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AB STRACT

We have de vel oped a new Bayesian ap proach to re trieve oce anic rain rate from the Trop i cal Rain fall Mea sur ing Mis sion

(TRMM) Mi cro wave Imager (TMI), with an em pha sis on ty phoon cases in the West Pa cific. Re trieved rain rates are val i dated

with mea sure ments of rain gauges lo cated on Jap a nese is lands. To dem on strate im prove ment, re triev als are also com pared with 

those from the TRMM/Pre cip i ta tion Ra dar (PR), the Goddard Pro fil ing Al go rithm (GPROF), and a multi-chan nel lin ear

re gres sion sta tis ti cal method (MLRS). We have found that qual i ta tively, all meth ods re trieved sim i lar hor i zon tal dis tri bu tions

in terms of lo ca tions of eyes and rain bands of ty phoons. Quan ti ta tively, our new Bayesian re triev als have the best lin ear ity and

the small est root mean square (RMS) er ror against rain gauge data for 16 ty phoon over passes in 2004. The cor re la tion

co ef fi cient and RMS of our re triev als are 0.95 and ~2 mm hr-1, re spec tively. In par tic u lar, at heavy rain rates, our Bayesian

re triev als out per form those re trieved from GPROF and MLRS. Over all, the new Bayesian ap proach ac cu rately re trieves

sur face rain rate for ty phoon cases. Ac cu rate rain rate es ti mates from this method can be as sim i lated in models to improve

forecast and prevent potential damages in Taiwan during typhoon seasons.
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1. IN TRO DUC TION

Pre cip i ta tion mea sure ments are an es sen tial com po nent

for un der stand ing the vari abil ity and feed back of sur face-

 atmospheric pro cesses in wa ter and en ergy cy cles (McCabe 

et al. 2008). As simi la tions of pre cip i ta tion also dem on -

strated sig nif i cant im prove ment in re gional and cli mate mo -

d el ing (Treadon 1996; Hou et al. 2001; Krishnamurti et al.

2001; Hou et al. 2004; At las et al. 2005). Global pre cip i ta -

tion is ob served from var i ous plat forms, in clud ing rain gau -

ges, sur face ra dars, and spaceborne vis i ble, in fra red, mi cro -

wave, and ra dar sen sors (Nesbitt et al. 2004). Among them,

sat el lite mi cro wave ob ser va tions are now widely used to re -

trieve sur face rain fall be cause of their abil ity to pen e trate

clouds (Adler et al. 2001).

The Trop i cal Rain fall Mea sur ing Mis sion (TRMM) sa -

tellite, launched in 1997, has suc cess fully pro vided pas sive

mi cro wave as well as ac tive ra dar ob ser va tions in the tro -

pics. The TRMM Mi cro wave Imager (TMI) mea sures dual

po lar iza tions at fre quen cies rang ing from 10 to 85 GHz,

while the Pre cip i ta tion Ra dar (PR) is op er ated at 13.8 GHz

(Kummerow et al. 1998). Tre men dous ef forts were made in

both de vel op ment and val i da tion of re trieval meth ods from

TMI and PR data (Benedetti et al. 2005).

A num ber of rain rate (RR) re trieval meth ods were de -

vel oped based on the Bayes’ the o rem meth ods (Ev ans et al.

1995; Olson et al. 1996; Marzano et al. 2002; Di Michele et

al. 2005; Chiu and Petty 2006; Grecu and Olson 2006; Olson 

et al. 2006). The the o rem de scribes that for a given set of ob -

ser va tions the pos te rior prob a bil ity den sity func tion (PDF)

of pa ram e ters to be re trieved can be com puted from the pro -
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d uct of the con di tional and the prior PDF, as shown in the

following formula:

(1)

In this for mula, R is the RR to be re trieved, and P rep re -

sents pas sive mi cro wave ob ser va tions. f (R | P) is the po -

sterior PDF de scrib ing RR prob a bil ity at given ob ser va -

tions. f (P | R) is the con di tional PDF that de fines the de -

pendency of ob ser va tions on RR, and f (R) is our prior know -

l edge of RR. This for mula pro vides a the o ret i cal fra me -

work that op ti mally com bines prior knowl edge with new

ev i dence (e.g., ob ser va tions).

The Bayes’ the o rem has been ap plied to re trieval met -

hods in dif fer ent ways. First, train ing da ta bases are dif fer -

ent. One can char ac ter ize the prior and con di tional PDFs us -

ing cloud-ra di a tive sim u la tions or match-up datasets. The

ad van tage of the use of sim u la tions is the abil ity to re trieve

hydrometeor ver ti cal pro files of rain clouds. How ever, re -

trieval per for mance strongly re lies on the rep re sen ta tive ness 

and va ri ety of model sim u la tions (Kummerow et al. 2000;

Masunaga et al. 2002). On the other hand, match-up datasets

could in clude cal i brated RR mea sure ments, and thus re tri -

evals are not af fected by sim u la tion ac cu racy. How ever,

large sam ples are typ i cally re quired to meet sta tis ti cal sig nif -

i cance. Sec ond, ap proaches to con struct prob a bil ity den sity

func tions are dif fer ent. One can re trieve pre cip i ta tion prop -

er ties by ei ther se lect ing cloud pro files in which sim u lated

mi cro wave sig na tures are closed to ob ser va tions, or us ing

ex plicit func tions to fully de scribe the prior and con di tional

PDFs. The use of ex plicit func tions makes it pos si ble to de -

rive the com plete pos te rior PDF of RR, which is im por tant

for as sim i la tion pur poses.

Val i dat ing re trieved RR over the ocean can be dif fi cult.

