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ABSTRACT
Using a 20-year ECMWF ensemble reforecast data set of totatgeipitation and a 20-year
data set of a dense precipitation observation network in th&letherlands, a comparison is
made between the raw ensemble output, Bayesian model averag (BMA) and extended
logistic regression (LR). A previous study has indicated BM and conventional LR to be
successful in calibrating multi-model ensemble forecasi$ precipitation for a single forecast
projection. However, a more elaborate comparison betweemese methods has not yet been
made. This study compares the raw ensemble output, BMA and &nded LR for single-
model ensemble reforecasts of precipitation, namely frorhe ECMWF ensemble prediction
system (EPS). The raw EPS output turns out to be generally wktalibrated up to 6 forecast
days, if compared to the area-mean 24-h precipitation sum.ugprisingly, BMA is less skillful
than the raw EPS output from forecast day 3 on. This is due to th bias correction in
BMA, which applies model output statistics to individual ersemble members. As a result,
the spread of the bias-corrected ensemble members is deseel especially for the longer
forecast projections. Here an additive bias correction ipplied instead and the equation for
the probability of precipitation in BMA is also changed. These modi cations to BMA are
referred to as "modi ed BMA" and lead to a signi cant improvement in the skill of BMA for
the longer projections. If the area-maximum 24-h precipiteon sum is used as a predictand,
both modi ed BMA and extended LR improve the raw EPS output sgni cantly for the rst
5 forecast days. However, the di erence in skill between moed BMA and extended LR
does not seem to be statistically signi cant. Yet, extended. R might be preferred, because
incorporating predictors that are di erent from the predictand is straightforward, in contrast

to BMA.



1. Introduction

Ensemble prediction system (EPS) forecasts are routinelyqduced by several institutes
around the world. Despite their relatively high skill, medum-range EPS forecasts still su er
from underdispersion, especially in the early forecast rga, so calibration is needed. In the
last couple of years a number of studies have addressed tteeiessof how ensemble forecasts can
best be calibrated (e.g. Wilks 2006a; Wilks and Hamill 2007)n Wilks (2006a) a comparison
was made between a large number of statistical methods, suah logistic regression (LR;
Brelsford and Jones 1967; Wilks 2006b), Bayesian model aaging (BMA; Raftery et al.
2005), non-homogeneous Gaussian regression (NGR; Gnegitiet al. 2005) and Gaussian
ensemble dressing (GED; Roulston and Smith 2003; Wang andsBop 2005).

Wilks (2006a) used ensemble forecasts based on the Loren29@) model; the variable
from that model has a Gaussian distribution. In his study thefollowing three methods
turned out to be the best: LR, NGR and GED. Subsequently, Wilk and Hamill (2007)
investigated the skill of these three methods using a 25-yeansemble reforecasting data set
for temperature and precipitation on the basis of a 1998 veosn of the NCEP Global forecast
system (GFS) ensemble system. LR and NGR generally were thedb methods. However,
they concluded that di erences in the lengths of the trainig periods usually produced larger
skill di erences than the three di erent statistical methods did.

BMA did not turn out to be among the best three methods in the aidy of Wilks (2006a).
He concluded that BMA generated less good forecasts, mairlgcause ensemble underdis-
persion was overcorrected for forecasts of relatively raegents (with the threshold being the

lowest decile). The best methods for these relatively rarerents were NGR and LR. Bishop



and Shanley (2008) recently proposed a paradigm shift to xhe problematic treatment of
the extremes in BMA. In an other study (Sloughter et al. 2007)in which multi-model ensem-
ble forecasts of precipitation were calibrated, LR and the BA version for precipitation show
comparable Brier skill scores (e.g. Wilks 2006b) for a largange of precipitation thresholds,
but BMA scores better for the extremes. Besides, BMA has thedsantage, in contrast
to (conventional) LR, that the total probability density fu nction (pdf) can be estimated.
However, Wilks (2009) extended LR to provide full-probabity-distribution forecasts, which
undoes this advantage of BMA.

BMA for Gaussian-distributed predictands (Raftery et al. 205) was used in the com-
parison study of Wilks (2006a); BMA for gamma-distributed pedictands like precipitation
(Sloughter et al. 2007) was not investigated by Wilks and Haith (2007). Sloughter et al.
(2007) made a comparison between the performance of BMA andngentional LR for one
forecast projection, but a more elaborate comparison hastnget been made. Therefore, our
study compares the performance of the Sloughter et al. (200#rsion of BMA and a modi-
ed version thereof (called "modi ed BMA"; section 3b) with the performance of extended
LR (Wilks 2009) using a 20-year (1982-2001) ECMWF EPS refarast data set. This data
set was also used in Hamill et al. (2008), but they used only meentional LR to calibrate
the precipitation forecasts.

