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Abstract. Accurate quantitative precipitation estimates are1 Introduction
of crucial importance for hydrological studies and applica-
tions. When spatial precipitation fields are required, rainlnterest in quantitative estimation of rainfall based on
gauge measurements are often combined with weather radayeather radar has increased during the last years. Indeed new
observations. In this paper, we evaluate several radar-gauggpplications have risen in the field of distributed hydrologi-
merging methods with various degrees of complexity: from cal modelling or numerical weather prediction which require
mean field bias correction to geostatistical merging tech-accurate precipitation estimates at high spatial resolution.
niques. The study area is the Walloon region of Belgium, Weather radar is a remote sensing instrument that mea-
which is mostly located in the Meuse catchment. Observa-sures the reflectivity of precipitation at a given altitude.
tions from a C-band Doppler radar and a dense rain gaugdhose measurements can be used to estimate precipitation
network are used to estimate daily rainfall accumulationsat ground level. Several sources of errors affect the accu-
over this area. The relative performance of the differentracy of this estimation (e.gWilson and Brande< 979 Joss
merging methods are assessed through a comparison agair@td Waldvogel 1990 Germann et al.2006 Ciach et al.
daily measurements from an independent gauge network. £007). The measure of reflectivity itself can suffer from elec-
4-year verification is performed using several statistical qual-tronic miscalibration, contamination by non-meteorological
ity parameters. It appears that the geostatistical mergingchoes or range effect (attenuation, increase of the sample
methods perform best with the mean absolute error decreasrolume due to beam broadening). When retrieving the rain-
ing by 40% with respect to the original data. A mean field fall estimation at ground level, additional uncertainties arise.
bias correction still achieves a reduction of 25%. A seasonallhose are due to the non-uniform vertical profile of reflec-
analysis shows that the benefit of using radar observationgvity (VPR) and the conversion of radar reflectivity into rain
is particularly significant during summer. The effect of the rates Z-Rrelationship). Nevertheless, a weather radar pro-
network density on the performance of the methods is alsovides precipitation estimation at high spatial and temporal
investigated. For this purpose, a simple approach to removéesolution over a large area. A network of rain gauges can
gauges from a network is proposed. The analysis reveals thgtrovide more accurate point-wise measurements but the spa-
the sensitivity is relatively high for the geostatistical methodstial representativity is limited. The two observation systems
but rather small for the simple methods. The geostatisticaire generally seen as complementary and it is interesting to
merging methods give the best results for all tested networkcombine them.
densities and their relative benefit increases with the network Merging radar and gauge observations has been an in-
density. tense topic of research since the beginning of the op-
erational use of weather radars in the 70's. A review
of gauge adjustment methods and operational use in Eu-
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as co-kriging Krajewski 1987 Sun et al, 2000, statistical  applications is also an important field of research and de-
objective analysisRereira et a.1998 or Kalman filtering  velopment (e.g.Berne et al. 2005 Delobbe et al. 2006
approach (e.g.Todini, 2001, Seo and Breidenbagci2002 Leclercq et al.2008.
Chumchean et g12009. Some of those methods are very  The radar performs a 5-elevation scan every 5 min with re-
time consuming and are not well suited in an operational con{lectivity measurements up to 240 km. The beam width is 1
text. Note that those merging methods must be seen as a findegree. The resolution of the radar polar data is 250 m in
step in the processing of radar data. All kinds of correctionsrange and 1 degree in azimuth. A time-domain Doppler fil-
should be applied first to improve the radar-based precipitatering is applied for ground clutter removal. An additional
tion estimates like ground echo elimination, VPR correctiontreatment, based on a static clutter map, is applied to the vol-
or attenuation correction (e.@gsermann et a| 2006 Tabary ume reflectivity file to eliminate residual permanent ground
2007, Uijlenhoet and Berng2008. clutter caused by some surrounding hills. A pseudo-CAPPI
The aim of this study is to perform a long-term verifica- at 1500 m above sea level is extracted from the 5-elevation
tion of different existing merging methods. Several meth-scan (03, 0.9, 18, 33 and 6) on a Cartesian grid with a
ods of various degrees of complexity have been implementedesolution of 606& 600 n?. The height of the pseudo-CAPPI
and tested. All selected methods are appropriate for operis chosen to limit the effect of ground clutter. Reflectivity
ational use. Verification of the merging methods faces thefactors are then converted into precipitation rates using the
problem that the real precipitation field is unknown. A tra- Marshall-Palmer relatio®=aR? with ¢=200 andb=1.6.
ditional approach is to compare precipitation estimates withThe 5min images are integrated in time to produce a 24 h
rain gauges. Cross-validation (i.e. removing a gauge fronrainfall accumulation starting at 08:00 LT.
the adjustment network to use it for verification) is a pos- The hydrological service of the Walloon region (SPW) op-
sible method but the drawback is that the network used forerates a dense (1 gauge per 13%kand integrated network
adjustment varies. In this study an independent verificationof 90 telemetric rain gauges. Most of them are tipping bucket
network is used, more suitable to analyse the performance afystems providing hourly rainfall accumulations. The col-
the methods. Since the time sampling of this network is 24 hlected data are used for hydrological modelling and directly
the merging is made on daily accumulations. Several statissent to RMI. The rain gauges are controlled on site every
tics are then computed to evaluate and compare the differerthree months and in a specialised workshop every year. Ev-
methods. Similar long-term verification has been performedery day, a quality control of the data is performed by RMI
in recent studies but limited to one (e.Bgrga et al. 2002 using a comparison with neighbouring stations. Radar data
Holleman 2007 or a few methods (e.gCole and Moore  are also used in this quality control for the elimination of
2008 Heistermann et 812008 Salek and Novak2008. In outliers.
Schuurmans et af2007), three different geostatistical meth- RMI maintains also a climatological network including
ods have been compared based on 74 selected rainfall event®70 stations with daily measurements of precipitation accu-
The impact of the gauge network density on the mergingmulation between 8 and 8 local time (LT). These stations are
methods performance has been little assessed in past studiesanual and the data are generally available with a significant
(Sokol 2003 Chumchean et al2009. One of the contribu-  delay. The data undergo a drastic quality control. This net-
tions of this paper is to determine the best method for a giverwork is routinely used for the long-term verification of radar
network density. precipitation estimates. It will be used here to evaluate the
The characteristics of the radar and the rain gauge netradar-gauge merging methods.
works can be found in Sec2. The different methods used Since the estimation of precipitation can be very inaccu-
for merging are described in Se@and the results of a 4- rate at large distance from the radar, a maximum range of
year verification against rain gauges are presented in &ect. 120km is used. The SPW network, used for adjustment, is
In Sect.5, a sensitivity analysis to the density of the network then reduced to 74 gauges. Several stations of the RMI net-
used for merging is carried out. work are not always available during the 4-year verification
period. Those stations are removed to ensure that the same
network is used for the whole period. The remaining veri-
2 Radar and gauge observations fication network includes 110 gauges. The positions of the
radar and the two rain gauge networks can be seen irnlFig.