Up to now, val i da tions are of ten con ducted against re triev als 

ei ther from PR or from other TMI al go rithms. How ever, a

num ber of stud ies dem on strated that RRs from PR stan dard

prod ucts were sys tem at i cally lower than mea sure ments from 

buoy rain gauges (Serra and McPhaden 2003; Bow man 2005; 

DeMoss and Bow man 2007). As a re sult, intercomparison

with other re triev als only as cer tains whether the al go rithm

per for mance is com pa ra ble with oth ers. Di rect mea surements 

from rain gauges are still needed in re trieval val i da tion.

This pa per dem on strates a new Bayesian ap proach for

RR re triev als from TMI ob ser va tions, with an em pha sis on

ty phoon cases in the West Pa cific. Note that most al go rithms

aim to pro vide un bi ased global pre cip i ta tion es ti mates, and

thus var i ous types of pre cip i ta tion sys tems in dif fer ent cli -

mate re gimes are in cluded to en sure the rep re sen ta tive ness

of train ing da ta bases. How ever, this type of al go rithms might

not work well for heavy rain events. For ex am ples, com -

parison be tween ver sion 5 TMI stan dard re trieval prod uct

(2A12) and buoy rain gauge read ings showed that the high

bias of TMI in creased with in creas ing RRs (Nesbitt et al.

2004). Be cause the ul ti mate goal of this study is to im prove

pre dic tions of ty phoon tracks and land fall in the sur round ing 

area of Tai wan, we de velop a new method to ac cu rately es ti -

mate sur face rain fall par tic u larly for ty phoons.

As pre vi ously men tioned, ide ally, oce anic RR re triev als

should be val i dated against buoy rain gauge data. Un for tu -

nately, there is no buoy rain gauge net work around Tai wan.

There fore, we eval u ate our re triev als mainly against rain

gauges lo cated on Jap a nese is lands in the West Pa cific. We

are aware that data from rain gauges on is lands might be

affected by lo cal to pog ra phy and land sur face heat ing. To

minimize those ef fects, we care fully se lected rain gauges

and ex am ined pre cip i ta tion ho mo ge ne ity with TRMM vi -

sible and in fra red ob ser va tions.

This pa per is or ga nized as fol lows. In sec tion 2, we

briefly re view key fea tures of TMI and PR, as well as the

phys i cal re la tion ship be tween mi cro wave ob ser va tions and

RR. In sec tion 3, we de tail the ba sis of our re trieval method,

in clud ing cloud-ra di a tive sim u la tions used to con struct ex -

plicit func tions of the con di tional PDFs. In sec tion 4, we val -

i date re trieval against rain gauge data and re triev als from

two other bench mark al go rithms. Con clu sions are given in

sec tion 5.

2. SAT EL LITE OB SER VA TIONS

2.1 TRMM/Mi cro wave Imager (TMI)

The TRMM sat el lite was launched in 1997 and po si -

tioned in an or bit of 350 km. To ex tend TRMM’s mis sion

life, the op er at ing or bit was boosted to 403 km in Au gust

2001. The TMI scans the earth con i cally with a swath of

760 km (pre-boost) and 878 km (post-boost). The in ci dent

an gle is about 52.8°. The TMI mea sures dual-po lar ized

bright ness tem per a tures (TBs) at 10.65, 19.35, 37.0, and

85.5 GHz, ex cept 21.3 GHz with ver ti cal po lar iza tion only.

The field-of-view (FOV) of TMI de pends on fre quen cies,

and is slightly larger in the post-boost pe riod than in the pre-

 boost pe riod. For the pur pose of de vel op ment and val i da tion 

of our re trieval method, bright ness tem per a tures (ver sion 6)

for all chan nels are in ter po lated to 10 ´ 10 km grid points.

Af ter in ter po la tions, the ver ti cally po lar ized TBs for the

afore men tioned TMI chan nels are de noted as TB10V, TB19V,

TB21V, TB37V, and TB85V, and re placed the V with H for hor i -

zon tal po lar iza tions. De tailed de scrip tions of TMI can be

found in Kummerow et al. (1998).

To il lus trate char ac ter is tics of mi cro wave ob ser va tion,

we sim u lated the re sponse of mi cro wave sig na tures to RR

us ing the TMI chan nels. Sim i lar to re sults in Petty (2001) for 

SSM/I chan nels, our sim u la tions (Fig. 1a) show non-lin ear,

non-monotonic re la tion ships be tween mi cro wave brightness

tem per a ture and RR. At lighter RRs, TB in creases with RR

due to emis sion. In con trast, at higher RRs, TB de creases

with RR due to scat ter ing. The de pres sion in TB due to scat -

ter ing is more sub stan tial at higher fre quen cies. In ad di tion,
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due to the non-po lar ized emis sion of rain clouds, po lar iza -

tion dif fer ence be comes smaller with in creas ing RR. Note

that sim u la tions in Fig. 1 were based on a sim ple rain cloud,

sim i lar to Wilheit et al. (1977). Sim u lated bright ness tem per -

a tures could vary sig nif i cantly with many fac tors, in clud ing

sea sur face tem per a ture, sur face wind speed, wa ter va por, as

well as the as sumed den sity, size dis tri bu tion, and ver ti cal

dis tri bu tion of hy dro me teors.

Be cause mi cro wave bright ness tem per a ture shows non-

 monotonic de pend ency on RR, Petty (1994) pro posed an at -

ten u a tion in dex (P) as the ob served vari able to re duce re -

trieval am bi gu ity. The P in dex is de fined as:

(2)

where Tv and Th are ver ti cally and hor i zon tally po lar ized

TB; Tv,o and Th,o are the TBs in the clear sky (i.e., back -

ground bright ness tem per a tures). For sim u la tions, back -

ground bright ness tem per a tures can be cal cu lated by sim -

ply set ting all hy dro me teors to be zero. For real-world ap -

pli ca tions, bright ness tem per a tures can be mod eled us ing

em pir i cal re gres sion equa tions that ac count for col umn wa -

ter va por, sur face wind speed, and sea sur face tem per a ture

(Chiu and Petty 2006).

