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Abstract. Dynamical downscaling of Global Climate Mod- 1 Introduction

els (GCMs) through regional climate models (RCMs) poten-

tially improves the usability of the output for hydrological

impact studies. However, a further downscaling or imerpo_GIobal climate models (GCMs) are currently the best tools
lation of precipitation from RCMs is often needed to match t0 model changes in the global climate caused by an in-
the precipitation characteristics at the local scale. This studyrease in radiatively active gases (IPCC, 2007). However,
analysed three Model Output Statistics (MOS) techniques tdi€spite constant improvements in model resolution and the
adjust RCM precipitation; (1) a simple direct method (DM), description of the physical processes, modelling of precipita-
(2) quantile-quantile mapping (QM) and (3) a distribution- tion in the current model versions is still inadequate for use
based scaling (DBS) approach. The modelled precipitaﬁo,{n most, if not all, local impact studies (Leith and Chandler,
was daily means from 16 RCMs driven by ERA40 reanal- 2010; Beven, 2011). There are many reasons for this, ranging
ysis data over the 19612000 provided by the ENSEM-from the difference in resolution between the GCM and the
BLES (ENSEMBLE-based Predictions of Climate Changeslocal hydrological scale, numerical implementation and the
and their Impacts) project over a small catchment located iParameterisation of physical processes on the sub-grid scale
the Midlands, UK. All methods were conditioned on the en- (Schmidli et al., 2006).

tire time series, separate months and using an objective clas- Common approaches used in order to overcome this prob-
sification of Lamb’s weather types. The performance of thelem is the application of downscaling techniques, which are
MOS techniques were assessed regarding temporal and S|Oté[pically either dynamical or statistical (empirical). Statisti-
tial characteristics of the precipitation fields, as well as mod-¢al downscaling methods usually establish a statistical rela-
elled runoff using the HBV rainfall-runoff model. The results tionship between a local variable (predictand) and a larger-
indicate that the DBS conditioned on classification patternsScale variable modelled by the global or regional model
performed better than the other methods, however an ensenfPredictor). There are a vast number of statistical down-
ble approach in terms of both climate models and downscalScaling techniques used in impact studies, and for recent

ing methods is recommended to account for uncertainties irfPverviews we refer to Fowler et al. (2007) and Maraun et
the MOS methods. al. (2010). Dynamical downscaling, where a regional cli-

mate model (RCM) is forced with boundary conditions from
a GCM, includes many feedback processes which are im-
portant for the energy, radiation and water balances. These
models are however very expensive to run both in terms of
time and resources, and the ability to investigate the full
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624 F. Wetterhall et al.: Conditioning model output statistics of regional climate model precipitation

model uncertainty is problematic. Projects like PRUDENCE
(Christensen and Christensen, 2007) and ENSEMBLES (vai
der Linden and Mitchell, 2009) have enabled ensemble out:
put from RCMs to be easily available to the larger research
community. However, even after dynamical downscaling, the
RCM output is not directly suited for use in studies of cli-

mate impact on hydrology, ecology, and agriculture. This is

. Se0K T
especially the case for precipitation, and amongst the reasor Tl o e
for this is that the resolution in RCMs is currently too coarse 3 ot e
to correctly resolve sub-grid processes on the scales that ai oo ptn
hydrologically relevant and that relates to convective meteo- metres
rological processes as well as orographic induced precipita I
tion. In smaller catchments, on the scale of a few RCM grid [2] o

points and with quick response times, this can potentially
lead to an underestimation of high flow situations, regard-
less of whether the RCM has a wet or dry mean bias over theig. 1. The Montford catchment and its location in the UK. Large
catchment. Other reasons are smoothing between grid pointsiack dots the RCM data and the grid denotes tixe5m gridded
and inadequate representation of the physical processes in thiataset from the UK MetOffice.

model code (Cloke et al., 2012). Therefore at present, impact

studies that rely on a correct representation of precipitation, . o .

such as those dealing with flood risk, cannot usefully use di-correction, thereby suboptimising the estimation of the pa-
rect RCM output. rameters. , _

A solution to the problem of RCM misrepresentation of _ 11iS paper investigates a number of MOS techniques on
precipitation is to pre-process the RCM output through “biasREM Precipitation from 16 RCM simulations fromr;[:?e_ EN-
correction” also known as a form of Model Output Statis- SEMBLES project over a small catchment2000 knt) in
tics (MOS). MOS is the preferred term, becabigsin statis- England. Further, it conditions the DBS and QM method on

