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Abstract	22	

	23	

	 Co-located	CloudSat	rain	rates	and	Advanced	Microwave	Scanning	Radiometer	for	EOS	24	

(AMSR/E)	89	GHz	brightness	temperature	(Tb)	retrievals	allow	for	the	development	of	an	25	

algorithm	to	estimate	light,	warm	rain	statistics	as	a	function	of	AMSR/E	89	GHz	Tb	for	shallow	26	

marine	clouds.		Four	statistics	are	calculated	from	CloudSat	rainfall	rate	estimates	within	each	27	

4x6	km	Tb	pixel	sampled	by	both	sensors:	the	probability	of	rainfall,	the	mean	rain	rate,	the	28	

mean	rate	when	raining,	and	the	maximum	rain	rate.		Observations	with	overlying	cold	clouds	29	

are	removed	from	the	analysis.		To	account	for	confounding	variables	that	modify	Tb,	curves	are	30	

fit	to	the	mean	relationships	between	Tb	and	these	four	statistics	within	bins	of	constant	31	

column-integrated	water	vapor	from	AMSR/E,	and	sea	surface	temperature	and	wind	speed	32	

from	reanalysis	grids.		The	coefficients	that	define	these	curves	are	then	applied	to	all	available	33	

AMSR/E	Tb	retrievals	to	estimate	rain	rate	throughout	the	eastern	subtropics.		34	

	 A	preliminary	analysis	shows	strong	agreement	between	AMSR/E	rain	rates	and	the	35	

CloudSat	training	dataset.		Comparison	with	an	existing	microwave	precipitation	product	shows	36	

that	the	new	statistical	product	has	an	improved	sensitivity	to	light	rain.		A	climatology	for	the	37	

year	2007	shows	that	precipitation	rates	tend	to	be	heavier	where	the	sea	surface	is	warmer	38	

and	that	rain	is	most	frequent	where	stratocumulus	transitions	to	trade	cumulus	in	the	39	

subtropics.			40	

	41	

	 	42	
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1.	Introduction	43	

	 Subtropical	marine	stratocumulus	clouds	(Sc)	act	to	cool	Earth’s	climate	due	to	their	44	

broad	spatial	extent,	high	albedo,	warm	cloud	top	temperatures,	and	location	near	the	equator	45	

(Randall	et	al.	1984,	Slingo	1990,	Hartmann	et	al.	1992).		A	significant	amount	of	study	has	been	46	

invested	in	determining	which	environmental	controls	have	the	greatest	effect	on	the	temporal	47	

evolution	of	these	clouds	(Mauger	&	Norris	2010,	Sandu	&	Stevens	2011,	Eastman	&	Wood	48	

2016,	Burleyson	&	Yuter	2015).		Past	studies	suggest	that	precipitation	often	coincides	with	a	49	

change	in	cellular	structure,	with	heavy	drizzle	seen	on	the	boundary	between	closed	cells	and	50	

neighboring	open	cells	(Stevens	et	al.	1998,	Stevens	et	al.	2005,	Comstock	et	al.	2005,	Wood	et	51	

al.	2008,	Wood	et	al.	2011a).		In	this	context,	closed	stratocumulus	cells	resemble	a	honeycomb	52	

with	broad	individual	cloud	elements	separated	by	relatively	small	clear	regions,	while	open	53	

cells	are	characterized	by	fields	of	shallow	convective	cores	surrounded	by	thin,	detraining	54	

clouds	with	relatively	broad	cloudless	spaces	between	cells.		Burleyson	and	Yuter	(2016),	55	

however,	demonstrated	that	mesoscale	stratocumulus	cloud	fraction	has	little	sensitivity	to	56	

drizzle	at	lag	times	of	1-3	hours.		Whether	drizzle	is	a	cause	of	this	breakup	or	a	symptom	of	57	

other	processes	acting	to	break	up	the	clouds	is	an	ongoing	puzzle,	currently	limited	by	58	

precipitation	data	availability	and	a	lack	of	sensitivity	to	light	rain	over	the	remote	oceans.		59	

While	the	CloudSat	precipitation	products	provide	the	best	available	estimates	of	precipitation	60	

frequency	and	intensity	in	shallow	marine	clouds,	the	nadir-only	sampling	of	CloudSat	is	61	

insufficient	for	work	attempting	to	disentangle	cause	and	effect	in	drizzle	and	cloud	processes.		62	

Recently,	new	satellite	data	products	utilizing	passive	microwave	observations	of	Brightness	63	

Temperature	(Tb)	(Miller	&	Yuter	2013,	M&Y13	hereafter,	Duncan	et	al.	(2018))	have	shown	the	64	
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potential	for	vastly	improved	remote	sensing	of	drizzle	in	shallow	marine	boundary	layer	65	

clouds.	66	

	 The	use	of	high	frequency	passive	microwave	Tb	has	shown	significant	potential	for	67	

estimating	liquid	water	path	(LWP),	particularly	around	90	GHz	where	the	Tb	response	to	LWP	is	68	

6	times	greater	than	at	30	GHz.	(Crewel	&	Lohnert	2003,	Bobak	&	Ruf	2000,	Petty	1994).		This	69	

makes	the	Advanced	Microwave	Scanning	Radiometer	for	EOS	(AMSR/E,	Wentz	&	Meisner	70	

2004)	passive	microwave	89	GHz	brightness	temperatures	(Ashcroft	&	Wentz	2006)	well	suited	71	

to	detecting	LWP	in	warm	boundary	layer	clouds.		Higher	LWP	in	these	low	clouds	is	shown	to	72	

be	associated	with	more	observed	precipitation	(Comstock	et	al.	2004,	Geoffroy	et	al.	2008,	73	

Abel	2010,	Lebsock	et	al.	2008),	allowing	precipitation	occurrence	to	be	inferred	from	89	GHz	74	

brightness	temperature.	75	

	 As	described	in	Petty	(1994)	and	M&Y13:	Tb	observed	by	a	satellite	sensor	for	a	certain	76	

frequency	and	wavelength	is	the	sum	of	upward	emissions	from	hydrometeors,	the	ocean	77	

surface,	and	humidity	throughout	the	column	minus	any	absorption	by	gases	and	scattering	by	78	

ice	particles.		View	angle	may	also	affect	observed	Tb	since	photons	viewed	at	wider	angles	79	

have	a	longer	path-length	to	the	sensor,	and	because	emission	of	microwaves	can	be	80	

anisotropic.		Therefore,	a	Tb	retrieval	provides	an	inaccurate	measure	of	rain	rate	without	81	

information	about	surface	emissivity,	controlled	by	both	temperature	and	roughness	due	to	82	

wind	waves,	and	the	abundance	of	water	vapor	and	ice	in	the	column.		Currently	available	83	

datasets	using	other	microwave	and	infrared	channels	as	well	as	reanalyses	are	now	capable	of	84	

quantifying	confounding	variables	such	as	sea	surface	temperature,	wind	speed,	column	water	85	
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vapor,	and	cloud	top	temperature.		Controlling	for	these	variables	allows	for	much	more	86	

accurate	quantifications	of	precipitation	occurrence	and	intensity	derived	from	Tb.			87	

	 Based	on	limited	ship-based	radar	observations	in	the	South	East	Pacific,	M&Y13	have	88	

built	a	binary	precipitation	product	that	detects	the	presence	of	heavier	drizzle	in	marine	Sc.		89	