Ide ally, P will be in the range be tween 0 and 1, where 1

cor re sponds to a cloud-free sit u a tion, and val ues ap proach -

ing 0 cor re spond to a very opaque at mo spheric con di tion as -

so ci ated with heavy pre cip i ta tion. The at ten u a tion in dex P is

fa vor able over di rect bright ness tem per a ture be cause P is

not sen si tive to the back ground vari abil ity, and has a mo -

notonic de pend ency on RR. This monotonic re la tion ship be -

tween P and RR is shown in Fig. 1b, cor re spond ing to the

same pre cip i ta tion sys tem used in Fig. 1a. Fig ure 1b also

shows that the at ten u a tion in di ces ap proach 0 (i.e., sat u -

rated) at smaller RR for higher fre quen cies. For ex am ple, the 

at ten u a tion in dex at 85 GHz is sat u rated at 1 mm hr-1, while

the at ten u a tion in dex at 10.65 GHz is not sat u rated un til

around 30 mm hr-1. Be cause this pa per fo cuses on ty phoons

that are typ i cally as so ci ated with heavy RR, P at 85 GHz

can not pro vide enough in for ma tion on RR in these en vi ron -

ments. There fore, only three at ten u a tion in di ces at 10.65,

19.35, and 37.0 GHz are used as ob ser va tion vari ables and

de noted as a P vec tor, (P10, P19, P37) in this study.

2.2 TRMM/Pre cip i ta tion Ra dar (PR)

The TRMM/PR is an elec tronic scan ning ra dar op er ated 

at 13.8 GHz, mea sur ing 3D pre cip i ta tion dis tri bu tions over

both land and ocean sur faces (Kummerow et al. 1998). The

PR scans 17° to ei ther side of na dir at an in ter val of 0.35°,

giv ing a swath width of 215 km (pre-boost) and 247 km

(post-boost). The hor i zon tal foot print at na dir is from 4.3 km 

(pre-boost) to 5 km (post-boost), and the ver ti cal res o lu tion

is 250 m. The min i mum de tect able thresh old of PR re flec -

tivity is about 17 dBZ with out at ten u a tion, cor re spond ing to

a rain rate of 0.5 - 0.7 mm hr-1. The TRMM/PR stan dard

prod uct (2A25) con tains ver ti cal pro files of RR re trieved

through the Z-R re la tions (Iguchi et al. 2000). In this study,

we used near-sur face RRs in 2A25 and in ter po lated them to

10 ´ 10 km grid points in or der to match TMI data. For con -

ve nience, the in ter po lated near-sur face RR is re ferred as PR

RR here af ter. Note that ac cord ing to Demoss and Bow man
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Fig. 1. (a) Ide al ized TBs ver sus sur face rain rate over ocean, and (b) the re la tion ship be tween cor re spond ing at ten u a tion P in dex and rain rate for TMI

chan nels of 10.65, 19.35, 37.0, and 85.0 GHz.
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(2007), PR-re trieved RR has a low bias rel a tive to rain gauge 

data, but the change in bias from pre- to post-boost pe riod is

not sig nif i cant.

3. RE TRIEVAL AL GO RITHM

As pre vi ously men tioned, the pos te rior RR dis tri bu tion

is de ter mined by the prior RR PDF and the con di tional PDF

that de scribes phys i cal re la tion ships be tween RR and ob -

served vari ables. We re ferred to this phys i cal re la tion ship as

the RR-P re la tion ship here af ter, be cause our re trieval met -

hod use P in dex as the ob served vari able. To char ac ter ize the 

prior PDF, it is im por tant to have cal i brated RR mea sure -

ments and a sig nif i cant amount of data. There fore, we used

PR data to spec ify the prior RR dis tri bu tion. For the con di -

tional PDF, the RR-P re la tion ship can be spec i fied by two

ap proaches. One is to de rive the re la tion ship from PR-TMI

match-up data; the other is from model sim u la tions. We at -

tempted to match PR and TMI data for ty phoon cases, but

found that the sam ple size was small. As a re sult, we spec i -

fied our con di tional PDF us ing sim u la tions from the God -

dard Cu mu lus En sem ble (GCE) model (Tao and Simpson

1989, 1993; Tao et al. 2003) and a 3D fast ra di a tive transfer

model (Liu 1998, 2004). Details in model simulations are

given next.

3.1 Sim u la tions from Cloud-Re solv ing and Ra di a tive
Trans fer Mod els

We used the GCE model to gen er ate 5-day sim u la tions

for the Kwajalein Ex per i ment (KWAJEX) field cam paign

dur ing 7 - 12 Au gust 1999. The equa tions that gov ern the

cloud-scale mo tion (wind) in the GCE model are elas tic. The 

cloud microphysics parameterization is based on a 5-cat e -

gory scheme, in clud ing cloud wa ter, cloud ice, rain, snow

and graupel (Lin et al. 1983; Rutledge and Hobbs 1984).

Drop size dis tri bu tions for rain, snow, and graupel fol lowed

the Mar shall-Palmer dis tri bu tion (Mar shall and Palmer

1948). The den si ties for snow and graupel were as sumed 0.1

and 0.4 g cm-3, re spec tively. The hor i zon tal do main was 512

´ 512 km with a hor i zon tal grid res o lu tion of 2 km. The ver -

ti cal do main con tained 32 lay ers with a vary ing res o lu tion

from 143 m in the bound ary layer to 1164 m near the model

top. The time step was 12 sec onds.

To sim u late mi cro wave bright ness tem per a tures, the

out puts of GCE model for KWAJEX were then used as in put

to a 3D ra di a tive trans fer model de vel oped by Liu (1998

2004). The model as sumed sea sur face tem per a tures of

300 K. Bright ness tem per a tures were sim u lated from 4- stream

cal cu la tions. We com pared TBs to those sim u lated from

32-stream cal cu la tions, and found that the er ror from us ing

4 streams is gen er ally less than 1 K. The cal cu lated TBs were 

then av er aged to a 10 km res o lu tion for de vel op ing our re -

trieval method.