The Royal Meteorological Institute of Belgium (RMI) op- The topography of the area of interest is shown in Big.
erates a single-polarisation C-band weather radar. It is lo-

cated in Wideumont at 592 m above sea level. The radar ob-

servations are routinely used at RMI for operational short-3 Description of the methods

term precipitation forecast, detection of severe thunder-

storms DPelobbe and Hollemar200§ and a posteriori anal-  Various methods combining radar and rain gauge data have
ysis in the case of severe weather events. The use of theeen implemented to obtain the best estimation of precipi-
Wideumont radar observations for hydrological studies andation. Several methods require the comparison between a
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Fig. 2. Topography of the Walloon region.

Fig. 1. Walloon Region with Wideumont radar (black square), SPW .
telemetric gauge network and RMI climatological gauge network. 3.2 Range-dependent adjustment (RDA)

This method assumes that ttlR¢G ratio is a function of
rain gauge measureme@itand a corresponding radar value the distance from the radar. Range dependences are essen-
R. The spatial sampling issue is of crucial importance whentially produced by the increasing height of the measurements,
radar areal estimates are compared or combined with gaugeeam broadening and attenuation effects. The range depen-
point measurements/{larini et al., 2008. In our study, dentadjustmentis mainly based on the BALTEX adjustment
the average over 9 radar pixels around the gauge locatiomethod Michelson et al.2000. The relation betweeR/G
is used as the corresponding radar precipitation estimationexpressed in log-scale and range is approximated by a second
This allows limiting the effect of wind drift which can be order polynomial whose coefficients are determined using a
very significant Lack and Fox2007). Spatial sampling er- least squares fit.
ror increases when the radar estimate is based on a larger
number of pixels especially in convective situation. However 10g Crpa = ar® +br +c (2)
this effect decreases with increasing accumulation time and
is therefore relatively limited at a daily time scale. Besides, Wherer is the distance from the radar. The range dependent
the use of a larger radar estimation area allows reducing th&ultiplicative factorCrpa is derived from the polynomial fit.
temporal sampling error.