The following questions will be addressed in this study. (hlow do the extended LR, BMA
and modi ed BMA methods perform in calibrating ECMWF EPS precipitation forecasts?
Note that for this single-model ensemble the BMA weights anplarameters of the component
pdfs are constrained to be equal (Fraley et al. 2010). (ii) Kois the behavior of these methods

for the extremes? (iii) Does the expansion of the training p@d to include days from the
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same season in previous years improve the performance of ¢ined) BMA, as suggested by
Sloughter et al. (2007)?

In section 2 the ECMWF EPS reforecast data set and the prediahds are described, and
in section 3 the extended LR, BMA and modi ed BMA methods. In sction 4 an example
of the performance of the BMA and extended LR forecast systenduring a day with heavy
rain is presented, and in sections 5 and 6 some of the veri ¢gan results for area-mean and
area-maximum precipitation forecasts are described, resgtively. Finally, in section 7 the

results are summarized and discussed.

2. Reforecast data and predictand de nitions

The data sets used in this study are precipitation observains from the observation net-
work of volunteers in the Netherlands (subsection 2b; Heiger and Nellestijn 2002) and
precipitation data from a reforecasting experiment with te ECMWF EPS system (subsec-

tion 2a; Hamill et al. 2008).

a. ECMWEF EPS reforecast data

Hamill et al. (2008) also used this ECMWF reforecast data setwhich consists of a
15-member ensemble reforecast computed once weekly frond@QTC initial conditions,
provided by the 40-yr ECMWF Re-Analysis (ERA-40; Uppala andCoauthors 2005), for
the initial dates of 1 September to 24 November. The maximunead time was 10 days.

These forecasts were computed for the period 1982-2001. Mbdycle 29r2 was used, with



T255 horizontal resolution and 40 vertical sigma-coordirta levels. In our study the total
precipitation forecast data are used with a1 1 resolution and accumulated from 0600-
0600 UTC. The forecast horizons that are considered rangeimn +30 h (i.e. 6-h to 30-h
projections) to +150 h (i.e. 126-h to 150-h projections), ahnot longer because of the limited

predictability of precipitation.

b. Observations and predictand de nitions

For the observations both the area-mean and the area-maximu24-h accumulated pre-
cipitation amount at 0800 UTC for 1 1 grid boxes are calculated. These calculations are
based on precipitation measurements, which are performeaily at 0800 UTC by a dense
network of volunteers across the Netherlands (Fig. 1). Therare 12 grid boxes containing
observation sites. Note the di erent number of stations pegrid box, as well as the inevitable
2-h time di erence between observations and model output. Ais appears to have only a
minor e ect on the results and conclusions. The observationetwork of volunteers is used
instead of radar data, because data from 1982-2001 are nekdad the two current radar
systems in the Netherlands have only been operated since 799he BMA predictand is de-
ned as the pdf of the area-mean or area-maximum 24-h accurnatéd precipitation amount
at 0800 UTC fora 1 1 grid box. For the extended LR method the same predictand is

used as for BMA.



3. Statistical methods

a. Extended logistic regression

In the extended logistic regression method (Wilks 2009) tHferecast probability p is given

by:

p(q)
1 p(g)

with g(q) being a nondecreasing function of the threshold In this way the full probability

In(

)= dot g(Q) + dixy + doXo + i+ dpXp; Q)

distribution can be estimated, in contrast to conventionalogistic regression. The thresholds
that are used are 0, 1, 5, 10 and 15 mm for area-mean precipitat, and 0, 1, 5, 10, 15, 20 and
25 mm for area-maximum precipitation. The predictors¢;(i = 1;2;:::;;n) and those ing(q)
are selected via a so-called forward stepwise selection hwd (Wilks 2006b). As in Wilks
(2009) the precipitation threshold and its square root aresed as potential predictors irg(qg).
At each step, a predictor is chosen that produces the best regsion in conjunction with
the predictors chosen on previous steps; herewith a signacce probability threshold of 0.05
is speci ed. Each chosen predictor is kept in the equation less the speci ed signi cance
probability of 0.10 is exceeded at a following step. The reggsion coe cientsd; and those
in g(g) are determined using the maximum likelihood method (Wilk2006b), an iterative
method that maximizes the product of all computed probabities of the (non-)occurrence of
the events in the training data set. The training period is algling window of the previous
w cases of forecasts and verifying observations. In order tacrease the samples, data from

the 12 grid boxes are pooled, so that the total length of the &ining set is 12 w. We use



cross validation (e.g. Wilks 2006b) for all veri cation reslts in this study (sections 5 and 6).
Apart from the precipitation threshold and its square root @s in Wilks 2009), the square
root and cube root (Sloughter et al. 2007) of the ensemble nretotal precipitation (TP) are
used as potential predictors, as well as the ensemble mearhs square root of TP. Besides,
the TP ensemble standard deviation, its square and cube ro@tamill et al. 2008) are used
as potential predictors, as well as the percentages of thesemble members exceeding TP
amounts of 1, 5 and 10 mm, respectively. Non-precipitatioraviables, like convective indices,
could also have been used, but these were not included heremiake the comparison with
the raw ensemble output and BMA as clean as possible. The twoeglictors that are selected
are the square root of the precipitation threshold and the esemble mean of the square root
of TP. These predictors are used as the only predictors in E(L) for all forecast projections
(+30, +54, +78, +102, +126 and +150 h). The rst predictor is t he same as in Wilks (2009)
and the second one performed slightly better than the squareot of the ensemble mean of

TP, which was selected as the second predictor in his study.

b. (Modi ed) Bayesian model averaging

For an extensive treatment of BMA for precipitation the reaer is referred to Sloughter
et al. (2007). Here only a relatively short description of ta method is given, largely based
on that paper. However, a few important modi cations to the onventional BMA method
are proposed in this study.