Note that the weather sys tem sim u lated for KWAJEX

was a squall line. While our em pha sis is placed on RR re -

trieval for ty phoons, it is nat u ral to char ac ter ize the RR-P re -

la tion ship us ing ty phoon sim u la tions in stead of squall line

sys tems. The main rea son for the use of Kwajalein squall

line sim u la tions is be cause of the con cern about the large

scale forc ing in tro duced to the cloud-re solv ing model. The

ini tial forc ing is cru cial for the suc cess of sim u la tions. Dur -

ing the KWAJEX, better ini tial dy namic fields were pro -

vided for the GCE model be cause soundings were launched

typ i cally ev ery 6 hours on 6 is lands and the NOAA Ship

Brown. In ad di tion, a num ber of stud ies have re ported their

eval u a tions of the KWAJEX sim u la tions (Shie et al. 2003;

Seo et al. 2007; Zeng et al. 2008). In gen eral, it re mains dif fi -

cult for cloud-re solv ing mod els to pro duce hor i zon tal and

ver ti cal pre cip i ta tion dis tri bu tions sim i lar to ob ser va tions,

but the sta tis ti cal char ac ter is tics of cloud microphysical va -

ri ables from sim u la tions are proven rep re sen ta tive.

To better un der stand the rep re sen ta tive ness of our sim u -

la tions from the cloud-re solv ing model and ra di a tive trans -

fer model, we com pare sim u lated bright ness tem per a tures

with those ob served from TMI. By ex am in ing hor i zon tal

dis tri bu tions of sim u lated and ob served TB37V for one of the

out put time pe ri ods (as shown in Fig. 2), we found that there

was no great sim i lar ity be tween the two. This con firms that

we can not com pare sim u la tions with sat el lite ob ser va tions

on a point-to-point ba sis, but rather a sta tis ti cal ba sis is re -

quired. We then fur ther ex am ined oc cur rence his to grams of

sim u lated and ob served bright ness tem per a tures for all chan -

nels. The oc cur rence his to grams were cal cu lated by binning

bright ness tem per a tures with an in ter val of 10 K, as shown

in Fig. 3. Be cause our re trieval method uses in for ma tion

from 10.65, 19.35, and 37 GHz, the fol low ing com par i sons

are fo cused on these three chan nels only.

Fig ures 3a - b show that sim u la tions have the same

modes of oc cur rence his to grams as TMI ob ser va tions at

10.65 GHz. The modes are lo cated at 170 - 180 K and 90 -

100 K for TB10V and TB10H, re spec tively. Re call that emis -

sion dom i nates at 10.65 GHz, and thus bright ness tem per a -

ture in creases with rain rate (as dis cussed in sec tion 2 and

Fig. 1). In other words, low bright ness tem per a tures in this

fre quency cor re spond to ar eas as so ci ated with ei ther no rain

or very light rain rate. There fore, the con sis ten cies be tween

sim u la tions and ob ser va tions in the mode lo ca tions and the

low est value ranges in di cate that the set up of the back -

ground at mo spheric sta tus in the ra di a tive trans fer model is

ap pro pri ate. How ever, we no tice that for both ver ti cally and

hor i zon tally po lar ized sta tus, sim u la tions show more points

as so ci ated with higher TBs than ob ser va tions. In gen eral, a

higher bright ness tem per a ture cor re sponds to a heavier rain

rate un less scat ter ing be comes sig nif i cant. There fore, the ex -

cess in the amount of points with higher TBs im plies that

model out puts may gen er ate more ar eas with higher RRs,

which are not seen in ac tual ob ser va tions.
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Fig ures 3c - d show that the modes of the oc cur rence

his to grams for sim u lated and ob served TB19V val ues are the

same, but dif fer ent by ~10 K for TB19H. Sim i larly, the mode

lo ca tions for TB37H also have a shift of 10 K be tween sim u la -

tions and ob ser va tions (Figs. 3e, f). The shift in the mode lo -

ca tions for hor i zon tally po lar ized TBs may be at trib uted to

the fol low ing fac tors. First, the ob ser va tions might have

more data points with non-pre cip i tat ing clouds or very light

rain rates. As shown in Fig. 1a, a small in crease of RR in the

light rain re gime en hances TBs sig nif i cantly. The rate of en -
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Fig. 3. His to grams of: (a) TB10V, (b) TB19V, (c) TB37V, (d) TB10H, (e) TB19H, and (f) TB37H, from sim u la tions (grey) and TMI ob ser va tions (black). The

bin size of the his to grams is 10 K.

Fig. 2. Ver ti cally po lar ized bright ness tem per a tures at 37 GHz from (a) model sim u la tions and (b) TRMM/TMI mea sure ments for the Kwajalein

Experiment on 10 Au gust 1999. Sim u la tions are based on out puts of the cloud-re solv ing model at 1300 UTC, while TMI ob ser va tions were taken

at 1256 UTC.

(a) (b)

(a) (b) (c)

(d) (e) (f)



hance ment in TB is greater for the higher fre quency and the

hor i zon tally po lar ized sta tus than that for the lower fre qu -

ency and the ver ti cally po lar ized. It ex plains why the shift in

the mode lo ca tions is shown in TB19H and TB37H, but not in

TB19V and TB37V.

