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Abstract

We evaluate two approaches for downscaling andreaing error estimates from
ensemble precipitation forecasts that are interiddae used to produce flood forecasts
based on global weather forecasts in ungauged lb@sins. We focus on the ability of
the approaches to reproduce observed forecassdmaugh comparison of 10-day daily
precipitation forecasts from the European CentreMedium Range Weather Forecasts
(ECMWF) ensemble prediction system (EPS). The tmethods compared are bias
correction and spatial downscaling (BCSD) and aalan technique. We perform
comparisons over the Ohio River Basin for the mkr2002-2006 for daily and 5-day
accumulations and for 0.25 and 1 degree spatialugésn. Mean forecast errors and
skills are evaluated with respect to Tropical RainMonitoring Mission (TRMM)
observations. Neither the BCSD nor the analog nteikaable to improve on forecast
prediction skill resulting from a simple spatiatarpolation benchmark. However, both
improve forecast reliability, although more so ftie analog technique. The BCSD
method improves the mean errors over all forecastuats (but not for large amounts),
and the downscaled precipitation patterns are listiea The analog technique reduces
mean forecast errors over a wider range of foreeasbunts, and the precipitation

patterns are more realistic.

Page | 2



1. Introduction

The ability to forecast large river floods globatlguld have substantial economic and
humanitarian benefits. Sophisticated flood foresgstems in the developed world have
been credited with reducing loss of life over reéatgrades (notwithstanding increases in
flood losses, which are largely attributable toré@ased development in flood plains,
Pielke et al. 2002). However, the benefits of ¢heystems do not extend to the
developing world, where in situ hydrometric networire often sparse (Hossain and
Katiyar, 2006).

Improvements in global weather prediction, and mecppitation observations and
nowcasts, both from satellite and numerical weagiediction systems, are beginning to
be implemented in undergauged areas. Asante €0fl7) describe a flood monitoring
system that uses satellite precipitation data argkrai distributed hydrologic model
which they apply over the poorly gauged LimpopodRibasin in Africa. Hopson and
Webster (2009) describe a method of producing fltoydcasts at two locations in the
Ganges and Brahmaputra basins in Bangladesh thdtldod Forecasting and Warning
System of Bangladesh integrates in their automsystem. The streamflow forecasts are
derived from European Centre for Medium Range WaratRorecasts (ECMWF)
Ensemble Prediction System (EPS) forecasts, TrbpgiRaanfall Monitoring Mission
(TRMM) 3B42 and CPC MORPHing technique CMORPH (&oyet al. 2004)
precipitation nowcasts, and NOAA Global Telecommneation System (GTS)
precipitation gauge data. An alternative globalrapph using TRMM Multi-satellite
Precipitation Analysis (Huffman et al. 2007) dataconjunction with a rainfall-runoff
model has been developed for near real time glébatl monitoring by Hong et al.

(2007) and evaluated by Yilmaz et al. (2009).
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In this paper, we analyze aspects of the downsgatih ensemble precipitation
forecasts, including precipitation forecast skildareliability, at the scale of large river
basins — typically 10— 1¢ km?>. The goal of a global approach for downscaling
precipitation forecasts is to provide better infation than presently exists for flood
alerts in under-instrumented areas and over laogeaths where no other flood forecast
system presently exists, recognizing that suchséery may well not perform as well as
regional systems where higher quality data arelavai Use of the precipitation
forecasts to produce flood forecasts will be th@d@f subsequent work. We investigate
here methods that utilize global forecast modellysis fields and remotely sensed
precipitation. Our objective is to produce pre@pdn ensemble forecasts, downscaled to
the spatial resolution of a grid-based hydrologydeidin our case, at one-quarter degree
grid resolution latitude by longitude) in locatiowkere in situ observations are lacking.

Among the downscaling techniques that are commuoséyl for precipitation forecasts
are model output statistics (MOS, Glahn and Lowdy2), precipitation field estimation
from probabilistic quantitative precipitation foests (Seo et al. 2000), probabilistic
guantitative precipitation forecasting (Sloughterak 2007) using methods such as the
Bayesian Average Model (BMA, Raftery et al. 2008)e National Weather Service
(NWS) Ensemble Precipitation Processor (EPP) whggs the Schaake Shuffle (Clark et
al. 2004), the analog approach (e.g., Hamill andt&br 2006) and the bias-correction
and spatial disaggregation approach of Wood ¢2@02).

All of these methods use high spatial resolutionaloobservations that are not
generally available globally. While some methodsynie adaptable to data sparse
conditions, all suffer from some limitations. Farsiance, in MOS, a regression is

performed between (retrospective) observations fanelcasts, and that regression is
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applied to produce a correction to forecasts irr meal-time. This requires a relatively
lengthy period of contemporaneous forecasts andereésons (changes in forecast
models and methods present a practical challenigedur case, a relatively short period
of overlap between observations and model outpyte@ss) is an issue in this respect.
Record length issues with MOS can be especiallgrgein arid regions; Clark and Hay
(2004) relate potential difficulties in developiMDS equations in dry regions due to the
small number of days with precipitation. They afs@ no improvement in general in

either the accuracy or the correlation with obserpeecipitation of the downscaled

precipitation forecasts in comparison with the favecasts over the United States.

Sloughter et al. (2007) adapted the Bayesian Médefraging (Raftery et al. 2005)
for probabilistic quantitative precipitation foreste. It is a combination of a logistic
regression model and a fitted gamma distributioat thutputs the “probability of
precipitation and full probability density functiofor the precipitation accumulation
given that it is greater than zero”. As for the M@8thod, it is applied independently to
observation stations.

Seo et al. (2000) produced daily ensembles of éuhasin mean areal precipitation
forecasts. They first downscale in space the pritibabf precipitation, conditional mean
and variance (similar to kriging) then do a cormmtil simulation of precipitation based
on the Probabilistic Quantitative Precipitation écast (PQPF, Krzysztofowicz 1998)
and the double optimal estimation (Seo et al. 199B¢ computational requirements of
the procedure are a challenge (Schaake et al. 2007)

The NWS Ensemble Prediction Program (EPP; Schaadkie 2007) addresses some of
the issues noted above via a two step method. &ssigle value forecast (deterministic

or ensemble mean) is used to derive parametersdoditional distributions of the
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forecast and observation pairs at each sub basatidm (or finer resolution grid cell,
called observed mean areal precipitation). Marguhiatributions are derived for both
daily events and n-day aggregates. These are gehta transform both the forecast and
the observation to new variables using the normiahtjle transform (they are assumed
to follow a Bivariate Normal Distribution). The sew step of the method uses this joint
probability distribution and the Schaake Shuffldaf& et al. 2004) to create ensemble
forecasts (mean areal precipitation) for each saginb The use of the Schaake Shuffle
and the possibility of aggregation facilitate thenservation of observed spatial and
temporal structure within the sub-basin. The metisadtended to provide forcings for a
hydrologic model which can forecast flow at a spedocation (outlet of the sub-basin).
It is not clear how small the sub-basins shouldamel the application of the method to
the larger domains we consider here (e.g., riveingawith drainage areas hundreds of
thousands of ki) would require additional development.

