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Abstract

Tropical Ranfall Potential (TRaP) forecasts provide estimates of 24 h rainfallraalation

in landfalling tropical cyclones based on the advection of a fieldatéllite-estimated
precipitation. Validation of TRaP forecasts for five Australispical cyclones during the
2003-04 season showed significant skill in predicting heavy rainfak. gredictions of
maximum rain at landfall compared well with gauge observationsost cases. In terms of
spatial rain coverage and amount, the TRaPs based on data fromvinecéd Microwave
Sounding Unit (AMSU) performed noticeably better than those based @p#otal Sensor
Microwave Imager (SSM/I), giving higher correlations with tieservations, more accurate
estimates of rain area and conditional rain rate, and lower reah aquared errors. The
TRaPs performed neither better nor worse than mesoscale nunegaiher prediction
models. A decomposition of the TRaP error for regions of heavystgjgests that only a
small portion was related to errors in the track forecastserRatrrors, which relate to the
shape, size, and fine scale structure of the forecast, accountabofar half of the total
error, while rain volume error was about one third of the total.efhese relate to errors in
the satellite rain rate retrieval as well as the assompif a steady state rain pattern. An
ensemble of TRaP forecasts could account for some of these inmimstdeading to more
useful objective guidance.



1. Introduction

Tropical cyclones cause a great amount of damage to coad&ahsetss, and are associated
with roughly one quarter of the average annual economic cost ofahaligasters in
Australia (Bureau of Transport Economics, 2001). To help mitigatesighe devastating
impact of cyclone-related flooding, it is important to be ablestmate and predict the
amount of rainfall occurring in landfalling tropical cyclones (Elsberry, 2002).

To address this need the Satellite Services Division (SSD) OAAS National
Environmental Satellite, Data, and Information Service (NESDHS)es short-term space-
based rain forecasts calledopical Ranfall Potential (TRaP). TRaP forecasts provide
estimates of 24 h rainfall accumulation in landfalling tropicallayes (TCs) based on the
horizontal translation of a field of satellite-estimated préaijmn. Areal TRaPs were first
issued experimentally for Atlantic hurricanes during the 2000oseasShey are now
available for most tropical storms around the globe (Kidder e2@05; see also the TRaP
home pagehttp://www.ssd.noaa.qgov/PS/TROP/trap-img.hirpbtentially providing a very
useful forecast aid for numerous countries.

Post-event validation of TRaP forecasts against surface observattiprecipitation is vital
for assessing the quality and accuracy of those products. Foreceete to know the error
characteristics of the TRaP products so that they can intetpret appropriately. For
example, they need to be aware of any systematic eassiciated with TRaPs based on
rainfall estimates from a particular satellite sensoduwing various evolutionary phases of
a cyclone. They also need to know whether the satellite-based foRaRsts are likely to
perform better than the alternative source of guidance, namely, caimeeather prediction
(NWP) models. Developers of the TRaP system need detailed inimnntan the perfor-
mance of the algorithm so that improvements can be made.

TRaPs have been validated for hurricanes in the western hemisphiaig tder2001 and

2002 seasons (Ferraro et al., 2002, 2005). Since the primary objective dR&aP is to

provide an early warning of potential maximum rainfall for lomasgi near the coast, the
emphasis of Ferraro et al.'s (2002) validation was on the locationrmagditude of the

predicted rain maximum. Examining results for seven storms theyfthat the errors in
TRaP maximum rainfall ranged from -79% to +77% when comparetakima observed at
rain gauges. This is due partly to inaccuracies in hurrica& forecasts. However, there
was no systematic relationship between errors in storm motioarated- or over-estimates
of rain, suggesting that errors in the satellite rain rateeveds, combined with the

simplifying assumption of a steady state spatial rainidigton in the travelling storm, also
contributed strongly to the total error.

A study of TRaPs for the 2002 hurricane season focused on the igalidatspatial rain
forecasts (Ferraro et al., 2005). Using 24 h accumulations calcifatadthe National
Centers for Environmental Prediction (NCEP) Stage IV hourly gaadar rainfall analysis
as validation data, they found that the most accurate TRaP farecast those based on the
Tropical Rain Measuring Mission (TRMM) rainfall estimatémt all TRaPs tended to
underestimate the maximum rainfall. The TRaP forecasts outpefoEta NWP model
forecasts according to most statistical measures.

The aim of this study is to validate TRaP forecasts for tabmgclones in the Australian
region during the 2003-04 season. In particular, we separate the mysafsng from



inaccurate track forecasts from those associated withatedite rain retrievals and the
assumption of steady state rain. The next section briefly Hescihow TRaPs are
constructed. The validation methodology and results for five Australias fbfow,
including comparison of TRaPs to numerical forecasts from theraliast Bureau of
Meteorology's mesoscale model. The paper concludes with a disco$shen results and
some suggestions for potential improvements to the TRaP forecast system.

2. TRaP forecasts

The history and details of the current Tropical Rainfall Potetd@inique are described by
Kidder et al. (2004). The original TRaP forecasts were based poainanalysis of infrared
(IR) imagery from geostationary satellites (Spayd andi8ldpf1984). Four cloud types
were identified in the imagery, each with a prescribed ramRatbased on the cloud top
temperature trend. Given estimates of the storm's veldgjty straight line was drawn
through the heaviest rain in the direction of storm motion. To mak24Hhe forecast two
simplifying assumptions were made: (1) the velocity of tleenstremains constant during
the 24 h period of interest, and (2) the rain distribution withirstbem circulation remains
constant in a Lagrangian sense during the 24 h peridd;. i the length of the transect
through the storm through cloud typehe rainfall accumulation was then calculated as
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Objective microwave rainfall estimates were first evaldidte TRaP in 1992 and replaced
the subjective IR estimates by the end of the decade, as #reysiown to give more
accurate estimates of instantaneous rainfall (e.g., Ebextt,€1996). This also made the
generation of TRaP much easier and faster. Good results eleéexed with rain estimates
from the Special Sensor Microwave Imager (SSM/l) and, latethe 1990s, with the
Advanced Microwave Sounding Unit (AMSU). Rain estimates from RBMW Microwave
Imager (TMI) were added in 2001. The laborious manual computations wgayeto
computer-generated TRaPs, and in 2000 areal TRaPs became the standard prodeet. The a
TRaP is computed as

TRaP(x,y) = [R(x,y,t)dt (2)

wherex andy denote the spatial location ahds the time. The rain rate is still assumed
constant in a Lagrangian sense, but the storm motion is now obtaomedfficial track
forecasts from operational centres including the Australian Tabplyclone Warning
Centres (TCWCs) in Brisbane, Darwin, and Perth.