They	posit	that	the	largest	variance	in	LWP	will	be	seen	on	spatial	scales	equivalent	to	the	sizes	90	

of	individual	drizzle	cells.		Their	routine	estimates	liquid	water	path	using	the	AMSR/E	Tb	at	89	91	

GHz	while	also	accounting	for	the	varying	background	Tb	caused	by	varying	column-integrated	92	

water	vapor.		If	the	retrieved	Tb	within	a	4×6	km	pixel	exceeds	a	Tb	threshold	equivalent	to	a	93	

LWP	of	200gm-2,	then	heavy	drizzle	is	reported.		This	binary	product	marks	an	improvement	in	94	

sensitivity	and	resolution	over	existing	passive-microwave-derived	precipitation	products.	95	

	 Comparisons	between	co-located	AMSR/E	89	GHz	Tb	and	C-band	radar	retrievals	from	96	

the	VOCALS	Rex	campaign	(Wood	et	al.	2011b)	in	M&Y13	(their	Figure	1)	show	that	the	spatial	97	

patterns	in	Tb-derived	precipitation	coincide	very	well	with	the	patterns	of	precipitation	shown	98	

by	the	radar.		The	spaceborne	radar	carried	aboard	CloudSat	creates	a	powerful	opportunity	to	99	

expand	on	this	approach	to	a	much	larger	dataset	spanning	diverse	geography	and	100	

meterorology.		Because	CloudSat	and	the	Aqua	satellite	carrying	the	AMSR/E	instrument	are	101	

orbiting	only	one	minute	apart	in	formation,	millions	of	CloudSat	rain	rate	retrievals	(Lebsock	&	102	

L’Ecuyer	2011)	and	AMSR/E	89	GHz	Tb	retrievals	are	co-located	in	both	space	and	time.		This	103	

overlap	of	retrievals	allows	for	a	direct	comparison	of	radar-retrieved	rain	rates	and	89	GHz	Tb.		104	

The	co-located	observations	can	then	be	used	to	create	a	robust	analysis	comparing	rain	rate	to	105	

Tb	for	a	variety	of	atmospheric	conditions.	106	
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	 Here	we	will	expand	on	the	work	done	by	M&Y13	by	using	the	co-located	CloudSat	and	107	

AMSR/E	retrievals	to	establish	mean	relationships	between	Tb	and	rain	rate	in	subtropical	Sc	108	

and	trade	cumulus	(Cu)	clouds.	To	this	end	we	will	use	CloudSat	as	a	training	dataset	while	109	

controlling	for	a	number	of	confounding	factors,	such	as	column-integrated	water	vapor,	110	

surface	wind	speed,	sea	surface	temperature,	and	overlying	ice	clouds,	detected	by	the	111	

Moderate	Resolution	Imaging	Spectroradiometer	(MODIS)	aboard	Aqua.		Using	the	mean	112	

relationships	between	Tb	and	rain	rate	we	will	present	a	routine	that	estimates	for	each	Tb	113	

value:	The	probability	that	precipitation	is	occurring,	the	mean	rain	rate	associated	with	that	Tb,	114	

the	mean	rain	rate	when	raining,	and	the	maximum	likely	rain	rate.		Using	this	routine,	we	115	

develop	a	climatology	of	Tb-derived	light	rain	rates	that	are	comparable	to	existing	CloudSat-116	

derived	climatologies	in	the	subtropics	developed	by	Leon	et	al.	(2008)	and	Rapp	et	al.	(2013).		117	

Eventually,	a	twice-daily,	swath-level	rain	rate	product	will	be	produced	for	light	rain	rates	in	118	

the	subtropics.	119	

	120	

2.	Data	121	

	122	

a)	Stratocumulus	and	trade	cumulus	study	regions	123	

	 Data	for	this	work	are	currently	restricted	to	the	year	2007	and	are	sampled	only	within	124	

the	four	subtropical	stratocumulus	regions	used	in	Eastman	&	Wood	(2016):	The	Northeast	125	

Pacific	(15˚	-	30˚N,	155˚	-	115˚W),	Southeast	Pacific	(30˚	-	5˚S,	105˚	-	70˚W),	Southeast	Atlantic	126	

(30˚	-	5˚S,	15˚W	-	15˚E),	and	Eastern	Indian	(30˚	-	20˚	S,	60˚	-	110˚E)	oceans.		These	regions	were	127	

chosen	in	order	to	study	the	geographic	maxima	in	Sc	amount	as	well	as	the	regions	further	128	
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offshore	where	Sc	transitions	to	trade	Cumulus	(Cu)	clouds.		They	contain	few	overlying	ice	129	

clouds	and	are	often	free	of	organized	synoptic-scale	weather	systems	that	may	cause	130	

multilayered	clouds	or	heavy,	mixed-phase	precipitation.	131	

	132	

b)	89	GHz	AMSR/E	microwave	brightness	temperatures	133	

	 Microwave	brightness	temperatures	are	measured	by	the	Advanced	Microwave	134	

Scanning	Radiometer	for	EOS	(AMSR/E,	Wentz	&	Meisner	2004,	Ashcroft	&	Wentz	2006)	sensor	135	

for	the	year	2007.		The	AMSR/E	sensor	operated	aboard	the	Aqua	satellite	as	part	of	the	A-Train	136	

satellite	constellation.		The	A-Train	crosses	the	equator	at	1:30	and	13:30	local	times,	making	137	

those	the	approximate	sample	times	in	the	subtropics.		The	AMSR/E	has	a	swath	width	of	1445	138	

km,	and	the	89	GHz	Tb	is	sampled	in	an	arcing	pattern	with	pixel	sizes	of	approximately	4	×	6km.		139	

Although	pixel	resolution	is	4	×	6	km,	pixel	centers	are	separated	by	10	km	in	the	along-track	140	

direction,	leaving	a	~4km	gap	between	pixels.			141	

	 The	89	GHz	Tb	measures	both	horizontal	and	vertical	polarization.		As	established	in	142	

M&Y13,	we	use	the	horizontal	polarization	in	the	statistical	algorithm	because	it	has	a	larger	143	

dynamic	range	and	is	slightly	less	noisy	than	the	vertical	polarization	(M&Y13,	Jones	and	Vonder	144	

Haar,	1997).			145	

	146	

c)	Rain	rate	from	CloudSat	Rain-Profile	147	

	 Rain	rate	retrievals	come	from	the	94	GHz	nadir-looking,	cloud	profiling	radar	aboard	148	

CloudSat	(Stephens	et	al.,	2002),	which	was	a	part	of	the	A-Train	satellite	constellation	for	the	149	

time	period	studied	here.		CloudSat	continuously	samples	a	‘curtain’	within	the	swath	of	150	
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AMSR/E,	allowing	for	radar	observations	to	be	concurrent	in	space	and	time	with	the	89	GHz	Tb	151	

retrievals.		The	CloudSat	along-track	interval	per	radar	burst	is	around	1.7	km	with	a	swath	152	

width	of	1.4	km.		The	footprint	of	a	CloudSat	precipitation	sample	is	much	smaller	compared	to	153	

the	AMSR/E	Tb	grid,	which	allows	for	several	CloudSat	observations	to	coincide	with	a	single	Tb	154	

pixel.		We	address	this	further	below	in	section	3.		155	

To	measure	rainfall,	we	use	the	CloudSat	2-C	Rain-Profile	R04	product.	This	product	156	

provides	an	estimate	of	warm	rainfall	rate	at	the	surface	and	is	stated	to	be	sensitive	to	rain	157	

rates	as	low	as	0.001	mm	h-1	(L’Ecuyer	&	Stephens	2002,	Lebsock	&	L’Ecuyer	2011).		Complete	158	

attenuation	of	the	radar	beam	is	rare	in	the	subtropics,	which	is	why	we	initially	constrain	our	159	

project	to	just	the	subtropical	Sc	regions.		In	the	rare	event	of	complete	attenuation	before	160	

sensing	the	surface,	rain	rates	are	flagged	with	a	minus	sign,	then	assigned	the	largest	161	

measured	rate	before	full	attenuation.		These	measurements	are	included	in	this	analysis	(by	162	

using	the	absolute	value	of	all	CloudSat	rain	rates)	since	there	was	no	detectable	sensitivity	to	163	

their	inclusion	or	exclusion.	164	

	165	

d)	Water	vapor,	sea	surface	temperature,	10-m	wind	speed,	rain	rate,	and	ice	clouds	166	