The bias correction and spatial downscaling (BC8pyroach of Wood et al. (2002)
is a two step method for seasonal forecasting whrclluces ensembles of quantitative
precipitation forecasts over relatively large domsawith a direct application of forcing a
hydrologic model. In Wood et al. (2002) the sdatisaggregation aspects of this
approach were applied one basin at a time; we punsve adaptations that will allow it
to handle large domains in a coherent manner, arfdrecasts much shorter than the
minimum of one month to which it has been previgagiplied.

The EPP and BCSD methods have essentially the spat@al constraint in that the
methods are applied independently to one or morer basins in order to conserve
spatial and temporal consistency at the sub-baswl.l A possible adaptation for larger

basins would be to implement the methods indepehdém each forecast grid cell,
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which generally are at a relatively coarse spa&ablution. In this respect, adapting the
Wood et al. (2002) BCSD should give an idea of timllenges that would be
encountered in adapting the EPP method to larger basins.

Analog methods (Hamill and Whitaker, 2006) requare observation dataset at the
desired fine spatial resolution and a reasonalliegef retrospective forecasts. In brief,
over a defined spatial window a daily forecastay d at lead time t is evaluated with a
set of retrospective daily forecasts over the sapsial window and for the same lead
time as the valid time of the forecasts. The ddtat tcorresponds to the closest
retrospective forecast becomes the analog andaresponding finer spatial resolution
observations over the spatial window become thendoaled forecast. This method was
developed to produce probabilities that specifiresholds will be reached but the
computation of the probabilities can be dropped tbsult being an ensemble of
guantitative forecasts needed for our application.addition, Hamill and Whitaker
(2006) introduced a spatial moving window for fingi the analog that makes the
methods applicable for large river basins.

In this paper, we focus on the BCSD method of Webdl. (2002) and the analog
approach of Hamill and Whitaker (2006) as the aalapts required to these two
methods for our application (forecast lead times déys to a week or more, large
ungauged spatial domains, and quantitative pregipit forecasts) seemed minimal, they
would mostly conserve the original methodology and computationally realistic, i.e.
the system should run in much less than real-tinth modest computer resources in
order to be feasible for real-time implementatidfe then compare the two methods for
application to medium range (maximum 10 days) elemrecipitation forecasts over a

large river basin (~500,000 Kin where we are able to evaluate the forecast akitl

Page | 7



accuracy for a range of spatial and temporal scales

The remainder of the paper is organized as folldsextion 2 describes the forecast
and observation data sets used throughout the .p&petion 3 describes adaptations of
the BCSD and the analog methods. Section 4 evaltladcedownscaling approaches over

the Ohio River Basin using observed precipitation.

2. Forecast and observation datasets

ECMWF EPS daily precipitation forecasts (up to Hysllead time). These forecasts
are for 6-hour accumulation periods (00-24 GMT)jchhwe aggregated to daily. Their
spatial resolution is one degree latitude by lamdgt and they span the 2002-2006
period. There are 51 ensemble members for eaclcasteln order to reduce the
computational burden, we formed reduced ensembiecésts of 15 members, which
included the control run (forecast without init@indition perturbation), and 14 members
randomly selected from the 50 perturbed forecashbass.

Both the BCSD and analog methods use in-situ obtiens for calibration and
downscaling. For this purpose we used the daily MRBB42 V6 Research Product
(Huffman et al. 2007), which is a near-global dsg¢a at 0.25 degree latitude-longitude
spatial resolution. During our evaluation perid@2-2006, both the EPS forecasts and
the TRMM 3B42 observations are available to us. péeormed forecast evaluations
using both the 0.25 degree native resolution oftR&M 3B42 data, and an aggregation
to one degree.

Although the methods we develop are intended f@liegtion to data sparse areas,
our test site is the Ohio Basin, which allows ea#ibn of the methods with a relatively

dense gridded station precipitation data set, ditexh to the TRMM data. In particular,
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we used an updated version of the Maurer et alDAR@ata set, aggregated from its
native one-eighth degree latitude-longitude spateédolution to one-quarter degree.
Although the TRMM 3B42 Research Product is adjusieda monthly basis to match
gridded observations, the daily precipitation stats are known to differ considerably
from gridded daily in situ observations (Su et24108) and we are interested in knowing
how the methods perform for the generally higheaalityi station data as compared with

the TRMM remote sensing product.

3. Downscaling methods

a.BCSD

The BCSD approach of Wood et al. (2002) was oritynatended for seasonal
precipitation (and temperature) forecast applicetioand for applications to relatively
large areas or river basins. To be useful for gquolieation, the method needs to handle
shorter time scale forecasts and larger domains.oFiginal BCSD method bias corrects
monthly precipitation forecasts with respect to thén observed climatologies at the
coarse spatial resolution of the precipitation ¢ast (in the case of Wood et al. (2002),
the forecast spatial resolution was 2.5 degreesudat by longitude). The daily
sequencing of precipitation within the month isedetined by resampling from the
historical record, and rescaling to the bias caegdorecast values. The resampling is
performed randomly, with the historical months witlthe sampling pool(s) partitioned
into wet and dry months (months above and belowrtbdian). No further adjustment is
made to preserve the climatological relationshipveen the number of wet days and the
monthly precipitation amount.

In the Wood et al. (2002) BCSD method, spatial aaleen from the domain-average
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precipitation are used to disaggregate the forespaetially. This is feasible because the
same month from the historic record is resampledHe entire domain, which assures
plausible spatial coherence within the domain. Foger (e.g. continental) domains

however, this last step of selecting the same mfsath the historic record for the entire

domain is problematic, as the spatial variabilitytihe disaggregated forecast could be
much different than that in the raw forecast.

In order to adapt the BCSD method to large domaimusdaily forecasts, the following
changes were made. First, the probability mappiag correction is applied at a daily
time scale (which eliminates the temporal disaggtieg step). Second, the spatial
disaggregation is performed on a grid cell by gl basis, rather than for the entire
domain at once, which allows the method to be agpio much larger domains. These
adaptations should help to avoid problems with iappbn of the method for hydrologic
forecasting (inhomogeneous soil conditions at bdsnondaries for example). These
adaptations recognize fundamental differences lmiwhe seasonal time scales for
which the method was originally intended, and therter forecast lead times of interest
here. In particular, the timing and localizatidrstorms become much more important at
shorter lead times. Nonetheless, there is an melettradeoff as to the desired size of the
spatial domain, given that hydrological data negdeanodel calibration and verification
often are not available for smaller tributariesaireas that are data deficient, whereas
increasing the domain can lead to problems withigpeonsistency of the method. For
this reason, we decided to use a two step apprtmamplementation of the revised

BCSD method, which is described in detail below.

