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Abstract. Evaluation of the Tropical Rainfall Measuring limitations, and summarizes the lessons learned and possible
Mission (TRMM) satellite observations is conducted through improvements.

a comprehensive Ground Validation (GV) program. Stan-

dardized instantaneous and monthly rainfall products are L ,
routinely generated using quality-controlled ground based2 TRMM ground validation data processing, algo-
radar data from four primary validation sites. As part of the rithms and products

gl\?/MMdGthrogdr?mé etffort_|s tiﬁmg macie_tct)_ evalfut?]te thefse”.l.he GV data processing and climatological product develop-
products and to determine the uncertainties ot the raintat, , ¢ system is principally automated; however, the quality

estimates. This paper describes: (1) the GV cllmatologlcalControl (QC) of the reflectivity data does require some man-

processing and product development effort and the productaal tuning when anomalous propagation or other anomalous

tar:/alll/?bllt? to the EIUb.I('jC; (gt) thehprﬁductbevalléatlon eﬁort; for non-meteorological echoes are present. The QC algorithm
€ Vielbourne, FForida site, which are based on Comparisonge ., eg non-meteorological radar echoes using a combina-

of radar to rain gauge data using several techniques; and ( ?on of eight adjustable height and reflectivity thresholds.

thet"lm't.'t”?_ factprs |r(1jthe ?V";‘"I’lat"’t.r‘ prt(_)cessL that refllect Curc;The GV system is described more fully in Marks et al. (2000)
rent limitations in radar rainfall estimation. Lessons learned_ summary of a keynote presentation made in the First

zﬂg]r?](;srfz'g:je improvements from this five-year mission areRAD conference, which also provides a data flow chart of

the system. The radar estimates are based on using a power
law Z, = AR® with a fixed exponent of 1.4. TheA coef-
ficient is tuned to a network of QC-ed gauges in such a way
1 Introduction that the total monthly rainfall, as estimated from the radar
Z. pixels of 2x 2 km? above the gauges, is matched to the
The Tropical Rainfall Measuring Mission (TRMM) Ground combined gauge accumulations().
\(alidatiqn (GV) program is an ongoing effort to prov_ide re- 4 — [E(Z§/1'4)/EG]1'4 1)
liable rainfall estimates that can be used to help validate the . _
various TRMM satellite rainfall products over key locations AN automated quality control (AQC) procedure to filter
around the globe. The focus for the NASA TRMM Of- unreliable rain gauge data upon comparison to radar data
fice is to provide the best radar estimates possible from foufS Used prior to generation of thé. — R relations, as de-
primary sites: Melbourne, Florida (WSR-88D); Kwajalein SCriPed in Amitai (2000). Separai&. — R relations are de-
Atoll, Republic of the Marshall Islands (WSR-93D-S band): rived for different range intervals of the radar. Interpolated
Houston, Texas (WSR-88D): and Darwin, Australia (C-band radar reflectivities within 99 km of the radar are taken from
polarimetric). In addition to routinely providing standardized & 1-5-km CAPPI, while reflectivities from 100-150 km are
instantaneous and monthly rainfall products, effort is beingt@ken from a 3-km CAPPI. Separate relations are also gen-
made to evaluate these GV products and to determine thgrated for convective and stratiform rain as defined by the
uncertainties of the rainfall estimates. This paper provides>t€iner et al. (1995 classification scheme. The derived rela-
an overview of the GV program, including a description of tions are then applied to QC-éfl s to obtain instantaneous

current algorithms and data availability. It presents the prod-Surface rain rate {) maps. The latter are then integrated
uct evaluation efforts for the Melbourne, Florida site and its {0 Produce monthly products. Climatological GV products,
statistics, and descriptions can be found at: http://trmm-
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This bulk adjustment scheme, in general, was imple- 200
mented following the direction of the pre-launch TRMM GV
Science Team. However, modifications are taking place from
time to time. For example, in previous versions the— R .
relations were derived from radar and gauge data within 99 1507 °
km range only, but applied t4.s from the lowest beam to  — + o a0}/
create rainfall products up to 150 km range. In the proposed E T o
operational version th&,.s for generating the&Z, — R rela- - 10 o; .
tions are taken from the same CAPPI level to which the rela- 8 1
[¢]
0

1 15 Independent Gauges (34-41 km) 75

tions are then applied. There are many problems associate: T
with the bulk adjustment procedure and current investigation 1§
is underway to determine if a more effective approach will 50T
improve the quality of the GV products. The first such test 1
is the implementation of the Window Probability Matching +
Method (WPMM, Rosenfeld et al., 1994). The improvement )
due to rain type classification is also being investigated.

