain amount, a result supported
by radar–raingauge comparison analyses (e.g. [16]).
Similarly, for the KED method, we may assume a linear relationship between the standard deviation and the mean of the residuals
to the drift, denoted e, so that the KED ESD can be rewritten as:

rKED ¼ ae erKED
N

ð17bÞ

In fact, due to the good relationship between e and R (to be illustrated in Section 4.4), it is equivalent and more convenient for our
denormalization procedure to express re as a function of R through
the following form:
KED
rKED ¼ aKED
R RrN

ð17cÞ

Based on (17a)–(17c), the problem is now to estimate the aR
coefﬁcients.

To do so, we propose hereafter a method based again on crossvalidation computations. The idea is pretty straightforward: on the
one hand, the OK and KED implementation in cross-validation
mode allows one to obtain OK and KED residuals between estiKED
mated and observed values, that will be denoted eOK
and
cv and ecv
termed as ‘‘CV residuals’’ hereafter). On the other hand, we also
get the OK and KED NESDs from the kriging implementation. The
ﬁrst key point of the method is to state that, over a large set of
comparison points (e.g. for all the raingauge locations and all the
time steps of a given rainfall event), the means of the denormalized
 OK and r
 KED , should be equal to the standard deviaESDs, denoted r
KED
tions of the CV residuals, denoted STDðeOK
cv Þ and STDðecv Þ for the
OK and KED methods, respectively. The second key point is to
impose the previous constraint in a conditional sense, that is to take
into account the dependence of the mean of the ESDs and the
standard deviation of the CV residuals on the rain amount R. These
constraints can be written as:

r OK ðRÞ ¼ STDeOK
cv

ð18aÞ

r KED ðRÞ ¼ STDeKED
cv

ð18bÞ
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Fig. 6. Same as Fig. 5 for an hourly rain ﬁeld (03–04 UTC) during the autumn event of 22/10/2008. This is a case with a good consistency between radar and raingauge
measurements, as attested by the radar and OK maps (a) and (b), respectively. In that case, with a 99%-nugget variogram, the KED method provides the drift estimate with a
slightly positive uniform bias correction of the radar data (c), while with the inferred variogram of the residuals, some local adjustments of the drift are additionally
performed with the raingauge data (d).

Table 3
R2 statistics for various KED variants (cols 5–9) with respect to the radar and OK performance (cols 3–4) in cross-validation mode for the 1-h time resolution.
Event
number

Date

OK

Radar

KED with 99%-nugget
variograms

KED with inferred
variograms of residuals

KED with inferred
rainfall variograms

1
2
3
4
5
6
7
8
9
10
11
12

02–06 Jan 08
10–12 Jan 08
3–4 Feb 08
17–21 Apr 08
24–27 May 08
11–13 Aug 08
3–7 Sep 08
7–9 Oct 08
19–23 Oct 08
31 Oct- 3 Nov 08
13–15 Dec 08
29–31 Dec 08

0.67
0.73
0.76
0.70
0.67
0.67
0.63
0.70
0.69
0.69
0.71
0.69

0.13
0.34
0.40
0.24
0.29
0.83
0.75
0.76
0.78
0.62
0.28
0.37

0.19
0.43
0.42
0.30
0.50
0.86
0.73
0.77
0.79
0.65
0.43
0.39

0.68
0.76
0.77
0.75
0.76
0.87
0.77
0.87
0.87
0.81
0.74
0.72

0.67
0.74
0.74
0.71
0.76
0.88
0.76
0.87
0.87
0.80
0.71
0.72

4.2. Practical implementation
Fig. 7 illustrates the principle of the estimation of the aR coefﬁcients and gives part of the justiﬁcations for the assumptions made
in Section 4.1. The top graphs display the evolution of the CV
residuals as a function of the rain amount for the rain event of

31/10–3/11/2008. Following [16], a generalized additive model
for location, scale and shape (GAMLSS; [31,32]) was ﬁtted to the
CV residuals for both the OK (left) and KED (right) estimators.
We chose in those ﬁttings a Gaussian conditional probability
distribution function (pdf). One can see that the CV residuals are
reasonably well represented by such a model. In both cases, the

G. Delrieu et al. / Advances in Water Resources 71 (2014) 110–124

119

Fig. 7. Illustration of the estimation of the ESD denormalization factor in the conditional framework for the ordinary kriging (left) and the kriging with external drift (right)
methods for the rain event that occurred on 31/10–3/11/2008. The top graphs display the evolution of the CV residuals as a function of the rain amount; the middle graphs
represent the evolution of the rN R products as a function of R; and the lower graphs represent the evolution of the standard deviation of the CV residuals and the mean of the
rN R products as a function of R, which are used to estimate the aR coefﬁcients. See Section 4.2 for details.