1) BIAS CORRECTION

In this first step, the 15 members of the dailydHy- 1-degree ensemble forecasts from
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ECMWF EPS are bias corrected with respect to tihddgd precipitation observations
aggregated to the 1 degree spatial resolutioneofdrecasts. Systematic bias is inevitably
inherent in the precipitation forecasts, and inggahis a function of spatial location and
forecast lead. We apply the quantile-based mappigitnod of Panofsky and Brier (1968)
with the implementation of Wood et al. (2002) wabaptations as described above to
each forecast lead time (1-10 days in our appboatindependently. Furthermore, we
correct for intermittency differences in precipibat as explained below.

We first derived the cumulative density functio@DFs) of the forecasts using all 51
ensemble members of the ECMWF EPP forecasts. febrlead time, the 51 2002-2006
ensemble members were concatenated into one eguoivéime series. To save
computational time, the CDF was derived for 7 daydeows for each lead time (5 years
times 51 ensemble members times 7 days). The TREBNR Xlimatology was also for
the 2002-2006 period, where the climatology of esitlyle day was represented by a
centered 61 day moving window (61 days times 5s)ear

Once the CDFs were derived, each day (lead timé)eoforecast was independently
bias corrected by mapping the quantiles (hon exaess probabilities) of the forecast
distribution to the corresponding quantiles of THRMM climatology. When the forecast
guantiles were smaller than the minimum or largpantthe maximum TRMM quantiles,
the values were obtained by fitting the TRMM climlagy with a Gumbel distribution
for high precipitation values, and a Weibull distiiion for small non-zero precipitation
values, following Wood et al. (2002).

The precipitation intermittency issue can arisetvilo ways. The first is when the
forecasts have more rainy days than do the obsengatn this case, the intermittency of

the forecast is automatically corrected by the tjleebased mapping technique;
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guantiles of the forecast distribution below thepmecipitation threshold in the CDF of
the observations are defined as dry. However, wherfiorecast calls for no precipitation,
guantiles are randomly selected between zero anddprecipitation threshold from the
observation CDF (Figure 2). The corresponding olsem threshold quantile may or
may not be associated with precipitation.

The advantage of bias correcting each day indepelydeather than bias correcting
the 10-day accumulated values and then disaggnegetithat corrections can be made
for daily precipitation intermittency, and differtgal biases at different lead times can be
corrected. For example, if the forecasts tend taéiter for long lead times and drier for

earlier ones, the bias correction will resolve hegues.

2) SPATIAL DISAGGREGATION

The forecast native spatial resolution is 1 deda¢ieude-longitude, which is coarser
than the resolution of the hydrological model (Od#grees in our example). Simple
interpolation methods like inverse squared distamogld smooth out the bias corrected
reforecasts without recognizing features of theiapgrecipitation distribution associated
with, for instance, orography in one part of theleigree cell, or weather patterns like
fronts. Therefore, an alternative technique fortigpalisaggregation of precipitation was
developed, which is based on the procedure apjpied/ood and Lettenmaier (2006,
WL2006 hereafter). We rely on the 0.25 degreedgadobservations only to specify the
spatial patterns (but not numerical amounts) otipration because the values have
already been bias corrected. Essentially, our egfyatis to impose the high spatial
resolution variability of the observations onto thearse resolution bias corrected
forecast values as follows.

For each 1 degree grid cell and each lead timend@pendent days were selected
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from the daily 1 degree aggregations of the 200@62ZDRMM 3B42 climatologies, with
the following criteria: there must be as many del@cdays with positive observed
precipitation (at least 1 mm over the 1 degree) @dlthere are bias corrected forecast
members with positive precipitation (zero thresholEnsemble members with zero
precipitation forecasts at 1 degree spatial remwiutvill have zero precipitation for all
constituent 0.25 degree grid cells. A further apinent is made as explained below in
order to conserve the climatological relationshgiween the number of rainy cells at
0.25 degree and the precipitation amount, withenltdegree rainy cell.

Once the 10 1-degree observations were selectegiwbre ranked by magnitude and
then associated with each of the 15 ranked ensemblabers so that the ensemble
member with the highest bias corrected precipitatarecast value has a disaggregated
precipitation pattern corresponding to the obsémmatlay with the highest precipitation
(modified Schaake Shuffle, Clark et al. 2004). Fin¢he precipitation pattern at 0.25
degree resolution was transposed onto the biasated forecast value using the ratios of

0.25 degree to 1 degree values as described intiBgqua

- PreCIerMM,.ZSdegee
PreCIDI'RMM,ldegree

(1)

P reci Q)iascorrectedfcst, .25degree = P reci n)iascorrectedfcst,ldegree

To avoid the possibility of unrealistic values résig from this rescaling, we
constrained the results to be no larger than ahiod value (in this work, 350 mm per
day). This case happens very rarely (less than fL#heotime). The 0.25 degree spatial
variability within the 1 degree cell is consistenth a pattern that has occurred in the
observations. One potential problem with this mdth@@downscaling performed
independently for each day of the forecast peraodi for each 1-degree cell rather than

over a larger area such as a river basin) is thengial loss of spatial coherence (spatial
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rank structure) between adjacent 1-degree cellss iEsue is addressed to some extent
by the ranking of the observed precipitation page(modified Schaake Shuffle),

although not necessarily completely, and is evatli&drther in section 4.

b. Analog approach

The analog approach of Hamill and Whitaker (2008)V2006 hereafter, was
developed to give occurrence probabilities for aertspecific events (probabilities of
exceeding a specific threshold for example). Treaitehind the analog approach is to
compare precipitation forecasts for a particulay deer a given domain at the forecast
native spatial resolution with a set of archivedetasts for the same domain and
previous years. In the HW2006 implementation, dhhived forecasts are for a +/- 45
day window centered around the particular day (sky n). The closest analog is
denoted day m. Thebservatiorfor day m, which in general has a finer spatiabhation
than the raw forecast, becomes the downscaled o@ndbrecast. In our case, the
observations come from the 0.25 degree griddedrosisens (TRMM 3B42 or gridded
station data).

In our adaptation of HW2006, there are three wayshbose the analog for ensemble
forecasts. The first is to match each 15-membererabte individually with a
retrospective forecast, with the closest analognddfas the one with the lowest root
mean square difference (RMSD). The RMSD is definedthe sum of the root mean
square difference between the forecast and thenjit@analog values at each grid point
in a spatial window (25 points in a 5 by 5 degreéedow). We term this approach
“analog RMSD”. A second method is to match the eride mean forecast with
retrospective ensemble mean forecasts, and chbesg5t closest analogs based on the

lowest RMSD (as defined above). We term this apgrdhe “analog RMSDmean”. For
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the analog RMSD and RMSDmean methods, when the acfuthe RMSDs over the
forecast points is larger than the sum of the tbirdhe ensemble (mean) forecasts or
10mm, whichever is the greatest, of each grid pamtthe spatial window then
interpolation is substituted to the analog methbis implies that for extreme forecast
events where no “close enough” analog could bedpumterpolation is used. Table 1
presents the frequency of the substitution for ogthods (RMSD and RMSDmean), for
different lead times and for different forecastecmtries for a 5 by 5 degree spatial
window. A third method is to match each of the hSeamble members individually based
on ranks; i.e. the current forecast would corredptonrank j in the forecast climatology,
and the current analog of rank j is chosen. We taisnapproach “analog rank”.