	 In	order	to	better	constrain	the	relationship	between	rain	rate	and	Tb,	we	use	several	167	

meteorological	variables	that	are	known	to	affect	the	observed	Tb:	Column	integrated	water	168	

vapor	(CWV),	sea	surface	temperature	(SST),	10-meter	wind	speed,	and	ice	clouds.		Column	169	

integrated	water	vapor	is	sourced	from	the	AMSR/E	Aqua	Environmental	Suite	of	L3	data	(v7,	170	

Wentz	et	al.	2014)	on	a	regular	0.25˚×0.25˚	lat/lon	grid.		Sea	surface	temperature	is	taken	from	171	

the	surface	skin	temperature	contained	in	the	ERA-Interim	reanalysis	on	a	1˚×1˚	lat/lon	grid	172	
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(Dee	et	al.	2011).		Wind	speed	is	sourced	from	the	ERA-Interim	10-meter	wind	speed.		Ice	173	

clouds	are	detected	by	MODIS	L2	collection	6	cloud	top	temperatures	resampled	on	a	5x5	km	174	

grid	(MYDATML2,	Platnick	et	al.	2017a,	Platnick	et	al.	2017b,	available	online	at:	175	

https://ladsweb.modaps.eosdis.nasa.gov/missions-and-measurements/products/l2-joint-176	

atmosphere/MYDATML2/).		If	an	AMSR/E	Tb	pixel	falls	within	a	MODIS	L2	pixel	containing	a	177	

cloud	top	cooler	than	263K	(10	degrees	below	freezing),	then	that	AMSR/E	pixel	is	likely	to	178	

contain	ice	along	with	supercooled	water	and	is	excluded	from	our	analysis.	179	

	180	

e)	Comparison	with	existing	swath-level	rain	rate	data	181	

	 In	order	to	compare	the	rain	rate	estimates	created	here	with	an	existing	satellite-182	

based,	passive	microwave	product,	we	use	the	instantaneous	surface	rain	rates	and	183	

probabilities	of	precipitation	provided	in	the	AMSR-E/Aqua	Level-2B	precipitation	product	184	

	(AE_Rain,	Kummerow	et	al.	2015).		The	AE_Rain	product	is	available	at	the	swath	level	for	pixel	185	

sizes	roughly	5	km	across-track	and	10	km	along-track.		Though	AE_rain	has	a	similar	spatial	186	

resolution	compared	the	the	89	GHz	Tb,	it	is	slightly	courser	and	spatially	resampled,	so	pixels	187	

are	not	perfectly	geographically	collocated	with	the	89	GHz	Tb	pixels.		Rain	rates	contained	in	188	

AE_rain	are	derived	from	brightness	temperatures	from	lower-frequency	channels,	not	just	89	189	

GHz,	so	AE_rain	rates	tend	to	be	less	sensitive	to	drizzle,	but	more	suitable	for	measuring	190	

convective	precipitation.	191	

	192	

3.	Methods	193	
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	 As	mentioned	above,	multiple	CloudSat	observations	tend	to	coincide	with	a	single	194	

AMSR/E	pixel.		This	is	shown	more	clearly	in	Figure	1	where	individual	CloudSat	soundings	are	195	

plotted	on	a	map	along	with	AMSR/E	pixels.		Collocated	observations	in	Figure	1	are	connected	196	

by	lines.		For	each	AMSR/E	pixel	there	are	~5-6	coinciding	CloudSat	observations	within	the	197	

pixel.	198	

An	initial	relationship	between	collocated	89	GHz	Tb	and	CloudSat	rain	rate	is	seen	in	199	

Figure	2	where	each	CloudSat-AMSR/E	collocated	observation	is	treated	independently,	200	

meaning	Tb	pixels	are	shown	multiple	times,	so	that	all	CloudSat	observations	are	shown	201	

individually.		Figure	2	shows	the	relationship	between	CloudSat	rain	rate	and	Tb	for	all	202	

subtropical	observations	during	2007.		Every	20th	collocated	observation	is	plotted	as	a	blue	dot	203	

and	5K	bin	mean	rain	rates	are	shown	by	red	dots	with	2𝜎	standard	error	bounds	(meaning	204	

twice	as	wide	as	the	standard	error	bounds	as	calculated	with	one	standard	deviation)	shown	as	205	

the	vertical	black	bars.		A	scatter-density	plot	showing	the	number	of	collocated	observations	206	

per	unit	area	on	the	figure	is	also	shown	as	the	gray	contour.		Standard	deviation	is	shown	as	a	207	

blue	error	bar.		On	average,	rain	rates	are	higher	when	Tb	is	higher.		This	is	due	to	the	increase	208	

in	number	of	hydrometeors	emitting	microwaves	in	the	89	GHz	band.		There	is	significant	209	

scatter	in	the	data,	however.		Some	of	this	spread	is	caused	by	the	non-unique	mapping	of	210	

precipitation	rate	into	Tb	pixels,	since	CloudSat	footprints	fail	to	sample	the	entire	Tb	pixel,	but	211	

other	significant	sources	of	noise	are	the	confounding	variables	that	are	addressed	below.	212	

	 One	considerable	source	of	noise	in	Figure	2	comes	from	the	differences	in	background	213	

Tb	seen	by	AMSR/E	due	to	environmental	differences.		The	SST,	CWV,	and	wind	speed	are	all	214	

varying	in	Figure	2	and	differences	in	those	variables	drive	differences	in	Tb	observed	by	215	
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AMSR/E	independent	of	precipitation.		To	highlight	this,	in	Figure	3	we	have	separated	our	216	

collocated	observations	into	bins	based	on	CWV,	SST,	and	wind	speed	and	fit	curves	to	the	217	

mean	relationships	seen	between	rain	rate	and	Tb	for	each	bin.		Standard	error	(2𝜎)	bounds	are	218	

shown	by	the	shaded	regions	for	each	bin.		Bin	bounds	used	to	group	our	confounding	variables	219	

are	(2𝜎)	standard	deviations	added	or	subtracted	from	the	mean	value	of	each	variable.		Figure	220	

3a	shows	that	the	Tb/rain-rate	relationship	is	significantly	modified	by	the	column	water	vapor.		221	

When	CWV	is	high,	precipitation	coincides	with	considerably	warmer	Tb	compared	to	when	222	