tics usually refers to a deviation in the expected value of theonths and weather patterns to assess the potential added
estimator from the true mean of the population (von Storchvalue. Section 2 dgsc;rlbes the study area and data used in the
and Zwiers, 1999), whereas the deviations in the estimatoftudy and a description of the methodology, the results and
are also found in the higher moments, such as the Variancglscussmns are presented in Sect. 3 and the conclusions and
and skewness. The use of MOS can be seen as an additionfiture outiook in Sect. 4.
downscaling step from the RCM, so the term downscaling
wi_II be gsed for this approach as weII.. MOS can also be ap-»  paterial and methods
plied directly to GCM output (e.g. Widmann et al., 2003;
Eden etal., 2012). An example of a MOS technique isto use2 1 Study area and data
transfer functions to adjust the distribution of RCM precip-
itation to match the observed precipitation distribution (e.g. The study area was the upper part of the River Severn in the
Déque, 2007; Piani et al., 2009; Yang et al., 2010). However,Midlands region of England, which flows through the Welsh
the RCM may perform differently depending on season ormountains, passes the town of Shrewsbury and then contin-
governing atmospheric circulation. A typically wet weather ues southwards towards the Bristol Channel (Fig. 1). Flow
regime (e.g. pattern or season) can have a different precipitdevels are generally high in autumn and winter and low in
tion distribution in time and space than a dry regime. summer. The area is prone to flooding and has recently been
Classification of weather patterns has been widely used study area for hydrological ensemble forecasting (He et al.,
in the statistical downscaling community to analyse and2009; Wetterhall et al., 2011; Cloke et al., 2012).
model the predictor-predictand relationship (e.g. Stehlik and The observed precipitation and temperature data series
Bardossy, 2002; Wetterhall et al., 2007). Recently a COSTused in this study consisted of daily<5 km grids interpo-
(European Cooperation in Science and Technology) aclated from station data covering the period 1 January 1960—
tion compiled a large collection of objective and subjective 31 December 2006 provided by the UK Met Office. The in-
weather type classifications for Europe that are freely avail-terpolation of the temperature and precipitation was done
able (COST733, Philipp et al., 2011). Conditioning the MOS using inverse-distance weighted interpolation (Perry et al.,
on months or on classified weather patterns rather than on th2008). The observed discharge data at Montford were pro-
full distribution could potentially lead to better estimates of vided by the Environment Agency of England and Wales
the parameters of the transfer function and therefore a moréEA) Midlands region and covered the period 1986—2006.
effective model error correction. However, there is a trade- The RCM precipitation data were provided by the EN-
off in terms of using less available information in the error SEMBLES project (van der Linden and Mitchell, 2009). The
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RCM models used in this study were all driven by the ERA40 RCM-modelled precipitation:

reanalysis over the time period 1 January 1961-31 Decem- _

ber 2000 (Uppala et al., 2005). In total, 16 RCMs were avail-» (/1) = 7 .04 (2. 7) _Zobs(”) (1)
able for this study, and one model was run with three different Z mod (1)

climate sensitivities, yielding 18 model projections available
in total. The data is available publicly as daily values on aZ mod @t timer for pointn in spaceZ denotes the mean ob-

0.22 degree grid (Fig. 1). The R(.:M preC|p|tat|9n was evaIu'served (obs) and modelled (mod) precipitation over calibra-
ated as an ensemble, equal weights are applied to all mer%—

. : ion period. In this study a split-sample approach was used
bers since the aim of the study was to see how well the MO P study a sp bie app .
- see below). The direct method removes biases in the mean
worked regardless of the bias in the raw RCM. Furthermore, - . -
. . . ut not the coefficient of variance of the modelled precipita-
using equal weights enables the evaluation of the effects of. . . . '
; A ion (Lenderink et al., 2007). The direct method is sometimes
MOS rather than ranking the performance of individual mod- . T
referred to as the delta method in the scientific literature,
els. ; -
since the method was originally developed for temperature,
where the difference between modelled future and control
scenarios was added to the observed temperature (Maraun et

There are quite a few suggested methods of MOS in the Iit-al" 2010).

erature (for an overview see Maraun et al., 2010). The type, 5 » Quantile-quantile mapping

of MOS method most suited for a specific impact study will

ultimately depend on the application objective/s and in thisQuantile-quantile mapping (QM) utilises the empirical cu-
case, high river flow events were of most interest to quan-mulative distributions of the observed and modelled precip-
tify potential flood inducing events. Therefore, two meth- jtation for the downscaling. Therefore, unlike the DMthis
ods that downscale the precipitation distribution were se-method improves any systematic biases throughout the sta-
lected, (1) a quantile-quantile mapping (QM) correction astistical distribution of precipitation differences and hence im-
described by Bé et al. (2007) and (2) a distribution-based proves the adjustments of extremes. The method modifies
scaling (DBS) of the modelled and observed precipitationeach RCM precipitation event by first calculating the prob-
(Yang et al., 2010), but also a simpler factor change methodability of the event. The downscaled precipitation amount is
(3) the direct method (DM; Lenderink et al., 2007), was in- then modelled as the observed precipitation with the same
cluded as a benchmark. The rationale for choosing the firsprobability (B et al., 2007; following the denotation by