The BMA model for the forecast pdf of the cube root of precipétion accumulationy for



a K-member ensemble is (witlK = 15 in this case):

X
plyifi; k) = WiEP(y =0jfi)lly = 0]+ P(y > Oif Ja(yifi)l ly > Olg;  (2)
k=1
where the rst part between the accolades computes the probgity of zero precipitation as a
function of f, i.e. the forecast from ensemble membér(k = 1;:::;K), and the second part
computes the pdf of the precipitation amount given that it isnonzero. The weightw, is the
posterior probability of ensemble membek being best, and the general indicator function

[ [:::] is unity if the condition in brackets holds and zero othervsie. BesidesP(y = 0jfy) is

speci ed by

P(y =0jfx)

logitP(y = 0jfy) log m

= ag + af kl=3+ ax k; (3a)

where | is equal to 1 iffy = 0 and equal to O otherwise. In this study also an alternative

expression forP (y = 0jfy) is applied, namely:

logitP (y = 0jf,) = logit P(y = 0jf 1; 1 fx ) = ad + f oo (3b)

a
K k=1
Note that this expression for the probability of precipitaion (POP) is similar to the one
used often in ensemble model output statistics (e.g. Wilksnd Hamill 2007; Hamill et al.
2008).

In EqQ. (2) the conditional pdf g«(yjfk) of the cube root precipitation amounty given that

it is positive is a gamma distribution with pdf

: 1
& (Vif) = ——7—=y * exp( y= «); (4)
k ( k)
with  being the gamma function (e.g. Wilks 2006b). The paraneters = 2= 2 and

k = 2= i of the gamma distribution depend orf through relationships for the mean
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and the variance ¢ of that distribution. The mean is given by:
k = box + buf k1=3 (5a)

For the mean also an alternative relationship is applied inhis study, namely an additive
bias correction, which is similar to the ones proposed by VEibn et al. (2007a) and Hamill

(2007) for Gaussian predictands:
(= o+ 1 (5b)

with i, f.°. The variance of the gamma distribution is given by:
f= o+ cfy (6)

The BMA method with the modi ed POP (Eq. (3b)) and the additive bias correction
(Eq. (5b)) is referred to as "modi ed BMA" in this paper. The reason for these modi cations
to BMA is as follows: In calibrating an ensemble, model outgstatistics (MOS; Glahn and
Lowry 1972; Wilks 2006b) should not be applied to individuaensemble members, as this
decreases the spread of the ensemble, especially for thegrforecast projections for which
the individual ensemble members are regressed towards thHienatological mean (e.g. Wilks
2006a). This is further discussed in section 5. For the variae of the gamma distribution
(Eq. (6)) an alternative expression could have been used asllye.g. only a constant, but it
was not modi ed here, because in general the value of in Eq. (6) appears to be close to 0
anyway.

As is also done in the extended logistic regression modeléprous subsection), the param-
eters are estimated using data from a training period, i.e. gliding window of the previous

w cases of forecasts and verifying observations. The datarfidhe 12 grid boxes are also



pooled, so that the total length of the training set is 12 w. The parametersag; a;x and
ax or aJ and a2 are estimated by logistic regression with yes/no precipiteon as the binary
predictand, and the parametersly and by, are determined by linear regression with the
nonzero precipitation observations as cases and the cubet®f the precipitation amount
as the predictand. Alternatively, i, is determined by subtracting the mean value of the
cube root of the forecast precipitation from the mean valuefahe cube root of the observed
precipitation amount, also with the nonzero precipitationobservations as cases.

The parametersWy; ¢, and ¢; are estimated by the maximum likelihood technique (Wilks
2006b) from the training data. The log-likelihood functiorfor the BMA model (2) (Sloughter
et al. 2007) is maximized numerically using the so-called gactation-maximization (EM)
algorithm. Because in this study the 15 ensemble members cerfrom a single model,
they are exchangeable and therefore the BMA weight#/, are constrained to be equal and
have a value ofk each (Raftery et al. 2005; Wilks 2006a; Hamill 2007; Fraley al. 2010).
Hence onlyc, and c¢; have to be estimated by the maximum likelihood technique. Bales,
ax = & (i=0;1,2),b =h (j =0;1) and ), = i min(f.=>; ;£ 7°), which means
that these parameters are also the same for each ensemble tnemn this case. In this study
we use the same values @f and c¢; for modi ed BMA as for conventional BMA. Sensitivity
tests indicate that this choice probably has a minor impact o the veri cation results, as

will be discussed in section 7.
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c. BMA versus extended LR

An advantage of BMA compared to extended LR is that one can stato produce the
forecast pdfs readily, once the software is installed and alatively short archive of forecasts
and observations is available, without having to derive regssion equations rst, using a
relatively long archive. A disadvantage of BMA is that it is rot straightforward to use
predictors that are di erent from the predictand because othe BMA model formulation

(Eg. (2)), whereas it is straightforward to use those predtors in extended LR (Eq. (1)).