Sec ond, Zeng et al. (2008) re ported that the precipitable

wa ter in sim u la tions was smaller than that in ob ser va tions by 

~10 mm. This dry bias of sim u la tions has a neg li gi ble im pact 

on TB at 10.65 GHz. How ever, the bias alone could re duce

sim u lated TB19V and TB37V by ~4 K, and TB19H and TB37H by 

~7 K, caus ing the mode shift of sim u la tions to ward the lower 

val ues. Note that the er rors due to wa ter va por un cer tainty

will be greatly cancelled out in cal cu la tions of P val ues. As a

re sult, our method is not sen si tive to this type of er ror, as

shown by his to grams of sim u lated and ob served P indices

(Fig. 4).

As ex pected, Fig. 4 shows that in all chan nels, most of

the rain-free grid points in sim u la tions have P val ues of 1 (an 

ideal value, in the bin of 1 - 1.1), and some are slightly less

than 1. The ma jor ity of the ob served P val ues for rain-free

points are also around 1, while some are slightly greater than

1 due to in stru ment noise and er rors in es ti ma tion of back -

ground bright ness tem per a tures. Be cause our in ter est is in

rainy ar eas, the dif fer ence in P val ues close to 1 is not a con -

cern for our retrieval method.

In the P range be tween 0 and 0.9 that cor re sponds to

rainy ar eas, we see re mark able agree ment be tween si mu -

lations and ob ser va tions at 19.35 and 37 GHz, ex cept at

10.65 GHz. As pre vi ously dis cussed, com pared to ob ser va -

tions, sim u la tions have a larger amount of grid points with

higher rain rates, re sult ing in an ex cess of low sim u lated P10

val ues. This dif fer ence is not nec es sar ily a de fect for our re -

trieval method. In fact, the wider range of P10 in sim u la tions

al lows us to better char ac ter ize con di tional PDFs, which is

not eas ily sam pled and achieved us ing ac tual ob ser va tions,

as con firmed in Fig. 5.

Fig ure 5 shows scat ter plots of P10, P19, and P37 that are a 

cru cial in di ca tor to eval u ate whether sim u la tions well rep re -

sent the joint PDFs of P10, P19, and P37. Fig ure 5a dem on -

strates that the sim u la tions agree well with ob ser va tions in

rep re sent ing the highly non-lin ear re la tion ship be tween P19

and P37. Fig ure 5b also shows that the ma jor ity of ob ser va -

tions over lap well with sim u la tions. How ever, ap par ently,

the use of ob ser va tions is in suf fi cient to rep re sent heavy rain 

events be cause of the lack of sam ples with lower P10 values.

In sum mary, we are con fi dent that our cloud-ra di a tive

sim u la tions can be used to prop erly char ac ter ize RR-P re la -

tion ships. The fi nal sim u la tions con tain 8 ´ 104 sam ples,
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Fig. 4. His to grams of at ten u a tion in dex P10, P19, and P37 cal cu lated from sim u la tions (grey) and TMI ob ser va tions (black).

Fig. 5. Scat ter plots of (a) P19 vs. P37 and (b) P19 vs. P10 from sim u la tions (grey dots) and ob ser va tions (black dots).

(a) (b) (c)

(a) (b)



with a rain rate range be tween 0.01 and 85 mm hr-1.

3.2 Char ac ter iza tions of the Con di tional and Prior
PDF

The re la tion ship be tween P vec tor and RR can be ap -

prox i mated by:

(3)

where f (p37 | R) is the con di tional PDF of P37 at a given R;

f (p19 | P37, R) is the con di tional PDF of P19 at given P37 and

R; and f (P10 | P19, P37, R) is the con di tional PDF of P10 at gi -

ven P19, P37, and R. These PDFs are fur ther para meter ized as:

(4)

(5)

(6)

where mi and si (i = 1, 2, 3) are de ter mined by fit ting the

afore men tioned model sim u la tions. Note that pa ram e ters mi

and si are not con stants, but rather com pli cated func tions.

For ex am ple, m3 and s3 are a func tion of R, show ing the de -

pend ency of P37 on R. Sim i larly, pa ram e ters m2 and s2 are a

func tion P37 and R, and pa ram e ters m1 and s1 are a func tion

P19, P37, and R. The com plex ity in pa ram e ters mi and si be -

comes greater from Eq. (4) to (6), be cause the PDF is con -

di tioned at more vari ables in Eq. (6). In ad di tion, dis tri bu -

tions of Eq. (4) to (6) are not nec es sar ily bell-shaped. More

de tails can be found in Chiu (2003).

Chiu and Petty (2006) pointed out that the spec i fi ca tion

of the prior RR dis tri bu tion is cru cial for the suc cess of a

Bayesian al go rithm. How ever, once the prior is prop erly cha r -

ac ter ized, re trieved RR is not sen si tive to small vari a tions of the 

prior PDF. There fore, we used the same prior dis tri bu tion as

that in their study, and briefly re view their method as fol lows.

Sur face rain rate dis tri bu tions have been com monly

para meterized by lognormal func tions (Kedem et al. 1990;

Sauvageot 1994; Nzeukou and Sauvageot 2002). There fore,

we used a lognormal func tion  to char ac ter ize the prior dis -

tri bu tion rain rate, de fined as:

(7)

where R, m, and s are the rain rate, the mean and stan dard

de vi a tion, re spec tively, all in unit of mm hr-1. By fit ting

4-month PR data in 1998, pa ram e ters m and s were de ter -

mined as -2.8 and 2.0, re spec tively. It is worth not ing that

the lognormal dis tri bu tion is not the only choice for char ac -

ter iz ing PR-ob served sur face RR. Cho et al. (2004) has

found that a Gamma dis tri bu tion is also proper to model PR 

RRs.

3.3 Sum mary of the New RR Re trieval Al go rithm

A flowchart is given in Fig. 6 to sum ma rize our re trieval

method. First, the con di tional PDF, de scrib ing the RR-P re -

la tion ship, is spec i fied by sim u lated at ten u a tion in di ces from 

3D cloud-re solv ing and ra di a tive trans fer mod els. Sec ond,

the prior RR dis tri bu tion is spec i fied by TRMM/PR data.