Recent improvements to the TRaP generation process include tle tabaiutomatically
retrieve the microwave rain rates from polar satellite masses, and decode TC bulletins
from numerous operational centres around the globe. These improseatlent TRaP
forecasts to be made without any human intervention. TRaPs areetpuienerated for
cyclones that are 24-36 hours or less from landfall, using allisatoverpasses with
AMSU, SSM/I, or TRMM views of the storm and track forecastmfrone or more
operational centres. Analysts at SSD subjectively choose thd" "D&aP forecasts
according to spatial completeness and reasonableness crigpi@l(y about 10% of the



total number) to release in near real time on the web asr@dges at 4 km horizontal
resolution. Users can request to be put on an e-mailing list sthéyatvill be automatically

informed whenever a new TRaP is issued in their region of sitérke digital forecasts can
also be downloaded from SSD as MclDA#eas or text files.

For this study the complete set of automated areal TRaRsavaiable for validation. In

practice, most users have access to only the vetted (cheattexpproved) TRaPs, which
would be expected to be of the highest quality because they &wmatedaand checked by an
operational satellite meteorologist. Validation results areepted here both for the vetted
set and the complete set of TRaP forecasts.

3. Validation methodology

Australia has a national network of over 5000 rain gauges that reeaéur rain accumu-
lation at 9 am local time each dafhese rain gauge observations were used to validate the
maximum rainfall predicted by the TRaPs by comparing the oldemaximum rainfall at

the first 9 am observation time after landfall to all TRaf¢asts valid within +12 h of that
time. To investigate the impact of timing differences, a secontparison was made using
only TRaPs valid within £3 h of the rainfall observations.

This maximum rainfall validation methodology is less than idealaffaw reasons. Gaps in
the rain gauge network and gauge "undercatch" at high wind speeuafs tha the true
maximum rain accumulation is unlikely to be observed. As noted, tirdifigrences
between the TRaP and the observations will lead to apparentiartbespredicted rainfall,
even for a perfect TRaP. Since TRaP forecasts are derowadcbarser resolution satellite
rainfall estimates, they do not represent the spatial sdfatee point observations from
gauges and thus the comparison suffers from errors of represeméasy Nevertheless, to
the extent that users are tempted to take TRaP estimatesxohum rainfall at face value,
the comparison is appropriate.

The areal distribution of rainfall in the TRaP forecasts wéislated against the Australian
operational daily rainfall analysis. The gauge data are zedlpnto a 0.25 latitude/
longitude grid using a 3-pass variable length scale Barnestiobjeanalysis scheme
(Weymouth et al.,, 1999). In the absence of gauge-calibrated raitaates the gauge
analysis provides the best estimate of spatial rainfaliiloligton. It is limited in its accuracy
by gaps in the network in the tropics (spacing of roughly 1 gpeg&0 km except in the
vicinity of Darwin, where the density is much greater) and tbeee€annot represent the
strongest spatial gradients in the cyclone rainfall.

The TRaP rainfall fields were remapped onto the same grid agatige analysis for the
spatial validation. To focus only on the rainfall of interest, the validation ihowses limited

to a (moving) 10 latitude/longitude box centered on the observed cyclone position. The
post-analysed best track cyclone positions were provided by the rddpohGWC based

on a careful analysis of satellite imagery and synoptic observations.

! McIDAS stands for Man computer Interactive Dataégs System
29 am local time corresponds to 2300 UTC in Quesmsi2330 UTC in the Northern Territory, and 0100
UTC in Western Australia.



The spatial validation was performed for the 85 TRaP forecasitswalid times falling
within £3 h of the observations; of these, nine TRaPs were vetted. TRaPsici&asfrom
satellite passes with incomplete coverage were not included imatitation. All spatial
validation results refer to the portion of the TRaP that was over land.

As pointed out by Kidder et al. (2005) there are three main souraegeftainty in TRaP
rainfall forecasts:

* the satellite-estimated rain rates,

» the forecast storm track,

» the invariant spatial structure.
Different validation strategies are more appropriate forsagsg each source of error, as
discussed below.

Considering first the errors in instantaneous rainfall rateggndsed by the AMSU, SSM/I,
and TMI instruments, previous validation studies have found typical eragnitndes of
100% or more in the tropics (Ebert et al., 1996; Smith et al., 1998rént sensors have
different measurement error characteristics. For exampleS8M/I and TRMM TMI
algorithms used at NOAA are known to systematically underastinow rain rates and
overestimate heavy rain rates over land and ocean, while theUAMgrithm tends to
overestimate the area of light rain over land (R. Ferraro anduSseson, unpublished
results). Errors in the satellite rainfall "snapshot”, compoungetid assumption of steady
state rainfall, will be reflected as errors in the predi@d4 h accumulation. These will be
seen mainly as errors in rain amount and extent, which can be quantified usitigsstaith
as the mean absolute error (MAE) and root mean square error (RBISEthe ratio of
forecast to observed rain amount (multiplicative bias) or area (frequersdy bia

Another source of uncertainty is the predicted cyclone motion, whigimates from human
forecasters in the various tropical cyclone prediction cenfetse ktorm is forecast to move
too quickly or too slowly, the rain extent and accumulation wilingerrect. If the predicted
direction of motion is incorrect the TRaP will put the forécas in the wrong location.
The correlation coefficient is a good indicator of whether the pattern is correct. The
threat score (TS) measures the ratio of the number of hishth predicted and observed)
to the number of points with rain either predicted or observed (Wif35). In other words,
TS is the fraction of correct predictions when the non-raining pamgsexcluded. To help
interpret the threat score it is useful to compute the probabilitetection (POD), which
measures how often the observed rain was correctly predictedharfdlse alarm ratio
(FAR), which is the fraction of rain predictions that were falems. It is common to set a
rain threshold for computing the frequency bias, POD, FAR, and TS;ewalises of 1 mm
d* to measure success for rain / no rain prediction, and 20 tmmeasure success for the
heavier, more important, rain.