4. Example of a heavy rain case

In this section the BMA and extended LR forecasts for a heavyam case, i.e. for the 24-h
accumulated area-mean precipitation on 25 September 198800 UTC, are presented. All
forecasts are based on the 54-78 h accumulated EPS TP refasts from the 22 September
1988 0000 UTC run.

Following Sloughter et al. (2007), the example in Fig. 2a uistrates how the BMA method
works. Fig. 2a shows the raw ensemble forecasts, the prob#ypiof zero precipitation, and
the BMA predictive pdf and its components, namely the weigl#d contributions from the
bias-corrected ensemble members, for the grid box$%3 4.5 E, 515 525 N) for a training
window length of 247 cases (19 autumns). The probability ofxeeeding a given amount is
given in Fig. 2a by the proportion of the area under the BMA pd{upper curve) to the right
of it.

The 24-h accumulated precipitation probability forecastdor all 12 grid boxes, valid at
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0800 UTC on 25 September 1988, computed by the BMA system withtraining window
of 247 cases, are shown in Fig. 2b. The probabilities of exde® a precipitation threshold
of e.g. 10 mm are between 7 and 18% (dependent on the grid boxjJhe corresponding
probabilities from the extended LR system (with the same triaing window of 247 cases)
are between 2 and 42% (not shown). On the other hand, the raw BPoutput shows 0
to 6 members exceeding 10 mm of TP in this case, and the climkigical probabilities of
10 mm are between 7 and 12%. Therefore, it can be concluded ttha this case most
forecast probabilities of 10 mm are higher than normal, and already give an indicationfo
high precipitation amounts 2-3 days before. Yet, the highe8MA probabilities of exceeding
the higher precipitation thresholds have been forecast ihé northern grid boxes (Fig. 2b),
whereas the highest amounts have been observed in the sowktern grid boxes (Fig. 2c). In
the 9 most southern grid boxes the amount of 10 mm has been eaded and the maximum
observed amount at a station is 83 mm. Of course, (probabiit forecasts cannot be veri ed

using only one case, so objective veri cation results are wgoresented.

5. Veri cation results for area-mean precipitation fore-
casts

In this section veri cation results are shown for the area-man precipitation forecasts.
All veri cation results are based on spatially pooled crossalidated data from the autumns

of the 1982-2001 period =20 13 12 =3120).
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a. Veri cation of the BMA system with the raw EPS as the refemce

In this subsection the BMA system is veri ed and the optimum BJA training window
length is determined. Following Raftery et al. (2005) and 8ughter et al. (2007), the con-
tinuous ranked probability score (CRPS) is used to determanthe optimum training window
length, but here the CRPS is transformed into a skill score (@ Wilks 2006b), the continu-
ous ranked probability skill score (CRPSS), with the raw ersnble as the reference. First,
in Fig. 3a the CRPSS of the BMA system is shown as a function afriecast projection for a
training window length w = 247, and Fig. 3b shows the CRPSS as a function of the training
window length w for the 126-h forecast projection. The behavior of the CRPS& a function
of w is similar for the other projections. Remember that the tempral resolution of the EPS
reforecasting dataset is 1 week (section 2a), so that the tneng window length is 1, 5, 10,
15 or 19 autumns.

Only for the 30-h forecast projection the CRPSS is generallyositive, indicating that
the BMA system has more skill than the raw ensemble. From the45h projection on, the
BMA system is as skillful as or less skillful than the raw ensgble, the latter being an
undesirable property of a statistical post-processing mebdd based on that raw ensemble.
We will investigate this issue further in the next subsectio. In general the CRPSS increases
as a function ofw (e.g. Fig. 3b). The same is true for modi ed BMA and for extendd LR
(not shown), in accordance with Fig. 14 of Hamill et al. (2004 Therefore, the maximum

window length w = 247 is used for all subsequent veri cation results.
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b. Veri cation of raw EPS versus (modi ed) BMA and extended IR

In this subsection Brier skill scores (BSS), the Brier scoréBS) decomposition terms
reliability and resolution (e.g. Wilks 2006b), and relialdity diagrams are used to study the
di erences between the raw EPS, BMA, modi ed BMA and extendd LR. Each panel of
Fig. 4 shows the BSS as a function of the precipitation threskd for these methods, and the
uncertainty in the BSS is indicated by 90% block bootstrap eodence intervals (e.g. Efron
and Tibshirani 1993; Wilks 2006b), with the 12 grid boxes beg blocked together. Figure 4a
shows the BSS for the 30-h forecast projection, Fig. 4b foreh78-h projection and Fig. 4c
for the 126-h projection.