Then, based on the Bayes’ the o rem, we cal cu late the pos te -

rior RR dis tri bu tion that is a nor mal ized prod uct of the con -

di tional and prior dis tri bu tions. Once the pos te rior distri -

bution is known, two com mon es ti ma tors are used to build

three-di men sional lookup ta bles for re trieval of each pixel.

These es ti ma tors are the av er age and the max i mum of a pos -

te rior prob a bil ity, de noted as Baye_AVE and Baye_MAP,

re spec tively, and stored in lookup ta bles for var i ous P val ues 

with an in ter val of 0.02.

4. VAL I DA TION

4.1 Rain Gauge

We val i date RR re triev als against rain gauge mea sure -

ments. These rain gauges, sup ported by the Jap a nese Mete -

orological Agency (JMA), are on 11 Jap a nese is lands lo -

cated around 220 km east of Tai wan and 300 km south west

of Oki nawa (Ta ble 1; Fig. 7). These gauges mea sure rain fall

ev ery 10 min.

Bayesian Re triev als of Pre cip i ta tion from TMI Data 823

Fig. 6. The flowchart of Bayesian method for re triev ing sur face RR of

ty phoons over ocean.



The com par i son of sat el lite RR re triev als with rain

gauge ob ser va tions can be chal leng ing, though. This pro -

blem arises be cause sat el lite RR rep re sents an av er age es -

timation in a FOV, while a rain gauge pro vides a point value

mea sure ment. In ad di tion, sat el lite RR is re trieved from

column-in te grated mi cro wave sig na tures that are af fected

by rain and ice par ti cles aloft and thus may not be cor re lated

well to sur face RR. Be cause of these is sues, Liu et al. (2001)

an a lyzed two-year co-lo cated ground-based mi cro wave ra -

di om e try and rain gauge data, and sug gested that a time pe -

riod of 1 hour was op ti mal for com par ing sat el lite re triev als

and sur face RRs. This op ti mal time pe riod was also found to

be the same by Chen and Li (2002). There fore, to ob tain the

best cor re la tion in our com par i son for all re trieval meth ods

(see next sec tion), for each rain gauge, we cal cu late rain rate

us ing gauge mea sure ments over a time win dow that is 30

min utes prior to and af ter the sat el lite over pass.

4.2 Bench mark Al go rithm

Two bench mark al go rithms are used to eval u ate the per -

for mance of the new RR re trieval method pre sented here.

One is GPROF that is the of fi cial al go rithm for TMI; the

other is a sta tis ti cal al go rithm de rived by multi-chan nel lin -

ear re gres sive sta tis ti cal method (MLRS; Chen and Li 2002).

GPROF is a Bayesian al go rithm (Kummerow et al. 1996,

2001; Olson et al. 2006) and used to pro duce TRMM stan -

dard 2A12 prod uct. This al go rithm in tro duces a da ta base to

rep re sent the prior PDFs of rain rate and cloud pro files, us -

ing sim u la tions of hur ri canes, squall lines, and mid-lat i tude

cy clones. Cloud pro files are se lected when their cor re spond -

ing mi cro wave bright ness tem per a tures are close to the ob -

served val ues. The se lected cloud pro files are then av er aged

to yield the best sur face rain rate and pre cip i ta tion struc ture

for each pixel.

DeMoss and Bow man (2007) re ported that TMI 2A12

re triev als (ver sion 6) are bi ased around 12% and 1% low

relative to rain gauges dur ing the pre-boost and post-boost

pe ri ods, re spec tively. As we will show later, the ty phoon

cases stud ied in this pa per oc curred in the post-boost pe riod.

Com pared to the re ported global low bias of 1%, it would be

in ter est ing to learn whether TMI 2A12 prod ucts per form

differently for ex tremely heavy rain events. Note that 2A12

prod ucts pro vide sur face rain rate at a res o lu tion of 5 km. To

match the res o lu tion of our re triev als, we av er aged sur face

rain rates of 2A12 (ver sion 6) to 10 km for intercomparison.

The sec ond bench mark al go rithm is de rived by multi-

 chan nel lin ear re gres sion sta tis ti cal method. Re call that mi -

cro wave bright ness tem per a tures have a non-monotonic re -

la tion ship with RR (see sec tion 2). Mi cro wave bright ness

tem per a tures re spond mostly to emis sion from cloud and li -

quid rain at lower RRs, and mostly to scat ter ing from ice
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Fig. 7. A map of the 11 Jap a nese rain gauge sta tions.



par ti cles at higher RRs. There fore, our sta tis ti cal method,

sim i lar to Chen and Li (2002), uses two re gres sion equa tions 

to de scribe these two re gimes sep a rately. We call this sta -

tistical method as MLRS here af ter.

Re gres sions were gen er ated us ing a match-up data set of 

rain gauge mea sure ments and TMI over passes from 1998 -

2003. Rain gauges used in re gres sion anal y sis are the same

as those in re trieval val i da tion (Ta ble 1). A to tal of 14 ty -

phoon cases (64 over passes) were se lected. When TB85V and 

TB85H are lower than 274.56 and 253.61 K, re spec tively, we

de ter mine that the data point is in the scat ter ing re gime and

its equa tion of RR can be approximated by:

(8)

Oth er wise, the data point is in the emis sion re gime, and the

re gres sion equa tion is given as:

(9)

Note that for this method, we screened rain and no rain as

fol lows. Based on our match-up data, a pixel is de ter mined

as pos si bly rainy when ob served TB10V, TB10H, TB19V, TB19H,

and TB21V are greater than 174.83, 91.54, 213.77, 153.46,

and 241.54 K, re spec tively. Then, if the pixel has a scat ter -

ing in dex (SI; Ferraro et al. 1994) greater than 10, it is as -

signed as a rainy pixel. Oth er wise, the pixel is rain-free.