Only the pairs for which botlk and G exceed 1 mm are
considered as valid. A day is valid if there are at least 10
valid pairs. The methods are applied on a square domain . ) ) ) . o
containing the Walloon region. It means that some areas fal[rhe static local bias Co_rre(_:tlon aims at correcting for visibil-
outside the network convex hull (i.e. the boundary of the min-1Y €ffects. The correction is calculated from a one-year data
imal convex set containing all the gauges). On those areaé,et using the climatological gauge network. The 24 h radar

adjusted values must be seen as extrapolation. The unce?_ccumulations are first adjusted by a mean field bias correc-
tainties associated with those values are then higher. tion. Then, for each gauge location, the averaged residual
bias over 1 year is estimated. Finally a spatial interpolation

3.1 Mean field bias correction (MFB) based on kriging is performed to obtain the correction field.
To simulate an operational context, the correction calculated

The assumption here is that the radar estimates are affecte®ver a given year is used for the next year. The fields ob-

by a uniform multiplicative error. This error can be due for tained for 2004, 2005 (see Fig), 2006 and 2007 are very

example to a bad electronic calibration or an erroneous cosimilar. This correction is applied before a range dependent

efficienta in the Z-Rrelationship. The adjustment factor is adjustment (Slb+RDa=SRD).

estimated as a mean field bias:

3.3 Static local bias correction and range dependent adjust-
ment (SRD)

3.4 Brandes spatial adjustment (BRA)

Y1 Gi
Cure = YV R, @ This spatial method was proposedBrandeg1975. A cor-
=1 rection factor is calculated at each rain gauge site. All the
whereN is the number of valid radar-gauge paifs,andR; factors are then interpolated on the whole radar field. This
are the gauge and radar values associated with gauge method follows the Barnes objective analysis scheme based
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Fig. 3. Static local bias correction field (in dB) for the year 2005

with gauges (triangles) and radar (square) locations. Fig. 4. Mean absolute error of all radar-gauge merging methods.

on a negative exponential weighting to produce the calibra-

tion field: figld._ This involves solving a linear equation system whose
N ) size is equal to the number of gauges.
Cara = w w; = exp__di 3) In this study, only the 20 nearest gauges are used. This
Doimg Wi k allows reducing the computational cost with little loss of ac-

whered; is the distance between the grid point and the gaugecuracy_. The model variogram, assumed isotropic, IS a first
i. The parametek controls the degree of smoothing in the ord.er "”ea?r functloq of the dls'gance. More cpmplex cllmqto—
Brandes method. It is assumed constant over the whole dolpglcal variograms (i.e. Ga_usg_an, e>_<ponent|al and spherical)
main. The parametdris computed as a function of the mean have been tested but no significant improvements of the per-
densitys of the network, given by the number of gauges di- formance were observed. Those results are consistent with
vided by the total area. A simple inverse relation has beer{he st_udy oHabe_rIand(ZOO'/). The KRI method, based only
chosen: on rain gauges, is used to evaluate the added value of radar
observations in the other methods.
k= (2571 (4)

The factor 2 was adjusted to get an optirh&br the full net- 3.6 Kriging with radar-based error correction (KRE)

work. The optimak was estimated by trial and error based

on the verification for the year 2006. The same relation be-This method referenced as “conditional merging'Simclair

tweenk ands is used for the reduced networks (see Sect.  and Pegranf2009 uses the radar field to estimate the error
associated with the ordinary kriging method based on rain

3.5 Ordinary kriging (KRI) gauges and to correct it. First, radar values at each gauge
site are used to produce a radar-based kriging field. This

A geostatistical method like ordinary kriging deals with the field is then subtracted from the original radar field to obtain

spatial interpolation of a random field from observations an error field. Finally, the error field is added to the gauge-

at several locations. A general description is presented ithased kriging field. The KRE method is relatively simple and
Goovaerts(1997). This method requires the definition of a computationally efficient.