The BSS generally decreases as a function of the precipitati threshold, as expected.
However, the lower BSS of especially the raw EPS TP for the Ommthreshold, compared
to the 1-mm threshold, is due to the fact that NWP models ofterproduce spurious light
precipitation. In accordance with Fig. 3a, it can be conclugdd from Fig. 4 that the BMA
system improves on the skill of the raw EPS for the 30-h projgon, but it is much less
skillful than the raw EPS for the 78-h and 126-h projections.

When looking at the values of the coe cientby, in the equation for the mean of the gamma
distribution (Eg. 5a) it is clear what causes this bad perfanance of BMA for the longer
forecast projections. Whileb, is about 0.6 for the 30-h forecast projection, it decreases t
only 0.3 for the 126-h forecast projection. In other wordshe spread of the bias-corrected
ensemble members is decreased to a large extent for the lonigeecast projections, leading
to a post-processed ensemble that is underdispersed. Thasen is that MOS is used for the

bias correction of the individual ensemble members, leadjto a regression of the individual
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ensemble members towards the climatological mean.

If the additive bias correction (Eg. 5b) is applied insteadtogether with the modi ed POP
formulation (Eq. 3b), the performance of BMA is substantidly improved for the 78-h and
126-h projections (Figs. 4b and 4c). On the other hand, the ndoed BMA system is about
as skillful as the conventional BMA system for the 30-h pro@ion (Fig. 4a). Generally, the
di erence in skill between the raw EPS, extended LR and moded BMA does not seem to be
statistically signi cant. An exception is the 0-mm threshdd, for which the skill of extended
LR and modi ed BMA is signi cantly better than the raw EPS, due to the spurious light
precipitation in the EPS. The di erence in skill between exénded LR and conventional LR
(with the ensemble mean of the square root of TP as the only mietor for each threshold)
is also not signi cant (not shown), in accordance with the rsults of Wilks (2009).

To explore the di erences between the methods in more detaileliability diagrams for
the 30-h and 126-h projections are shown in Fig. 5 and 6, respieely. In these gures
the diagrams are shown for the raw EPS (panel a), the extendédR system (panel b), the
conventional BMA system (panel c), and the modi ed BMA systen (panel d), all for the
5-mm threshold. For the 30-h projection the raw EPS is rathewell calibrated, but both its
reliability and resolution can be improved by extended LR, BIA or modi ed BMA, with
the di erences between the three post-processing methodsibg small.

Even for the 126-h projection the raw EPS is well calibratedHig. 6a). While the extended
LR system (Fig. 6b) shows both better reliability and betterresolution than the raw EPS,
the conventional BMA system (Fig. 6¢) shows both worse reldity and worse resolution
than the raw EPS, resulting in the worst BSS of all methods. Té concentration of the

forecast probabilities around the climatological probality can be clearly seen. This lack
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of sharpness may be a result of the individual ensemble membdeing regressed towards
the climatological mean as well as being dressed with gammdestribution kernels that have
rather constant and similar variance for each ensemble mesib The latter is due to the value
of the coe cient ¢, in EqQ. 6 being close to 0, i.e. the variance of the kernel haydilepends on
fx. On the other hand, the reliability diagram of the modi ed BMA system (Fig. 6d) shows
much sharper probabilistic forecasts. Because the kernelriance in the modi ed BMA is
the same as the kernel variance in the conventional BMA, thisannot explain the di erence
in sharpness. It is therefore the MOS-based bias correctiavhich is largely responsible
for the lack of sharpness in the probabilistic forecasts ohé conventional BMA at long
leads. The modi ed BMA system shows an enormous skill imprement compared to the
conventional BMA system, and has better resolution but woesreliability than the raw EPS,

which compensate each other to a large extent in terms of theiBr score.

6. Verication results for area-maximum precipitation
forecasts

The previous section showed that the raw EPS is rather well karated using area-
mean precipitation as the predictand. A less well calibrate EPS can be simulated using
area-maximum precipitation as the predictand. Moreover, pbability forecasts for area-
maximum precipitation are relevant in their own right. Therefore, veri cation results are
shown for the area-maximum precipitation forecasts in thisection. Again these results are

based on spatially pooled cross-validated data from the awnns of the 1982-2001 period
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(N = 3120).

a. Verication of the BMA system with the raw EPS as the refenmce

Figure 7 shows again the CRPSS of the BMA system as a functiohforecast projection,
but now for the area-maximum precipitation forecasts. The RPSS is now positive for the
30-h, 54-h and 78-h forecast projections, indicating thatie BMA system has more skill than
the raw ensemble for these projections, and it decreases lwihcreasing projection. From
the 102-h projection the BMA system is (about) as skillful ashe raw ensemble, which can

again be improved using modi ed BMA (next subsection).

b. Veri cation of raw EPS versus (modi ed) BMA and extended IR

Figure 8 shows the BSS as a function of the precipitation thsdold for the raw EPS,
the extended LR system, the BMA system and the modi ed BMA syem. Figure 8a shows
the BSS for the 30-h forecast projection, Fig. 8b for the 784brojection and Fig. 8c for the
126-h projection.

