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Abstract. Sound spatially distributed rainfall fields includ- ing the time-independent univariate conditional simulations.
ing a proper spatial and temporal error structure are of keyThe presented work can be easily implemented within a hy-
interest for hydrologists to force hydrological models and to drological calibration and data assimilation framework and
identify uncertainties in the simulated and forecasted catchcan be used as an improvement over currently used simplis-
ment response. The current paper presents a temporally céic approaches to perturb the interpolated point or spatially
herent error identification method based on time-dependendistributed precipitation estimates.

multivariate spatial conditional simulations, which are con-
ditioned on preceding simulations. A sensitivity analysis and
real-world experiment are carried out within the hilly region
of the Belgian Ardennes. Precipitation fields are simulatedl Introduction

for pixels of 10 kmx 10 km resolution. Uncertainty analyses

in the simulated fields focus on (1) the number of previousPreCipitation is the most dominant input term determining
simulation hours on which the new simulation is conditioned, the_hydrological response at the catchment scBlevén

(2) the advection speed of the rainfall event, (3) the size of the2001. Historically, spatial precipitation information was ob-
catchment considered, and (4) the rain gauge density withif@ined by rain gauge measurements based on point scale
the catchment. The results for a sensitivity analysis showestimates. However, during the last decades, application of
for typical advection speeds 20 km 1, no uncertainty is weather radar at larger scales has improved our understand-
added in terms of across ensemble spread when conditiondf9 Of the spatial and temporal properties of rainfall even fur-
on more than one or two previous hourly simulations. How- ther. Unfortunately, precipitation estimates by weather radar
ever, for the real-world experiment, additional uncertainty @re prone to errors (e.§eo et al.1999 Steiner et a.1999

can still be added when conditioning on a larger number of<rajewski and Smith2002 Seo and Breidenbact2002
previous simulations. This is because for actual precipitatiof>e€rmann et al.2009 Hazenberg et 812011). To date, this
fields, the dynamics exhibit a larger spatial and temporal variimplies that operational nowcasting/forecasting systems have
ability. Moreover, by thinning the observation network with 0 make use of rain gauge information to mitigate the er-
50 %, the added uncertainty increases only slightly and thd©rs in radar rainfall estimates (e gchuurmans et al2007,
cross-validation shows that the simulations at the unobserveoudenhoofdt and Delobb2009 Cole and Moorg2009.
locations are unbiased. Finally, the first-order autocorrelation®S such, rain gauges remain an important tool for the deriva-
coefficients show clear temporal coherence in the time selion of unbiased spatially distributed rainfall estimates.

ries of the areal precipitation using the time-dependent mul- To obtain sound spatially distributed rainfall information

tivariate conditional simulations, which was not the case us{rom rain gauge observations, these devices generally are
interpolated to appropriate spatial and temporal resolutions,

Published by Copernicus Publications on behalf of the European Geosciences Union.



3420 O. Rakovec et al.: Hourly precipitation ensemble generator

depending on the hydrological purpose. Among interpolationcally, this can be achieved using spatial conditional simula-
methods, geostatistical techniques (like kriging) are populartions which are made conditional on previous simulations.
These methods take into account information about the spaNeglecting this temporal aspect would lead to underestima-
tial variation within an area and provide both a mean rainfalltion of the overall uncertainty in precipitation ensembles.
as well as an associated error estim&telfster and Oliver The objective of this study is to define a plausible pre-
2002, Schuurmans and Bierker07). These errorsin areal cipitation ensemble generator using rain gauges to capture
rainfall are of key interest for hydrologists because theythe temporal coherence for each realisation of a sequence
can be used to estimate uncertainties in catchment responsef spatial rainfall fields at an hourly time step. Our analy-
An evaluation of those errors in a spatially lumped mannerses focus on the uncertainty in the simulated fields based on
has been discussed, for example, zgwadzki(1973 and (1) the number of previously simulated hours on which the
Willems (2001). We refer toVillarini et al. (2008 andCiach new simulation is conditioned, (2) the advection speed of the
and Krajewski(2006 and references cited therein, for anal- rainfall event, (3) the size of the catchment considered and
yses of different spatial and temporal sampling errors from(4) the rain gauge density within the catchment. Our goal
a rain gauge perspective. is to present a technique, which can be easily implemented
Nevertheless, kriging is prone to smooth local variability within a hydrological data assimilation framework to be used
of rainfall. Further away from observation points, high (low) as an improvement over currently used simplistic approaches
values tend to be underestimated (overestimateédpyaerts  to perturb the interpolated point or spatially distributed esti-
1997). These biases decrease the usability of kriging in ap-mates. The advantage of having the temporal coherence in

plications sensitive to extreme valueGdqovaerts 1997, hydrological model states is that it avoids the necessity to
such as within spatially distributed rainfall-runoff modelling smooth possible extreme state values, which can occur when
(Bivand et al, 2008. neglecting temporal coherence.