variogram characterising the spatial variability of the precip-
itation field. The estimatior/p at a specific location is a

linear combination of the gauge valués: 3.7 Kriging with external drift (KED)

N This method is a non-stationary geostatistical method that
Vo= Z AiGi (5) uses the radar as auxiliary information. A general description
i=1 is given inWackernage(2003. It follows the same scheme
The weights\; are computed to obtain the best linear unbi- as the ordinary kriging except that the mean of the estimated
ased estimator assuming a constant unknown mean across tpeecipitation field is now considered as a linear function of
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Fig. 5. Mean absolute error of all methods based on a 4-year verifi-

cation.
Fig. 6. Error distribution based on a 4-year verification. The scatter

score for one method is half the distance between the 2 intersections
the radar field. Additional constraints are then added to thif the curve with the 2 red lines.

scheme:
N is the most common parameter used in verification studies.
D %iRi=Ro (6)  However, the Mean Absolute Error:
i=1
g . YN IRi—Gil
whereR; is the radar value at gauge locatibm,; the cor- |\/|AE_T (8)

responding weight an®q the radar value at the estimation
location. The weights are given by solving the augmentedS less sensitive to large errors and it is used here as first qual-
system of linear equations. The variogram is also assumedly parameter. All pairs of gauge radar values are taken into
linear and isotropic. This is the most complex and time con-account for these parameters.
suming method. Note that an automatic method to compute A standard for objective judgement of radar performance
a variogram model has been proposed recentlydigsco- IS Proposed inGermann et al(200§. The mean bias, the
Forero et al(2008. error distribution and the scatter as defined in that paper are
also used in the present study. The mean bias (MB) is the
total precipitation as seen by the radar divided by the total
4 Long-term verification precipitation measured by the gauges. The error distribution
is the cumulative contribution to total rainfall as a function of
the R-G ratio expressed in dB. The scatter is half the distance

between the 16% and 84% percentiles of the error distribu-

The performance of the radar—gauge merging methodg .hatsmn. It is a robust measure of the spread of the multiplicative
been evaluated by comparing the adjusted 24-h precipita-

. X : error, insensitive to outliers. The standard deviation of the
tion accumulationsk to the measurements of the climato- S )

. ; . multiplicative error (STD) and the root mean square factor:
logical gauge networlG. The testing period extends from

2005 to 2008, which includes 612 valid days. The gauge N (1010g X 2
data used for the adjustment and for the verification are in'RMSF(dB): Zi:l( OgG_i) ©)
dependent. Unfortunately the two networks have several lo- N

cations in common or very close. The gauges of the RMIpaye also been calculated. Only pairs with both adjusted and
network situated at a distance less than 2 km from a gauge Qjauge values larger than 1 mm for all the methods are taken
the SPW network are then removed. The remaining verificajno account. This ensures that the same data set is used for

tion network includes 75 gauges. . . comparison between the different methods.
Several quality parameters are found in the literature. The

4.1 Methodology

Root Mean Square Error: 4.2 Results
B Zi’\il(R,._Gi)Z The verification methodology has been first applied for the
RMSE N @) four years separately. The goal is to verify the consistency of
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Fig. 8. Mean Absolute Error of all methods computed for each
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; P dar data.
the results between the four datasets. As illustrated in&ig. radar data

the relative performance of the different methods is similar
for the four years. Nevertheless, the ordinary kriging method . o
(KRY), using only rain gauges, exhibits some variability be- The results for the scatter (Fi@) are similar to the re-

tween the years. The 4 years taken as a whole will now pesults for the MAE. It is worth pointing out that the relative
considered for the rest of the evaluation. performance of Brandes compared to the other methods is

As shown in Fig5, the Mean Absolute Error (MAE) of all slightly better. Actually this method can sometimes lead to

methods is significantly reduced compared to the MAE of the/@"9€ €rrors that are taken into account for the MAE but not

original radar data (ORI). A simple mean field bias (MFB) for' the scgtter. ThIS. figure also shows that methods with a

correction reduces the error by about 25%. Using the rang@aily spatial correction feature based on radar and gauges

dependent adjustment (RDA) allows a small additional im- (BRA. KRE, KED) perform significantly better.

provement. A further improvement is obtained when a static The values of the different statistics for all the methods

local bias (SRD) correction is applied. The performance ofcan be found in Tabld. It appears that the ranking of the

the latter method is close to the Brandes one (BRA), whichmethods is very similar for the different scores.