The domain over which the closest analog is idextifvould ideally be the entire
forecast domain so as to ensure spatial coherentieeirank structure. However, it is
unlikely that any data set can reproduce the glaipatial variability of a particular
forecast over a domain as large as, say, the MippisRiver basin. As a compromise,
HW2006 suggested using a moving spatial window.follew their approach, and use a
5 by 5 degree spatial window, which gives 25 ongree grid points to which the
RMSDs or ranks can be compared. As in HW2006, wrilily saved the analog dates for
the 25 or so spatial moving windows in which eamte¢ast point was included and then
made a weighted averaging of those analogs atdigsast point based on how far it was
from the center of the moving spatial window. Werfd, however, that this approach
leads to too much smoothing of the forecast val(idss issue did not arise in HW2006
because they smoothed the probabilities that aiodtireshold would be reached, not the
actual forecast values.) In consequence, unlike BM82 we assign the analog that

matches the spatial window to the center grid oally. Our spatial window is large
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enough (5 degrees by 5 degrees), and there iisuffispatial overlap with adjacent
spatial windows (16 of 25 grid cells are in commea)as to ensure that analogs chosen
at two adjacent grid cells are not much differefis in turn ensures some spatial
consistency across the entire domain, althoughoasBCSD there do remain some

practical issues that are discussed in Section 4.

4. Evaluation of downscaling approaches

In this section, we evaluate the accuracy and ekitnsemble precipitation forecasts
calibrated and downscaled using the adaptationth¢éoBCSD approach described in
Section 3.1, and the three variations of the anafggoach described in Section 3.2. We
evaluate as a benchmark a simple inverse distamemolation method which produces
forecasts for each ensemble member at the 0.2®&esgatial resolution.

Our evaluations were performed over the Ohio bdsimng the period 2002-2006 at
0.25 degree spatial resolution, as well as (foppses of evaluating the effects of spatial
disaggregation) 1 degree spatial resolution, fdlydarecasts at lead times 1 to 10 days,
and for 5 day accumulation forecasts at one day tie@e (accumulated precipitation for
days 1-5 and 6-10 made on day 1). In our first watadn, the TRMM 3B42 data were
used as the observation data set. For this analgsise of the techniques used a
resampling of the same day as the forecast, hat,day was excluded from the data set
used for resampling.

It is common practice to evaluate different categprof forecasts. For instance,
Schaake et al. (2007) evaluated precipitationlescHW2006 used specific precipitation
thresholds, and Franz et al. (2003) evaluatedrsftea forecasts for low and high flows.

In our case, we defined a forecast as wet wheretisemble mean forecast was larger
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than 0.254 mm for daily forecasts, and 2.54 mmSfatay accumulation forecasts. We
then evaluated forecast performance for all evéitg and wet forecasts), wet events,
and for wet events when the ensemble mean forewastin the upper tercile of wet
forecasts. Verification of the following skills weeiperformed for each of these forecast
categories; mean errors (accuracy), reliabiliteghe sense that the forecast ensemble
spread was representative of the observed clingypland predictability in the sense of
both correlation and reproduction of the observeshuative density function. Forecast
discrimination was evaluated in the sense thatféhecasts were different in terms of
probability density function for different categesiof observed events, also evaluated for
the equivalent observed event categories (i.e.ditoned on observations). This is an
important point as the forecast performance metnated above were evaluated with
conditioning on forecasted precipitation amourfiggure 3 shows statistics as a function
of lead time for the downscaled daily forecast6.d36 degree spatial resolution. Figure 4
shows the same statistics but for the daily dowlesiciorecasts at 0.25 degree resolution
aggregated to 1 degree. Figure 5 shows equivatatistics for the 5 day accumulation
of daily 0.25 degree downscaled forecasts (1-56f06 day accumulation made on day
1). The 5 day accumulation precipitation forecastriportant for large basins that have a

hydrological response time larger than a few days.

a. Mean Errors

The first rows of Figures 3, 4 and 5 show the mefthe forecasts conditioned on
forecast categories (all forecasts, wet forecastd, upper tercile of wet forecasts) for
each downscaling method. On average over all dagsall grid cells (all forecasts
category), the means for the BCSD, analog rankeaiatbg RMSDmean are close to each

other. The BCSD method tends to be wetter thannteepolation for the wet forecast
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categories and at shorter lead times. The threlo@m@pproaches all tend to have drier
forecasts than the interpolation technique focalegories and all lead times.

Row 2 of Figures 3, 4 and 5 shows the biases fdifierent lead times and for the
different methods. Biases are very similar for efiéint spatial scales but are slightly
lower for the upper wet tercile category for BCSDhen aggregated to 1 degree. BCSD
has a competitively small bias for the all forecestegory and for longer lead times for
wet forecasts, but in general has considerablefbratie subsets of wet and upper tercile
forecasts. The bias for daily forecasts for leadetil day seems not to be systematic,
otherwise BCSD would have corrected it as it damstlie longer lead times. BCSD
improves on the interpolation method only in thé fatecast category. Two analog
methods (analog RMSDmean and analog rank) hadntladlest biases for all forecasts,
wet forecasts, and for the upper tercile wet fosecéor the different lead times, spatial
and temporal resolutions (Figures 4 and 5, rowl'Bpse two analog methods improved
on the interpolation method for all categories amdthe BCSD methods for the upper
wet tercile category.

Row 3 of Figures 3, 4 and 5 show the RMSEs. TheB@t®thod has higher RMSEs
than the interpolation technique for daily and ¥ dacumulated forecasts at 0.25 degree
spatial resolution. All analog methods have RMShies that are close to those of the
interpolation method, and are somewhat lower far igher lead times in the upper
tercile wet forecast categories for all space am tdomains. As such, there is some
improvement in the RMSE from the analog approachiete that analog RMSD and
RMSDmean results for shorter lead times are clostné interpolation method for the
upper tercile wet forecast category because tlepalation was sometimes substituted

when no satisfactory analog was found (Table 1).
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b. Reliability and predictability

Figure 6 shows Talagrand diagrams, or rank histogréHamill and Collucci 1997,
Talagrand and Vautard 1997). They show the rankhefobservation relative to each
forecast ensemble member. The rank here is divbgegtle number of ensemble members
plus one to present it as a percentile. A highdesgy of observation at rank 0% (100%)
means that the ensemble forecast in this categystersatically overpredicts
(underpredicts) the observation. Assuming that eaemble member should have an
equal chance to represent well the observatiorfegtereliability is reached when the
observation has an equivalent frequency for eacik,rae. the ensemble spread is
uniform. All methods improve on interpolation inghiespect. BCSD improves reliability
but still has a U shaped Talagrand diagram, implyimat the ensemble spread of the
forecasts is too small, possibly combined with steyatic bias. As seen later, the size of
the ensemble spread for BCSD is similar or lar¢p@antthat of the analog techniques,
implying bias. All analog techniques improve onempiolation and are close to perfect
reliability for all lead times, and spatial and f@wnal resolutions. As shown below, this is
achieved in part by increasing the ensemble spneldth decreases the resolution in
turn.