4.3 Re sults of Intercomparison

Re trieved RR is val i dated from qual i ta tive and quanti -

tative as pects. First, we pres ent qual i ta tive com par i son of

horizontal struc tures from two over passes of Ty phoon Aere.

This com par i son was con ducted mainly against PR-retrieved

RR. Sec ond, we pres ent quan ti ta tive com par i sons against

rain gauge mea sure ments for 5 ty phoon cases (16 overpasses) 

in 2004 (Ta ble 2).

Figure 8 shows the track of slow-mov ing (about 12 -

15 km hr-1) Ty phoon Aere that orig i nated east of the Phi -

lippines on 20 Au gust 2004. On Au gust 24, the ty phoon

passed over Miyako and Yaeyama Is lands. It had a peak in -

ten sity of ~45 m s-1, low pres sure of 955 hPa, and a wide eye

of 80 km. Ty phoon Aere struck Tai wan on Au gust 25. Some

parts of Tai wan re corded ac cu mu lated rain falls of 1.5 me ters.

Fig ure 9 shows re trieved RR dis tri bu tions of Ty phoon

Aere from PR, the new re trieval method (Baye_AVE and

Baye_MAP), GPROF, and MLRS. For vi su al iza tion pur -

poses, the pro jec tion of PR RRs on the hor i zon tal plane is

also pro vided in Fig. 9b. The pro jec tion is plot ted only when

the cor re spond ing PR sur face RR is greater than 10 mm hr-1.

In Fig. 9a of the PR rain map, the eye of Ty phoon AERE is at

around (25°N, 124°E). Two nar row rain bands are seen

around the eye and 126°E. Be tween two rain bands, there is

an area (~125.5°E) with no rain or very light rain rates.

Figures 9c - f show that the lo ca tions of the eye and rain

bands in re trieved pre cip i ta tion dis tri bu tions are sim i lar to

what have been found in the PR rain map, al though re trieved 

rain rates from the afore men tioned meth ods are quite dif -

Bayesian Re triev als of Pre cip i ta tion from TMI Data 825

Fig. 8. The best track of Ty phoon Aere orig i nat ing east of the Phil ip -

pines on 20 Au gust 2004 (by cour tesy of Cen tral Weather Bu reau). The 

in ner dashed box cor re sponds to the do main shown in Fig. 7.
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Fig. 9. Rain rates (a) and 3D ver ti cal pro files (b) of Ty phoon Aere re trieved from PR for or bit No. 38609 at 0151 UTC on 24 Au gust 2004. In (b), we

also shade ar eas that cor re spond to PR sur face rain rate greater than 10 mm hr-1. Rain rates in (a) are com pared to those re trieved from (c) Baye_AVE,

(d) Baye_MAP, (e) the Goddard Pro fil ing Al go rithm (GPROF), and (f) a multi-chan nel lin ear re gres sion sta tis ti cal method (MLRS). Baye_AVE and

Baye_MAP are both de rived from our Bayesian method, rep re sent ing the av er age and the max i mum value of the pos te rior prob a bil ity, re spec tively.



fer ent. For the rain bands, PR RRs are in better agree ment

with re triev als from Baye_AVE and Baye_MAP than those

from GPROF and MLRS. For the area be tween rain bands,

MLRS seems to per form best, and Baye_AVE and Baye_

MAP tend to over es ti mate RRs. Fig ure 10 takes a closer look 

at one of the rain bands around the eye wall. This fig ure con -

firms that Baye_AVE and MLRS cap ture the main in ner rain

band, while the rain band from GPROF is not well de fined in 

the south of the eye. On the other hand, GPROF and MLRS

cap ture light rain ar eas better than Baye_AVE. We also found

sim i lar re sults in an other over pass for Ty phoon AERE

(Fig. 11): two bands with heavy rain rates are seen both in

the PR rain map and in Baye_AVE re triev als, but are less dis -

tinct in re triev als of GPROF and MLRS. How ever, clearly,

Baye_AVE over es ti mates rain rates in the area of (24°N,

124°E). To better un der stand whether any bias ex ists in our

re triev als, quan ti ta tive com par i sons are con ducted next.

In our quan ti ta tive val i da tion against rain gauge mea -

sure ments, we ex clude two types of TMI pix els. First, we ex -

clude pix els that are as so ci ated with sig nif i cant beam fill ing

ef fects (Kummerow 1998), be cause for those pix els, rain

gauges mea sure ments might be too lo cal ized to com pare

with TMI re triev als. The ho mo ge ne ity of pre cip i ta tion for

each TMI pixel was eva l u ated by ex am in ing in fra red bright -

ness tem per a tures at 11-mm from the Vis i ble In fra red Scan -

ner (VIRS) of TRMM. Typ i cally within a TMI FOV, there

Bayesian Re triev als of Pre cip i ta tion from TMI Data 827

Fig. 10. A zoom-in of Fig. 8. Rain rates are re trieved from (a) PR RR, (b) Baye_AVE, (c) GPROF, and (d) MLRS. Plus signs (“+”) rep re sent lo ca tions

of rain gauges, while solid lines are coast lines. Un der ly ing cir cles (“d”) rep re sent TMI FOV.



are around 15 VIRS pix els. If the stan dard de vi a tion of

bright ness tem per a tures of these VIRS pix els is greater than

8 K, fol low ing Chen and Li (2002), we de ter mine that the

beam fill ing ef fect is sig nif i cant and ex clude the TMI pixel

in our com par i son.

Sec ond, we ex clude pix els that are af fected by high

emissivity of land. TMI pix els are cat e go rized as ei ther land,

coast, or oce anic, based on a high-res o lu tion (100 m) geo -

graphic da ta base from ArcGIS. If a pixel is de fined as land

or coast, the ob served mi cro wave bright ness tem per a tures

are most likely af fected by land emissivity, and thus we can -

not es ti mate the RR us ing our oce anic re trieval method.