Sound spatial and temporal estimates of precipitation and
its corresponding uncertainty are of key interest for both sci- .
entific and applied hydrological studiekig et al, 2013. 2 Material and methods
The generation of an ensemble, which is a finite and dis-,

. - . . 21 D
crete number of spatial realisations over time, is able to re- ata

alise this goal. A common practice in hydrological data as-pq 1y precipitation data are available from 42 automatic

;imilation appli_cations to.obtair) epsembles.is to perturb therain gauges situated within the Belgian Ardennes region
interpolated point or spatially distributed estimates by Gaus—(,:ig_ 1). This moderately hilly terrain with maximum ele-

sian white noise with a standard deviation ranging between 4iions of~700ma.m.s.l. is predominantly drained by the
15-50% of the observed precipitation (eRauwels and De  \1ause River and partly by the Rhine RiveBefne et al.
Lannoy, 2006 Weerts and El Serafy2006. Although this 2005 Driessen et al2010).

approach leads to hydrological model simulations with wide | this paper, we focus on the analysis of three represen-

discharge uncertainty bands, the realisations are not Veryyie stratiform winter rainfall events as described and anal-
realistic from a hydro—meteorologlcal. perspective, b.e.caus«%lsed byHazenberg et a[2011): (1) a fast-moving stratiform
of a 'Ia.ck in cohe'ren.t temporal evolution of each individual system (22 October 2002), (2) a large-scale stratiform system
precipitation regllsatmn. . . i . _ (22 December 2002) and (3) a fast-moving frontal stratiform
Sound  spatially distributed rainfall fields including qystem (1 January 2003). For a further description of these
a proper spatial error structure can be obtained by Cond"events, the reader is referrediazenberg et a(2011). The
tional simulation. Unlike interpolation this technique pro- ..4in characteristics of these events are given in ThbAel-
vides both the best local estimate and ensures that realitionally, the autocorrelation coefficients of the catchment
sations match the sample statistics and are conditional OBverage precipitation of the Upper Ourthe (160@krfor
neighbouring_estimates._In othe_r words, conditionz_il sim-3q rainy events with a minimum duration of 13h are pre-
ulations provide proper information about the spatial un-genteqd in Fig2. All 30 events were observed during the win-
certainty @oovaertg .1997). .Sever_al hydrologlcal studies  tor half year, from 1 October 2002 to 31 March 2003. Fig-
have applied conditional simulations at daily (e@ark ure 2 shows that the temporal memory of the precipitation
and Slater 200§ Schuurmans2008 Vischel et al, 2009 5 highly significant (decorrelation time between 2 and 3 h)

Grimes and Pardo-Iguzquiz201Q) and at hourly time steps 44 that the autocorrelation roughly follows an exponential
(AghaKouchak et al201Q Renard et a).2011). decay.

Unfortunately, conditional simulations do not primarily
take the temporal evolution of the spatial field into account2 2  Geostatistical analysis
(Goovaerts 1997 Webster and Oliver2001; Bivand et al,
2008. Nevertheless, for precipitation the temporal correla- The variogram is a geostatistical measure of spatial vari-
tion structure can be an important aspect to be consideredbility in terms of the semi-variance over a lag distahce
when generating spatial precipitation ensembles. TheoretiThe experimental omnidirectional semi-variogram, which
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Fig. 1. (&) The Meuse River basin upstream of Borgharen as follows:
(~ 21000 kn?), the entrance point into the Netherlands, and its 3\ .
{co+cl(%—%(g)>lf h <a

15 sub-catchments (grey polygons) including the Upper Ourthe,y(h) _
co + c1 if h > a.

Ambléve and Vesdre sub-catchments (black polygofig)Topo-
graphic map of the Belgian Ardennes including the Upper Ourthe
(OU), Ambleve (AM) and Vesdre (VE) sub-catchments, the chan- In Eq. (2), the parametery is the nugget, representing the
nel network (blue lines), and rain gauges (plusses). Projection is irsemi-variance at distanée=0. The parameter; is the par-
the Universal Transverse Mercator (UTM) 31N coordinate system i) sill, while a represents the range, the distance beyond
Aiter Hazenberg et a[2011). which the data are not correlated any more.
Certainly, the choice of variogram model involves some
subjectivity. Since our main interest is to see how the tem-

is generally called the variogram, assumes stationarity andPOra! aspect (i.e., the temporal correlation structure) affects
isotropy of the predicted variable. It represents half of theth® uncertainty in simulated fields, we decided to keep the

mean square difference between paired data values (i.c. meR&rametrisation as simple as possible. However, since we are
sured precipitation) within the same binned lag distalce focusing specifically on the added uncertainty that originates
due to the advection of a precipitation cell, we expect these

results not to change radically if another variogram model
would have been chosen. Additionally, the spatial anisotropy

@)

N al 2 1 was not considered in the variogram model. Although this is
v = 2 Ny, ,; (@) — 20w + m)%, (1) certainly a relevant issue, it is beyond the scope of the current
- study.

Figure 3 shows two examples of the experimental vari-
where N, is the number of data observation pairs aic) ogram as well as the fitted spherical model for two con-
andz(x; + h) are the observations separated by the lag dis-secutive hours on 22 December 2002. Note that the unit of
tanceh. Because the experimental variogram is derived onlysemivariance is in mm instead of mMnirhis is because the
for several discrete lag distances, a parametric variogranguantitative statistical measures, which are employed in this
model has to be fitted in order to obtain continuous estimatestudy, are particularly suitable for normally distributed data.
of the semi-variance. However, rainfall by nature does not follow a Gaussian dis-

The spherical model is a popular and widely employedtribution at shorter time scales. Therefore, a pragmatic and
variogram model for rainfallBerne et al. 2004 Schuur-  popular solution to overcome this problem is to transform
mans et al.2007 van de Beek et 812011 Verworn and the rainfall data such that their distribution approaches a
Haberlandt2011). With only three parameters it is defined Gaussian distribution. As such, rainfall data are square-root
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Table 1. Characteristics of three representative rainfall events.