The Continuous Rank Probability Score (CRPS, Hetsba000, Wilks 2006)
measures “the difference between the predictedt@adccurred cumulative distribution
function” (Hersbach 2000). CRPS is related to taeked histogram (reliability) but
unlike the histogram it is sensitive to the widfttlee ensemble spread and the number of
outliers (when the ensemble spread does not indluel@bservation) (Hersbach 2000).
In this sense, it is also a measure of resolutimoh @redictability because the CRPS is

penalized (increases) when the ensemble spreadhssstently too large and the forecasts
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are not much different when trying to forecastelidint sets of observed events, and when
the correlation decreases. The CRPSS (CRP Skileyt® equal to one minus the ratio
of the forecast CRPS to the climatology CRPS,with an ensemble spread that spans
the entire period. A CRPSS of 1 means very largeravement relative to climatology
and a score of 0 means no improvement. Row 4 afrég3, 4 and 5 show the CRPSS
values for the various forecasts. In contrast ® rdliability conclusions based on the
rank histograms, no improvement in CRPSS was foughative to the interpolation
method in any downscaling method, except for thata$ accumulation forecast at one
day lead time for the upper wet tercile forecasegary for the analog rank and analog
RMSDmean methods. The BCSD CRPSSs are the clastst interpolation method for
the all forecast category but the lowest for the fweecast categories at the finest spatial
resolution. The analog RMSDmean had the highestSSRBf the analog and BCSD
methods for the 5 day accumulation forecasts. Tiadog rank had the highest CRPSSs
relative to the analog and BCSD methods for théy/deet forecasts at the finest spatial
resolution. Note that CRPSS values are high fomathods. The high scores can be
attributed to the fact that the ensemble spreadhireference is very large. In turn the
CRPSSs are lower than for interpolation becauserisemble spread has been widened,
in order to increase the reliability (i.e. U shapadk histograms have been transformed
into uniform ones). Figure 7 shows the dependen€aRPS on the size of the ensemble
spread for the interpolation, analog RMSD and BG&&hods and observations. Lower
CRPS values indicate better predictability. Figarehows how the ensemble spread has
been increased and the number of outliers redugeloth the analog techniques and
BCSD and that there is a direct relationship behnbe CRPS and the ensemble spread:

the larger the ensemble spread, the larger the GIRRR&ugh the slope tends to vary with
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the downscaling method. Even though there are fewtiers (a desired skill), the lower
CRPSS values of the analog and BCSD methods wsfiere to the interpolation method
might indicate a loss of resolution, but as seethénext paragraph, this is due to a loss
of correlation.

Predictability can also be evaluated using theetation between predictions and
observations. Row 5 of Figures 3, 4 and 5 showctheelations. Overall, the correlation
for all methods is highest for the all forecastegary, and then decreases with lead time
and for wet and upper tercile categories. As exgqaeatorrelations are slightly larger at 1
degree resolution than at 0.25 degree. BCSD habkottest correlations for all forecast
categories (all events and wet) for shorter leacksi for daily and day 1-5 accumulation
forecasts at 0.25 degree. The BCSD correlationlaser to (but still lower than) the
interpolation ones when the daily forecasts areegmed to 1 degree. This means that
the BCSD method loses the most predictability sidien the spatial resolution increases.
BCSD does not improve on predictability of the rptdation method. For daily forecasts
at 0.25 and 1 degree resolutions, the analog tqubsi have lower correlations with
observations than the interpolation technique. Haday accumulation forecasts, the
analog RMSDmean correlation is very close to tHathe interpolation method. The
analog RMSDmean method has in general the higlwestlations of the three analog
methods. Using the correlations with observatiohs anetric, none of the downscaling
methods improve over the interpolation at the firsgmtial scale at the daily time scale,
but the analog RMSDmean method is comparable tooththe interpolation method for

the 5 day accumulation forecast at one day leaé.tim

c. Discrimination

The Relative Operating Characteristic (ROC) diagrara measure of discrimination.
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Discrimination is the ability of a forecast (e.gonditional average forecast) to

discriminate different observed events (e.g. olet@m categories). It is therefore

conditioned on the observations (as opposed toittonithg on the forecasts for the other
skill measures). The ROC diagram plots the hit (atedetection rate, number of times
the forecast expects an event and it happens divbgethe number of times the event
occurs) as a function of the false alarm rate (remub times when the forecast expects
an event and it does not occur divided by the nurob&me the event does not occur).
ROC plots are not shown. There was very littleedéghce between all methods, and in
particular, none of the methods was much better tha interpolated forecasts. As such,
discrimination skill of the forecasts was not imyed by any downscaling method, but

on the other hand was not degraded relative tacéstanterpolation.

d. Spatial coherence

Figure 8 shows a snapshot of forecasts for Jarfag004, which corresponds to the
90" percentile of the wet 2002-2006 daily Ohio basiecjpitation events (at least 0.254
mm over the basin). It is intended to show the metroicted precipitation patterns on a
day with significant precipitation (upper tercilewet forecast) but not necessarily on the
most extreme precipitation event in order to evauhe analog methods without the
effect of interpolation (Section 3.2). The firsdw shows the daily ensemble mean
forecast for 1-day lead time downscaled by usirfeint methods. The second row
shows one daily ensemble forecast member. Theesgghow that the precipitation
patterns for the interpolation method are unraalfly smooth, although there is spatial
coherence (all cells are spatially correlated &edarecipitation pattern appears realistic).

As mentioned earlier, BCSD by construct has noiajpabherence beyond the 1-

degree cell and as a result the precipitation patéboth ensemble mean and single
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ensemble) are spotty and do not have realistictsire: (a feature that is amplified for
extreme events, not shown). The analog techniqeerglly produce more realistic
precipitation patterns than the other techniques@ally for the ensemble mean patterns.
However the patterns are still spotty when compavigd individual forecast ensembles.
This can occur despite the large overlap betweemibving spatial windows because the
analog chosen for the spatial moving window is gresil to the center forecast point
only. The spottiness in individual ensemble foréxadownscaled using the analog
technique was less apparent in lower precipitaBoents or for higher precipitation
events when the interpolation method was substitikecause the analog failed. Our
interpretation is that the analog precipitationtgais are more realistic than those
resulting from BCSD because the overlap betweemitréing spatial windows provides
some spatial structure among the 1 degree cellehv lacking in our adaptation of the

BCSD method.