is also a spatial method. The ordinary kriging method (KRI),

only based on rai_n gauge data, _shows a result_ close to_ thg_3 Seasonal variation

RDA method. This good result is due to the high density

of the rain gauge network (see Sest. The two geostatis-

tical methods using both radar and rain gauge observation§he spatial pattern of 24 h rainfall accumulation varies sig-

(KRE, KED) perform best for this quality parameter. When nificantly along a year, from widespread precipitation during

the KED method is used, the error decreases by almost 409%{ratiform events in winter to very local precipitation cells

with respect to the original data. during convective events in summer. Therefore the accuracy
Figure 6 shows the error distribution for the different ©Of radar precipitation estimates and the spatial representativ-

methods. The vertical line divides tiR/Gratios (in dB) in Ity of gauge measurements depend on the season.
underestimation (left) and overestimation (right). A perfect Figure8 shows the value of the MAE (normalised by the
match should give a step function, with a mean bias and aMAE of the radar) with the data set sorted by month. The
scatter equal to zero. The original radar data (ORI) reveal aanking of the methods slightly varies along the year. As
significant underestimation with a mean bias-df.2 dB. The  expected, the estimation from the gauges only (KRI) is rel-
mean field bias correction (MFB) succeeds in balancing theatively inaccurate in the summer. It is outperformed by the
error distribution. The method combining a range-dependenmean field bias correction in this period. In the winter, the
adjustment and a static local bias correction (SRD) slightlyordinary kriging (KRI) is better and very close to the kriging
reduces the spread of the error while the most sophisticatedith external drift (KED), which is the best method for all
geostatistical method (KED) further tightens the error distri- months. This analysis points out that the additional informa-
bution. The ordinary kriging (KRI) shows a small underesti- tion given by the radar is especially valuable during summer,
mation. when convective events prevail.
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WID 24H R/G —— MAE 05/01/01-08/12/31 Table 1. Several statistics (see Seétl) for the 4-year verification

of radar-gauge merging methods.
0.9r
0.8k MB RMSE RMSF MAE Scatter STD
1 (dB)  (mm) (dB) (mm)  (dB) (dB)
:0'7 H n | , ORI —-0.998 5.338 2.649 2410 2236 2.480
O 06F MFB 0.039 4.066 1.829 1.812 1520 1.814
g 05- RDA -0.070 4.129 1741 1735 1480 1.738
= ' SRD -0.052 3.957 1.672 1652 1378 1.670
"'<J 0.4r BRA 0.073 3.881 1.680 1592 1.240 1.670
= KRI —0.153 3.958 1833 1685 1.380 1.833
0.3 KRE —0.053 3533 1.653 1517 1.209 1.652
0.2 KED —-0.061 3.498 1618 1485 1.186 1.616
0.1f

0-20 20-40 40-60 60-80 80-100 100-120 5.1 Removing gauges
Distance (km)

As the region seen by the radar is characterised by low cli-
matological variations, the assumption that the probability of
precipitation is the same everywhere is valid. Consequently,
a perfect network should be made of a regular grid of points
considering a rectangular area. Actually the position of the
gauges depends on practical constraints and specific interest
on catchment. The spatial distribution of gauges in a real net-
4.4 Range-dependence work is then less uniform. Itis obvious that gauges cannot be
randomly removed from the network. Indeed, when the fur-
The performance of the different algorithms as a function ofthest gauge is removed, the coverage area decreases. Further-
range is analysed up to 120 km from the radar. The study aremore, a gauge that belongs to the convex hull (see Sgct.
is divided into 6 range intervals of 20km as shown in Big.  cannot be removed without decreasing the study area. A rain
The gap between the performance of the radar and that ojauge must be removed from the network in such a way that
the gauges is significant at short distane2Q km) due to  the spatial distribution of the remaining gauges is as uniform
the bright band effect. This is also the case at long distances possible. A simple approach is proposed here, based on
(>100 km) due to the decreasing accuracy of radar estimateshe distance between gauges. For each gauge, the sum of
The small difference between KRI and KRE or KED at those the inverse of the distance to the four nearest gauges is com-
ranges shows that the radar added value is very limited. Th@uted. Then the gauge with the maximum value (that is too
positive effect of the range dependent adjustment when comelose to its neighbours) is removed. The effect of the algo-
pared to the mean field bias appears at distances further thaithm can be seen in Fig.O which shows the reduced net-
80km. KED is the best method for all distances. Seasonalvorks of 50 and 20 gauges. Note that the convex hull is rela-
variation of the range dependence may exists and a prelimitively well preserved while the number of gauges decreases.
nary analysis of this effect has been performed. A significant
variability between the years has been found and no robuss.2 Global statistics
conclusions could be reached.