Errors due to incorrect storm motion versus those due to incoamdall amount and
spatial structure were separated using the object-oriented deouns rain area” (CRA)
method of Ebert and McBride (2000). Forecast and observed rain engtieslefined by a
rain threshold of 20 mm™dto isolate the heavier rain. The location error of a forecsitye
relative to the observed entity can be estimated using objectieerpatatching, or it can be
specified externally. For this study we used the best tradoreygosition determined by
the Australian TCWC responsible for monitoring the TC to speh#yposition error of the
forecast. The properties of the forecast entity, namely, the e \aslume, conditional rain
rate (mean intensity given that it was raining), and maximaimrate, as well as the spatial



pattern of rainfall, were verified after horizontally tramslg the forecast rain to the
corrected location. This should be a reasonable approximation of the thi&aRould be

obtained with a perfect track forecast. The CRA methodology alibe/gotal error to be
decomposed into contributions from volume error, location error, and pattem (see

Appendix).

To help assess the value of the TRaP forecasts for foregaatmfrom Australian tropical
cyclones, a parallel validation was done for 24 h quantitative pratogpitforecasts from
two versions of the Bureau of Meteorology's mesoscale model, theedifrea Prediction
System (LAPS) (Puri et al., 2001). The operational C.l25o0lution mesoscale model
(mesoLAPS) provides numerical guidance out to 36 h over the wholagifalia. The
second version of the model is a variable domain,”Gd$plution, tropical cyclone-centered
mesoscale model called TC-LAPS (Davidson and Weber, 2000). TG Lg\Rin whenever
a named tropical cyclone is present in the Australian regioneTfbescasts were validated
on the same grid as the TRaP forecasts to ensure a fair comparison.

4. Validation results for Australian tropical cyclones

TRaP forecasts were available for five tropical cyclonawénAustralian region during the
2003-04 season. The observed cyclone tracks are shown in Fig. 1. Thre&@ ©§ tfizebbie,
Fritz, and Evan) affected the northernmost tropical latitudes dfr#lizs while two (Monty
and Fay) produced heavy rainfall in the subtropical northwesterofike continent. TRaP
forecasts were generated using rainfall estimates frone tbifferent sensors, AMSU,
SSM/I and TRMM, and track forecasts from Australian TCWCs hadJnited States Joint
Typhoon Warning Center (JTWC).

We first give some validation results for each of the cyclotten discuss the validation
results for all cyclones together. To facilitate the disomssa comparison of TRaP and
observed maximum rainfall for each cyclone except Evan is showigir2 FThe spatial
validation results for all TRaPs valid within £3 h of observatioretiane summarized in
Table 1, while Tables 2 and 3 give the spatial and CRA validagsuits, respectively, for
all of the vetted TRaPs. Note that the dates for which TRaRsavailable and validated do
not correspond precisely to those dates in which the storms wesfieh as tropical
cyclones, but rather focus on the period when the storms were close to or over land.

a. TC Debbie, 19-20 December 2003

Tropical cyclone Debbie formed in the monsoon trough over the eastafura Sea. After
deepening and moving west it turned toward the southwest, approachicmptiteat about
10 km K'. Landfall occurred about 250 km east northeast of Darwin at about TG®ML
20 December, bringing heavy rain to the Top End and causing flooding in mahgneats.

The 19 TRaPs validated for TC Debbie were found to be less gskilfigneral than those
for the other storms. The maximum rain estimates from AMSldebaRaPs were generally
smaller than those from SSM/I- and TRMM-based TRaPs (also faamd@RaPs in the
Western Hemisphere), but all were consistently too high for this storm (Ficdh&)aih area
was too low (frequency bias less than 1 in Table 1). The most successful dtebdenraPs
was the AMSU-based forecast valid at 2250 UTC on 19 Decembernsiiongside the
verifying gauge analysis in Fig. 3. The heaviest rain was pestlat the northernmost tip of
the Top End, in agreement with observations. Although the mean anighunaxrain



intensity were well predicted, the spatial extent of the was far less than observed,
leading to a 79% underestimate in rain volume and a poor value of the shoge, 0.27.

The CRA error decomposition suggests that most of the errdrisnTRaP was due to
incorrect prediction of rain volume (Table 3).

b. TC Fritz, 13 February 2004

Tropical cyclone Fritz developed off the northeast Queensland andsvas named on 10
February. Moving westward across Cape York it weakened, then exfommthe Gulf of
Carpenteria. Fritz made landfall on 12 February, producing heavyamdirflooding in the
Gulf country and surrounding regions.

Only three TRaP forecasts could be validated for this storm,romedach satellite sensor.

The mean and maximum rain intensities were well predictedRgP$ based on all three
instruments, but the rain extent and volume were again underestimatichlarly by the
TRMM-based TRaP (Table 1). The SSM/I-based TRaP valid at 2340 UTC on 12 February is
shown in Fig. 4. The pattern of heavy rain near the center otyblene was well
reproduced, as reflected by the high value of the correlationicientf 0.67. However, the
absence of predicted rain to the south meant that the TRaP rainevefasntoo small by a
factor of two.

c. TC Monty, 28 February-3 March 2004

Tropical cyclone Monty developed from a low pressure center ofidh@iwest coast on 27
February. It travelled westward, increasing in intensity, beflam@ng to the southeast and
crossing the coast at about 1300 UTC on March 1. Widespread ragafaib Isignificant
flooding, destroying homes and bridges.