0.1044
Starting time  Duration Speléd MearP  St. dev® 'g‘ 0.05 - 4?9@1‘—0\ .
[(h] [kmh™*]  [mm] [mm] g 0.00 ] a To

22 Oct 2002 10 54 122 7 3 ,__,__J

22 Dec 2002 10 21 16.3 3.9 g

1 Jan 2003 10 33 17.5 5 =

50.104{C | {B°

2The advection speed for the three precipitation events was obtained by . 2 1 (o] e9) (¢9)
estimating the mean speed of the precipitation system during the event. We E 005 T T
identified the precipitation system based on observed volumetric radar data for Q T fe)
which the reflectivity exceeded 7 dBZ (0.1mm h~1). ® Mean of the 2 OOO 40 1
precipitation sums for all 42 rain gaugésStandard deviation of the

42 precipitation sums. j ' ' j ' '
0 40 80 0 40 80
transformed $chuurmans et al2007 van de Beek et al.
2011).

Additionally, EQ- _ @) can be gxtended for th? time-  Fig. 3. Two examples of an experimental variogram (black circles)
dependent multivariate case, which relates spatial depenand the fitted spherical variogram model (red curve) of square-root
dency between two variableg andzq (subindices “p” and  transformed rain gauge observations on 22 December 2002 for two
“q” stand for the time steps) and yields the cross variogram: consecutive hoursA( and B). (C) Experimental cross-variogram

(circles) and fitted spherical cross-variogram model corresponding
Nj [( ) to (A) and(B).
P 2p(xk) — zp(xk + h)

2 Ny, = P P
(zq(xx) — 2q(xx +h))]. (3) fall observations by rain gauges. This approach engbles_ to

introduce temporal coherence for each simulated grid point
This property is defined as half the expectation of the prod-gyer time.
uct c_)f the ir)crements of two variablewackernagelzool\’:). In the current study, the gstat R packafelfesma2004
Obviously, ifzp = zq =z, then Eq. §) reduces to Eq.1). Fig-  Rossiter 2007 R Development Core Tear201]) was used
ure 3 shows an example of an experimental cross-variogramyo simulate conditional precipitation fields. For a comprehen-
and the fitted spherical model. Interpretations of direct andsive overview of the theory behind conditional (sequential
cross-variograms will be discussed in Seéci Gaussian) simulations we refer @oovaerts(1997). Here,

The gstat R package function fit.Imc() was employed toonly a brief summary is presented:
fit the direct and cross variogram models using weighted |nitially, a normal transformation of rainfall data is carried
least square fittingfebesmg2004. The default method uses out. Then, the simulation is performed on the transformed

WeightsNh/hZ. The initial model parameters of the spherical dataset according to following stepSdovaerts1997:
variogram model were set as followg:= 0.1 mm,a =70 km

and co = 0.02mm. Function fitImc() also ensures that the 1. Arandom path throughout all the grid nodes is defined,
system is positive definitdebesma2004. where all nodes are visited only once.

Distance [km]

?pq(h) =

2. At each grid note, given the variogram model, a random

2.3 Conditional simulation . ) T .
number is drawn from a Gaussian distribution with pa-

Conditional simulation is a geostatistical method, which gen- ~ fameters equal to the kriging prediction and variance.
erates multiple realisations that all reasonably match the sam-  This number is added to the dataset used to condition
ple statistics (variogram model) and exactly match the condi-  the subsequently simulated grid nodes.

tioning data Goovaerts1997). As such, conditional simula-
tion is a useful tool to model and quantify spatial uncertainty
of a variable such as precipitation (e@lark and Slater
2008 Schuurman=2008 Vischel et al, 2009 AghaKouchak

et al, 201Q Grimes and Pardo-lguzquiz201Q Renard By performing these steps, one time-independent univariate
et al, 201J). Time-independent univariate conditional sim- ensemble realisation per time step is generated. Other reali-
ulations depend on the spatial observations by rain gaugesations can be obtained using different random paths over the
for a given simulation hour. However, by performing time- simulation grid domain.

dependent multivariate conditional simulations, it becomes For the purpose of computational stability, we further fo-
possible to simulate rainfall fields conditional on both pre- cus on rainy periods, which are defined as a cluster of con-
viously simulated precipitation fields as well as on the rain- secutive rainy hours, for which each individual hour satisfies

3. After an estimate is obtained for all grid nodes, the
back-transformation of the simulated normal values to
the original rainfall distribution is performed.

Hydrol. Earth Syst. Sci., 16, 34193434 2012 www.hydrol-earth-syst-sci.net/16/3419/2012/
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a minimal intensity condition. More specifically, the mean of .
all rain gauge observations should have at least a minimum
value of 0.1 mm and the maximum individual observation
has to exceed 0.5 mm. Additionally, to prevent computational
instability, rain gauges with zero rainfall are set to a small
value of 0.05 mm.

Then, time-dependent multivariate conditional simulations
are carried out for each rainy period according to the follow-
ing steps:

Precipitation [mm]

1. Initially, N ensemble realisations conditional on the rain
gauge data and the variogram model are simulated for
the first hour of each rainy period (time-independent
univariate conditional simulation).

2. For the following simulation hours, the multivariate
simulation for realisatiory and timer is conditioned
on: (a) rain gauge observations at timgiven the fitted
direct variogram model and (b) previously simulated re- ]
alisations;j attimes (—1,...7— M), whereM is simu- Time [h]

lation memory, given the cross-variogram models. This Fig. 4. Two types of evaluating the statistics of precipitation ensem-

means that the observed precipitation by rain gauges a15Ies: hydrological event-based approach (bold line for one ensemble

times ¢ —1,...7 — M) is substituted by the simulated |¢zjisation) and data assimilation across-ensemble approatdt
fields, which encounter all the points of the entire Simu- gne time instant).

lation grid.