In accordance with Fig. 7 it can be concluded from Fig. 8 thatite BMA system improves
on the skill of the raw EPS for the 30-h and 78-h projections lwnly slightly for the 126-h
projection. Again, if the additive bias correction (Eq. 5b)is applied instead, together with
the modi ed POP formulation (Eq. 3b), the performance of BMAIs substantially improved
for the 78-h and 126-h projections (Figs. 8b and 8c). On the lm¢r hand, the modied
BMA system is about as skillful as the conventional BMA systa for the 30-h projection

(Fig. 8a). For all projections the raw EPS can be improved sigcantly by statistical
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post-processing. However, this is to be expected as the EPSniot intended to forecast
area-maximum precipitation. Both modi ed BMA and extendedLR are much more skillful
than the raw EPS, but the di erence in skill between the two pst-processing methods does
not seem to be statistically signi cant. For the extremes tlese methods shows a substantial
skill improvement as well (compared to the raw EPS).

To explore the di erences between the methods in more detaileliability diagrams for
the 126-h projection are shown in Fig. 9. It shows these diagns for the raw EPS (panel
a), the extended LR system (panel b), the conventional BMA stem (panel c), and the
modi ed BMA system (panel d), all for the 10-mm threshold. The raw EPS is not well
calibrated of course, as it underforecasts the area-maximuprecipitation amounts to a
large extent (Fig. 9a). The extended LR system (Fig. 9b) shawboth better reliability and
better resolution than the raw EPS. The conventional BMA sy&em (Fig. 9¢) shows the
same reliability and somewhat better resolution than the na EPS. On the other hand, the
modi ed BMA system (Fig. 9d) again shows an enormous skill iprovement compared to
the conventional BMA system, and has both better reliabily and better resolution than the
raw EPS. However, it shows somewhat worse reliability and selution than the extended

LR system.

7. Summary and discussion

Using a 20-year ECMWF EPS reforecast data set of total predtption (Hamill et al.
2008), and a 20-year data set of a dense precipitation obsation network in the Netherlands

(Fig. 1), a comparison has been made between the raw EPS out@and EPS output post-
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processed with either BMA (Sloughter et al. 2007; Fraley etl.a2010) or extended LR (Wilks
2009). The raw EPS output turns out to be generally well caliated up to 6 forecast days,
if compared to the area-mean 24-h precipitation sum. Suringly, BMA is less skillful than
the raw EPS output from forecast day 3 on (Fig. 3a). This is du¢o the bias correction in
BMA, which applies MOS to individual ensemble members. As asult, the spread of the
bias-corrected ensemble members is decreased, espedatlyhe longer forecast projections.
Here an additive bias correction has been applied instead,hieh is similar to the ones
proposed by Wilson et al. (2007a) and Hamill (2007) for Gauss predictands. Besides,
the equation for the probability of precipitation in BMA has also been changed. These
modi cations to BMA, referred to as "modi ed BMA", lead to a signi cant improvement in
the skill of BMA for the longer projections (Fig. 4). If the arra-maximum 24-h precipitation
sum is used as a predictand, both modi ed BMA and extended LRmprove the raw EPS
output signi cantly for the rst 5 forecast days (Fig. 8).

Considering the questions posed in the introduction, the lowing additional conclusions
can be drawn from this study: (i) Modi ed BMA performs better than conventional BMA
(Sloughter et al. 2007) for the longer projections, when aped to a single-model ensemble (in
this case the ECMWF EPS), in which case the weights and the pameters of the component
pdfs are constrained to be equal (Fraley et al. 2010). Exterd LR is also more skillful than
conventional BMA for the longer projections, whereas the @rence in skill between modi ed
BMA and extended LR does not seem to be statistically signiant (Figs. 4 and 8). Extended
LR might be preferred, however, because incorporating prietbrs that are di erent from
the predictand is straightforward, in contrast to BMA. (i) For the extremes of the area-

maximum precipitation both modi ed BMA and extended LR showa substantial increase
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in skill compared to the raw EPS (Fig. 8), but they might be impoved. As noted before,
Bishop and Shanley (2008) adjusted the BMA method, so that its more appropriate for
the extremes, but to date that was only done for Gaussian predands. The behavior of
extended LR might be improved by including non-precipitatbn variables (e.g. convective
indices) as potential predictors and/or by including more xtreme thresholds in the training

set. Another approach might be to use conventional LR for thextremes, with conditional

instead of absolute probabilities for the higher threshokj which is an approach similar to
e.g. Schmeits et al. (2005, 2008). (iii) The expansion of thaining period to include weekly
data from the same season beyond 5 previous years (i.e. 65esaggenerally only slightly
improves the performance of BMA (e.g. Fig. 3b) and modi ed BM (not shown); probably

nearly the same number of training seasons are necessary aflyl instead of weekly data
would have been available (cf. Figs. 14 and 15 of Hamill et &004).