2 methods are that they are sensitive to changes in the tailghemeRl et al., 2010):

of the distribution and are therefore potentially more useful ,

in hydrological impact studies. The direct method is merelyz(z, n) = Ft?,?s'ca"l(thLm'ca'(ZSim"’a'(t, n))) 2
correcting for the mean bias, and does not transfer any infor-

mation on any modelled shift in the precipitation distribution where F,O,ES'Ca"Jdenotes the inverse of the empirical cumu-
from the RCM. ) obs,cal sim,cal

i o i i lative distribution function (ecdff,’,,>™, F;, " is the in-
All methods were applied to the individual grid points e se ecdf of the observed and simulated precipitation over

(5x5km) in the catchment. Since the RCM output resolution i, «alibration period, ang#™va is the simulated precipita-
was approximately 25 25km, the RCM modelled precipita- o gyer the validation period. Quantile-quantile mapping is
tion was first interpolated onto the same grid as the observegy,sjcteq to adjusting values that are in the observed range.
(5x 5km) using a simple nearest neighbour interpolation. ¢ \he method is to be used in climate impact studies it could
9 grid points from the RCM output covered the catchmente necessary to infer a change factor to values outside the
area (Fig. 1). observed range to account for changes in the upper tail of

All the identified MOS techniques were applied over the o jistribution. However, since only historical records were
period where RCM data was available (1961—-2000) througrhsed in this study, no extrapolation was made.

a split-sample validation on dry and wet conditions. The dry

(wet) sample was constructed by selecting the driest (wettes2 2.3 Distribution-based scaling

months over the training period. The MOS techniques were

calibrated over each sample, and then validated over th&@he DBS is similar to the QM as it adjusts the precipitation
other, respectively. By using this approach, the entire seriemmount by comparing the probability density functions of

where Z moq is the adjusted RCM-modelled precipitation

2.2 Model output statistics

can be used in the validation. modelled and observed precipitation. The difference is that
a theoretical density function is fitted for the observed and
2.2.1 The direct method simulated series, respectively, and the probability of an event

in the RCM precipitation is used together with the inverse
The direct method (DM) scales the modelled precipita-of the cumulative density function from the observed data
tion by multiplying it with the ratio of the observed and series to estimate new values. The gamma distribution was
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Fig. 2. Mean annual precipitation accumulated at the station in
Montford catchment for the 18 RCMs over the study period 1961—
2000. The 5-95 percentiles are shown in light blue, and the dark
blue denotes the 25-75 percentiles. The solid black line shows ths
observed precipitation from the UK MetOffice.

0
Jan Apr Jul Oct  Jan Apr Jul Oct

selected for this study since it captures the asymmetrical anéfig. 3. Monthly precipitation for four classified weather pat-
positively skewed distribution of daily precipitation intensi- terns; () anticyclonic, (b) cyclonic, (c) westerly winds and
ties (Wilks, 1995; Haylock et al., 2006). The probability den- (d) easterly/south-easterly winds. The figure shows the raw RCM

sity function of a gamma-distributed variablds defined as precipitation and MOS using DBS and DBS classified on weather
patterns.

(x/B)* " exp(—x/B)
fo) = BT () x,0, <0 (3 a threshold is a rather crude method to avoid unreasonably
large precipitation amounts but in this case study where we
whereq is the shape parametgr s the scale parameter and only were concerned with observed events it was not con-
['(x) is the inverse gamma function. The distribution param-sidered to have a large impact. However, if the method is
eters were estimated using maximum likelihood estimationagpplied to future simulations, the effect of an upper limit has
(MLE). to be studied in more detail.

The method was applied in two steps. Firstly, the number The DBS and QM method were applied in three versions:
of rainy days in the modelled and observed precipitation wag1) estimation of the distribution parameters was done using
compared, and a threshold value was defined in the RCMhe entire time series (DBS/QM), (2) conditioned on specific
output to match the number of rainy days in both time se-months (DBS-M/QM-M) and (3) conditioned classified on
ries. This procedure is necessary since zero values are nejrculation patterns (DBS-L/QM-L).
defined by the gamma distribution. All days that had less
precipitation than the threshold were considered dry days. Ir2.2.4  Classification of atmospheric circulation patterns
the second step, gamma distributions were fitted for the non-
zero observed and modelled precipitation time series and th&ince the precipitation pattern over the study area has a clear