Fig. 8. Evolution of the ESD denormalization factors derived from the cross-validation method for the ordinary kriging (dashed lines) and the kriging with external drift (solid
lines), as a function of the time resolution T (1–6 h) for the 12 rainfall events of year 2008.
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spread of the distribution of the residuals increases with increasing
rain amount. The KED distributions are slightly narrower than the
OK distributions, a fact consistent with the better performance of
the KED technique in cross-validation mode for this event (see
Fig. 4, event #10). Note that the OK graphs also nicely illustrate
the often-observed trend of the kriging techniques to underestimate high values, with the signiﬁcant positive conditional bias of
the CV residuals (computed as the differences between observed
and estimated values). From these GAMLSS analyses, the evolution
of the standard deviations of the CV residuals as a function of R can
be characterized: the GAMLSS models ﬁtted for the STDðecv Þ as a
function of R (the right terms of Eq. (18)) are displayed on the bottom graphs of Fig. 7. They prove to be rather well ﬁtted by simple
KED
linear regressions with slopes denoted aOK
ecv and aecv , respectively,
and offsets forced to 0.
Similarly, the middle graphs of Fig. 7 present the GAMLSS
KED
analyses applied to the products rOK
N R (left) and rN R (right) as a
function of R. From (17a)–(17c), it can be seen that these products
KED
are equal to rOK =aOK
R and rKED =aR , respectively. Although the variable to be explained (rN R) is a linear function of the explanatory
variable R, one can note that the NESDs also control these GAMLSS
analyses with lower values and a higher dispersion in the OK case
than in the KED case. Again, the GAMLSS tool is used to model the
evolution of the means of the rN R values as a function of R, that are

displayed in the bottom graphs of Fig. 7. Like for the standard deviations of the CV residuals, simple linear models with offsets forced
to 0 prove to satisfactorily ﬁt the GAMLSS models of the mean rN R
products as a function of R (as proxies of the left terms of Eq. (18)).
Due to the 0 offsets, it can be easily veriﬁed that the slopes
KED
(denoted aOK
rcv and arcv ) of the corresponding linear regressions
are equal to the NESD mean values:
OK
aOK
rcv ¼ rN

ð19aÞ

KED
aKED
rcv ¼ rN

ð19bÞ

Finally, the aR coefﬁcients are estimated with the following
equations:
OK
OK
aOK
R ¼ aecv =rN

ð20aÞ

KED
aKED
¼ aKED
R
ecv =rN

ð20bÞ

Fig. 8 displays the evolution of the OK and KED aR coefﬁcients
for the various rain events and various time resolutions (1–6 h).
It is interesting to note that the aR coefﬁcients do not exhibit particular trends as a function of the rain events and the time resolution. This result may be surprising to some extent, e.g. since one
may expect larger errors for more spatially variable rain events

Fig. 9. Maps of the normalized kriging estimation standard deviations (unitless values; left column) and the ﬁnal error standard deviations (in mm; right) for the hourly rain
estimates of 22/10/2013 03–04 UTC by the OK (top) and KED (bottom) estimation methods implemented for the 10-km2 hydrological meshes.
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(e.g. the summer events #5–8 in our dataset). It seems that both
the kriging NESD (through the variogram) and the rain amount
(the range of rain amounts actually) allow to capture such rainfall
type and integration time dependencies. The other noticeable feature in Fig. 8 is that the OK and KED aR coefﬁcients differ signiﬁcantly from each other, with smaller values for the KED method
(about 0.4 in average) compared to the OK method (about 0.7 in
average). Again, this may be a priori surprising, e.g. since one
may expect to have similar errors for the OK and KED methods
when the radar drift is of poor quality (e.g. events #1–4, 11–12
in our dataset). In such a case, the CV residuals and their standard
deviation are more or less the same for both OK and KED (numerators of (20)), but the mean NESD values of KED are signiﬁcantly
larger than the OK ones (denominators of (20)). This is the result
of the additional unbiasedness constraint in the kriging system
and the weaker spatial structure of the residuals to the drift (see
Table 2)), and explains the observed difference between the OK
and KED aR coefﬁcients. The analysis of the aR coefﬁcients presents
some limitations and the denormalization procedure has to be
effectively implemented to really assess its effects and its
consistency.
This was performed for the hydrological meshes of 5, 10, 50,
100, 200 and 300 km2, for the time resolutions of 1, 2, 4 and 6 h.
As an illustration, Fig. 9 provides the normalized and denormalized
ESD maps for the 1-h rain ﬁeld displayed in Fig. 6. As already mentioned, the OK NESDs mostly reﬂect the quality of the spatial coverage provided by the raingauge network with low NESDs in the
vicinity of raingauges and higher values in poorly covered areas.
The OK NEDSs are independent of the rain amount. For the reasons
just recalled in the previous paragraph, the KED NESDs are usually
greater than the OK ones. There is no visible dependence of the
KED NESDs on the rainrate (through the radar drift) for this case,
but such a dependence can be observed when high radar rainfall
values occur in regions poorly covered by the raingauge network
(not illustrated here for the sake of conciseness). As a direct result
of the denormalization procedure, the dependence of the denormalized ESDs on the rain amounts is clear in Fig. 9. In this case,
we can see that we ﬁnally obtain smaller ESDs for the KED method
compared to the OK one, a result consistent with the better performance of the former method evidenced in Fig. 4 for event #10. Our
denormalization procedure thus solves the apparent paradox
associated with the fact that the KED NESD are greater than the
OK ones while the KED performs better.
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Fig. 10. Histograms of the error standard deviation scaled by the estimated rain
amount, for the 1-h time resolution and the 5-km2 mesh size; the histograms are
established over the 12 rain events of the year 2008 for the ordinary kriging method
(top) and the kriging with external drift method (bottom) for rain amounts greater
than 1 mm. Gaussian pdf ﬁts are displayed for the two histograms.