YRadar / YGauge = 1.05
MAE= 5IR - G|/ 3G = 8%; r=0.93 )
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3 Product evaluation effort for the Melbourne, Florida

site Fig. 1. The relations between the gauge integrated rain rates and
) ) ) the radar integrated rain rates over the gauges of the Florida inde-
3.1 The Melbourne, Florida GV site: Radar and rain gaugependent network (DRGN) during August 1998. Range dependent
data power lawZ. — R relations adjusted to 79 QC-ed gauges were ap-
plied.
Central Florida is one of four primary GV sites selected for

TRMM. The site is centered around the NEXRAD Weather

Surveillance Radar-1988 Doppler (WSR-88D) located in

Melbourne. The rain gauge network consists of approxi-

mately 100 tipping buckets at distances less than 150 km ,
from the radar. Additionally, a dense rain gauge network S€Tved above the gauges. In Table 1, monthly comparisons
(DRGN) of 20 tipping buckets within an approximately 10 Petween the performance of the WPMM- and the bulk ad-
km? area was installed 35 km west of the radar to provideluStment power law-based. — R relations (with and with-
validation of the radar estimates during August-SeptembePUt rain type classification) are presented using all the depen-
1998. The DRGN is not used for generatifig— R relations, dent gauges within 150 km. The radar accumulations both in

and therefore, can be viewed as an “independent” validatiorf 19- 1 @nd in Table 1, were computed using a maximum 10-

network. minute integration period, and gauge data has been filtered
for gaps greater than 10 minutes. Therefore, Bh& ratio
3.2 Evaluation of monthly rainfall estimates in Table 1 is very close to 1.0 as expected with dependent

gauges. Note that according to the bulk adjustment scheme

Figure 1 shows an example of the differences between théor Z, — R development, gauge rates are taken only at times
radar estimates over the gauge and the gauge accumulations$ radar scan and the accumulations are simply the summa-
at times when the radar is operating, using the independertton of the gauge and radar rates regardless of the time be-
gauge network. In general, the normalized mean absolute etween the radar scans. Upon rain type classificafit¥mea-
ror (MAE) on a monthly time scale was found to be below sured by the gauge at times whenZiowas observed above
20%. The difference between the point gauge measuremerftiue to data mismatching) are not usedfor— R develop-
and the true averaged rain within the radar pixel, caused bynent. Thus, radar underestimates the rain as expressed by
the natural variability of rain and gauge instrumental errors,the relatively lowR/G values. On a month-by-month basis,
might explain a major fraction of the MAE. Figure 1 includes very little variation in all three statistics is evident between
several gauges located within the same radar pixel ®f2  the different methods. It is, however, worth mentioning that
km2. These gauges are marked by rectangles. The differfor a fixedb = 1.4, A was found, in general, to be larger for
ence in gauge accumulations within each group suggests thatratiform than for convective rain. Allowing andb to vary,
MAE represents just an upper limit to the accuracy of thea minimum MAE value was also associated with a larder
radar estimates. The accuracy may be higher but a densemlue during stratiform rain for almost all months analyzed.
gauge network is required for verification. However, a systematic connection between the type of rain

An alternative method, which also ensures unbiased totabnd the value ob has not been established. WPMM-based
radar rainfall accumulation above the gauges, is the WPMM.Z, — R relations, on the other hand, demonstrate system-
This method is based on matching unconditional probabili-atic variation between convective and stratiform rain (Ami-
ties of R measured by the gauges, to probabilitiesZpfob- tai, 2000).
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Table 1. Comparison of area averaged rain ra®),(radar-to-gauge bias(/G), and normalized mean absolute error (MAE) between the
monthly radar estimates and the gauge accumulations based on bulk-adjustment (with and without rain type classification) and WPMM for
5 months at Melbourne, Florida