2.4 Mathematical notation perspectives: (1) across-ensemble (having indeEgs.5

. . . and 6) and (2) event-based (along the time axis having in-
Throughout this paper, the following notations are used.dexT Egs. 7 and 8):

A time series of rainfall realisations at theth pixel to be

simulated is defined using the following matrix: 1
1y [Rl== R; 5
R11 R12 -+ Rur IRl J JZ::1 Jot (5)
o R21 R22 -+ Rar
Ri=1 . . . . (4)
Rj1Rj2-- Ryt £2 1y " 2
1Ry, : 67,[R] = 5 Z (Rj.i — f1y4[R]) (6)
wherem is the simulation memory scenarig,is an index j=1

of the ensemble realisation amdstands for time.J is the
ensemble size and is the duration of the rainy period. L

In general, two types of approaches can be used to disen- _ - .
tangle the uncertainty in variability. The first way of look- %T’][R] T ; Ry %
ing at one precipitation realisation is to evaluate and quantify
its corresponding statistics for the whole rainfall event. The
variability of a single realisation over time during an event _, 1 R 2
(bold line in Fig.4), giving rise to uncertainty in the accumu- or IRl = — Z (RJ'J - “TJ[R]) ‘ (8)
lated rainfall, is a typical source of uncertainty dealt with by =1
hydrometeorologists (e.ddandapaka et al201Q Kirstet-  The uncertainty within the precipitation ensemble can be ex-
ter et al, 2010, catchment hydrologists and rainfall-runoff pressed by the coefficient of variation (CV), the ratio of the
modellers (e.gBrauer et al.201]). An alternative approach  standard deviation of the dataset to its mean, which repre-
is to quantify the uncertainty across the ensemble for eaclents a normalised dispersion and enables comparison be-
individual time step [(J in Fig. 4), which is more of inter-  tween the generated ensembles for different scenarios (e.g.
est for hydrologists employing Kalman filtering approacheswackernagel2003:
in flood forecasting (e.d\Veerts and El Serafy2008 Clark
et al, 2008.

Having defined th& matrix according to Eq.4), we can
derive the first two central moments Rffrom two different

T

ﬂ

)

=

www.hydrol-earth-syst-sci.net/16/3419/2012/ Hydrol. Earth Syst. Sci., 16, 3418434 2012



3424 O. Rakovec et al.: Hourly precipitation ensemble generator

2.5 Experimental setup
2.5.1 Interpretation of direct and cross variograms

To understand how the direct and cross-variograms reflect
the differences in spatial variability between different pre-

cipitation fields, two examples of experimental and modelled
variograms are analysed for the case of a synthetic circular-

PRERERERENNN
ONPAOOONROOON N

shaped rainfall cell moving over a 145 kal45km grid S B
with 1 km x 1 km resolution (Fig5). As part of this case, the 620 660 _ T7_02 _740
effect of rain gauge density on the experimental and mod- 5620 |+ ] 16

elled variograms is addressed and includes sampling either
from all 21025 grid pixels (a very dense synthetic obser-
vation network) or using only the 42 rain gauge pixels (ac-
tual real-world network). As such, both the impacts of using
a sparse gauge network and of temporal correlation can be
identified.

2.5.2 Conditional simulations: sensitivity analysis 620 660 700 740

o i :
=
— o _ 56204 '¥ . T- T 12
Next in this study, sensitivity analyses are carried out for a 10
£ ,
o Tt ﬁ

number of scenarios, which enable one to obtain better un-
derstanding of individual contributions of uncertainty in the
synthetic simulated fields. The sensitivity analyses encom-
pass four aspects:

1. Time eight types of simulations with, given the time lag,
simulation memories of 0-7 h. I e
620 660 700 740

'———T—+---

2. Advection speedive synthetic circular-shaped rainfall
cells with an area of about 4100 Kni72.5 km diame-
ter), an intensity of 2mmht and moving at different
advection speeds of 6, 8, 11, 17, 25kmnttover the
simulation domain (Fig5). The duration of the rainfall =
events is 18, 12, 9, 6 and 4 h, respectively. As such, the g 5540
dimensions of these synthetic rainfall cells are similar Z 5520
to those observed within the region (Hazenberg et al., 5500

2011) T T JI_ L
620 660 700 740

3. Area six synthetic nested sub-catchments over which —5620

the analysis is carried out (Figa). g 5600
55580 -
.£ 5560

5620 !
Eem -4,
-+
gl B
£ 5560

4. Observation densitythree types of rain gauge densities
(Fig. 6b): (1) the actual observation network consists =
27 rain gauges, (2) the reduced network has 14 rain 455540_
gauges and (3) the complete synthetic network has Z 9520
100 rain gauges. Removal of the rain gauges from the 5500 1
actual observation network follows a methdslouden-
hoofdt and Delobbe2009, which keeps the spatial
distribution of remaining gauges as uniform as possi- Easting [km]
ble. First, the sum of the inverse distances between the
four nearest gauges is calculated for each gauge anaig. 5.Sensitivity analysis. Five synthetic rainfall events of circular
then half of the gauges with the highest values are re-Shape with an inltensity of 2.mm14r and advection speeds of 6, 8,
moved. The complete synthetic network for the catch-11: 17, 25kmh™ and durations of 18, 12, 9, 6 and 4h, respec-
ment's pixels without any real rain gauge is obtained by '€y (from top panel to bottom panel) over a 145kn145km

randomly drawina x- and v-coordinates from a uniform grid with 1kmx 1km resolution. The figures show precipitation
distributi)(l)n 9 y sums. The plusses are rain gauges and the dashed box delineates

the 100 kmx 100 km simulation domain.