4.3. Space–time analysis of the rainfall estimation error
As a generalization of the example of Fig. 9, we computed
statistics of the ESDs re-scaled by the rain amounts, that is, the
OK
KED KED
variables rOK =R and rKED =R (equal to aOK
R rN and aR rN , respectively). Fig. 10 presents the histograms of the re-scaled ESDs for
the 12 rain events of year 2008 and space–time scales of (5 km2,
1 h). Note that the Gaussian distribution ﬁts very well the histograms and that both the mean and the standard deviation of the
R-scaled ESDs are smaller for the KED method than for the OK
method. The mean and the standard deviation were thus computed
for all the space–time scales considered (Fig. 11). One can notice
that the result of Fig. 10 is valid for all the considered space–time
scales. However, the difference between the OK and KED R-scaled
error statistics clearly increases, at the beneﬁt of the KED method,
as the space–time scales decrease. This is an important result
showing the added value of the radar network with respect to
the raingauge network. This beneﬁt increases at the scales of interest for ﬂash-ﬂood prediction in the Cévennes region. We remind
that the statistics displayed in Fig. 10 and 11 are based on all the
12 rain events of year 2008. Of course, more contrasted results
(not shown here) are obtained between the KED and the OK

methods if one concentrates on the summer and autumn events
(events #6–10, Fig. 4) which are those leading to the strongest
hydrological responses in the region.

4.4. Checking the hypotheses made in the denormalization procedure
The critical hypotheses made in the denormalization procedure
are described by Eqs. (17a)–(17c). Starting by the hypotheses made
on the KED estimator (17b) and (17c), one has to realize that we
can actually compute the residuals to the drift a posteriori as the
differences between the KED estimates and the drift estimates
mðxÞ ¼ aRðxÞ þ b. The a and b coefﬁcients are determined through
the procedure already used for the inference of the variogram of
the residuals to the drift in Section 2.2. Fig. 12 gives an example,
again for the 31/10–3/11/2008 rain event, of the residuals to the
drift computed at the hourly time resolution for the 1-km2 radar
meshes containing a raingauge displayed as a function of the rain
amount. The GAMLSS analysis of this dataset indicates that both
the mean (top right) and the standard deviation (bottom right) of
the residuals to the drift are linearly related to the rain amount.
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Fig. 11. Mean (top graphs) and standard deviation (bottom graphs) of the error standard deviation scaled by the rain amount for the ordinary kriging (left) and the kriging
with external drift (right) as a function of the space and time scales. As in Fig. 10, the statistics are based on the 12 rain events of the year 2008.

Fig. 12. GAMLSS analysis of the residuals to the drift (left) together with their modeled mean (top right) and standard deviation (bottom right) as a function of the rain
amount for the 31/10–3/11/2008 rain event. In this example, the residuals to the drift are calculated for the 1-km2 Cartesian meshes containing a raingauge.

This observation validates the two hypotheses (17b) and (17c).
This computation of the residuals to the drift can be done for any
geographical support (Cartesian meshes, hydrological meshes)
and time resolution.
Fig. 13 displays the aR coefﬁcients obtained for the 12 events for
the 1 and 100-km2 meshes and for time resolutions of 1–6 h. One
can see that the KED aR coefﬁcients are again rather independent of
the rain event, time resolution and also on the size of the considered domain. In the same ﬁgure we have plotted the OK aR coefﬁcients derived by performing a regression of the standard deviation
over the mean values of rainfall. More precisely, for a given time
step, all the raingauge values greater than a given threshold