Twenty-five TRaPs from a five-day period were validated, inclufiig vetted TRaPs. Fig.
5 shows the CRA validation for the SSM/I-based TRaP valid at 2341dvTi@arch 1. One
advantage of the CRA approach is that the unrelated rain observed in the southerthpart
domain is excluded from the validation. There was a slight misbocaf the cyclone to the
southwest; when this was corrected the RMSE and correlation bptbved markedly.
The rain volume and area exceeding 20 mhwmere both slightly overestimated by this
TRaP. Just over 10% of the total error was attributable to voluroe eiile about a third
of the error was related to the incorrect location and the remainder relggatiern error.

In general, the TRaP forecasts of maximum rainfall in TC tylevere quite close to the
observed value of 196 mm (Fig. 2). The area of heavy rain wasnald estimated with
average frequency bias values of 1.14 for the AMSU-based TRaPs andrai8€® $SM/I-
based TRaPs (Table 1). The rain volume estimates were &aiclyrate as a result of two
compensating errors, the overestimation of the conditional rainnmdttha underestimation
of the extent of light rain.

d. TC Evan, 3-5 March 2004

Although tropical cyclone Evan was not a very strong storm instefmvind, its associated
heavy rain led to widespread flooding over the Top End and closure StuheHighway.
Approaching from the east, Evan crossed the coast of Arnhem Laumads2100 UTC on 1
March.



Unfortunately all of the TRaPs generated for TC Evan were waitl after landfall so it
was not possible to check the predicted maximum rainfall atddin@he spatial validation
results were similar to those for TC Fritz, in that the TRafade good estimates of
conditional rain rates but underestimated the rain extent anddieetke total rain volume
(Table 1). The spatial pattern of the AMSU-based TRaPs hasleange correlation of 0.69
with the gauge analysis, while the SSM/I-based TRaPs had a lower medatioonr8.32.

A sample AMSU-based TRaP from 2054 UTC on 2 March is shown in Fignegpredicted
maximum rainfall was in the right location but slightly gezahan observed. The moderate
rain observed in the northern and western parts of the domain weraptoted by this
TRaP.

e. TC Fay, 24-28 March 2004

A westward moving tropical low intensified into tropical cycldreey in the Timor Sea west
of Darwin on 16 March. Fay remained near the coast for severa) ogssifying to
category 5 on the Australian TC severity scale and bringingyhean to the Kimberley
region. After changing direction a few times Fay made &hdt about 0000 UTC on 27
March near 285, 130E. Little damage was reported in the sparsely populated region.

Due to Fay's prolonged proximity to the coast, there were 29 §&alP could be validated,
including 7 based on TRMM observations. The CRA validation of a vettedM{Rlted
TRaP valid at 0303 UTC on 25 March is shown in Fig. 7. The magnitud@eaitbh of the
maximum rainfall were in error, but since the track forecass fairly accurate (36 km
error), the source of the error likely relates to the assumptiateatly state rainfall. The
areal extent of heavy rain was very well estimated, butafia tain volume was too great.
The error decomposition attributed 60% of the total error to pat¢ieon, 30% to volume
error, and only 10% to displacement error.

As with TC Debbie, the SSM/I-based and TRMM-based TRaPs haddericy to over-

estimate the maximum rain at landfall (Fig. 2). The highesamthreat score for rain / no
rain detection, 0.51, was achieved by the AMSU-based TRaPs férayCprimarily as a

result of their high PODs (Table 1). Similar to the eafliRaPs, the conditional rain rate
was well reproduced but the predicted rain volume was typicadiytehalf of the observed
value because of the frequent underestimation of rain extent.

f. Aggregated results

The results in Fig. 2 suggest that the TRaPs usually predetsdnably good values of
maximum rainfall when compared to gauge observations. Lookingatirgte results for
TRaP forecasts valid within £12 h of the observation time, the AMSU-based TRaBtes
appeared to be the most reliable and conservative, with a me@werelaor for maximum
rainfall of 34% of the observed value. The SSM/I-based TRaRs twe high by a factor of
three for TCs Debbie and Fay, but gave quite accurate esti(megas relative error of 11%
of the observed maximum) for TCs Fritz and Monty. TRaPs computed TRkIM data
had a mean relative error for maximum rainfall of 56%, and sdeim suffer some of the
same overestimation problems found with the SSM/I-based TRaPs. @Gsonpa of
validation results for TRaP forecasts valid within £3 h versus HdPthe observation time



show no consistent improvement, but with such a small sample @zenpossible to draw
any strong conclusions.

Mean values of the validation statistics for AMSU- and SSM&ed TRaPs are given at the
bottom of Table 1. Aggregated values for TRMM-based TRaPs arendoidded here
because only one storm was well sampled by this sensor. 95% cwoefitervals on these
values were determined using a bootstrapping method (Wilks, 1995). For ttraliaos
2003-04 tropical cyclone season, the AMSU-based TRaPs performed ngticetibt than
the SSM/I-based TRaPs, giving higher correlations with therodsens, more accurate
estimates of rain area and conditional rain rate, and lower values of MABV®H.R

The SSM/I-based TRaPs produced unrealistically high rain naaxinwo of the storms. If
this was related mainly to the spatial resolution of thdlgatebservations then the SSM/I-
based TRaPs would be expected to have lower rain maxima than Mid-bRsed TRaPs,
which was not the case (Fig. 2). The errors in track foret@as8SM/I-based TRaPs were
similar to those for the other TRaPs. We therefore beligaethis overestimation problem
Is related to errors in the satellite rain rate retd®. In contrast, Ferraro et al. (2005) found
that for U.S. hurricanes the TRaPs from all three sensors uticheresl the maximum rain
at landfall when compared to the Stage IV gauge-radar analyRaP( maxima of 65-220
mm d* compared to radar maxima of 225-475 mit). @his difference may be related to the
higher spatial density of surface observations in the US validatmah the inherent
differences between gauge and radar analyses. The frequeseg thor rairel mm d*
reported by Ferraro et al. (2005) were in the range 0.6-1.0, higherhibaralues found
here, 0.2-0.7. According to all other measures, the performance & TdRecasts over
Australia was similar to that found over the US.