620 660 700 740
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—_ 56207 Area [km?] -g-
E 56004 m 400 =2
— B 900 =0
éDSSSO— B 1600 o
- m 2500 =
*g 5560 = 3600 g
0O 4900
2. 5540~ Z
I | 1 | | T | T | T
660 700 740 (b) 660 700 740

(@) Easting [km] Easting [km]

Fig. 6. (a) Six nested “sub-catchments” with increasing catchment areas. Rain gauges are indicated by(lp)Udze® types of rain gauge
densities: dotsX =100), red plusesN =27) and squares\=14). Extent of figure corresponds to the black dashed box inSagd the
grey lines show the 10 km 10 km grid resolution.

These aspects are considered as follows. Initially, the syn3 Results
thetic circular-shaped rainfall cell with constant intensity
is advected over the catchment at five different advectiong ¢
speeds. The three types of rain gauge densities are used to
sample the synthetic rainfall. Then, these synthetic point ob-

servationsareemployedinthesimulationsofthespatialrain-Emplrlcal and modelled spherical direct and cross-

fall fields. Both temporal and spatial correlations, which need/2"109rams (Sece.2) are calculated for two cases of a syn-

to be taken into account, are expressed by the variograréhem circular-shaped rainfall event with an intensity of
1 1 - H H -
models. Finally, the generated rainfall fields are analysed fo n;rr;h‘ I‘:_Th7€ ﬂrﬁ_t <r:]ase con5|s|ts of E[WO r_?'r? fields (dsee L
different simulation memories and catchment sizes. By cardnd Itn 'fgf' ), wd|c ?r(e; co.mfp I?Telg ar)é. _ehstecon lcase
rying out such a sensitivity analysis of a very simplistic rain- _(I:_?]ns[sts 0 otl.” a \;et(;]e ﬂ:‘fﬂg a dleths (f Fg.trr;g _p?rlllef)_. Id
fall cell with known spatial statistics, constant rainfall inten- € Intersection ot the third an © fourth rainatl fie
sity and known advection speed, we are able to eliminate sev(F_'g' 7, right _panel) ylelds_ exac_tly hal_f of the rainfall area.
eral sources of uncertainty which would arise with the real->NCe the third and the fifth rainfall fields are tangent, the
world data. The purpose of this sensitivity analysis is to ob-Intersection of the fourth and the fifth rainfall field covers
. 0 .
tain a better understanding of the spatial and temporal scale round 28 % of the rainfall are&{assner199§. Moreover,

involved in the rainfall-runoff transformation before turning the !ntersect'ilor;] Olff th? tfr']fth af“i tne Sixth \r/smfaril field ylelt(:ls
to the real-world case. again exactly half of the rainfall area. We chose a rather

Because of the higher computational costs of the time-Small circular-shaped rainfall cell with a 36 km diameter, to
minimise the impact of boundary effects.

dependent multivariate conditional simulations at high res- Fi 8 d b show the direct and . ¢
olution grids, the simulation domain is reduced for that pur- Igureca and b show the direéct and cross-variograms o
the two complementary rainfall fields in Fig. (left and

pose to 100 knx 100 km with a 10 kmx 10 km raster reso- .

lution (dashed box in Figh). The analysis includes 24 en- middle panels). These ha".e. been square-root tr.ansformed,

semble realisations and the length of the rainy periods varie or the tWO_ sampllng densities: a Qense synthetic network
21025 points covering all raster pixels) and the real world

between 4 and 18, depending on the advection speed. network (42 rain gauges). We can observe that the two di-
2.5.3 Conditional simulations: real-world experiment rect variograms are identical and symmetrical with respect
to their cross-variogram. This holds for both sampling den-
Finally, the real-world experiment will focus on the three sities. As expected, the real-world rain gauge network has
events described bilazenberg et a(201]) (see Sect2.]). a larger sill and a larger scatter in the empirical variograms
For these events, the impact of time and area as describeihan the much denser synthetic observation network.
in Sect.2.5.2are analysed using the actual observation net- For the advected cell of Fig. (right panel), the direct and
work (27 rain gauges). Moreover, to verify the accuracy of cross-variograms are shown in F&g and d. For a decreas-
the method at unobserved locations, cross-validation is caring intersected area between the two rainfall fields, the fitted
ried out by thinning the observation network with 50 %. spherical sills decrease proportionally using the dense syn-
thetic network (Table?). Zero overlapping area (i.e., three
combinations: rainfall fields 3 and 5, 3 and 6, 4 and 6),

Interpretation of direct and cross variograms
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Fig. 7. Sensitivity analysis. Circular-shaped rainfall events consisting of six rainfall fields 1-6. Raster resolution is11lkm Plusses
show the rain gauges and black line delineates the Upper Ourthe &endhd Vesdre catchments.
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Table 2. Sensitivity analysis. Fitted sills (mm) using the spheri-

cal model for direct and cross-variograms for rainfall fields 3-6 10 M=0h |M=4h
(see Fig.7) derived for the dense synthetic observation network 8 _
(Fig. 8c). 6 - ]
4 - _
Rainfall field 5 —I;Hl[L |
3 3 4 5 6 0- ;|;| Ij| | lfl
2 3 031 T T T T T T T T
£ 4 016 032 10 |M=1h |[M=5h
ETg 5 -0.03 0.08 0.33
6 -0.03 -0.03 0.16 0.31 81 I
6 - -
E ’
gives a sill of about zero. For the real-world network similar = 27 _F%i )
behaviour can be observed, although the scatter in the fit- -% 01— T T B
ted models through the empirical variograms is much larger. = 10| M=2h M=6h
Note that even though the circular-shaped rainfall cell is 8 ’ ’
identical for all rainfall fields, the shape of the empirical var- a 81 T

iograms differs from each other, because the rain gauge con- 6 1 T

figuration is not spatially uniform and effectively changes for 4 7
each rainfall field. 2 i
0 - -