CWV	is	low.		A	similar	relationship	is	seen	in	Figure	3b	where	an	equivalent	rain	rate	coincides	223	

with	warmer	Tb	when	SST	is	high	compared	to	low.		Finally,	Figure	3c	shows	that	wind	speed	224	

has	a	less	powerful,	but	still	noticeable,	effect	on	the	Tb/rain	rate	relationship.		An	equivalent	225	

measure	of	rain	rate	coincides	with	a	lower	Tb	when	faster	wind	speeds	are	estimated	by	the	226	

ERA-Interim.	227	

	 Figure	3	demonstrates	that	when	quantifying	rain	rate	as	a	function	of	Tb,	the	228	

background	CWV,	SST,	and	wind	speed	need	to	be	accounted	for.		In	this	analysis	we	do	this	by	229	

calculating	the	mean	relationship	between	rain	rate	and	Tb	within	bins	of	each	confounding	230	

variable.		Bins	are	determined	by	a	3-dimensional	plot	of	collocated	CloudSat	and	Tb	231	

observations	with	the	X,	Y,	and	Z	axes	representing	the	CWV,	SST,	and	wind	speed	of	each	232	

observation.		A	3-dimensional	grid	of	bin	boundaries	is	then	established	based	on	1𝜎	standard	233	

deviation	bins	of	each	variable.		For	each	variable	along	each	axis	there	are	six	bins:	x>3𝜎,	234	

3𝜎>x>2𝜎,	2𝜎>x>1𝜎,	1𝜎>x>0𝜎,	-1𝜎<x<0𝜎,	-2𝜎<x<-1𝜎,	-3𝜎<x<-2𝜎,	x<-3𝜎.		Two-dimensional	235	

projections	of	this	plot	are	shown	in	Figure	4	with	grid	lines	indicating	bin	boundaries.		This	236	

scheme	allows	for	63	or	216	total	bins,	however	the	majority	of	the	bins	are	not	well	populated	237	
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with	observations,	with	only	77	containing	enough	observations	to	derive	meaningful	Tb/rain	238	

rate	relationships,	this	is	explained	in	further	detail	below.		Bins	with	too	few	observations	are	239	

assigned	a	missing	value,	though	they	may	be	populated	when	applying	this	routine	to	a	larger	240	

area	for	a	longer	time.	241	

	 As	mentioned	above,	there	are	several	CloudSat	observations	within	each	AMSR/E	Tb	242	

pixel.		This	is	likely	another	source	of	noise	seen	in	Figure	2	since	the	multiple	CloudSat	243	

observations	within	each	Tb	pixel	will	not	all	be	identical.		Figure	5	shows	an	example	of	an	244	

AMSR/E	pixel	that	is	observed	to	be	raining	by	CloudSat.		Within	the	pixel	there	are	5	CloudSat	245	

samples,	with	4	seeing	rain.		Using	these	5	observations	we	can	determine	four	statistics	for	the	246	

pixel	describing	the	character	of	the	rainfall.		(1)	The	probability	that	the	pixel	contains	rainfall,	247	

which	is	a	binary	result	for	each	pixel:		If	any	CloudSat	observation	within	the	pixel	observes	248	

rain,	the	probability	is	set	to	1,	otherwise	0.		(2)	The	mean	rain	rate,	which	is	the	mean	of	all	249	

precipitating	and	non-precipitating	CloudSat	rain	rates	within	the	pixel.		(3)	The	mean	rate	250	

when	raining,	which	is	the	mean	rain	rate	for	only	the	raining	observations.		This	is	also	known	251	

as	a	conditional	rain	rate.		(4)	The	maximum	rain	rate	observed	by	CloudSat.		The	latter	three	of	252	

these	values	are	shown	in	Figure	5,	with	the	black	line	indicating	the	mean	rain	rate,	the	blue	253	

line	indicating	the	mean	rate	when	raining,	and	the	red	line	showing	the	maximum	rate.	254	

The	relationship	between	Tb	and	precipitation	is	seen	for	a	year	of	data	within	one	255	

CWV/SST/wind	speed	bin	in	Figure	6.		Individual	co-located	observations	are	shown	as	blue	256	

dots	in	panels	b-d.		Red	crosses	are	the	mean	of	9	consecutive	(In	Tb	space,	along	the	x-axis	of	257	

the	plot,	explanation	below)	individual,	co-located	observations.		Curves	are	fit	to	these	red	258	

crosses	(detailed	below)	and	represent	the	mean	relationship	between	Tb	and	rain	rate	within	259	
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this	box.		The	red	crosses	are	used	for	curve	fitting	because	they	are	much	less	noisy,	so	allow	260	

for	more	efficient	and	stable	fitting	routines.			261	

A	brief	experiment	was	run	to	determine	the	optimum	number	of	observations	to	be	262	

binned	into	the	red	crosses	on	Figure	6.		If	too	few	observations	are	combined,	then	the	plots	263	

are	too	noisy	for	fitting,	but	if	too	many	observations	are	combined,	then	the	plots	have	too	264	

few	points	to	allow	for	reliable	curve	fitting.		To	optimize	this,	the	number	of	individual	265	

observations	averaged	into	bins	(represented	by	crosses)	was	varied	between	1	and	30,	then	266	

curves	were	fit	to	the	crosses	in	each	CWV/SST/wind	speed	bin.		Coefficients	defining	the	267	

curves	(described	below)	were	only	returned	if	the	variance	in	rain	rate	explained	by	the	fit	268	

(where	rain	rate	is	a	function	of	Tb)	was	significant	at	or	above	the	95%	level	(meaning	the	269	

correlation	between	rain	rate	predicted	by	the	fit	and	the	measured	rain	rate	was	significant	at	270	

the	95%	level).		The	greatest	number	of	CWV/SST/wind	speed	bins	with	statistically	significant	271	

fits	was	achieved	when	9	individual,	co-located	Tb	and	rain-rate	observations	were	combined,	272	

allowing	for	good	fits	in	77	CWV/SST/wind	speed	bins.		273	

Figure	6a	shows	only	red	crosses	and	omits	the	individual,	binary	probability	points.		The	274	

figure	shows	greater	probability	of	rain	with	increased	Tb.		The	curve	shown	in	black	is	275	

calculated	by	fitting	a	straight	line	to	the	relationship	Tb	=	logit(p),	where	p	is	the	probability	of	276	

rain.		The	linear	fit	to	the	logit	function	is	shown	in	Figure	7.		We	chose	the	linear	fit	to	the	logit	277	

function	for	its	superior	behavior	at	the	lower	and	upper	Tb	limits	where	it	asymptotes	to	p	=	0	278	

and	p	=	1,	respectively.		To	improve	the	representativeness	of	the	fit	Tb	values	are	excluded	at	279	

temperatures	below	the	coolest	drizzling	temperature.		This	eliminates	non-linear	behavior	in	280	

the	scatter	plot	where	Tb	continues	to	decline,	but	drizzle	is	not	present.		The	linear	fit	does	not	281	
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perfectly	characterize	the	behavior	of	the	data,	but	provides	a	simple	fit	that	is	reliably	well	282	

behaved	at	high	and	low	Tb	values.		The	logit	function	is	defined	below:	283	

	284	

Equation	1:	 𝑙𝑜𝑔𝑖𝑡 𝑝 = 	𝑙𝑜𝑔 *
+,*

	285	

	286	

Figure	6b	shows	mean	rain	rate	plotted	as	a	function	of	Tb.		In	this	panel	as	well	as	6c	287	