MOS function was then defined as seasonality (Fig. 4), MOS conditioned on separate months
. implicitly accounts for this. However, this assumption may
z(t,n) = not be stationary when applied in future climate impact stud-

ies since the timing of seasons might shift. Classified weather
patterns have been used in meteorological applications for a
where obs denotes parameters estimated from observatiohsng time to distinguish between typical weather situations,
and sim denotes parameters estimated from the RCM outfor example the Grosswetterlagen for European mainland
put andF 1 the inverse gamma distribution. MOS using the (Baur et al., 1944; Hess and Brezowsky, 1977) and weather
gamma distribution can yield values larger than in the recorddypes for the British Isles (Lamb, 1950, 1972). They have
of observations, so care has to be taken in the upper tail odlso been extensively used in precipitation modelling (e.g.
the distribution as to not obtain unreasonably large valuesBardossy and Plate, 1992). The conditioning of the distribu-
An upper threshold was explicitly implemented defined astion parameters on discrete, classified weather patterns over-
the maximum observed precipitation for each point. Usingcomes the problem of a potential shift of seasons in a future

F1 (Olobs,cal Bobs,cal F (zsimval(t, 1), asim,calBsim,caD) (4)
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and dry days. A classification that separates rainy days from
dry days yields a high score. As a complemehtdistin-

guishes between wet and dry patterns in terms of total pre-
cipitation The indices have been used in earlier studies of

150

[

120

90 [N downscaling as measures of how well a classification can dis-
6ol tinguish wet and dry conditions, and were used to select the
classification which was mostly suited to downscale precipi-

. ls  In tation (Wetterhall et al., 2007). To narrow down the possible
options, the classifications with maximum 12 patterns were
selected from the COST733 database. The Lamb objective
classification with 11 patterns centred over the British Isles
had the highest score on bathand/, and was accordingly
selected for this study.

Monthly precipitation (mm)

30 e 2.3 Rainfall-runoff modelling with the HBV model

Feb May Aug Nov Feb May Aug Nov Feb May Aug Nov Feb May Aug Nov
Month

The MOS-adjusted precipitation series were finally used as
input to the hydrological HBV rainfall-runoff model (Lind-
trom et al., 1997). The HBV model was run in a lumped
onfiguration upstream of Montford river gauging station

Fig. 4. Monthly mean precipitation over the Montford catchment
evaluated over the time period 1961-2000. Boxplots denote the 2
and 50 percentiles where the whiskers are the upper and lower o
the RCM values. The dashed line show the mean of the RCM dat

of (@) raw RCM output, and with MOS using®) QM, (c) QM-M, Fig. 1). The HBV model requires daily temperature, precip-
(d) QM-L, (e) DM, (f) DBS, (g) DBS-M and(h) DBS-L. The black  itation and potential evapotranspiration as driving variables.
solid line shows the observed monthly mean precipitation. Potential evapotranspiration (PE) was calculated through a

simple method using radiation and temperature (McGuinness

and Bordne, 1972) modified by Oudin et al. (2005)
perturbed climate. Any MOS conditioned on months is in-

herently stationary, but if the MOS is conditioned on weather p, , _ Re Ta 1+ K2 f T +K»=0

. .. . . = . a 2>

patterns it instead becomes more sensitive to a possible shnft) ro Kq

in the large-scale circulation. Furthermore, weather patternpg — o otherwise 7)

might be more reasonable to use in areas where the large-

scale circulation rather than time of year depicts the precipi-whereRe is extra-terrestrial radiation (depending only on lat-

tation pattern, such as the British Isles. itude and ordinal date), is the mean daily temperature in
The COST733 action recently provided a catalogue of ob-C°, 1 is the latent heat fluxp is density of water and,

jective and subjective classifications of atmospheric circula-and K are constants in Cthat can be calibrated. This sim-

tion patterns over Europe using large-scale parameters sugble formulation of evapotranspiration has been found to be

as mean sea level pressure, atmospheric thickness, vorticitybust when applied in climate impact studies (Oudin et al.,

and winds (Philipp et al., 2010). If the classifications are to be2005).

applied to condition the parameters of DBS-L, it is important o .

that the classified patterns can discriminate between wet and-3-1 ~ Sensitivity analysis of parameter values

dry precipitation patterns, since the distribution of precipi-
y precip b preeip The HBV model has a large number of free parameters that

tation is very different depending on the large-scale pattern . : .
The circulation patterns from the COST733 catalogue Werehave to be estimated when applied to catchment modelling

therefore evaluated according to their ability to discriminate(se'bert’ 1997). In this study, a simplified version of the

between wet and dry patterns using two indices, one for preHBV'TOdeévéaS u_sbed, with 17 Lree paramltetersd of thesetp_a-
cipitation occurrencé; and precipitation intensityy: rameters, escribe Snow and snowmetl, and were not in-

cluded in the sensitivity analysis since snow melt processes
T were found to not have a huge influence on the studied catch-
(p(CP(1)) — p)? (5)  ment. The remaining 12 free parameters were tested using
-1 a base sample set generated using a quasi-random Lp Tau
1L 2(CP(1)) method, which is an efficient method to generate a quasi-
o= T Z In <f> ’ (6) random sequence for Monte Carlo experiments (Sobol, 1979;
=1 Pappenberger et al., 2006). The base sample was 200 000
whereT is the total number of classified eventg (C P(¢)) simulation runs, this was deemed to be a large enough num-
is the probability and(C P(¢)) is the amount of precipita- ber of simulations to explore the parameter space. From
tion for eventr with classificationC P. I; distinguishes be- these simulations, all parameter sets that generated a Nash-
tween wet and dry patterns regarding the frequency of wetSutcliffe coefficient- 0.85 were selected as behavioural sets.