e. Sensitivity to the size of the spatial window Far &nalog techniques

A sensitivity analysis (Figure 9) was performed tloe analog methods, in which the
change in mean errors and forecast skill was etedu@r a different spatial window. In
particular, 3 by 3 and 7 by 7 degree windows (9 4hdorecast points respectively) were
tested rather than a 5 by 5 degree window (25 ppi@hanges occurred mostly in biases,
RMSE and forecast-observation correlations. CRP&Bueg remained relatively
unchanged, as well as did the overall conclusicased® on the 5 by 5 degree window
results. The most noticeable changes were for tladog rank method which generally
had decreased bias, smaller RMSEs and higher &irebaervation correlations for
shorter lead times for a smaller window. The anakngk method generally performed

better with a smaller spatial window size thanttiiel alternative analog methods.
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To this point, our results suggest that, based hen dccuracy (bias, RMSE) and
reliability results, the analog techniques overalbroved upon (or maintain) the skill of
the interpolation method and also the BCSD methide. analog rank technique had the
best skills for daily forecasts (lowest biases &MSEs for wet forecast, competitive
CRPSS but lowest correlation). However the analMBRmean method seems to be the

best method for 5 day accumulation forecasts (tmselation, CRPSS, RMSESs, biases).

f. Seasonality

The equivalent forecast verification for daily 0.8Bgree forecasts with respect to
TRMM was evaluated for the DJF and JJA periods.efApected, correlations for all
methods were higher in winter (dominantly stratifioprecipitation systems) than in
summer (convective storms). CRPSSs were also hifgberall method. However

comparison results among the methods were consistdnprevious findings.

g. Comparison using gridded station data

All approaches implicitly assume that the forecasts in some sense related (e.g.,
correlated with) the observations. Clearly thisdetermined in part by forecast skill,
however observation error can also potentiallyafferformance of the methods. In this
section, we evaluate performance of the BCSD metttoete a gridded station data set is
used rather than the TRMM data. In particular, we an extension of the Maurer et al.
(2002) dataset. In the BCSD method, we performbilae correction with respect to an
extension of the Maurer et al. (2002) data andgperfthe forecast verification with
respect to it as well. Similarly for the analog RD8ean, the Maurer at al. (2002) data

was used in place of TRMM. As with TRMM, the verdtion period is 2002-2006.
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Figure 10 shows the equivalent analysis for thé/darecasts for different lead times
at the 0.25 spatial resolution as in Figure 3. FegLO compares the BCSD, interpolation
and the analog RMSDmean method when using eith&MRr the Maurer et al. (2002)
data for both resampling and evaluation purposesrdl, when using the gridded station
dataset, biases and RMSEs were smaller and cooredatere higher than in the previous
analysis using TRMM; i.e. the accuracy and predititg skills were higher when using
the gridded station dataset. The Talagrand diagré@ms shown) showed decreased
reliability (narrower ensemble spread) for the BC&m the interpolation method but
improvement for the analog RMSDmean. The CRP3&savere then lower for both
the BCSD and the interpolation, but improved fa #malog techniques. BCSD still had
larger mean errors, smaller correlations and sm@RPSS values for the wet forecast
categories as compared with the analog techniquesshowed no improvement relative
to the interpolation technique for mean errors preflictability. On the other hand, as
for the TRMM data, the reliability was improved aVe to the interpolated forecasts.
When using the gridded station dataset, the BCS®ativskill was higher but it was for
the analog methods as well. The analog techniqtikshad better skill than BCSD.
Furthermore, now there was some improvement fragnatilog techniques in terms of
predictability. The RMSDmean daily forecast skilasvbetter than the interpolation
technique for accuracy, reliability and predictapilvhen using the gridded station data

set.

5. Discussion
The performance of the adaptation of BCSD describ&gction 3.1 and implemented

independently for each 1 degree cell was somewisaippointing. BCSD showed no
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consistent improvement in either mean forecastremwo predictability relative to simple
spatial interpolation for wet forecasts, and tlasult was consistent over all lead times.
For wet and upper tercile of wet forecast categoriee BCSD method had the largest
mean values, which made it more prone to havirgelamean errors. The reliability was
slightly improved relative to a simple interpolatibut remained unreliable as shown by
the U-shaped rank histograms (Wood and Schaaked 8B® illustrate this problem).
The unsatisfactory results are mostly due to tlatadion of the method to perform daily
(rather than monthly in its original developmentjash correction. The issue of
intermittency was handled within the bias corractstep whereas other calibration and
downscaling methods (e.g. Sloughter et al. 2007millaet al. 2004) deal with
intermittency in a first step (wet forecasts arébcated in an independent step). As a
result, forecast skill and biases for BCSD for thk forecast category are very
competitive with the analog methods, if not befstrl degree spatial resolution) but their
relative performance was worse for the wet forecaségories. The adaptation of the
spatial disaggregation resulted in spotty and uisteaprecipitation patterns, and tended
to amplify mean errors (as seen on the 1 degreeeggton figures). Our overall
assessment is that this adaptation is not apptepf@ use in downscaling daily
precipitation forecasts on large domains.

Results for the three variations of the analognephe generally performed similarly.
Biases were improved for all methods relative tatigflly interpolated forecasts. RMSEs
were maintained for the all forecast and wet fosecategories, and improved for the
upper tercile of wet forecasts. The largest impnoset for the analog methods relative to
the interpolated forecasts was for forecast rdligbHowever, this comes at the expense

of predictability. Correlation and CRPSSs were gaihe not improved relative to

Page | 26



interpolated forecasts; the analog RMSDmean antb@mank methods had improved
CRPSS for the 5 day accumulation forecast for figeuwet tercile category. The analog
RMSDmean was able to maintain the predictabilityl $&orrelation) at short lead times
for the upper wet tercile category and for all tagt categories for 5 day accumulation
forecasts. Downscaled precipitation patterns wengerplly more realistic than for the
interpolation method although by construct the igpatank structure was not fully
conserved (section 4.4). In particular, patternsewaore realistic for low precipitation
events or when interpolation was substituted beranuss satisfactory analog could be
found. The example in section 4.4 showed the neethis criterion (see section 3.2) and
how it affects the spatial coherence of the forecas

Finally, it seems difficult to improve simultanebusthe reliability and the
predictability when calibrating forecasts; there asrelationship between the CRPS
(predictability) and the ensemble spread (linkeddlmability) which was different for
different methods (Section 4.2). Hamill and Whitak2006) favored the analog rank
method in terms of reliability and accordingly weuhd better accuracy and slightly
better reliability for the upper tercile of wet Haforecasts at the finest spatial scale,
especially when using a smaller spatial window {i8ac4.5). However the analog
RMSDmean method had competitive mean errors anabiiily with the analog rank
method, and in particular better predictability réetation) for daily forecast at shorter
lead times and for the 5 day accumulation forectstshe upper wet tercile forecast
category.

An experiment using a gridded observation statiata et showed better skill in
general (accuracy, reliability and predictabilitgypbably because the observation errors

were smaller than for the satellite (TRMM) dataowéver, differences among methods
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were consistent with the analysis based on the TR3dMllite data.