(set to 1 mm subjectively in this study) are used to compute a
mean and a standard deviation value; the regression is made over
all the time steps of the considered event. As illustrated in [2,16],
linear models ﬁt well such datasets (validating our hypothesis
(17a)) and we have simply reported in Fig. 13 the corresponding
regression slopes. As expected, it is clear from this graph that the
variability of the residuals to the drift is much lower than the variability of rainfall. We also note that the aR coefﬁcients estimated
directly and from the denormalization procedure are not identical,
with higher values in the OK case and lower values for the KED
case for the direct calculation. Both the OK and the KED aR coefﬁcients appear to be ‘‘calibrated’’ in the denormalization procedure
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Fig. 13. aR coefﬁcients estimated (i) by regression of the rainfall ﬁeld standard deviations over the rainfall ﬁeld means (OK cases) and (ii) by regression of the residuals-to-thedrift standard deviation over the rainfall mean (KED cases). The calculations were performed for time resolutions of 1 to 6 h for the two kriging estimation techniques. For the
KED technique, two spatial scales (1 and 100 km2) are considered. See Section 4.4 for details.

based on the cross-validation technique. Finding an explanation for
this result requires further work but this observation does not
invalidate the hypotheses made in Eqs. (17a)–(17c), and the denormalization procedure proposed has the deﬁnite advantage of providing consistent ESDs for the 2 kriging estimators.
5. Conclusions
The present study is a methodological contribution to a project
aimed at establishing long-term rainfall re-analyses based on radar
and raingauge merging within the activities of the CévennesVivarais Mediterranean Hydrometeorological Observatory. Among
several other applications, such re-analyses will be useful for the
performance assessment of numerical weather prediction models.
It will ﬁnd application also for the development of distributed
hydrological models to predict the hydrological response over a
range of space and time scales in this Mediterranean mountainous
region prone to heavy precipitation events.
Using the radar and raingauge operational datasets of the year
2008, a ﬁrst set of results was obtained by comparing, through a
cross-validation exercise, rainfall estimates obtained with the
radar network and the raingauge network separately and in conjunction. We believe such a basic exercise to be critically important
to appreciate the respective merits of the two observation systems,
and the potential beneﬁt of their merging. In the present context, it
was shown, on the one hand, that the radar performance is lower
than the raingauge network performance for the winter and early
spring rain events. On the other hand, the radar-alone performance
were found better in terms of space–time variability than the
raingauge network (one of the densest in France) for the summer
and autumn rain events. The 0 °C isotherm altitude was found to
be a good explanatory factor for these results with poor radar performance in case of freezing level below 2000 m ASL. In such a
mountainous region, visibility problems and vertical proﬁle of
reﬂectivity effects are particularly difﬁcult to deal with in the cold
season. We believe some new radar processing algorithms, based
on an early-merging of the radar volumetric data, could bring some
improvement with respect to the present situation, but it is indeed
a difﬁcult task requiring further research effort. At this point, one
question arises: is it relevant to use radar data for rainfall estimation when its intrinsic performance is lower, and sometimes much
lower, than the raingauge network one? A reassuring answer is
given in this article since we observed that the radar–raingauge
merging through KED systematically outperforms the estimations
of the observation systems considered separately. Quite obviously,
the beneﬁt (added value of the radar network) is greater when the
basic quality of the radar data is high, but we have also shown the

KED merging technique to be ‘‘smart’’ enough for taking the best of
each observation system and possibly discarding automatically the
non-relevant radar information.
The main outcome of this article is the error quantiﬁcation of
the kriging rainfall estimates. A two-step procedure is proposed
for this purpose: (i) kriging normalized ESDs (NESDSs) are ﬁrst
computed using normalized variogram to account for the conﬁguration of the available raingauge-radar dataset with respect to the
point or domain of estimation; (ii) a denormalization of the NESDs
is then performed by assuming a linear relationship between the
standard deviation and the mean of rainfall (OK case) and of the
residuals to the drift (KED case). Cross-validation is used to estimate the multiplicative factors of these linear relationships. With
respect to the kriging estimation standard deviations (which are
known to reﬂect only geometrical factors associated with the
observation network and the spatial structure of the variable of
interest), we introduce a dependence of the errors on the rain
amount itself; this is also important to deal with the non-stationarity of the mean and variance of rainfall. As an alternative to the
data transformation required in principle to guarantee the variables of interest to be Gaussian for the kriging estimation techniques (see [23]), the proposed procedure uses the observed
property of the distribution of the cross-validation residuals to
be conditionally Gaussian with respect to the rain amount. The
denormalization procedure was found to be relevant for obtaining
a sound estimation of the OK and KED errors and solving the apparent paradox of KED normalized ESDs greater than the OK normalized ESDs while the KED method is performing better than the OK
method. We have ﬁnally shown, by studying the evolution of the
mean and the standard deviation of the rainfall-scaled ESDs over
a range of spatial (5–300 km2) and temporal (1–6 h) scales, that
there is a clear added value of the radar network with respect to
the raingauge network for the shortest scales, which are those of
interest for ﬂash-ﬂood prediction in the considered region.
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