Nl

I =

<
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This follows the principle of the Generalised Likelihood Un- calculating a fuzzy membership function over the time period
certainty Estimation method. (GLUE; Xingguo et al., 2006; 1987—-2000 to allow for a spin-up period of 1yr. The fuzzy
Pappenberger et al., 2008; Cloke et al., 2008). The threshmembership function accounts for uncertainties in observa-
old was subjectively selected to obtain a large enough setions and was defined as 1 if the simulated flow-iK0 % of

of parameter values to estimate the uncertainty in the HBVobserved flow, and a linear decreasing to O if simulated flow
model. The number of behaviour models obtained was 2146is +30 % that of the observation (Cloke et al., 2008).

roughly the top percent of the tested parameter space. The

Nash-Sutcliffe coefficient is defined as (Nash and Sutcliffe, p (% 10 =ad®>d] a=0Tqosr)
1970) 0= 1 Z L2 a<q@)<b b =0.90ps(?) (10)
, T P 1 b<q(t)<c ¢ = 1.1gops(t)
T a0 < d=1. t
(qobs(r) — gsim(1))? e c=0=d Sdobs)
=1
R=1-" - (8)  whereg is the simulated flow at time and, gops is the ob-
3 (Gobs (1) — Gob)? served flow and’ is the total number of time steps. The fuzzy
=1 membership function has a perfect score of 1, and was used

wheret is the time stepg the observed and simulated dis- @S & measure of performanae)(

charge at time step respectively, ang the mean observed A contingency table was also constructed for the annual
discharge. See Table 1 for an overview of the values of thenaximum runoff values where the threshold for a hit was set
free parameters that was retained from the calibration. Thd0 300 n¥s™*. This threshold corresponds to a warning level

RCM precipitation was evaluated as ensemble input to the?f intermediate floods in the Montford station. From this con-

HBV model using observed temperature and potential evaptingency table, the Relative Operating Characteristic (ROC)

otranspiration. curve can be plotted as the probability of detection (POD)
against the probability of false alarm rates (FAR), and the
2.4 Validation measures of MOS performance area under this curve is denoted as the ROC score (Demargne

etal., 2010). AROC score of 1 denotes a perfect forecast and
The MOS methods were validated using precipitation statisa value of 0.5 means that the forecast is performing in par
tics on mean daily precipitation and the mean annual maxiwith climatology.
mum 5-day accumulation of precipitation (max5day) as well
as a number of performance scores for precipitation and the
modelled runoff, respectively. The max5day was calculated3 Results and discussion
by filtering the daily precipitation series with a running 5- o
day mean filter and taking the mean of the annual maxi->-1 Precipitation scores

mum values. This measure identifies precipitation events th . S
precip aJrhe RCMs generally underestimate the precipitation over the

are prone to cause fluvial flooding in the catchment. Theupper Severn catchment (Fig. 2). The inter-annual variability

performance regarding precipitation intensities of the differ- A
ent methods was further validated through intensity-durationWas however well capt.ured, indicating t.hat the RCMs overall
curves, calculated as the maximum intensity over accumuperform well when driven by reanalysis data, although the

lation times ranging from 1 to 30 days. The maximum val- |nt$ﬂse pre<_:|p|ta_t|on eve_nt_s w]?reduql(jerestlmatecjd. 54
ues for different accumulation times shows biases against Obého eﬁ;ﬁgﬁﬁg%n t(satzat;ur?tlCsésocranalrgmrge:ntisrr;er;:)t()'a:yn
servations on time scales that are hydrologically interestingthe V(\jlail recipitation (T;]t;jle 2) Howev\ér the bias inlthel
both regarding fast-responding floods and longer-duration 5day ?s un%erestimated usiﬁ the DM’method whereas
wet periods. The objective function for the temporal varia- tthXDBSyoverestimates the 5-dag maximum. This ,indicates
tion was selected as the mean rank of the observed intenS{h difficulty timating th y ; ft'h dis.
ties for each accumulation time in comparison to modelled € diicully In estimating the parameters ol the gamma ¢is
tribution for the upper tail. Using weather patterns somewhat