Comparison of the results in Tables 1 and 2 suggests that the TR&&$ were not very
much more accurate than the set of all (vetted and unvettedysTR&is implies that,
subject to an additional range-checking step to screen out TR#Psnealistically high
rainfall®, it may be possible to release all automated TRaPs withgua@aye loss of skill or
confidence.

The CRA validation focused on the regions of rain exceeding 20 Tnim tthe forecast and
observations (Table 3). Compared to the results for the full 10° splatiain, where a
threshold of 1 mm dwas used to compute validation statistics (Table 2), the conditional
rain and volume ratios were closer to 1 and the normalized RM&Elower, implying
relatively better performance of the TRaPs for the heawsier The location (track) errors
ranged from 0 to 113 km, with a mean value of 55 km. The error decorpasitjgests
that on average less than 20% of the forecast error wasd-é¢tatrack errors. Pattern errors,
which relate to the shape, size, and fine scale structure obriwasét entity, accounted for
about half of the total error. The rain volume error component was wgaitable but
averaged about one third of the total error. It appears thatrtirs associated with the rain
rate retrieval and the assumption of steady state rainbditstm in the 24h period outweigh
the errors associated with incorrect track forecasts.

% In practice, it may be difficult to specify appragie criteria for "unrealistically high rainfall’Australian

forecasters expect, as a general rule of thumbfalhimaxima not to exceed 200 mnt tbr storms moving at
"average" speeds and 400 mrit ébr slow movers (N. Davidson, personal communasti Perhaps
consistency among TRaPs from different sensorsavogla more suitable test.



Correcting the location of the TRaPs had the effect of niwme doubling the average
correlation coefficient for rain exceeding 20 mfh, #ut was equally likely to decrease or
increase the RMSE. This is in contrast with Ferraro et(@2D85) findings that recomputing
the TRaP using the best track often improved, but never degraded, the RMSE.

To test whether the TRaPs gave better rainfall forecaatsthe mesoscale NWP guidance,
the validation results were compared for the eight days (spreadoawecyclones) during
which AMSU- and SSM/I-based TRaPs and mesoLAPS and TC-LAB&In24 h rain
forecasts were all available. Fig. 8 shows examples of nioddasts for TC Monty for the
same date as the TRaP shown in Fig. 5. The model forecasts hiava dififerent, arguably
more realistic, appearance to the TRaPs, with a suggestion afomotrather than
streakiness. However, the excessively heavy rain in the ARS forecast, and to a lesser
degree in the mesoLAPS forecast, appeared to be a common occurrence.

Fig. 9 shows the distributions of selected verification stasigor the four forecast products.
Looking first at rain volume, the mesoLAPS model gave the dsshates while TC-LAPS
overestimated it quite severely, leading to large errors. Thelatons were highest for the
AMSU-based TRaPs and the TC-LAPS model. The AMSU-based TRaPm@soLAPS
model gave the best estimates of heavy rain area. The TC-lbAdef®l had the highest
probabilities of detection, which contributed to it achieving the higimeslian threat score
of the four products. Based on this comparison, there is no clear-cut "wintier'thoice of
forecast product would vary, depending on which quantities were deemedvitabgd
predict correctly.

5. Discussion and suggestions for improvement

Validation of TRaPs for five Australian tropical cyclones durihg 2003-04 season shows
that these satellite-based rainfall extrapolation products clearéydidl in predicting heavy
rainfall. The AMSU-based TRaPs gave more reliable estintdtheavy rain magnitude at
landfall than the SSM/l-based TRaPs or the mesoscale NWP snddet TRaPs and
models had comparable skill in predicting the location of the heavyasmeasured by the
threat score and correlation coefficient, but the mesoLAPS ngadel better estimates of
rain volume.

These results were based on a small number of cases. Valigfitide should continue so

that more robust conclusions can be drawn. Australia does not curremtiyahahourly
gauge-radar analysis similar to the Stage IV product in 8iesd it must continue to rely on

24 h rain gauge observations for the bulk of the observational data. Some of the difference i
the results between this study and the Ferraro et al. (2005)atdyndoubtedly related to

the differences in the reference data between Austradidhee United States. Differences in
environmental influences on TC rainfall may also be an important factor.

The areal TRaP is still being further developed and improved éKidd al., 2005). The
CRA error decomposition suggests that most of the error is dusots & rain volume and
pattern, as opposed to incorrect track forecasts. As long asatties tare reasonably
accurate, and given that the TRaP methodology does not "growécay" rain, systematic
errors in rain volume will be primarily associated with erriorshe satellite rain retrieval.
Further validation of satellite rain rates against estimatesn coastal radar, the TRMM
precipitation radar, or gauge observations from atolls and islatdnstanight help clarify
some of the rain retrieval errors. The pattern errors aateteto the assumption of steady



state (in a Lagrangian sense) rain including the lack of ootati the advected rain field.
The excessively streaky appearance of the TRaPs that rigeuitsadvection of local rain
maxima and minima is clearly unrealistic and may deter sfurexasters from having
confidence in the product.

Several physically based improvements are possible. Rotation aditheattern could be
incorporated into the storm motion. Atmospheric moisture retrievedsn fpassive

microwave measurements could be used to increase or decredsatheainfall based on
moist or dry advection. Similarly, a shear factor, perhaps defised NWP, could be used
to increase or decrease TRaP rainfall. Including a statisidjastment for orographic
enhancement of rainfall might produce more realistic land-based:stimates, especially
along the Queensland coast.