and	6d,	the	black	curve	represents	a	power	law	fit	to	the	data	of	the	type:	288	

	289	

Equation	2:	 𝑟𝑎𝑡𝑒 = 𝐴	×	𝑇34 + 𝐶	290	

	291	

Where	the	coefficients	A,	B,	and	C	are	determined	using	a	robust	power	law	regression	after	292	

scaling	Tb	between	0	and	1	for	Tb	range	220<Tb<290.		Figures	6c	and	6d	use	the	same	technique	293	

to	fit	the	mean	rate	when	raining	and	maximum	rate	when	raining,	respectively,	as	a	function	294	

of	Tb.		Curves	are	fit	to	the	red	x’s	(9-point	mean	value	along	x)	not	the	individual	observation	295	

points.	296	

	 The	routine	outlined	above	is	applied	to	all	77	CWV/SST/wind	speed	bins	that	contain	297	

enough	data	to	calculate	these	fits	and	show	a	95%	significance	or	above.		Coefficients	for	each	298	

curve	are	calculated	only	for	the	range	of	Tb	values	seen	in	our	year	of	co-located	data,	so	no	299	

extrapolation	takes	place.		Each	individual	curve	and	its	Tb	range	is	shown	in	the	spaghetti	plots	300	

in	Figure	8.		To	estimate	rainfall	statistics	as	a	function	of	all	Tb	within	our	subtropical	study	301	

regions,	we	then	apply	the	coefficients	derived	from	the	fits	to	the	Tb	data	across	the	entire	302	

AMSR/E	swath	for	each	CWV/SST/wind	speed	bin.		Brightness	temperatures	that	fall	outside	303	
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the	range	for	each	bin	illustrated	in	Figure	8	are	flagged	and	assigned	to	the	maximum	or	304	

minimum	Tb	at	whichever	end	of	the	range	was	exceeded.		Bin	boundaries,	linear	fit	305	

coefficients,	and	power	law	fit	coefficients	for	mean	rain	rate,	rate	when	raining,	and	maximum	306	

rain	rate	estimates	are	available	in	supplementary	tables	1-5,	respectively.		Tables	also	show	307	

the	significance	level	of	each	fit	and	the	number	of	individual	CloudSat	observations	308	

contributing	to	each	fit	is	listed	in	tables	3-5.	309	

	 It	is	possible	for	the	curve	fitting	routines	described	above	to	estimate	higher	mean	310	

rates	than	mean	rates	when	raining,	and	higher	mean	rates	when	raining	than	maximum	rates.		311	

This	is	avoided	by	establishing	minimum	bounds	on	the	fitting	routine,	so	that	the	curve	fit	to	312	

rate	when	raining	data	cannot	be	lower	(in	y)	than	the	mean	rate	and	the	curve	fit	to	the	313	

maximum	rate	cannot	be	lower	than	the	curve	for	the	rate	when	raining.	314	

	 Brightness	temperature	observations	may	be	affected	by	the	presence	of	ice	clouds.		To	315	

ensure	that	our	precipitation	estimates	are	not	biased	by	this	we	filter	for	scenes	where	ice	316	

clouds	are	detected	by	MODIS.		If	the	MODIS	L2	cloud	top	temperature	observation	nearest	any	317	

Tb	pixel	has	a	temperature	below	263K,	it	may	contain	ice,	so	the	Tb	pixel	is	excluded	from	the	318	

analysis.	319	

	320	

4.	Results	321	

	 Figure	9	shows	an	example	of	AMSR/E	89	GHz	rain	rate	estimates	plotted	along	with	the	322	

corresponding	MODIS	visible	imagery	in	the	NE	Pacific	region.		Mean	rain	rates	are	shown	as	323	

orange	and	purple	dots,	with	the	color	scale	shown	at	the	bottom	of	the	figure.		Rain	rates	324	

estimated	from	AMSR/E	Tb	correspond	spatially	very	well	with	variations	in	cloud	cover.		325	
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Generally,	rain	is	observed	in	the	cores	of	both	open	and	closed	Sc	cells.		In	this	scene,	open	or	326	

more	broken	Sc	cells	tend	to	show	smaller	clusters	of	precipitation	with	higher	rain	rates	than	327	

closed	Sc	cells,	agreeing	with	the	conclusions	of	Comstock	et	al.	(2007).				328	

	 In	Figure	10,	a	small	portion	of	Figure	9	(illustrated	by	the	black	box	in	Figure	9)	is	shown	329	

in	greater	detail.		The	CloudSat	curtain	is	shown	as	a	green	line	and	CloudSat	precipitation	330	

observations	are	shown	as	squares,	with	a	color	scale	matching	the	AMSR/E	scale	shown	below	331	

the	map.		Here	we	show	the	precipitation	pattern	for	open	cells	embedded	within	a	region	of	332	

closed	cells.		Spatial	correspondence	is	again	seen	not	only	with	the	MODIS	cloud	cover	333	

imagery,	but	with	the	co-located	CloudSat	retrievals.		The	heaviest	rain	rates	are	seen	near	the	334	

edges	of	the	field	of	open	cells,	where	closed	cells	may	be	transitioning	to	open.		Agreement	335	

with	CloudSat	retrievals	is	seen	in	a	lightly	drizzling	closed	cell	near	the	top	of	the	figure	and	in	336	

two	heavier	drizzling	open	cells	below.			337	

	 Climatologies	of	our	four	precipitation	products	have	been	made	by	averaging	rain	rate	338	

and	probability	estimates	from	all	available	days	in	2007	on	a	regular	lat/lon	grid	for	day	and	339	

night	separately.		Two	are	shown	here.		Figure	11	shows	the	mean	probability	of	rainfall	at	night	340	

for	our	four	study	regions	on	a	2.5˚×2.5˚	grid.		We	choose	this	relatively	coarse	grid	to	minimize	341	

noise	and	highlight	large-scale	features	within	the	four	regions.		Drizzle	is	more	frequent	342	

offshore	where	the	planetary	boundary	layer	tends	to	be	deeper	and	Sc	begins	its	transition	to	343	

trade	Cu.		Drizzle	is	least	frequent	near	the	continents	where	coastal	clear	areas	or	very	shallow	344	

Sc	decks	are	more	common.		Probabilities	of	drizzle	are	lower	further	east	in	the	downwind	345	

portions	of	our	study	regions	where	the	boundary	layer	tends	to	be	deep,	but	cloud	cover	is	346	

less	expansive.			347	



	 17	

	 Maps	of	probabilities	of	night	time	drizzle	in	Figure	11	compare	well	with	the	maps	of	348	

drizzle	frequency	in	Leon	et	al.	(2008,	their	Figure	4),	Mülmenstädt	et	al.	(2015,	their	Figure	3b),	349	

and	Rapp	et	al.	(2013,	their	Figure	3a),	though	just	in	the	SE	pacific.		All	of	these	works	show	350	

precipitation	frequency/probability	maxima	offshore	and	downwind	in	the	Sc	regions,	and	both	351	

our	Figure	11	and	Leon	et	al.	(2008,	their	Figure	4)	show	that	the	SE	Pacific	has	the	most	352	

frequent	drizzle,	while	drizzle	frequency	is	lower	in	the	NE	Pacific,	lower	yet	in	the	SE	Atlantic,	353	

and	lowest	in	the	E	Indian	ocean.		In	comparing	those	works,	the	values	for	drizzle	frequencies	354	

differ	due	to	different	thresholds	and	metrics	used,	but	the	geographic	distribution	of	drizzle	355	

features	compare	well.			356	

	 	In	Figure	12,	we	show	the	nighttime	mean	rain	rates	on	a	2.5˚×2.5˚	grid,	again	to	show	357	