Month Bulk-Adj. Bulk-Adj. WPMM
With Rain Classification No Classification No Classification
R (mm/day) R/G MAE R(mm/day) R/G MAE R(mm/day) R/G MAE
07-1998 3.81 099 0.13 3.84 1.01 0.13 3.95 1.00 0.15
08-1998 4.16 0.97 0.17 4.28 0.99 0.16 4.10 0.99 0.16
09-1998 6.16 0.95 0.15 6.34 0.98 0.15 6.39 0.98 0.15
08-1999 5.05 0.98 0.16 5.14 1.00 0.16 5.08 1.00 0.17
09-1999 7.34 0.98 0.14 7.48 1.00 0.14 7.52 099 0.14
3.3 Evaluation of instantaneous rainfall estimates based on a 7-minute averaged gauge rain rate (dashed line in

Fig. 2a) lies between the two PDF curves based en 1.2

While monthly estimates are relatively simple to evaluate,andb = 1.4, for most of the dynamic range &.
the evaluation of the instantaneous products is much more Comparing panel (b) with panel (c) reveals that the
of a challenge. At the small scale there are many sourceghanges in the PDF as a result of the smoothing are small
of uncertainties. Scatter plots of point comparisons betweerompared to those caused by the changé and A. The
radar and rain gauges are extremely noisy for several reasorBDFs are based on a dynamic rangé-elues that is com-
(e.g. sample volume discrepancies, timing and navigatiormonly used, and on a range of time intervals that is expected
mismatches, variability o7 — R relations, quality of “in-  to include the rain rate distribution function that represents
stantaneous” gauge data), and are therefore of little use fothe area beneath the radar-sampled volumex (2 km?).
evaluating the estimates. An alternative method based on th@/hile the average horizontal velocity may vary, the aver-
analysis of the distribution o as derived from gauge in- aging times range used here is in accordance with the op-
tensities and from reflectivities above the gauge network istimal range of AT found by Habib and Krajewski (2002)
used. for the best correlation between the instantaneous radar es-

In Fig. 2a and b probability density functions (PDFs) and timates and the gauge observations for the same data set.
cumulative distribution functions (CDFs) of the radar esti- While b = 1.3, as mentioned previously, seems roughly to
matedRs above the gauges are generated for different gaugeorrespond to a 7-minute averagBdb = 1.4 already over-
adjusted power laws. Sevelalalues are tested, whilé in estimates the probabilities of the weak intensities and under-
each trial is tuned to the monthly gauge accumulations. Allestimates the probabilities of the strong intensities, relative to
QC-ed gauges within 99 km from the radar site are used (6&ny time averaging gauge-based PDF tested in this study; i.e.,
gauges). The shape of the distribution is found to be veryl-15 minutes. However, among the gauge adjusted power
sensitive tob and A in the adjustedZ. = AR’. Note that laws which ensure unbiased total accumulatidnss 1.5
the official TRMM GV system does not allow for a variable yields the minimum MAE between the monthly radar esti-
b-value. mates and the gauge accumulations. The minimum MAE,

Due to the spatial variability oR, the distribution of the ~ 17.6%, increases only to 17.8% and 18.2%fet 1.4 and
gauge rates does not necessarily represent the true distribb-= 1.3, respectively (Fig. 3). While adjusted power laws
tion of R at the scale of a radar pixel. CDFs derived from may yield satisfactory estimates of rainfall accumulations,
the intensities measured by the same 63 gauges are corfer a wide range ob-values, as seen in Fig. 3, the rain rates
pared for different time average, simulating different do- ~ might be systematically biased, as seen in Fig. 2a. An ex-
main sizes (Fig. 2c). As the space-time domain increasesponent value» = 1.5, which was selected objectively using
the PDF trends toward lowek-values, thus overestimating the conventional optimization criterion, yields a PDF that is
probabilities of weak intensities while probabilities of strong far from representing any of the gauge-based PDFs. Note
intensities are underestimated. The spatial smoothing of thé&hat the discrepancies in the MAE value presented in Fig. 3
radar beam over an area®km? is analogous to the smooth- for b = 1.4 and those shown in Table 1 are due to different
ing of the rain gauge measurements in tii@ccording to  integration schemes and range from the radar being used.
T = 1.35'/2/V, whereV (km h-1') is the horizontal ve- The PDF'’s shape is found to be less sensitive to different
locity of the rainfall system (Zawadzki, 1975). FSr= 4 gauge time averageRs than to different gauge adjustéd
km? and V' of 20-25 km !, the smoothing of the gauge and A-values (as seen by comparing Fig. 2b with Fig. 2c).
rates atl’ ~ 7 minutes simulates the radar pixel size. For This means that the uncertainties in the derived PDFs are
the given month investigated hebes= 1.3 seems roughly to  likely to be smaller if using the gauge rates compared to those
correspond to a 7-minute averaged rain rate. The PDF curvbased on applying an adjusted power law. The above results
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0.8 |-