intensities: L
tensities dampens the overestimation.
1 2R (1) Figure 3 exemplifies how the conditioning of weather pat-
R=1- 72; N 1 ) terns improves the MOS for the DBS method (similar re-
1=

sults were obtained with QM, not shown). For the dry anti-
whereN is the number of RCMsT is the number of accu- cyclonic circulation (a) and the wet cyclonic circulation (b),
mulation timesT” over which the rankk was calculated (1to the influence of weather patterns is negligible; the MOS in
30 days). The rank score is constructed to yield a value of Igeneral adjusts precipitation values to better match observa-
for a perfect score and 0 for no skill to be easily comparabletions, especially for the wet cyclonic circulation. However,
to the other scores. for the patterns dominated by westerly (c) and easterly/south-

The modelled runoff was evaluated against observa-easterly (d) winds, weather pattern classification substan-
tions by calculating the annual maximum runoff, and thentially improves the MOS.

Nonlin. Processes Geophys., 19, 62333 2012 www.nonlin-processes-geophys.net/19/623/2012/



F. Wetterhall et al.: Conditioning model output statistics of regional climate model precipitation 629

Table 1.Range of parameter values derived during the calibration of the HBV model. Parameter definitions follow those of Seibert (1997).

Parameter  Description Mean Standard Unit
name value deviation

fc Maximum field capacity 296 147 mm
Ip Decides the threshold for reduction in ET 0.59 0.28 NA
beta Shape coefficient for the soil moisture 4.2 26 NA
perc Maximum ground water percolation from upper to lower storage 249 143 Thmd
uzl Limit of upper ground water storage 506 287 mm
kO Recession coefficient 0.50 0.28 ~H

k1 Recession coefficient 0.41 0.23 ~H

k2 Recession coefficient 0.21 0.15 ~H
maxbas Routing parameter 5.56 120 d
K1 Evapotranspiration constant 180 74 ° C
K2 Evapotranspiration constant 20 78 °C

Table 2. Precipitation statistics for the MOS techniques calculated

for the area upstream Montford. 300 2 ° ¢ d
MOS Mean Mean annual R 0O ROC -
method precipitation max 5-day g
(mmdayl) precipitation (mm) €
Observed $240.46 87+17 0.41 % 10
Raw output 299+ 0.37 76+ 13 0 0.12 0.5 E
DM 3.62+£0.45 81+ 16 0.23 0.24 0.71 g 300 e f g h
QQ 362+0.49 88+ 18 0.27 0.26 0.78 é
QM-M 3.62+0.49 87+18 047 0.26 0.78 2
QM-L 3.60+0.50 87+17 0.37 0.26 0.79 =
DBS 362+0.51 98+ 23 0.62 0.25 0.75 <
DBS-M 3.67+£0.52 98+ 22 0.63 0.24 0.8
DBS-L 3.66+0.51 94421 0.76 0.25 0.83 10

2 10 30 2 10 30 2 10 v 2 10 30

The raw output from the RCMs did not capture the intra- Duration (days)

annual pattern of precipitation, especially for the wetter g 5 Intensity-duration curves for the RCM precipitation using
months September—January (Fig. 4a). Most floods occur durg) raw output and with MOS usingp) DBS, (c) DBS-M, (d) DBS-
ing this period, and the deficiencies in modelling that periodL, (e) DM, (f) QM, (g) QM-M and (h) QM-L. The black line is
means that the RCMs cannot be used directly in impact studebserved precipitation.
ies to simulate winter floods. MOS generally improved the
intra-annual variation (Fig. 4b—f). The DBS-M and QM-M
reduced almost all bias in the RCM, and this was to be ex+emoved most of the error on the long duration scale, but
pected as the MOS was done on a monthly scale. The MO%lso shifted the bias for the high intensity events to the pos-
methods that were not conditioned on months overestimatedive side. This was improved using months, and especially
the precipitation in May-July, but also this was dampenedweather patterns to condition the MOS. The ROC from the
when using weather patterns (Fig. 4). precipitation-intensity show that the DBS performs best and
The intensity-duration curves pointed to another issue re-again that using weather patterns improves the downscaling
garding the RCM-modelled precipitation series (Fig. 5a). further, however not for the QM (Table 2).
Even if the short-intensity precipitation events (1-10 days) This study was mainly focussing on how MOS techniques
were slightly underestimated, the discrepancy was more evperform for the RCM ensemble as a whole, but it is also
ident on longer time scales (10-30 days). Since the onsejuite revealing to look at the performance of the individual
of a flood event is very dependent on the antecedent soiRCMs, for example the correlation coefficients of the annual
moisture and ground water conditions this can have the efmax5day in Table 3. This measure disregards any improve-
fect that a model run by the direct output from the RCM ment in the daily means and focusses on the inter-annual
can be too dry, and therefore not be able to reproduce exvariation of large events. The numbers in black denote that
treme flood events. Also here all MOS methods removedthe MOS improves the score in comparison with the raw out-
most of this bias (Fig. 5b—h, Table 2). The DBS methodsput, and stars mark that using months or weather patterns
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Fig. 6. Annual maximum runoff modelled with the HBV model at 10
the station Montford with observed precipitation. The lighter blue
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S b the station Montford driven bga) raw output and with MOS using
NS>0.85. The black line is observed runoff. (b) QM, (c) QM-M, (d) QM-L, (¢) DM, (f) DBS, (g) DBS-M and