Wilson et al. (2007a) and Hamill (2007) also proposed similadditive bias corrections,
but those corrections did not generally improve the skill oBMA for Gaussian predictands
(Wilson et al. 2007a,b). This should be investigated furthe as one would expect the BMA
results to improve for the longer forecast projections if aan-MOS based bias correction is
applied.

The additive bias correction (Eq. 5b) improves the perfornace of BMA signi cantly, but
it works only for underforecast biases or overforecast bes that do not violate either the
constraint b, f I for non-exchangeable members f, = 4 min(f;=>; £ 0°) for
exchangeable members. To account also for larger overf@sicbiases than these constraints
allow, another approach might be followed, for instance a gection based upon mapping

from the forecast quantile to the observed quantile (Hamiland Whitaker 2006). However,
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Hamill and Whitaker (2006) noted that there are problems wit that quantile remapping
too.

In our study we have used the same variance coe cients, and ¢, (Eq. 6) for modi-
ed BMA as for conventional BMA. Sensitivity tests, where the kernel variance has been
increased and decreased by 20% compared to the original \ellhave shown that the Brier
skill scores do not change signi cantly. Therefore, the inget of tting the variance coe -
cients for modi ed BMA, using the EM algorithm, would probally be small.

Although we have found that the raw EPS is already well calilated, Hamill et al. (2008)
found that it could be signi cantly improved using conventonal LR. This di erence might
be related to the di erences in temporal and spatial discr&ation, which was ner in their
study, as well as to the di erent orography in the countriesdr which the calibration was done:
the Netherlands (at with only a few hilly areas) versus the & (with many mountainous
areas). As is well known, orography plays an important rolaithe formation of precipitation,
and (global) NWP models su er both from an inaccurate represntation of orography due
to their relatively low resolution, as well as from de cienies in the precipitation formation
process.

It would be interesting to repeat this study for the latest réorecasting data set that is
now available, in which the varEPS system has been used (Hdgen 2008), and to extend it
to other predictands as well. It would also be interesting tanvestigate how modi ed BMA
and extended LR perform on a multi-model ensemble. Result®©m such studies could then

be used to answer the question how ensemble forecasts cart bescalibrated.
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List of Figures

1

Locations of precipitation stations (dots) in the Nethefnds. The stations

that were operational in the whole period from 1982-2001 aused in this study. 30

(a) BMA- tted probability density function (pdf) of 24-h a ccumulated mean
precipitation in the grid box (3:5 45 E, 515 525 N) on 25 September
1988 0800 UTC for a training window lengthw of 247 cases (after Sloughter
et al. 2007). The thick vertical line at zero represents the BA estimate of
the probability of no precipitation, and the upper solid cuve is the BMA
pdf of the precipitation amount given that it is nonzero. Thelower curves
are the components of the BMA pdf, namely the weighted contsutions from
the bias-corrected ensemble members, and the squares repre the ensemble
member precipitation forecasts. (b) BMA stacked bar graphf@4-h accumu-
lated precipitation probabilities for the 12 grid boxes on 2 September 1988
0800 UTC forw = 247. The numbers 1-3 indicate the northern grid boxes
from west (W) to east (E), 4-8 the central boxes from W to E, an®-12 the

southern boxes from W to E (see panel (c)). (c) Observed 24-lc@mulated

mean precipitation (mm) in the 12 grid boxes on 25 Septembe®&8 0800 UTC.
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CRPSS (%) of the BMA system for 24-h accumulated area-mearegipitation
with respect to the raw EPS, (a) as a function of the forecastrpjection
for a BMA training window length w = 247, and (b) as a function of the
BMA training window length for the 126-h forecast projectio. Each box-
and-whisker plot shows the following statistics for the anml CRPSSs from
1982 - 2001 (autumns only): The lower limit of the box gives #0.25 quartile
(9o:25) and the upper limit gives the 0.75 quartile (g.75) of the annual CRPSSs.
The line inside the box is the median (gso). The whiskers indicate the spread
of the CRPSSs, apart from outliers. Outliers are represerttdoy an open circle
(0), when they are more than 1.58 boxlengths away fromy.es Or go.7s.