0.6 }
3.4 Limiting factors in the evaluation process

Rain quantities derived from different instruments represent-
ing different time and space domains often differ signifi-
i ‘ sl ‘ ‘ ‘ cantly. For example, the sampling area of a typical radar-
s1o -8 0 5 to 15 20 2 rainfall product (2x 2 km?) and that of a rain gauge differ

Rain rate [dBR] by eight orders of magnitude. The radar estimates are based
_ o ) ) on instantaneous observations averaged over an area of a cer-
Flg..2. Dlstrlbuthn of rain volume by rain rate for the Melk_)ourne, tain size, while the gauge data represent accumulation over a
Florida area during August 1998. (a) The PDFs are derived fromdefined time period. As the latter serve often as the “ground

2 x2 km? reflectivity pixels above 63 QC-ed gauges for different " .
gauge adjusted power laws (solid curves), and from 7-minute averiruth” to evaluate the radar-based estimates, one has to make

aged gauge rates measured by the same 63 gauges centered at FH&€ that the different domain scales do not artificially intro-
radar scan time (broken curve). THecoefficientinZ. — AR is  duce the differences between the estimates. For example, if

tuned to the gauges in such a way that the total monthly rainfall, againfall itself varies Significantly at scales smaller than that
estimated fron¥. s above the gauges, is matched to the accumula-of a radar pixel, clearly a single gauge cannot represent such
tion from all gauges combined (6246 mm). (b) The CDFs for the variability well, and this distorts our evaluation of the radar
same data set. (c) The CDFs as derived from the 63 gauge interperformance_
sities for different time averaging. Note, @B= 10 log(R/ 1 mm Several methodologies for evaluating the accuracy of
h™") — [R]=[mm h™"]. TRMM GV monthlyand instantaneougproducts are used.
However, the limiting factor in the evaluation process of both
types of products is found to be the lack of the existence of
suggest the advantage of the WPMM over the power law re-a very dense gauge network. Using the DRGN independent
lations whenR distributions are of utmost importance. The data set, it was found on monthlytime scale that the av-
WPMM method of relatingZ,. to R forces the distribution of ~ erage difference between the radar estimates over the gauge
R, as derived fronZ, above the gauge, to be identical to the and the gauge accumulation is of the same order as the dif-
distribution of the gauge rates. Thus, any PDFRdfased on  ferences between point gauge measurements taken from the
gauge data can be viewed as a PDFRoflerived fromZ. s same radar pixel. The evaluationioktantaneouproducts
above the gauge upon application of the WPMM. was based on comparing the distribution of rain rates as de-