Statistical simulation of rain evolution using stochastic modets, (Bierce et al., 2004) is
probably beyond the scope of this project, but some simple statistetabds could be
applied to reduce the streakiness of the TRaPs to give a méistiacdaoking, and more
accurate, TRaP forecast. The simplest approach is to agpigtial smoother to the TRaP
output, but this has the undesirable effect of reducing the maximnmTio overcome this
problem probability matching can be used to transform the smoothedtasnback to the
original rain frequency distribution. An example of such a masgagperation is shown in
Fig. 10 for the SSM/I-based TRaP from TC Fritz, where the vatueach grid box was
replaced by the average value over a centred 200 km window, followeghlbnate transfor-
mation using probability matching. Compared to the original TRaPgn4fithe massaged
TRaP is much smoother looking, with lower errors and a higher correlation mgffic

Rain probabilities can also be estimated by sampling the diainbution in the local
(spatial) neighbourhood of each pixel. For example, due to uncertamtiesck forecasts
(c.f. Table 3) all rain estimates from pixels within 50 krdiua of the pixel of interest could
be considered equally likely, so that the probability of precipitaticceeding a given
threshold would be simply the fraction of pixels with rain exceediagthreshold. Such an
approach was successfully demonstrated by Theis et al. (200&bandand Jakob (2003)
using mesoscale NWP model output; the principle would be equally applita high
resolution TRaP forecasts.

A better strategy would be to generate an ensemble of TRaBddayg realistic pertur-
bations to the forecast speed and direction of the cyclone, asstedydy Kidder et al.
(2005). The parameters of the microwave rain rate retrieval edsddbe varied to provide
several initial fields. The ensemble strategy acknowledgeghbied are many uncertainties
in the forecast, and explicitly takes them into account. The ensendale TRaP, corrected
using probability matching as above, would almost certainly be a skilful forecast than
a single realization (i.e., the current TRaP product), partlyusectie less predictable small
scale features are filtered out via the averaging procbssgieat advantage of the ensemble
approach is the ability to easily produce probability forecstritical rain thresholds.
This would add enormous value to the TRaP product in decision-criticatiens like
tropical cyclones approaching landfall.

Numerous studies have demonstrated that combining independent forgcaatsonsensus
forecast generally produces a superior product, so long as the cartspbage no large
biases. Ferraro et al. (2004) showed that the climatological sshateestimate maximum
rainfall as a simple function of storm speed often gave bedtenaes than the TRaPs. The
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Rainfall Climatology and Persistence (R-CLIPER) algorithm bbpesl at the NOAA

Hurricane Research Division gives the radial distribution adf lintensity in a tropical
cyclone (Marks et al., 2002). NWP models can make good predictiaagadn cyclones,

although it may be necessary to first remove systematiedid®eturning to its original
inspiration, TRaPs can be automatically derived from geostatica#gilite observations on
a 30-minute basis using the Hydroestimator algorithm (Scofield anidydfugki, 2003).

TRaPs based on one or more sensors could be statistically comlinhexth&r sources of
cyclone rainfall forecasts to produce a "super-ensemble” (e.qy, @&td Krishnamurti,

2003a, 2003b). TRaP rainfall might be used in the TC initializatioogss in NWP models,
or advected according to the model's deep layer mean (950-500 hiawenmbining the

best features of both prediction systems. These strategies should be tested.
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Appendix. CRA error decomposition

Ebert and McBride (2000) showed how the total error in a spatialfoaecast could be
decomposed into terms related to location error, volume error, arnpattor. Recently
Grams et al. (2005) proposed an alternative error decomposition to bewvbeadthe
criterion for pattern matching is maximizing the pattern cati@h rather than minimizing
the squared error as was done by Ebert and McBride (2000). ForvERd#tion using the
contiguous rain area (CRA) methodology we use the difference betiheeforecast and
observed cyclone positions to specify the track error. Since dbidted in an improved
correlation between the forecast and the observations in almoasa# (but not necessarily
an improved RMSE), the Grams et al. (2005) error decompositionheasrt. Its derivation
is given below.

Murphy (1995) presented a decomposition of the mean squared M8©r,of a forecast
field, F, relative to the observed fiel@®;

MSE =(F -0 )2 +(s, —r s. )? +(1-r?)s? (A1)

In this expressiorr andO are the mean values of the forecast and observed fieldsd
So are their sample standard deviations, and the correlation oF and O. For CRA
validation these terms are computed over the domain comprising theairtiva forecast
and observed rain entities (before correcting the forecastdasatiThis contains both the
observed and forecast rain areas but excludes the regions of mienest to the validation.
Rearranging the second and third terms gives

MSE =(F -0)? +[s2 -2r s,s; +52]

_ (A2)
:(F _0)2 +(So —Sg )2 +2$OSF(1_r )
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The pattern error should be reflected by the optimal correldboriocation-corrected
forecastc. By adding and subtractirnrg, in the third term and rearranging, we arrive at the
final expression for the CRA error decomposition:

MSE = (E_G)Z + 28:So(Feor =T ) + 25£55(1- T, ) + (Se —Sg )2 (A3)

corr
The first term in (A3) is the squared difference in mean a#dljndnd thus reflects an
intensity or volume erroMSE.oume). The second term includes the difference between the
spatial correlations before and after correcting the fetet@cation. The smaller the
displacement, the smaller this term is likely to be; thisitegpresents the contribution due
to location error MSEocaiion).  If there was no shape error in the forecast (perfectlabom
between forecast and observationg,=1) then the third term would be zero. The fourth
term compares the sample standard deviations of the forecast ancghtbbss, which would
also need to be identical for a conditionally unbiased forecast. Tigeathd fourth terms
together comprise the contribution due to pattern eM&Efatern)-

The error decomposition (A3) assumes that correcting the docatror of the forecast will
improve its correlation with the observations. This is not guaranteed the location error
is specified externally rather than by correlation-based pattetching. If the correlation
decreases thev SE qcaiion has a negative value.
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Table 1. Spatial validation results for the complete set of ausoihid@aPs, grouped by storm and by satellite instrument. Thésticstavere
constructed by first computing daily mean values, then averagirdptlyevalues. The frequency bias, POD, FAR, and TS were compoted fr
daily mean values of hits, misses, and false alarms. ExceptCfdtay when SSM/I-based TRaPs were not available for shedéy of the
period, the all validation results for each storm were based on the same satfof ddlyinstruments.