Brier skill score (%) of area-mean precipitation forecast with respect to
sample (i.e. the autumns of 1982-2001) climatology, as a fition of the pre-
cipitation threshold (mm) for the raw EPS output (black), extended logistic
regression (red), BMA (dashed blue) and modi ed BMA (solid lue); the ver-
tical bars indicate the 90% block bootstrap con dence intesals (e.g. Efron
and Tibshirani 1993; Wilks 2006b). (a) 30-h projection; (b)/8-h projection;

(c) 126-h projection.
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Reliability diagrams of +30-h area-mean precipitation feecasts for the 5-
mm threshold for: (a) the raw EPS output, (b) extended logist regression
(w = 247), (c) BMA (w = 247), and (d) modied BMA (w = 247). The
veri cation period is from 1982 - 2001 (autumns only). In thee diagrams the
observed frequencies are shown, conditional on each of tieférecast proba-
bilities (indicated by diamonds). For perfectly reliable érecasts these paired
guantities are equal, yielding all points in the diagram fdihg on the diagonal
line. The dashed line indicates the sample climatology. Thieistogram on
the right in each panel portrays the relative forecast distbution. Here BS is
short for Brier score, UNC for uncertainty, REL for reliabiity and RES for
resolution (e.g. Wilks 2006b), and N is the total number of cs.

As Fig. 5 but for +126-h area-mean precipitation forecastfor: (a) the raw
EPS output, (b) extended logistic regressionw = 247), (c) BMA (w = 247),
and (d) modi ed BMA (w = 247).

As Fig. 3a but for 24-h accumulated area-maximum precipiten.

As Fig. 4 but for area-maximum precipitation forecasts. (830-h projection;
(b) 78-h projection; (c) 126-h projection.

Reliability diagrams of +126-h area-maximum precipitatn forecasts for the
10-mm threshold for: (a) the raw EPS output, (b) extended logtic regression
(w = 247), (c) BMA (w = 247), and (d) modied BMA (w = 247). The
veri cation period is from 1982 - 2001 (autumns only). See thcaption of

Fig. 5 for more information.
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Fig. 1. Locations of precipitation stations (dots) in the Nethelands. The stations that
were operational in the whole period from 1982-2001 are usedhis study.
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Fig. 2. (a) BMA- tted probability density function (pdf) of 24-h accumulated mean pre-
cipitation in the grid box (3:5 45 E, 515 525 N) on 25 September 1988 0800 UTC for
a training window length w of 247 cases (after Sloughter et al. 2007). The thick vertickne
at zero represents the BMA estimate of the probability of no qgcipitation, and the upper
solid curve is the BMA pdf of the precipitation amount given hat it is nonzero. The lower
curves are the components of the BMA pdf, namely the weightecbntributions from the
bias-corrected ensemble members, and the squares repretiem ensemble member precipi-
tation forecasts. (b) BMA stacked bar graph of 24-h accumuted precipitation probabilities
for the 12 grid boxes on 25 September 1988 0800 UTC for= 247. The numbers 1-3
indicate the northern grid boxes from west (W) to east (E), 8 the central boxes from W to
E, and 9-12 the southern boxes from W to E (see panel (c)). (c)Served 24-h accumulated
mean precipitation (mm) in the 12 grid boxes on 25 Septembe®&8 0800 UTC.
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Fig. 3. CRPSS (%) of the BMA system for 24-h accumulated area-megrecipitation with
respect to the raw EPS, (a) as a function of the forecast praggon for a BMA training
window length w = 247, and (b) as a function of the BMA training window length br the
126-h forecast projection. Each box-and-whisker plot shewthe following statistics for the
annual CRPSSs from 1982 - 2001 (autumns only): The lower linof the box gives the 0.25
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line inside the box is the median (gso). The whiskers indicate the spread of the CRPSSs,
apart from outliers. Outliers are represented by an open cile (0), when they are more than
1.58 boxlengths away from gps Or go.7s.
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Fig. 4. Brier skill score (%) of area-mean precipitation foreces with respect to sample
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(i.e. the autumns of 1982-2001) climatology, as a functionf the precipitation threshold

(mm) for the raw EPS output (black), extended logistic regrssion (red), BMA (dashed
blue) and modi ed BMA (solid blue); the vertical bars indicae the 90% block bootstrap
con dence intervals (e.g. Efron and Tibshirani 1993; Wilk2006b). (a) 30-h projection; (b)

78-h projection; (c) 126-h projection.
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Fig. 5. Reliability diagrams of +30-h area-mean precipitationdrecasts for the 5-mm thresh-
old for: (a) the raw EPS output, (b) extended logistic regreson (W = 247), (c) BMA
(w = 247), and (d) modi ed BMA (w = 247). The veri cation period is from 1982 - 2001
(autumns only). In these diagrams the observed frequenciase shown, conditional on each
of the 10 forecast probabilities (indicated by diamonds). & perfectly reliable forecasts
these paired quantities are equal, yielding all points in th diagram falling on the diagonal
line. The dashed line indicates the sample climatology. Theistogram on the right in each
panel portrays the relative forecast distribution. Here BSs short for Brier score, UNC for
uncertainty, REL for reliability and RES for resolution (eg. Wilks 2006b), and N is the total
number of cases.
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Fig. 9. Reliability diagrams of +126-h area-maximum precipitabn forecasts for the 10-mm
threshold for: (a) the raw EPS output, (b) extended logistiacegression v = 247), (c) BMA
(w = 247), and (d) modi ed BMA (w = 247). The veri cation period is from 1982 - 2001
(autumns only). See the caption of Fig. 5 for more informatio.
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