Cumulative rain volume fraction
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rived from the radar estimates above the gauges to those déicient. The products must be evaluated and systematic errors
rived from the gauge intensities. However, due to the spatiabnd uncertainties must be established.
variability of R, the distribution of the gauge rates does not 2. Independent validation via high quality, supplemental,
necessarily represent the true distributiorfidit the scale of gauge networks is a must. Validation gauges should be
a radar pixel. scattered throughout the radar domain at several different
How well do the gauge-based PDFs®fwhich are used ranges. High-accuracy reference measurements based on
as “ground truth” to evaluate and even generate the radara very dense gauge network, which can provide sufficient
based PDFs, represent the actRadlistribution at the scale gauge sampling to effectively match the radar sampling vol-
of a radar pixel? The difficulty in addressing this issue is ume, are highly desirable. This will allow
that sufficiently dense gauge networks necessary to repres). improved evaluation of (TRMM GV) radar rain rate esti-
sent the distribution of? at a radar pixel size are not avail- mates and rainfall depths, and the testing of alternative algo-
able at TRMM GV sites. The best the existing methodolo- rithms for radar rainfall estimation;
gies can do, based on the data collected during the TRMM). improved estimation of the true rain rate distribution at
field campaigns, is estimation of the overall radar-rainfall er-the scale of a radar pixel and at different space-time scales
ror variance using, for example, the technique proposed byvhich is critical for development of new algorithms for re-
Ciach and Krajewski (1999). It is also possible to simulate mote sensing rainfall quantities;
an increase in domain size by smoothing the gauge rates in). improved understanding of the natural variability of rain,
time according to a space-time relation. This approach wasvhich is a limiting factor in evaluating radar rainfall esti-
demonstrated here to examine the effect of domain size omates at small space-time domains.
the gauges-based PDFs. However, these do not provide thEo accomplish these objectives, the TRMM Validation Office
full distribution of errors. is planning to have a very high dense gauge network of a typ-
Better estimation of the true rain rate distribution at the ical radar pixel size within the current DRGN site in Florida.
scale of a radar pixel is very important since: (1) it permits 3. Routine radar and gauge calibration is a must. Compari-
betterevaluation of radar rain rate estimate3his method-  son to TRMM (or Global Precipitation Measurement [GPM]
ology of using PDFs is particularly important when the rain Mission) radar reflectivities provides the best approach.
rates are of concern rather than just the total rain accumula4. Co-location (2-3) of rain gauges, and redundancy in gauge
tions, or, when the integral properties of rain rates suffer fromloggers is a must. Problems associated with tipping bucket
large uncertainties like those from space-borne radars (e.ggauge measurements are not due to calibration alone, but are
TRMM) with revisit time of the order of hours or days; and also related to logger “dropouts” during which a logger will
(2) it is critical for improvedZ, — R relations. The TRMM  temporarily (or permanently) cease to function.
GV program is now testing new non-parametric algorithms,5. When using any gauge adjustment technique for radar
in which theZ. — R relations are based on matching the dis- rainfall estimation, independent QC of the radar and gauge
tribution of the reflectivities to the distribution of the gauge data alone is not sufficient. Although co-located rain gauges
rates, assuming the latter represents the true distribution awill improve reliability, proper QC of rain gauge data upon
the scale of a radar pixel. On the other hand, the distribucomparison with radar data is essential as it is a key factor in
tion of the radar derive®s based on gauge-adjustable power 12/G bias results.
laws, the method currently used in TRMM GV program, is 6. Monthly R/G bias and error estimate statistics are mostly
found to be very sensitive to th8. — R relation being ap- insensitive to the gauge adjustment method used to create
plied. theZ. — R relations (i.e., power law or WPMM) or whether
Further investigation is needed to determine how to con-the data were subject to rain type classification. Any QC-
vert a point PDF to a spatial PDF. Denser gauge networks fofd gauge adjustablé. — R relations may yield satisfactory
verification accuracy of the derived PDFs as well as for di- €stimates of rainfall accumulations over large space-time do-
rect validation ofR estimates should be used. These shouldmain.
have the right spatial configuration to minimize the spatial 7. The shape of the distribution of radar deriveslis found
sampling random error. to be quite sensitive tel andb in the adjustedZ. = AR®.
From PDF analysis, an optimal(and A) can be inferred.
However, the optimald and b are strongly dependent on
4 Lessons learned the definition of the term optimal: Whether similarity to
the gauge-based PDF is desired, or whether minimizing the
Although the Melbourne GV site has much to offer toward radar-gauge rain accumulations over relatively longer peri-
reliable GV measurements, including stable radar calibra-ods is desired.
tions, expansive gauge networks, and significant precipita8. The shape of the gauge-based PDF is found to be less sen-
tion, there remain significant problems. Many of these prob-sitive to time/space variations than the radar-based PDF to
lems could be avoided in the future with careful planning. changes of the adjusted power lay — R parameters. This
The following provides an abbreviated list of lessons learnedsuggests the possible advantage of using the WPMM for esti-
in the Melbourne GV program. mation of R and R distributions. This method of relating.
1. Simply processing data and generating products is not sufto R forces the distribution oR, as derived fron%, above



260 E. Amitai et al.: Radar rainfall estimation

the gauges, to be identical to the distribution of the gaugeHabib, E., and Krajewski, W. F., Uncertainty analysis of the TRMM
rates. In contrast, an adjusted power law might hawandb ground validation radar-rainfall products: application to the
values which will generate a PDF that diverges from the dis- TEFLUN-B field campaign, J. Appl. Meteor., 41, 558-572, 2002.

tribution of the gauge rates and from the tfelistribution. ~ Marks, D.A., Kulie, M.S., Robinson, M., Silberstein, D., Wolff,
D.B., Ferrier, B.S., Amitai, E., Fisher, B., Wang, J., Augustine,
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