There fore, if a rain gauge is found to be co-lo cated with a

land or coast TMI pixel, we use re triev als from the near est

oce anic TMI pixel to com pare with rain gauge mea sure ments.

Five ty phoons in 2004 (Ta ble 2) were used in our quan -

ti ta tive val i da tions. Af ter ex clud ing pix els af fected by beam-

 fill ing ef fect or/and land con tam i na tion, only 28 out of 66

match-up pix els are left in our com par i sons. Fig ure 12 shows

scat ter plots of re trieved RR ver sus rain gauge mea sure -

ments. The co ef fi cients of de ter mi na tion (R2; Garrett and

Woodworth 1960) and root-mean-squared er ror (RMS) are

also listed for each re trieval method. These plots dem on -

strate that re triev als from the Baye_AVE method have the

best lin ear ity and the small est RMS against rain gauge data.

Com par ing Fig. 12a with b, we have found that the Baye_

MAP method has better per for mance than Baye_AVE at RR

less than 5 mm hr-1, but tends to un der es ti mate RR in the
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Fig. 11. Same as Fig. 10, but for Or bit No. 38613 that Ty phoon Aere passed at 0826 UTC on 24 Au gust 2004.



range be tween 5 and 10 mm hr-1. The GPROF method

(Fig. 12c) has sig nif i cant er rors for RRs higher than 5 mm hr-1.

Re triev als from the MLRS method (Fig. 12d) have good lin -

ear ity against rain gauge data, but scat ter more sig nif i cantly

than those re trieved from Baye_AVE, es pe cially at RRs

greater than 10 mm hr-1. In ad di tion, the MLRS method

tends to over es ti mate in light RR re gimes and un der es ti mate

in heavy RR re gimes, which is a typ i cal draw back for a lin -

ear sta tis ti cal re trieval method.

5. CON CLU SION

We de vel oped a new Bayesian ap proach to re trieve oce -

anic RR from TRMM/TMI mi cro wave bright ness tem per a -

tures, with an em pha sis on ty phoon cases in the West Pa cific. 

The suc cess of a Bayesian re trieval method re lies on two fac -

tors: one is the prior dis tri bu tion about RR, and the other is

the con di tional prob a bil ity dis tri bu tion that de scribes how

mi cro wave ob ser va tions re spond to RR. In this pa per, we

spec i fied the prior dis tri bu tion us ing re triev als of TRMM

PR, while the de pend ency of mi cro wave ob ser va tions on RR 

was based on sim u la tions of cloud-resolving and 3D ra di a -

tive transfer models.

Sim u la tions used to build con di tional prob a bil i ties were 

squall line cases in the KWAJEX. The ra tio nale for the use

of this ex per i ment is that large scale forc ing was well pro -

vided for in the cloud-re solv ing model, and ex ten sive eval u -

a tions have been con ducted. Com par ing our sim u lated mi -

cro wave bright ness tem per a tures with TMI ob ser va tions,

we showed that sim u la tions and ob ser va tions have sim i lar

sta tis tics, al though they are not sim i lar in hor i zon tal struc -

tures of rain clouds. We also found that the cloud model gen -

er ated more data points with heavy rain rates that were not

frequently sampled by TMI observations.

We used an at ten u a tion in dex as the ob served vari able in 

our method. Un like bright ness tem per a ture, at ten u a tion in -
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Fig. 12. Scat ter plots of re trieved rain rate ver sus rain gauge mea sure ments. Rain rate is re trieved from the (a) Baye_AVE, (b) Baye_MAP, (c)

GPROF, and (d) MLRS method. Co ef fi cients of de ter mi na tion (R2) and root-mean-square er rors (RMS) are also shown here.

(a) (b)

(c) (d)



dex has a monotonic re la tion ship with RR, and is less sen si -

tive to back ground noise from wa ter va por, wind speed and

sea sur face tem per a ture. In ad di tion, be cause the at ten u a tion

in dex at 85 GHz ap proaches zero at small RRs (~1 mm hr-1),

we used in di ces at 10.65, 19.35, and 37.0 GHz that are not

sat u rated at higher RR for ty phoon cases. Note that an ex cess 

of frozen hydrometeor con cen tra tion in cloud model sim u la -

tion has been re ported in many cases (Zhou et al. 2007; Zeng 

et al. 2008), lead ing to sig nif i cant scat ter ing sig na tures at

higher fre quen cies. There fore, the use of an at ten u a tion in -

dex at lower fre quen cies also helps to re duce un cer tainty

from un re al is tic frozen hy dro me teors in sim u la tions.

Val i da tions of our new Bayesian ap proach were con -

ducted against re triev als from PR, GPROF, and MLRS

meth ods, and mea sure ments from rain gauges lo cated on

Jap a nese is lands. Fif teen ty phoons that passed over rain

gau ges in 2004 were se lected. We found that our Bayesian

re triev als and PR RR show sig nif i cant sim i lar ity in ho ri -

zontal dis tri bu tions of pre cip i ta tion. Quan ti ta tive re sults

also dem on strate that our re triev als agree well with rain

gauge mea sure ments, show ing the high est cor re la tion (0.95) 

and the small est root-mean squared er ror (~2 mm hr-1).

This pa per dem on strates that our new method pro vides

sat is fac tory RR re triev als for ty phoon cases over the ocean,

which could help an a lyze struc tures of trop i cal cy clones, im -

prove model ini tial iza tion, and pre dict storm tracks and po -

ten tial land fall. It is de sired to in clude more ty phoon simu -

lations in our da ta base and to in ves ti gate how much ex tra

infor ma tion could be added in. We have started sim u la tions

us ing the Weather Re search and Fore cast ing (WRF) model.

More re gional and global val i da tions in sim u la tions and re -

triev als are part of our on go ing re search.
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