We note that in the methods we tested, the rawnalseforecast values are used to
downscale and calibrate individual forecast memb@s exception is the analog
RMSDmean method). This implies that the forecastrots the ensemble uncertainties.
Other methods - like the EPP or MOS as used inkGlad Hay (2004) - downscale and
calibrate a single-value forecast and reconsthetehsemble in a subsequent step. This
allows independent control of the ensemble spraad,as such those methods may have
a better CRPS. Similarly in these methods, thecBseobserved correlation might not
decrease as much because there is more contréleoprédicted variance by construct
(regression or distribution fitting) and becausapplies directly on the ensemble mean
forecast. On the other hand, our approach whichndoales each ensemble member at
each grid cell retains some of the spatial strigchative to the forecast model over large

domains, which arguably is an advantage for langg flood forecasting.

6. Conclusions

The objective of this paper was to adapt existi@gocation and downscaling methods
for medium range (up to 10 days) quantitative ipitation forecasts, and for application
to large river basins in parts of the world wheresitu observations are sparse (hence,
use of satellite precipitation data sets are dtt@c Two methods were tested: the bias
correction and spatial disaggregation method (BC8DYood et al. (2002) and three
variations of the analog method of Hamill and Wkita(2006). The BCSD method was
adapted for shorter temporal scale and applicatdarger domains than those to which

it had been applied previously. Three variationshef analog technique (analog RMSD,

Page | 28



RMSDmean and rank) were adapted for quantitatiebatsilistic forecasts. We intend to

pursue the analog RMSDmean method for subsequetitaons to flood forecasting

because of the following conclusions:

Downscaled precipitation patterns for the analoghwds were more realistic
than the interpolated forecasts in general, whig@BCSD was consistently spotty
and unrealistic.

Accuracy of the analog methods was either mainthioe improved upon a
simple interpolation in all forecast categoriesy avas better than BCSD for wet
forecasts. The analog rank was the most accuratieecinalog methods but the
analog RMSDmean was competitive.

Reliability of the analog methods was considerabigher than for the
interpolated forecasts, and the BCSD.

Predictability was not improved with respect tcenpolated forecasts for any of
the methods. The analog RMSDmean was the bestiataming reliability at
shorter lead times when using TRMM and was imprgvirwhen using a gridded

station dataset.

Page | 29



REFERENCES

Artan, G. A., M. Restrepo, K. Asante, and J. Ver@02: A flood early warning system
for Southern Africa. Pecora 15/Land Satellite Infation IV/ISPRS Commission

I/FIEOS 2002 Conference Proceedings.

Asante, K.O., R. M. Dezanove, G. Artan, R. Lietzand J. Verdin, 2007: Developing a
flood monitoring system from remotely sensed daim the Limpopo BasinJEEE

TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSWG. 45, NO. 6.

Brakenridge, G.R., Nghiem, S.V., Anderson, E., &@ien, S., 2005, Space-based
measurement of river runoff. EOS, Transactionshef American Geophysical Union, v.

86, no. 19, p. 185-188.

Casati, B., L. J. Wilson, D. B. Stephenson, P. NuAnGhelli, M. Pocernich, U.
Damrath, E. E. Ebert, B. G. Brown, S. Mason, 2088gecast verification: current status

and future directionsyleteorological Applicationsl5 (1), 3-18DOI: 10.1002/met.52

Clark, M.P., and L.E. Hay, 2004: Use of Medium-RamNumerical Weather Prediction

Model Output to Produce Forecasts of Streamflavidydrometeor.5, 15-32.

Clark, M., S. Gangopadhyay, L. Hay, B. Rajagopatard R. Wilby, 2004: The Schaake
Shuffle; A Method for Reconstructing Space-Time isitity in Forecasted

Precipitation and Temperature FieldsHydrometeor.5, 243-262.

Page | 30



Su, F., Y. Hong, and D.P. Lettenmaier, 2008: Evatneof TRMM 9(4), 622-640. Multi-
satellite Precipitation Analysis (TMPA) and itslityi in hydrologic prediction in La Plata

Basin ,J. Hydrometeorology9(4), 622-640.

Franz, K.J., H.C. Hartmann, S. Sorooshian, and&e® 2003: Verification of National
Weather Service Ensemble Streamflow PredictiondNater Supply Forecasting in the

Colorado River Basinl. Hydrometeor.4, 1105-1118.

Glahn, H. R., and D. A. Lowry, 1972: The use of mloalutput statistics (MOS) in

objective weather forecasting. Appl. Meteor.11,1203-1211.

Hamill, T., and S. J. Colucci, 1997: Verificatiof Bta—RSM shortrange ensemble

forecastsMon. Wea. Rev125,1312-1327.

Hamill, T. M., J. S. Whitaker and X. Wei, 2004: Ensble re-forecasting: Improving

medium-range forecast skill using retrospectiveedastsMon. Wea. Rey132 1434-

1447.

Hamill, T. M., and J. S. Whitaker, 2006: Probabitisjuantitative precipitation forecasts

based on reforecast analogs: theory and application. Wea. Rey134, 3209-3229.

Hersbach, H., 2000: Decomposition of the continuoaisked probability score for

ensemble prediction systenWeather and Forecasting5, 559-570.

Page | 31



Hong, Y., R.F. Adler, F. Hossain, S. Curtis and. Gldffman 2007: A first approach to
global runoff simulation using satellite rainfalstenation. Water Resour. Res43,

W08502, doi:10.1029/2006 WR005739.

Hopson, T. and Webster, P. 2009: Medium-range fbs&c river discharge forecasts
for the Ganges and Brahmaputra: A template forredad hydrological flood forecasting.

Submitted.

Hossain, F., and N. Katiyar, 2006: Improving Fldéarecasting in International River

Basins.EOS. Transactions American Geophysical Un&mh

Huffman, G.J., R.F. Adler, D.T. Bolvin, G. Gu, ENelkin, K.P. Bowman, Y. Hong, E.F.
Stocker, and D.B. Wolff, 2007: The TRMM Multisaiedl Precipitation Analysis
(TMPA): Quasi-Global, Multiyear, Combined-Sensoreéipitation Estimates at Fine

ScalesJ. Hydrometeor.8, 38-55.

Joyce, R. J., J. E. Janowiak, P. A. Arkin, and i, 2004: CMORPH: A method that
produces global precipitation estimates from passicrowave and infrared data at high

spatial and temporal resolutioh.Hydromet.5, 487-503.

Krzysztofowicz R., 1998. Probabilistic hydrometdogical forecasts: toward a new era

in operational forecastin@AMS,79 (2), 243-251.

Panofsky, H. A., and G. W. Brier, 1968ome Applications of Statistics to Meteorology

Page | 32



The Pennsylvania State University, 224pp.

Pielke, Jr., R.A., M.W. Downton, and J.Z. Barnardlé&d, 2002: Flood Damage in the
United States, 1926-2000: A Reanalysis of NatidWahther Service Estimates. Boulder,

CO: UCAR.