3.2 Conditional simulations: sensitivity analysis

T T
10 4 |M=7h
As a first example, the impact of advection speed and the g |
number of hours used as part of the conditional simulation

M=3h
was identified for the setup presented in Fig.As such, 6
precipitation is sampled by the real-world rain gauge net- 4 ]
work (N =27 in Fig.6), while a total of up to eight hours 2 ’_?.dﬂ?fm: 1
are used as part of the simulation memory (0-7 h). An ex- 01— T T — T T
ample of such a simulation for one pixel is shown in Mg. 15 10 15 1 5 10 1
We can observe that for the time-independent univariate case Time [h]

(i.e., conditioned on 0 h of previously simulated fields), there

is no consistency for ensemble realisations over time, sincéig. 9. Sensitivity analysis. Precipitation ensemble (24 realisations

no information between individual time steps is taken into in grey, from which two realisations are shown in red and blue) for

account. However, for the time-dependent multivariate case§'9nt types of simulation scenarios given a simulation menadry

(i.e., conditioned on 1-7 h of previously simulated fields), of 0_7h’ for a pixel located in th? centre of the 5|mu|at|_on dom_am.

the temporal consistency for ensemble realisations become%IaCk “.ne stands for th_e synthetic rain gauge Ob.servat'on' Rainfall
o ..~ “scenario for the advection speed of6krr11r(see Fig5).

more clear. Overall, the spread in simulated precipitation in-

creases when a larger number of previously simulated fields

is included as part of the simulations.

From the event-based perspective (see bold line in4fjg.  sion line represents the mean temporal coefficient of varia-
the scatter plots between the simulated mean precipitatiotion. The coefficients of variation are gradually decreasing
over time (i7 ;) and the corresponding standard deviation for longer simulation memories, which indicates lower tem-
(67,;) for the first four ensemble realisations are shown inporal variability and larger temporal coherence for longer
Fig. 10 separately, wherér ; andér ; are plotted for all  simulation memories.
the individual pixels within the 4900 kfncatchment (see For the across-ensemble perspective (See Fig. 4), the
Fig. 6b). The panels indicate that the spreadiif; grad-  scatter plots between simulated mean precipitation across-
ually increases from the time-independent univariate condi-ensemblef ;) and their corresponding standard deviations
tional simulation to the most complex time-dependent mul-(6, ) for the four time stepstE 7, 8, 9, 10) are shown in
tivariate scenario. This is in agreement with the simulationFig. 11, wherei;, and 6, are plotted for all individual
results shown in Figd. Because we are not only interested in pixels within the 4900 krh catchment. The figures reflect
the mean simulated values, but also in their temporal variabila rather constant spread jh;, for all simulation memo-
ity, standard deviations are plotted against the correspondries during those four time steps. Nevertheless, the fitted
ing means (Figll). The slope of the fitted linear regres- coefficients of variation are gradually increasing for longer
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Fig. 10. Sensitivity analysis. Scatter plot ffy ; andér ; with fit- time with fitted coefficients of variations (CM for the rainfall sce-
ted coefficients of variations (GN) for four ensemble realisations, Nario with an advection speed of 6 kmfh(see Fig5) and a catch-
an advection speed of 6 knTh and a catchment area of 4000km ment area of 4900 kfn Different points in the panel are for individ-
Different points in each panel are for individual points (pixels) of U@l points (pixels) of the catchment.
the catchment.
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tion speed of 6 km il and a catchment area of 4900krDifferent 0.8 - ¢ 4
points in each panel are for individual points (pixels) of the catch-
ment. 0.6 1 -1
0.4 1600 km | - 4900 kny
simulation memories. This is in line with the higher ensem- I e e e s e S
ble spread for longer simulation memories (see Bjg. 01234567 01234567
Smcg fche_ purpose o_f this paper is to assess the impact Simulation memory [h]
of precipitation uncertainty estimation across the ensemble
(i.e., ityr vs. 67,), Which is of key interest especially for
hydrological data assimilation applications, the next step is Speedkm.h™]
to evaluate it in a lumped manner over all time steps. This —— 25-4A— 17 —+ 11 — 8 55

was done by overlapping the individual sub-plots (partially
depicted forr =7, 8, 9, 10 in Fig11) for all time steps. An
example is shown in FidL2, where the coefficients of varia-
tion increase with rainfall simulations conditioned on longer
simulation memories.

Fig. 13. Sensitivity analysis. Coefficient of variation (GYfor dif-
ferent catchment sizes and advection speeds.
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Table 3. Sensitivity analysis. Fitted y-intercept and horizontal 10 N
asymptote values of coefficients of variation (g\Mn Fig. 13) for '
different rain gauge networks (Figb). 0.8 T

0.6 —/&@ﬁ
Number Horizontal 0.4 —ﬁ _M

of gauges y-intercept asymptote 0.2 .
400 km® 2500 knf

14 05 1 'l_' 0.0+ T T T T T T T - T T T T T T T T
27 0.45 0.9 S 104 _

S -
100 0.4 0.7 g o0s- |

@

g 0.6 —/W< _ﬁ—‘—‘<

2 0.4 -

The behaviour of the coefficients of variation (G\for g o2 | I S
individual catchment sizes, advection speeds and simulation £ 0'0 900 km” 3600 knf
memories is summarised in Fit3. We can observe that for a S T T T
larger advection speed the coefficient of variation rises faster 1.0 =
and approaches its upper level earlier than for slower mov- 0.8 - -

ing systems. Note that for the faster events, with advection 0.6 4

speeds of 25 and 17 knth lasting four and six hours, re- 0_4_/—&(; _//7‘%

spectively (Fig.5), the coefficients of variation can be ob- 0.2 _W 1

tained only up to the three and five previously simulated 00 - 1e00kef | | 4900 knf

hours. Additionally, the catchment size does not have a large JRL L L A S L B B B B

influence on the coefficients of variation except for very 01234567 01234567

small catchment sizes consisting of only few pixels, where Simulation memory [h]

the estimation is significantly affected by sampling uncer-

tainty. Because small catchments are nested, most variability Event

is smoothed out for larger catchments sizes. e 22 0ct 20024 22 Dec 2002 1 Jan 2003
The aforementioned examples were based on the real-

world rain gauge networkN =27). When the number of _ i - -

rain gauges is decreased to the half of its original densityzi'fgf’érleti?t‘mn?gSti)if:::ﬁgihi%egicr:?;f g;’ﬁ;at'on (Gyfor