(h) DBS-L. The lighter blue areas show the 5th to 95th percentile,
the darker blue show the 25th to 75th percentile. The black line is

improved the performance in comparison with the original observed runoff.

method. MOS do not always improve the RCM output, and
in some cases the results are worse than the raw output. How-

ever, in most cases the results are better. Furthermore, the i”iﬁdicates the importance of a thorough test of MOS methods
provement with MOS is not correlated with the performancepriOr to their use in impact studies. In this case the focus

of the raw output, meaning that MOS cannot fully compen- a5 on flood events, but if the goal was to model the impact

sate for all errors in a bad performing RCM. Finally, the con- 5y water resources, a simpler method like the direct method
ditioning on weather patterns does improve the MOS, both.q ;|4 prove sufficient.

for the QM and DBS methods. It has previously been shown that there can be large differ-

ences between downscaling techniques in terms of precipita-
tion patterns and volumes over a certain catchment (Dibike

The HBV model simulated runoff well over the calibration @nd Coulibaly, 2005; Cloke et al., 2012). Also, even if the

period and the best parameter set had a Nash-Sutcliffe efdownscaled precipitation patterns are similar, the catchment
ficiency of R>0.90. The annual maximum runoff was cap- M& have a threshold response in which exactly this small

tured both in terms of magnitude and timing (Fig. 6). The difference may.induce severe flood!ng or not. Beyond this
RCM-driven runoff is not able to capture the pattern of either threshold the dlfference in the techniques may be irrelevant.
the maximum runoff (Fig. 7) or the daily runoff as simulated The threshold use_zd in this study was selected to rep_resent_a
by the HBV model (Table 2) but all MOS methods improved yalue where flooding does occur, but _the ROC score is sensi-
the simulated runoff (Fig. 7). The event of 1994 is over- t|\_/e to this threshold, and changing this might lead to slightly
predicted by RCMs in comparison to observations, whereadlifferentresults. o _ ,
the floods in 2000 are still very much under-predicted. The 1N€ selected classification was in this case a readily avail-
O score, show clearly that the MOS adds skill in comparisonable c_Iass_:lflcatlon, and it was not optl_ml_sed on precipitation.
to raw output (Table 2). The more sophisticated methods per'—A‘n objective pattern classmca_tlon optimised on precipitation
formed better than the DM, but there is no clear signal as to®f "Unoff events could further improve the DBS-L. Bardossy
which of the MOS techniques performs better. anq Pegrarr_1 (2011)_a_pp|lled an obJect_lver den_ved cIas§|f|—
cation to adjust precipitation values using quantile-matching
3.3 Selecting the best MOS method technique and found that the RCMs were able to reproduce
the patterns of current situations well.
The overall best performance in this study was achieved with The individual RCMs could be weighted based on their
the DBS-L method, using gamma distribution conditioned onperformance in the control period for use in studies of fu-
objective Lamb weather types (Tables 2 and 3). However, thdure climate change impact. The issue of weighting RCMs
improvements in comparison to the other techniques are nategarding their performance was recently discussed in Chris-
statistically significant, therefore the hypothesis that they alltensen et al. (2010). Their conclusion was that weighting
perform equally well cannot be rejected. Although the resultsschemes were very sensitive to the aggregation process of
are only strictly valid for this specific catchment, this work the modelled output and the selected metric, and that an extra

3.2 Runoff modelling
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Table 3.Correlation coefficients for the annual maximum 5-day precipitation for the individual RCMs. Bold marks that the method improved
the correlation compared with the raw output. Asterisks (*) denote that the conditioning on month or weather pattern improved results

compared with the unconditional method.