Schaake, J., Demargne, J., Hartman, R., Mullusky, Welles, E., Wu, L., Herr, H.,
Fan, X., and Seo, D. J., 2007: Precipitation andptrature ensemble forecasts from

single-value forecastslydrol. Earth Syst. Sci. Discusd, 655-717.

Seo, D. -J., S. Perica, E. Welles and J. C. Schad@): Simulation of precipitation

fields from probabilistic quantitative forecadaurnal of Hydrology239,203—-229.
Sloughter, J.M., A.E. Raftery, T. Gneiting, and E€raley, 2007: Probabilistic
Quantitative Precipitation Forecasting Using BagesModel Averaging. Mon. Wea.

Rev., 135, 3209-3220.

Talagrand, O., and R. Vautard, 1997: Evaluationpafbabilistic prediction systems.

Proc. ECMWF Workshop on Predictabilifgeading, United Kingdom, ECMWF, 1-25.

Wilks, D.S., 2006 Statistical Methods in the Atmospheric Scienced &h) Academic

Press (2006) p. 627.

Page | 33



Wood, A.W. and J. C. Schaake, 2008: Correctingr&nro Streamflow Forecast

Ensemble Mean and SpreddHydrometeqr9 (1), p 132-148.

Wood, AW. and D.P. Lettenmaier, 2006: A testbed few seasonal hydrologic
forecasting approaches in the western WB8lletin of the American Meteorological

Society87, 1699-1712, doi:10.1175/BAMS-87-12-1699.

Wood, A.W., Maurer, E.P., Kumar, A. and D.P. Lettamer, 2002. Long Range

Experimental Hydrologic Forecasting for the Eastédr8.,J. Geophysical Research07,

NO. D20, 4429

Yilmaz K., R. Adler, Y. Hing and H. Pierce 2009: d&wvation of a satellite-based global

flood monitoring systemint. J. Remote SenSubmitted.

Page | 34



Figures

10-day daly ECWWE EP 3
precipitation forecast
51 members, reduced to 15
1 degree

¥

Calibration and downscaling:
-BCSD:

hias correction uses 1 degree TE IV,
TEMM 3B42V6 spatial disaggregation uses both 25 and TEMM 3B42V6

Agg to 1 degree 1 degree TRMM ¥ 25degree
Daly 2002-2006 -analog methodsuse 0.25 degree TE I Daly 2002-2006

_ - Forecast
10-day daly precipitation forecast, werification

0.25 degree, 15 members
calibrated to TE WL 3E42

Forecast
verfication

Figure 1: forecasts and observation datasets used lbhe downscaling methods and for the forecast

verification.

Frecipitation

Figure 2: Correction for intermittency in the bias correction approach. A random percentile Q* is
chosen in the [0;Qfcst] interval, where Qfcst (Qcin) is the largest quantile corresponding to a zero
precipitation value in the forecast (observation) ©Fs. Q* corresponds to a non-zero (zero)

precipitation value in the observation CDF if Q* islarger (lower) than Qclim.
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Figure 3: Means, biases, RMSEs, CRPSSs and corralats of downscaled daily precipitation
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forecasts (0.25 degree) with respect to TRMM obseations (0.25 degree), as a function of lead time
(1 — 10 days ) conditioned on forecast categoriesl(forecasts, wet forecasts only, upper tercile ofiet

forecasts).
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Figure 4: Means, biases, RMSEs, CRPSSs and corralats of downscaled daily precipitation

forecasts (aggregated to 1 degree) with respect TlRMM observations (aggregated to 1 degree), as a
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function of lead time (1 — 10 days ) conditioned odifferent forecast categories (all forecasts, wet

forecasts only, upper tercile of wet forecasts).
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Figure 5: Means, biases, RMSEs, CRPSSs and corrdlats of downscaled daily precipitation

forecasts (0.25 degree) accumulated to 5 day witkspect to TRMM observations (0.25 degree, 5 day
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accumulation) conditioned on different forecast catgories (all forecasts, wet forecasts only, upper

tercile of wet forecasts). 5 day accumulation of dal-5 and 6-10 at one day lead time is shown.
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Figure 6: Talagrand plots for lead time day 1 calilbated and downscaled forecasts for different
forecast categories (rows 1, 2 3 are for all forests, wet forecasts only, upper tercile of wet forests
resp.) and different space and time aggregationsdglumn 1 is for 0.25 degree daily forecasts, column
2 for 0.25 degree daily forecast aggregated to 1 giee and column 3 is days 1-5 accumulated 0.25

degree daily forecast).
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Figure 7: CRPS (mm) as a function of the ensembleead size for different forecast categories for

daily forecast at 1 day lead time. The CRPS of eactrid cell in the Ohio Basin is shown (CRPS

averaged over time when the forecast is in a certaicategory). Red dot is the average CRPS over

time and grid cells. Four downscaling methods areh®wn: interpolation, analog RMSD, BCSD and

ESP from TRMM (climatology). Outliers fraction is the fraction of time when the observation is

outside of the ensemble spread.
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Figure 8: snapshot of TRMM observations for 2004, dnuary 5" and downscaled daily forecasts at 1
day lead time for that date with different downscaihg methods: ensemble mean forecast and one

ensemble forecast are shown.
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Figure 9: means, biases, RMSEs, CRPSSs and corrétats of downscaled daily precipitation
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forecasts (0.25 degree) with respect to TRMM obseations (0.25 degree), as a function of lead time
(1 — 10 days) conditioned on different forecast cagories (all forecasts, wet forecasts only, upper
tercile of wet forecasts) using a moving spatial wdow of 3 x 3 degree (9 forecast points), 5 x 5 deg

(25) and 7 x 7 (49) degree.
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Figure 10: means, biases, RMSEs, CRPSSs and coritgas as a function of lead time (1 — 10 days) of

downscaled daily precipitation forecasts (0.25 dege) using TRMM as resampling dataset and with
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respect to TRMM observations (0.25 degree, solidnés), and when using the station gridded dataset
as resampling dataset and with respect to it (dasHelines) for different forecast categories (all

forecasts, wet forecasts only, upper tercile of wébrecasts).
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Tables

Table 1: statistics that interpolation of the raw brecast is used in lieu of the analog technique whe

no satisfactory analog is found. Those are the basaverages of grid cell statistics over the 2002-26

period.
RMSDmean RMSD
lead time (days) 1 2 5 10 1 2 5 10

If interpolation occurs, chance
(%) that it occurs in a wet
rather than a dry forecast * 950 916 874 311|962 955 96.2 964
% interpolation per category

all fcst 3.3 2.3 0.7 0.1 1.8 2.6 24 2.2

wet fcst 54 3.7 1.0 0.1 29 3.9 29 24

upper wet fcst tercile 153 101 25 01| 84 110 84 6.8

* wet forecast is defined here as when the ensembkmn forecast on a daily forecast in a

specific grid cell has a value larger than 0.254 .ntHowever, statistics for the

interpolation are derived for each member indivijua

Page | 48