(N =14), the general shape of the fitted spherical variogram '

through the estimated coefficients of variation remains very

similar. However, both y-intercept and horizontal asymptote S o

values become higher (Tab8. This indicates a slight in- ulated preC|p|t.at|on flelds py conditioning on more than_ two
crease in the across-ensemble variability. For a dense syrtours of previous simulations. For a large-scale stratiform
thetic network (v =100) the opposite occurs. Both the y- System (22 December 2002) moving very slowly, a gentle
intercept and horizontal asymptote values decrease, whicHS€ in CV; is observed. For this event, the horizontal asymp-
means a lower across-ensemble variability. These results sudete is reached when a simulation memory=di h is taken
gest that the method is rather robust. Additionally, the effectNt0 account. Moreover, these values of £¥re consider-

of thinning the observation network on the mean simulated@Ply smaller than for the faster systems.

error is provided in the following section, where the cross- 10 Verify the accuracy of the presented method, cross-
validation at unobserved locations is carried out for the real-validation was carried out in the terms of the mean error.

world experiment. The mean error is defined as the difference between the
rain gauge observation and the corresponding across ensem-
3.3 Conditional simulations: real-world experiment ble mean £, Eq.5). The rain gauge observations em-

ployed in the validation were independent from the data used
The real rain gauge observations have been analysed withifor simulation. To simulate the precipitation fields, 14 rain
the same conditional simulation framework as was donegauges out of the complete observation network of 27 rain
within the sensitivity analysis. The resulting coefficients of gauges were used (Figb). The remaining 13 rain gauges
variation (CV;) for the different catchment sizes and sim- were kept for validation and their mean errors were calcu-
ulation memories are shown in Fidg4. They correspond lated for all time steps and for all eight simulation memories
well with the sensitivity analysis. For the two fast-moving (dashed histograms in Fig5). Additionally, we compared
systems (22 October 2002 and 1 January 2003), there is these validation mean errors with the simulation mean errors
steep increase in the across-ensemble spread)(@¥hich at the same 13locations. These simulation mean errors were
becomes more or less steady after simulation memories obbtained by simulating precipitation fields using all 27 rain
1-2 h. This means that no further uncertainty is added to simgauges (grey histograms in Fi§j5). Figure 15 shows that
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Fig. 15. Validation for three real-world events for simulation memories ranging from 0 tq&)I22 October 2002(b) 22 December 2002
and(c) 1 January 2003. Histograms of the validation mean errors at 13 rain gauges (dashed histograms). Histograms of the simulation mean
errors for the same 13 rain gauges (grey histograms).

the validation mean errors at the unobserved locations argimulations (grey boxplots in Fidlé) and the multivariate
unbiased and have a consistent behaviour over all simulasimulations (white boxplots in Fidl6) decreases for larger
tion memories (dashed histograms in El). Furthermore, catchments. This is a direct result of the relatively small size
the histograms of the validation mean errors have smalleof the rain cell with respect to the catchment area.
peaks than the mean errors of the simulated precipitation The across-ensemble uncertainty was quantified using
fields. This increase in uncertainty is to be expected, becausthe lumped CV, and its shape for both the sensitivity
in the validation only half of the rain gauge data are usedanalysis (Fig.13) as well as the real-world experiment
to simulate spatial precipitation fields. Note that the spreadFig. 14) clearly resembles the shape of the spherical var-
in histograms agrees well with the corresponding standardogram (Eg.2). By fitting the spherical model, the range
deviations shown in Tabl&. can be obtained, which represents a simulation memory
threshold of the system, after which no additional precipi-
tation uncertainty is added by including more previous in-
4 Synthesis and discussion formation. The f|tt|ng of the range is done Using the gstat
R packageRebesma2004) and is an analogy to the method
The overall temporal correlation structure of the simulated€Xplained in Sec®.2
precipitation field can be quantified using the first order au- For the sensitivity analysis, this leads to a nonlinear rela-
tocorrelation coefficientin, which expresses the correlation tion between the advection speed and its corresponding fitted
of a precipitation time series for a time lag of 1 h. Figag  range [h] (Fig.17):
shows box plots of1p for_time serie_s of ar_eal precipi';ation Rangex Speed~ 50 km (10)
for different catchment sizes and simulation memories. For
a robust investigation of the autocorrelation, it is preferableThis result indicates that for typical advection speeds
to have long time series. Therefore, we decided to use thé> 20km 1) no uncertainty in terms of across-ensemble
data for the slowest synthetic event with a duration of 18 hspread is added to the simulated precipitation fields by con-
(see Fig5). It can be observed thaty, increases when mov-  ditioning it on more than two previous hourly simulations.
ing from time-independent univariaté/(=0) to the time- We need to bear in mind, however, that the synthetic case
dependent multivariate conditional simulatiodg £ 1-7h).  analysed here is the most simplistic example of a precipi-
Nevertheless, the major difference between the univariatéation cell, which assumes a known and constant advection
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Fig. 16. Sensitivity analysis. Boxplots of the first-order autocorrelation coefficients (24 realisations) for the time series of the catchment’s
areal precipitation for different catchment sizes and simulation memories (time-independent univariate simulation in grey, time-dependent
multivariate simulations in blank), rainfall scenario with an advection speed of 6 knahd duration of 18 h (see Fif).