1 mmd 20 mm &
Sensor # of TRaPs D MAE | RMSE
Cond.R Volume Corr. Freq. Freq.
(fcst/obs) | (fcst/obs) R R coeff. bias POD FAR TS bias POD FAR TS
TC Debbie, R =14.5 mmd™*
AMSU 8 1.33 0.26 0.93 1.16 0.28 0.22 0.22 0.02 0/22 .24 0.17 0.29
SSM/I 11 3.62 1.07 1.54 2.98 0.10 0.3D 0.30 0,01 0.29 0.60 0.23 0.62
TC Fritz, R =316 mmd*
AMSU 1 0.82 0.48 0.60 0.91 0.64 0.59 0.51 0.13 0/47 0.56 0.46 0.18
SSM/I 1 0.88 0.43 0.59 0.91 0.67 0.49 0.46 0.07 0(44 0.53 D.45 D.15
TRMM 1 0.63 0.13 0.73 1.16 0.53 0.2( 0.20 0.03 0,20 016 0.16 0.00
TC Monty, R =21.0 mmd*
AMSU 12 1.34 1.04 0.54 1.09 0.56 0.71 0.57 0.p0 0|50 1.14 D.60 D.47
SSM/I 13 1.59 0.76 0.56 1.20 0.38 0.4p 0.34 0.18 0.32 0.80 0.45 0.43
TC Evan, R =19.3 mmd™
AMSU 4 0.97 0.57 0.57 0.99 0.69 0.47 0.46 0.02 0/46 0.59 0.46 0.22
SSM/I 5 0.99 0.42 0.69 1.19 0.32 0.37 0.36 0.04 0|35 0.43 D.27 D.38
TCFay, R =23.7mmd*
AMSU 11 0.73 0.45 0.48 1.00 0.43 0.66 0.56 0.15 0|51 Q.62 D.43 D.32
SSM/I 11 1.03 0.48 0.51 1.09 0.44 0.38 0.36 0,04 0.29 0.39 0.23 0.41
TRMM 7 1.05 0.50 0.54 1.19 0.39 0.46 0.39 0.15 0.37 0.48 .35 .28
Aggregated results for all TRaPs, R =205mmd*
AMSU ‘ 36 1.09 0.69 0.57 1.02 0.50 0.59 0.50 016 | 045 | 0.74 | 047 0.37 | 0.37
959% confidence interva 0.93, 0.53, 0.52, 0.95, 0.41, 0.50, | 0.44, | 0.10, | 0.40, | 0.61, | 0.40, | 0.29, | 0.32,
1.27 0.88 0.64 1.08 0.58 0.68 055 | 0.22 | 049 | 0.90 | 0.54 0.43 | 0.41
SSM/I ‘ 41 1.75 0.67 0.76 1.52 0.33 0.37 0.33 010 | 032 | 059 | 0.34 042 | 0.27
959% confidence interva 1.45, 0.53, 0.64, 1.31, 0.26, 0.31, | 0.28, | 0.06, | 0.27, | 0.47, | 0.27, | 0.36, | 0.22,
2.09 0.81 1.31 1.77 0.41 0.42 0.37 | 0.14 | 0.36 | 0.70 | 0.41 0.49 | 0.32

15

0.16
0.17

0.41
0.42
0.16

0.39
0.34

0.41
0.23

0.36
0.20
0.31



Table 2. Spatial validation results for the vetted TRaPs.

1 mmd 20 mm d'
Date and time Track Sensor Cond.R | Volume MéE RI\/I_SE Corr. | Freq. poD | EAR| TS Freq. poDp!| FAR | TS
forecast (fcst/obs)| (fest/obs)) R R coeff. | bias bias
TC Debbie
20031219 225pDarwin | AMSU 0.77 0.21 0.83 1.02 05 0.27 0.27 0J00 027 0.17 0.17 1|0.04
20031219 2344Darwin | SSMI 2.98 1.12 1.53 2.60 005 038 0.388 000 0.38 0.55 [0.24 |0.56
TC Monty
20040228 2206 Perth | AMSU 2.11 0.91 0.49 1.14 058 043 0/38 0.11 0.36 (0.87 [0.60 |0.31
20040301 2216 JTWC | SSMI 2.03 1.40 0.66 1.23 0.61 0.69 0449 029 041 [1.29 |0.69 |0.46
20040301 2300 Perth | AMSU 1.25 1.15 0.58 1.03 057 091 0/63 0.30 050 [1.38 [0.72 |0.48
20040301 2341 Perth SSMI 2.12 1.25 0.63 1.26 058 059 045 0.24 040 |1.11 |0.65 | 0.42
TC Fay
20040325 0303 Perth | TRMM 1.90 1.54 0.64 1.42 0.72 081 0.5 0/08 071 090 0.64 |[0.29
20040325 0308 JTWC | TRMM 2.06 1.68 0.70 1.53 0.66 082 0.6 0J07 072 1.02 0.69 [0.32
20040327 2245 JTWC | AMSU 0.49 0.22 0.57 1.22 028 045 043 0.04 042 041 |0.29 |0.28
Aggregated resultsfor all vetted TRaPs
all 1.63 0.97 0.70 1.33 051 | 058 | 050 | 0.15 | 046 | 0.83 | 0.50 | 0.40 | 0.38
95% confidence interval 1.13, 0.57, | 0.60,| 1.16, | 0.37,| 0.46,| 0.41,| 0.06,| 0.38,| 0.56,| 0.36,| 0.33,| 0.30,
2.14 1.35 0.87 1.62 0.62 | 0.72 | 0.60| 0.23| 0.55| 1.12| 0.65| 0.45| 0.46
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Table 3. CRA validation results for the vetted TRaPs. The statistics rélfer llmcation-corrected TRaPs.