RCM Raw DM QM OMM QML DBS DBSM DBSL
1 0.11 0.12 0.11 0.24* 0.15* 0.10 0.14* 0.16*
2 0.39 040 044 037 0.33 0.38 0.44* 0.39*
3 0.23 0.24 0.19 037 0.23* 0.25 0.34* 0.22
4 0.37 0.40 0.39 0.37 0.27 0.38 0.35 0.38
5 0.42 042 043 047~ 0.43 0.42 0.51* 0.40
6 045 043 044 045 045 0.43 0.46* 0.42
7 0.56 0.56 0.56 0.50 0.53 0.57 0.50 0.60*
8 0.04 0.07 0.08 0.04 0.06 0.05 0.02  0.08*
9 0.39 0.39 0.37 0.48* 0.40* 0.37 0.46* 0.39*
10 0.43 0.43 0.44 0.35 0.44 0.44 0.42 0.38
11 0.07 0.08 0.05 -0.03 0.08* 0.07 0.03 0.16*
12 0.12 0.13 0.13 0.25* 0.38* 0.14 0.24* 0.41*
13 0.11 0.11 0.16 0.02 0.20* 0.07 0.05 0.12*
14 0.36 0.40 0.30 0.28 0.31* 0.32 0.33* 0.35*
15 0.15 0.16 0.14 0.09 0.11 0.15 0.10 0.19*
16 0.38 0.38 0.36 0.38* 0.39* 0.38 0.42* 0.47*
17 0.41 041 0.41 0.42* 0.40 041 0.43* 0.47*
18 0.48 0.48 0.47 0.45 0.40 0.49 0.52* 0.52*
Mean 0.30 0.31 0.30 0.31 0.31 0.30 0.32 0.34
Improvements 9 7 6(8) 10(9) 7 10(10) 11(13)

uncertainty was added in the procedure. MOS methods com4 Conclusions
pensate for some of the errors in the RCMs, thus in this sense

potentially lead to a reduction of the total uncertainty. How- This study evaluated three different methods to further down-
ever, their estimation requires extra parameters in the caliscale RCM precipitation for use in impact studies, the direct
bration, and therefore adds to the layer of uncertainty. Onmethod, quantile-quantile mapping and distributions-based
the other hand, the inclusion of local processes, especiallgcaling. The QM and DM were employed in three vari-
a better representation of orography and description of landnts, conditioned on (1) the entire time series, (2) individual
surface interactions, could increase the sharpness, for exanf?onths and (3) on classified weather patterns. The RCMs
ple higher resolution in space and time. This might mean thath the study were forced with ERA40 data and their perfor-
the total uncertainty in the impact model result could be re-mance could therefore be evaluated against observations di-
duced. This is especially true when the large-scale model igectly. The main conclusions of this study were

performing well (Diez et al., 2005).

Another issue is that different methods do perform well
for different objective functions (Table 2). The type of MOS
to be used in impact studies should therefore be carefully se-
lected depending on the aim of the study in question. How-
ever, a range of MOS techniques as well as an ensemble of — Raw RCM output could not capture flood events when
climate models is advisable in any impact study, since just  "un through a hydrological model. MOS techniques im-
using one technique might correct for a certain aspect of the ~ Proved the usability of the RCM output.
precipitation bias, for example the number of rainy days or
high-intensities. Using an ensemble of techniques expands
the range of possible outcomes. It is also paramount to per-
form a MOS with utmost transparency to fully show the ben-
efits as well as the possible pitfalls with MOS techniques.

— Using a range of performance measures to look at dif-
ferent aspects of the modelled precipitation shows the
benefits of using more sophisticated MOS techniques in
comparison with simpler schemes.

— Distribution scaling using a fitted gamma distribution
conditioned on objectively classified Lamb weather
types proved to be the better method in comparison with
the direct method and the quantile-quantile mapping,
however the results are not significant.

The development of RCMs moves constantly towards
higher resolution and improvement in the parameterisation
of physical parameters, and it is possible that these improve-
ments will lead to the reduction in model errors. The recently

www.nonlin-processes-geophys.net/19/623/2012/ Nonlin. Processes Geophys., 1968332012



632 F. Wetterhall et al.: Conditioning model output statistics of regional climate model precipitation

launched CORDEX aims to run RCMs with higher resolu- Demargne, J., Brown,J., Liu, Y., Seo, D.-J., Wu, L., Toth, Z., and
tion, on the order of 10 km, and over many more regions of Zhu, Y.: Diagnostic verification of hydrometeorological and hy-
the world than what are presently available. The impact com-__drologic ensembles, Atmos. Sci. Lett,, 11, 114-122, 2010.
munity will have the ability to perform studies over regions Dibike, Y. B. and Coulibaly, P.: Hydrologic Impact of Climate
where to date few studies have been done, for example in arid Change in the Saguenay Watershed: Comparison of Downscal-
and mountainous regions. The challenge in these regions will g‘go';/'etmds and Hydrologic Models, J. Hydrol., 307, 145-163,
not only be to develop models that can describe the necessagy.. E_" Primo, C., Gata-Moya, J. A., Gugrrez, J. M., and Orfila,
processes, but also to tackle the problem of data availability. B.: Statistical and dynamical downscaling of precipitation over
Spain from DEMETER seasonal forecasts, Tellus A, 57, 409—
423, 2005.
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