90 % and 100 % of the partial sills are shown. For the large-
12 + scale stratiform system (red triangles), the fitted ranges vary
] around 5-7 h, which is considerably longer than for the two
10 + faster systems. This can be caused by the combination of
] (1) the gentle increase and in general lower values of coeffi-
= 8 cient of variation, which are about half of the values for the
— ] two remaining events (recall Fig4) and (2) the size of the
O g o . i
o observed precipitation system, which for the real-world case
= ] has a larger dimension. Because of this latter property, we re-
x 4 peated the sensitivity analysis for rainfall cells with twice the
] original diameter size, which made its area four times larger.
2 For these cases, indeed a larger coefficient of 63 km is ob-
] tained (grey line in Figl7). Finally, when we refer back to
0~ Fig. 2, which shows the exponential decay of the autocorrela-

tion of the areal precipitation estimates, we can conclude that
considering a simulation memory of about two to three hours
is relevant for the presented stratiform winter rainfall events.
Fig. 17. Nonlinear relation between the advection speed and the . Overf";lll, for_the tlme-dgpendgnt multlva_rlate conditional
threshold range for a catchment area of 4908 kBiack filled cir- simulations with longer simulation memories, we observed
cles represent five synthetic circular-shaped rainfall cells. Black line@ larger across-ensemble spread. The commonly defined
delineates Eq.10). Black open circle, red triangle and green plus time-independent rainfall perturbations used for the hydro-
show three real-world rainfall events (see Fig) with the values  logical data assimilation applications have noise errors with
of the ranges for 100 %, 90 % and 80 % (from top to bottom) of the a standard deviation up to 50 % of the observed precipita-
corresponding partial sills. Grey line delineates the fitted nonlineartion (e.g.Pauwels and De Lannpg2006 Weerts and El Ser-
relation for synthetic rainfall cells with double diameter. The iden- afy, 2006. This corresponds well with our simulations, in
tical figure with logarithmic axes is given in the inset. which the maximum slope of the fitted coefficients of vari-

ation is about 0.5 (Figll). However, in comparison with

the aforementioned references, we were able to additionally
speed, has a rather small dimension, and results in a constaoapture the temporal coherence for each realisation in space.
rainfall intensity. For real-world examples, on the other hand, Moreover, conditional simulation methods increase com-
a much higher spatial and temporal variability in the dynam-putational costs quite dramatically in comparison with inter-
ics of precipitation systems can be expected. This means thatolation methods. Fortunately, this problem can be partly cir-
the effective ranges of previous information are expected tacumvented by decreasing the temporat (min]) or spatial
increase. This corresponds well with the results obtained foAr [km]) resolution of the simulation model. From an ap-
the real-world experiment, which are shown in Fig. To plied hydrological point of view, an hourly time step is usu-
quantify the apparent uncertainty in the fitted ranges for theally recommended for regions with an area~af0 000 kn?
three real rainfall events, the values of the ranges for 80 %,

20 30 40
Speed km.h™]

50 60
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(Berne et al.2004). Moreover, the choice for a rather coarse coefficient indicated the presence of temporal coherence in
10kmx 10km grid resolution, as was chosen in this study, the time series of the areal precipitation using the time-
can be supported by the analysis carried ouBbyne et al.  dependent multivariate conditional simulation in compari-
(2009, who reported the spatial rainfall resolution to be son with the time-independent univariate conditional simu-
4.5./At, which yields a decorrelation distance of about lations. Nevertheless, this coherence was found to decrease
35km for At =60 min. with increased catchment area.

A limiting factor of this study can be that the spatial The presented technique to generate spatial precipitation
anisotropy of the rainfall field as well as the local topog- ensembles can be easily implemented within a hydrologi-
raphy were not considered. Additionally, we did not use cal data assimilation framework to be used as an improve-
other sources of precipitation measurements, such as weatherent over currently used simplistic approaches to perturb
radar. Therefore, obtaining precipitation ensembles fromthe interpolated point or spatially distributed estimates (as
radar remains an important continuation of this study. Thereferred to in the introduction). As shown, using the time-
main benefit of using radar is that one obtains much more in-dependent rainfall simulations with at least one hour of sim-
formation on the spatial characteristics of both the precipita-ulation memory, but preferably longer, we were able to reach
tion field and typellazenberg et 812011). It is then possible  this goal and obtain precipitation ensembles with tempo-
to take two different approaches: (1) the rain gauge perspeaal correlation structures that are plausible from a hydro-
tive, where we imagine that that the weather radar data isneteorological perspective. Therefore, the corresponding
only used to provide information on where it rains and which simulated spatially distributed model states produced by that
gauges are specifically to be used to generate a variogramainfall ensemble should inherit this temporal aspect. The ad-
(since they belong to the same region), (2) the radar perspecrantage of having the temporal coherence in model states is
tive, where the gauges are used to correct the radar for any rehat it eliminates the need to smooth possible extreme state
maining bias, while the uncertainty in the precipitation field values, which can be the case when neglecting it. A hy-
is obtained from the volumetric radar information. We will drological application of the presented spatial precipitation
present some ideas on these issues and approaches relatecttsemble generator is presentedRakovec et al(2012).
these issues in future publications.
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