Error decomposition (%)
. Track Max. rain| Cond.R | Volume | RMSE |Correlation| Track :

Date and time forecast Sensor (fcst/obs)| (fcst/obs) | (fcst/obs) R coefficient| error (km) Location | Volume Pattern
TC Debbie

20031219 2250Darwin | AMSU 1.27 1.08 0.33 0.78 0.57 0 0 72 28
20031219 2344Darwin | SSMI 7.19 3.05 2.49 2.52 -0.18 28 9 15 76
TC Monty

20040228 2206 Perth | AMSU 0.33 0.48 0.12 0.87 0.38 83 30 0 70
20040301 2216 JTWC | SSMI 1.08 1.03 1.03 0.86 0.68 113 44 18 38
20040301 2300 Perth | AMSU 0.77 0.87 1.24 0.68 0.57 52 37 4 59
20040301 2341l Perth | SSMI 1.17 1.16 1.20 0.89 0.48 60 31 12 57
TC Fay

20040325 0308 Perth | TRMM 1.93 2.11 2.5 1.50 0.42 93 X* X* X*
20040325 0308 JTWC | TRMM 1.60 2.10 2.0 1.32 0.39 36 10 30 60
20040327 2245 JTWC | AMSU 0.76 0.44 0.19 0.98 -0.25 28 1 51 48
Aggregated resultsfor all vetted TRaPs

all 1.40 1.17 1.01 1.01 0.34 55 20 25 54
95% confidence interval 0.88, 2.80.80, 1.70| 0.54, 1.640.86, 1.25 0.11, 0.52 32,76 10, 31 11, 42 44, 65

* The correction of the track error for this TRaPuttesl in a lower correlation so that the error deposition was not possible (see Appendix).
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Fig. 1. Observed tracks of five tropical cyclones during the 2003-O4rse@ke labelled
dates, given as mmdd where mm is the month and dd is the day, indie22600 UTC
position of the storm. The open symbols denote times when the stomotdidve tropical
cyclone status.
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Fig. 2. Maximum rainfall corresponding to 9 am local time on thst filay following
landfall. The black bars represent the gauge observations, whikatled and textured bars
give the mean TRaP values. The left bar (lighter shade)cim gair corresponds to TRaPs
valid within £12 h of the observation, while the right bar (darkedsha@orresponds to
TRaPs valid within £3 h of the observation. The individual estimateshown by the&'s.
For TC Evan no TRaPs were valid within 12 h of landfall.
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Fig. 3. Validation of AMSU-based TRaP rainfall (left panejfjaiast the gauge analysis
(right panel) for Tropical Cyclone Debbie, valid at 2250 UTC on 19 December 2003.
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Fig. 4. Validation of SSM/I-based TRaP rainfall (left pargainst the gauge analysis (right
panel) for Tropical Cyclone Fritz, valid at 2340 UTC on 12 February 2004.
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Fig. 5. CRA validation for the SSM/I-based TRaP rainfall vali@a41 UTC on 1 March
2004 (Tropical Cyclone Monty).

AMSU TRaP walid 20040302 2054 Daily gaouge analysis valid 20040303 0000

<1 =10

5-10
10—20
2050
S0—100
100-150
150-200
200-300
200500
=500

130 135
120 AMSL Yerification stots for 20040302 2054 n=1044 Verif. qrid=0.25" Units=mm/d
ool Baeriees 1 . L. T T T T T T T T T .
<1 =1 Mean abs error = 4.7
- &0 0 e frdlysed | AMSU oy errar = 16.6
% e boo1| 2se 10 £ gridpoints raining 748 406  Correlation coeff = 0.722
40 = Average rain rote 12.7 12,3 Frequency bios = 0.543
0 LR, v Cenditional rain rate 17.7 31,5  Probability of detection = 0.529
6 7 A g =1 352 3368 Rain volume [mmxkm®:10%) 3.9 9.5 Falze alarm ratio = 0,025
0 2040 60 80104 20 Maxirmurn rain rate 112.0 1112 Threat score = 0,522
Analysiz Equitable threat scare= 0.225

Fig. 6. Validation of AMSU-based TRaP rainfall (left panejjaiast the gauge analysis
(right panel) for Tropical Cyclone Evan, valid at 2054 UTC on 2 March 2004.
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Correlation coefficient 0.238 0.390
Error Decomposition:
Displacement errcr 10.1%
Volume errcr JIn
Pattern arror S9.B®

Fig. 7. CRA validation for the TRMM-based TRaP valid at 0303 W25 March 2004
(Tropical Cyclone Fay).

TC—LAPS farecast walid 20040302 0000

mesolAPS forecost valid 20040302 0000

Fig. 8. 24 h rain forecasts from the mesoLAPS and TC-LAPS madktsat 0000 UTC on
2 March 2004 (Tropical Cyclone Monty).
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Fig. 9. Box plots of selected validation statistics as a funaifosatellite sensor or NWP
model. The boxes indicate the 25th, 50th, and 75th percentiles of thbutiistrj and the
vertical lines indicate the full range. The asterisks denote the meas.value

SSMI

S5MI TRaP

valid 20040212 2340

130
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Analysis

SSMI
=

Sl = Analysed

O ____________________________
E <1 174 20 # gridpoints raining 917
e Average rain rate 26.1
" Conditional rain rate 3.6
g =1 511 408 Rain volume [mmskm™10%)  21.4
Maxirmurn rain rate 146.3

10—20
2050
S0—100
100-150
150-200
200-300
200500
=500

Daily gouge analysis valid 20040213 0000

=

Yerification stots for 20040212 2340 n=1111 Verif. qrid=0.25"

Units=rnm,/d

Mean abs error = 18.2

RMS errer = 28.2

Correlation coeff = 0.737
Frequency bias = 0.465
Probability of detection = 0.443
Falze alarm ratie = 0.047
Threat score = 0,433

Equitable threat scare= 0.083

Fig. 10. Validation of SSM/I-based TRaP rainfall, massaged usimgothing and
probability matching (left panel), against the gauge analysight(gpanel) for Tropical
Cyclone Fritz, valid at 2340 UTC on 12 February 2004.
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