large-scale	features	and	minimize	noise.		The	spatial	patterns	of	these	rain	rates	do	not	directly	358	

correspond	to	the	probabilities	seen	in	the	prior	figure.		Instead,	rain	rates	are	strongest	further	359	

offshore,	where	the	sea	surface	is	warmer	and	the	boundary	layer	is	deeper,	suggesting	that	360	

rain	rates	are	influenced	by	sea	surface	temperature	and	boundary	layer	depth.		The	lowest	361	

rain	rates	occur	nearer	the	coasts	in	regions	where	shallow	boundary	layers	are	common.		A	362	

comparison	of	Figure	12b	with	Rapp	el	al.	(2013,	their	Figure	5b)	shows	a	similar	location	for	363	

the	maximum	mean	rain	rate	in	the	SE	Pacific,	at	around	100˚	W,	18˚	S,	as	well	as	a	similar	364	

tendency	towards	lower	rates	near	the	South	American	continent.	365	

	 As	a	check	on	rain	estimates	derived	from	the	AMSR/E	89	GHz	Tb	retrievals,	rates	are	366	

compared	back	against	the	CloudSat	Rain	Profile	retrievals	used	to	drive	the	Tb	regression.		In	367	

Figure	13,	AMSR/E	89	GHz	mean	rain	rate	estimates	are	compared	to	collocated	corresponding	368	

CloudSat	observations	within	each	pixel	for	January	2007.		Mean	CloudSat	rain	rate,	variance,	369	
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and	the	number	of	individual	CloudSat	observations	are	plotted	for	bins	of	89	GHz	rain	rate	in	370	

frames	a-c.		Figure	13a	shows	the	mean	plus	standard	error	bounds	of	co-located	CloudSat	rain	371	

rate	as	a	function	of	AMSR/E	rain	rate	estimates.		The	relationship	is	very	strong	for	rates	less	372	

than	2	mm/hr,	often	falling	exactly	on	the	1:1	line	shown	in	blue.		Variance	increases	with	rain	373	

rate	until	around	2.5	mm/hr	when	variance	levels	off	with	increasing	rain	rate.		The	initial	374	

increase	in	variance	with	rain	rate	is	likely	due	to	the	spotty,	irregular	nature	of	heavier	drizzle	375	

cells	as	seen	in	Figures	9	and	10.		In	these	heavier	cells,	small	convective	cores	are	typically	376	

surrounded	by	regions	of	light	rain,	allowing	for	the	higher-resolution	CloudSat	to	sample	a	377	

wider	range	of	rain	rates	within	a	single	AMSR/E	pixel.		Standard	error	bounds	increase	with	378	

rain	rate,	likely	due	to	declining	sample	sizes,	shown	on	the	logarithmic	plot	on	panel	c.		379	

	 An	additional	comparison	is	made	between	our	CloudSat-tuned	AMSR/E	89	GHz	product	380	

and	the	currently	available	AE_Rain	rain	rates	(Kummerow	et	al.,	2015).		Because	the	pixels	are	381	

not	matched	in	space,	rain	rates	from	both	datasets	were	first	averaged	on	a	0.2˚	latitude-382	

longitude	grid	for	each	day	and	night	for	all	days	in	January	of	2007.		The	resulting	plot	shows	383	

the	mean	AE_Rain	rain	rate	as	a	function	of	the	spatially	and	temporally	collocated	89	GHz	Tb	384	

rain	rate	estimates	for	all	rain	probabilities.		Mean	AE_Rain	rain	rates	are	shown	as	red	dots	385	

with	standard	error	bounds	shown	as	thick,	black	lines.	The	slope	of	the	x-y	plot	in	Figure	14	is	386	

less	steep	than	the	1:1	line.		This	means	the	89	GHz	estimates	are	sensing	precipitation	more	387	

frequently,	or	sensing	greater	rain	rates	compared	to	AE_Rain,	thus	indicating	a	greater	388	

sensitivity	to	light	rain	for	the	89	GHz	product.			389	

Conclusions	drawn	from	Figure	14	are	supported	by	the	maps	shown	in	Figure	15,	where	390	

the	spatial	patterns	of	mean	rain	rates	from	both	products	are	compared	for	one	instance.		391	
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Rates	are	compared	for	three	thresholds	of	minimum	precipitation	probability:	10%,	25%,	and	392	

50%	(for	example,	a	10%	threshold	includes	only	pixels	with	a	greater	than	10%	probability	of	393	

rain).		The	scene	shown	in	Figure	15	is	the	same	day	and	region	as	shown	in	Figure	9,	but	with	394	

the	northern	boundary	expanded	to	30˚N	in	order	to	sample	a	portion	of	a	more	organized	395	

synoptic-scale	disturbance,	and	the	eastern	boundary	contracted	to	130˚W.		Rain	rates	from	396	

both	products	are	shown	as	colored	dots	using	the	same	color	scale	as	Figures	9	and	10.		The	397	

comparison	shows	that	the	AE_Rain	product	tends	to	over-report	rain	rates	at	low	probabilities	398	

(frame	15d),	so	much	so	that	non-zero	rain	rates	are	returned	for	most	of	the	cloudy	pixels	seen	399	

in	Figure	9.		As	the	threshold	for	minimum	precipitation	probability	increases,	the	spatial	400	

distribution	of	AE_Rain	rates	begins	to	loosely	match	the	distribution	of	rain	rates	shown	by	the	401	

89	GHz	Tb	product,	but	AE_Rain	shows	little	variation	in	rate	compared	to	the	89	GHz	product,	402	

with	the	AE_Rain	rates	uniformly	low.		In	the	upper	left,	a	larger	region	of	precipitation	403	

associated	with	a	frontal	boundary	is	well-sampled	by	both	products	for	all	three	thresholds.		404	

These	results	show	that	the	89	GHz	product	presented	here	offers	improved	sensitivity	to	light	405	

rain	compared	to	the	currently	available	AE_Rain	product.	406	

	407	

5.	Discussion	408	

	 This	AMSR/E	89	GHz	precipitation	product	provides	an	improvement	in	drizzle	detection	409	

compared	with	existing	products,	with	a	greater	sensitivity	to	light	rain	compared	to	the	410	

currently	available	AE_Rain	passive	microwave	product.		The	89	GHz	Tb	rain	rate	estimates	also	411	

offer	wider	spatial	sampling	compared	to	CloudSat,	though	the	Tb	product	is	lacking	the	vertical	412	

resolution	and	fine	along-track	resolution	offered	by	CloudSat.		Equally	as	important,	the	new	413	
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product	provides	a	unique,	large-scale	view	of	the	spatial	organization	of	drizzle	within	shallow	414	

marine	clouds	that	has	heretofore	been	elusive.			415	

	 In	Kalmus	&	Lebsock	(2017),	CloudSat	Rain-Profile	R04	was	shown	to	be	biased	in	warm	416	

rain	environments	due	to	inadequacies	in	the	evaporation-sedimentation	model	used	to	417	

estimate	surface	rain	rates.		This	bias	produced	an	overestimation	of	rain	rates.		An	improved	418	