Fig. 9. Effect of the distance from the radar on the Mean Absolute
Error of all methods normalised by the Mean Absolute Error of the
original radar data.

A long term verification is performed with decreasing net-

work densities. For the sake of consistency, the valid days

for adjustment (see Se@) at the lower density are taken as
5 Effect of the network density the common verification dataset for all densities.

Figure 11 shows that a mean field bias correction is not

The effect of gauge density on the performance of the dif-very sensitive to the gauge density and the performance re-
ferent merging methods has been analysed. This is useful tmains acceptable even for a low density network. The perfor-
select the most appropriate method for a given network denmance of the range dependent adjustment, involving a second
sity or to determine the minimum network density needed toorder polynomial fit, slightly increases with density but only
achieve a given level of performance. None of the methoddor low densities. As expected, the ordinary kriging (KRI) is
takes directly into account the density of the network exceptthe most sensitive method to this parameter. Indeed, the error
the Brandes method where an inverse relation is used to designificantly grows when the density decreases. The MAEs
termine the smoothing factar(see Sect3). of the Brandes (BRA) and the two geostatistical merging
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Fig. 10. Gauge network of decreasing densities obtained by an al-
gorithm for removing gauges.
methods (KED, KRE) follow the same tendency but witha ¢ .
lower sensitivity. KED is the best method for all network
densities. However, for the lowest tested density (1 gauge pel  ,; 30 40 50 60 7074
500 kn?), the static local bias followed by a range dependent Number of gauges

adjustment (SRD) performs as well as the most sophisticated

methods (KRE and KED). Similar results have been obtained
with the other quality parameters. Fig. 11. Mean absolute error of the merging methods for different

network densities from 1 gauge per 500%(m:20) to 1 gauge per
135kn? (N=74).

6 Conclusions

C- analysis to the gauge network density shows that the geosta-

band weather radar and an automatic rain gauge networlistical merging methods perform best for all tested densities.
have been implemented. A 4-year verification up to 120 kmFurthermore, their relative benefit increases with the density.
range was carried out against an independent gauge netwo method com_bining as_tatic local big_s correction and a range
of daily measurements. Several statistics have been co Jependent adjustment is less sengmve to the gauge density.
puted to evaluate the performance of the radar-gauge mer{Or the lowest tested network density (1 gauge per 509 km

ing methods. The effect of the network density has also bee his method is as efficient as the most sophisticated merging
tested methods.

The results point out that simple methods like mean field
bias correction can significantly reduce the error of the radarAcknowledgementsThe authors would like to thank the four
estimation. Nevertheless, there is a clear benefit of using #eferees for their very valuable questions, comments and sug-
spatial correction factor. Based upon our verification study,9estions. The data from the automatic rain gauge network were
the best method is the kriging with external drift which kindly prowded .by the .hy(.jrologlcal service of the Walloon Reglqn
makes use of the radar as secondary information to improv%f Belgium (Phillipe Dierickx and Marina Thunus). The contri-

the spatial interpolation of aaudes values. The kriging with ution of Georges Bastin, Guillaume Leclercq and Luc Moens
P P gaug . ging from the Centre for systems engineering and applied mechanics

radgr-based error c?orrecuon _ShOWS very similar performfa,nc?Universié catholique de Louvain) in the operational use of radar
while the computational cost is reduced. A seasonal verificato, hydrological applications is highly appreciated. Thanks to
tion shows interesting results. In the Winter, when stratiform Maarten Reyniers for he|pfu| comments and to Didier Dehem for
widespread precipitation prevails, the ordinary kriging basedproviding the topography map. This study was carried out with the
on gauges performs as well as the best radar-gauge mergirfgpancial support of the Belgian Federal Science Policy Office.
method. In the summer, when convective events occur, the

added value of radar observation is very clear. The sensitivityEdited by: F. Pappenberger

Various methods combining rainfall estimations from a
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