Rain-Profile	dataset	(R05)	will	soon	be	released,	which	compares	more	favorably	with	other	419	

collocated	radar	observations.		When	the	R05	update	is	released,	we	will	update	these	rain	rate	420	

estimates	using	the	improved	CloudSat	R05	training	data.		Additionally,	the	coarse	binning	421	

routine	currently	employed	by	this	routine	may	be	refined	in	order	to	reduce	discontinuities	422	

associated	with	bin	boundaries.	423	

	 This	style	of	algorithm	could	be	applied	to	retrievals	from	other	microwave	sensors	424	

aboard	satellites	or	aircraft	using	other	radar	observations	to	tune	Tb	observations	using	re-425	

computed	regressions,	allowing	for	better	rain	detection	over	remote	oceanic	regions	not	426	

observed	by	any	radars.		Any	future	applications	would	rely	on	other	methods	for	screening	for	427	

ice	clouds	and	would	require	accommodating	different	sensor	geometries.		The	limited	428	

geographic	extent	currently	offered	by	these	estimates	is	a	significant	drawback,	however	429	

expansion	into	the	rest	of	the	subtropics	and	convection	free-regions	of	the	tropics	is	planned.		430	

Ultimately,	this	algorithm	could	be	used	to	evaluate	precipitation	datasets	such	as	the	431	

Integrated	Multi-SatelitE	Retreivals	for	GPM	(IMERG)	dataset	(Huffman	et	al.,	2018),	or	the	432	

optimal	estimation	precipitation	retrieval	method	used	in	(Duncan	et	al.,	2018).		Finally,	the	433	

warm	rain	rates	calculated	here	could	be	used	to	aid	in	tuning	new	neural-network-based	434	

algorithms	(Sanò	et	al.,	2018)			435	



	 21	

	 This	new	rainfall	product	will	have	several	immediate	applications:		Rain	rates	436	

associated	with	stratocumulus	cellular	structures	and	differing	boundary	layer	depths	can	be	437	

compared	in	greater	numbers.		Precipitation	processes	during	Lagrangian	transitions	in	cloud	438	

cover	can	be	assessed	throughout	the	process.		Additionally,	climatologies	for	drizzle	can	be	439	

produced	in	greater	temporal	and	spatial	detail	due	to	the	widened	spatial	sampling	compared	440	

with	CloudSat.		Applying	this	routine	to	Tb	observed	by	other	orbiting	microwave	sensors	could	441	

allow	for	even	greater	spatial	and	temporal	coverage.		Finally,	this	product	can	be	used	to	442	

further	study	complicated	and	difficult	to	observe	precipitation-aerosol-cloud	interactions.	443	

	 	444	

6.	Conclusions	445	

	 We	present	an	algorithm	that	estimates	warm	rain	rates	using	89	GHz	microwave	446	

brightness	temperatures	from	the	AMSR/E	sensor	on	the	Aqua	satellite.		The	analysis	is	447	

currently	limited	to	four	subtropical	ocean	basins.		To	produce	estimates,	first	it	is	necessary	to	448	

hold	sea	surface	temperature,	column	water	vapor,	and	wind	speed	constant	in	bins.		This	449	

binning	controls	for	the	effects	that	those	variables	have	on	the	relationship	between	Tb	and	450	

rain	rate.		Pixels	that	may	contain	ice	clouds	are	removed.		After	controlling	for	these	variables	451	

that	modify	the	Tb-rain	rate	relationship,	curves	are	fit	to	plots	of	CloudSat	rain	rate	as	a	452	

function	of	Tb.		The	coefficients	that	define	these	curves	allow	for	estimates	of	precipitation	453	

statistics	from	Tb.	454	

	 Each	4×6	km	Tb	pixel	sampled	by	both	AMSR/E	and	CloudSat	usually	contains	5	or	6	455	

CloudSat	rain	rate	estimates.		This	allows	for	the	calculation	of	several	statistics	within	a	pixel:	456	

the	probability	that	rain	is	observed,	the	mean	rain	rate,	the	rate	when	raining,	and	the	457	
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maximum	rain	rate.		This	algorithm	produces	these	four	estimates	for	each	Tb	retrieval	on	an	458	

irregular	4×10	km	grid	currently	for	the	year	2007.		Although	pixel	sizes	are	4×6	km,	the	actual	459	

grid	spacing	is	4×10	km	owing	to	gaps	between	pixels	in	the	along-track	direction.	460	

	 Precipitation	estimates	using	the	AMSR/E	89	GHz	Tb	are	compared	with	MODIS	visible	461	

imagery,	CloudSat,	and	the	AMSR/E	AE_Rain	rainfall	product	using	lower-frequency	microwave	462	

channels.		Comparisons	show	that	89	GHz	precipitation	estimates	match	well	with	MODIS	463	

imagery,	so	that	precipitation	is	observed	in	cores	of	open	and	closed	cell	stratocumulus.		A	464	

comparison	back	against	CloudSat	rain	rates	shows	excellent	agreement	at	rain	rates	below	465	

1mm/hr	where	comparison	data	are	plentiful.		Above	that	threshold,	variances	and	errors	tend	466	

to	increase	due	to	small	size	and	spotty	geographic	distribution	of	heavy	drizzle	cells	and	467	

limited	sample	sizes.		A	further	comparison	is	made	with	the	AE_Rain	product,	where	the	89	468	

GHz	product	shows	improved	sensitivity	to	light	rain.		Mean	climatologies	of	precipitation	469	

statistics	appear	reasonable,	with	maxima	in	precipitation	probability	near	the	Sc-Cu	transition	470	

regions	and	the	strongest	rain	rates	offshore	and	equatorward	within	our	study	regions,	located	471	

where	the	SST	is	warmest	and	the	boundary	layer	is	deepest.	472	

		 This	product	can	be	used	to	improve	the	study	of	several	open	questions	in	cloud	and	473	

climate	science	requiring	sub-daily	temporal	resolution	and	wide	geographic	data	availability.		474	

Climatologies	of	precipitation	can	be	produced	on	a	finer	scale	both	temporally	and	spatially.		475	

Using	this	algorithm,	the	expansion	of	this	product	is	anticipated	in	warm	cloud	regimes	in	476	

order	to	make	precipitation	estimates	available	for	all	years	with	AMSR/E	Tb	observations.		477	

	478	
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Figure	Captions	642	

	643	

Figure	1.	Individual,	coinciding	CloudSat	soundings	and	AMSR/E	Tb	pixels	during	a	descending	644	

node	in	the	SE	Pacific.		Observations	connected	by	a	blue	line	are	assumed	to	be	spatially	and	645	

temporally	(within	1	minute)	co-located.		Ellipses	represent	the	estimated	size	and	shape	of	646	

each	instruments	field	of	view.	(CloudSat,	black:	1.4	km	across	track,	1.7	km	along-track;	647	

AMSR/E,	red:	4	km	across	track,	6	km	along	track)	648	

	649	

Figure	2.	CloudSat	surface	rain	rates	from	the	Rain-Profile	product	as	a	function	of	the	co-650	

located	89GHz	Tb.		Individual	coinciding	observations	are	shown	as	blue	dots	(1	in	20	are	651	

shown).		5K	bin	means	are	shown	as	red	dots.		Two	𝜎	standard	error	bounds	for	each	5K	bin	652	

mean	are	shown	by	the	black	vertical	bars.		Gray	lines	are	a	scatter	density	plot	of	all	individual	653	

collocated	observations,	using	a	grid	spacing	of	2.5	K	along	x	and	0.2	mm/hr	along	y.		Standard	654	

deviations	for	each	bin	mean	rain	rate	are	shown	as	the	blue	error	bars.	655	

	656	

Figure	3.	Mean	CloudSat	Rain-Profile	rain	rates	as	a	function	of	Tb	for	bins	of	a)	column	water	657	

vapor	(CWV),	b)	sea	surface	temperature	(SST)	and	c)	10-meter	wind	speed	(WSP).		Standard	658	

error	bounds	(2𝜎)	are	shown	as	shaded	regions	to	highlight	that	these	subsets	of	matched	659	

points	are	distinct	from	one	another,	and	their	differences	must	be	accounted	for.	660	

	661	

Figure	4.	2-dimensional	projections	of	a	3-dimensional	plot	of	environmental	variables	known	662	

to	effect	Tb	for	each	Tb	observation	in	our	study.		One	𝜎	bin	boundaries	are	shown	by	the	axis	663	
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labels	and	grid	lines.	a)	Column	water	vapor	plotted	against	sea	surface	temperature,	b)	column	664	

water	vapor	plotted	against	10-meter	wind	speed,	and	c)	10-meter	wind	speed	plotted	against	665	

sea	surface	temperature.	666	

	667	

Figure	5.	Rain	rates	from	CloudSat	Rain-Profile	within	a	single	4×6	km	AMSR/E	Tb	pixel.		The	668	

mean	rain	rate	is	the	mean	of	all	CloudSat	rain	rates	including	rate	=	0,	the	mean	rate	when	669	

raining	is	the	mean	of	only	those	CloudSat	rates	detecting	precipitation,	and	the	maximum	rain	670	

rate	is	the	greatest	CloudSat	rain	rate	observed	within	the	AMSR/E	pixel.		Co-located	values	671	

discussed	hereafter	refer	to	these	three	quantities	within	each	AMSR/E	pixel.	672	

	673	

Figure	6.	Fits	to	co-located	CloudSat	Rain-Profile	rain	rate	statistics	and	AMSR/E	Tb	for	a	single	674	

CWV/SST/wind	speed	bin	with	N	observations.		Blue	dots	represent	co-located	observations	(1	675	

in	20	shown).		Red	crosses	represent	bin	means	(along	x,	in	Tb	space)	of	9	co-located	676	

observations,	which	are	used	for	curve	fitting.		The	black	line	in	panel	(a)	represents	a	linear	fit	677	

to	the	Tb	=	logit(p)	relationship.		The	black	lines	in	panels	(b),	(c),	and	(d)	represent	power	law	678	

fits.		R2	indicates	the	percentage	of	variance	explained	by	the	fit,	Sig	(significance)	indicates	the	679	

significance	level	of	the	variance	explained	by	the	fit.		Bins	are	only	included	in	this	work	if	the	680	

significance	level	exceeds	the	95%	threshold.	681	

	682	

Figure	7.		Logit(p)	plotted	as	a	function	of	Tb	from	panel	(a)	of	Figure	6.		P	is	the	fraction	of	co-683	

located	CloudSat	observations	that	detect	any	precipitation	within	an	AMSR/E	pixel.		Blue	dots	684	

represent	red	crosses	from	Figure	6a.		Here,	red	crosses	represent	5K	bin	mean	Logit(p)	values.		685	
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The	red	line	is	the	linear	fit	to	the	red	crosses.		Uniform	binning	across	the	x-axis	is	vital	due	to	686	

the	uneven	distribution	of	points	along	x,	which	causes	the	linear	fit	to	favor	the	cluster	of	687	

points	at	low	Tb	values,	flattening	the	fit.	688	

	689	

Figure	8.	Spaghetti	plots	showing	all	fits	to	(a)	precipitation	probability	as	a	function	of	Tb,	and	690	

(b-d)	mean	rain	rate,	rain	rate	when	raining,	and	maximum	rain	rate	(respectively)	as	a	function	691	

of	Tb	for	all	77	available	bins.	692	

	693	

Figure	9.	A	MODIS	visible	satellite	image	from	January	23,	2007	in	the	NE	Pacific	with	estimated	694	

rain	rates	overlaid.		Colored	dots	represent	estimated	average	rain	rates	derived	from	89	GHz	695	

Tb	for	all	probabilities	of	rainfall.		The	black	rectangle	shows	the	region	plotted	in	Figure	10.		The	696	

difference	in	swath	width	between	the	AMSR/E	sensor	and	MODIS	is	apparent	on	the	eastern	697	

edge	of	the	figure,	where	MODIS	cloud	observations	continue	outside	the	observable	domain	698	

of	AMSR/E.	699	

	700	

Figure	10.	A	closer	look	at	several	open	cells	embedded	in	closed	cells	from	the	rectangle	701	

shown	in	Figure	9.		Same	plotting	conventions	apply.	The	green	line	shows	the	track	of	702	

CloudSat.		Colored	squares	represent	CloudSat	rain	rates	using	the	same	color	scheme	as	the	Tb	703	

values.			704	

	705	

Figure	11.	Nighttime	mean	probabilities	of	rainfall	averaged	on	a	2.5×2.5˚	lat/lon	grid	for	all	of	706	

2007.		Blue	colors	indicate	greater	rainfall	likelihoods.	707	
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	708	

Figure	12.	Nighttime	mean	rain	rates	averaged	on	a	2.5×2.5˚	lat/lon	grid	for	all	of	2007.		Blue	709	

colors	indicate	heavier	rainfall	rates.			710	

	711	

Figure	13.	CloudSat	Rain	Profile	(a)	mean	rain	rates,	(b)	variance	of	rain	rate,	and	(c)	number	of	712	

co-located	CloudSat	observations	as	a	function	of	AMSR/E	89	GHz	Tb-derived	rain	rates	for	rain	713	

rate	bin	widths	0.1	mm/hr.		A	1:1	line	is	shown	as	a	green	line	in	panel	(a).		Data	are	for	January,	714	

2007.	715	

	716	

Figure	14.		Bin	mean	AE_Rain	rain	rates	as	a	function	of	collocated	CloudSat+AMSR/E	89	GHz	Tb	717	

rain	rates	with	2𝜎	standard	error	bounds	shown	as	vertical	bars.		Mean	rates	are	calculated	for	718	

both	products	on	a	0.2˚	lat/lon	grid,	twice	daily	for	all	four	Sc	regions	on	all	days	of	January,	719	

2007.		A	diagonal,	black	1:1	line	is	shown.		A	scatter	density	plot	is	shown	as	the	gray	contour,	720	

indicating	how	many	observations	are	matched	per	0.1	mm/hr	box.		Data	are	for	January,	2007.	721	

	722	

Figure	15.		Mean	surface	rain	rates	derived	from	89	GHz	AMSR/E	Tb	and	CloudSat	(a,	b,	and	c)	723	

compared	to	rates	from	AE_Rain	(d,	e,	and	f)	for	January	23	in	the	NE	Pacific,	observing	the	724	

same	scene	as	Figure	9,	but	with	an	expanded	northern	boundary	on	January	23,	2007	around	725	

13:30	local	time.		Rain	rates	are	plotted	for	three	minimum	precipitation	probability	thresholds:	726	

10%	(a,	d),	25%	(b,	e),	and	50%	(c,	f).		Colors	correspond	to	rain	rates	as	shown	in	the	legend	727	

along	the	base	of	the	plot,	with	reds	and	purples	indicating	heavier	drizzle.	 	728	
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Figures	729	

	730	

Figure	1.	Individual,	coinciding	CloudSat	soundings	and	AMSR/E	Tb	pixels	during	a	descending	731	

node	in	the	SE	Pacific.		Observations	connected	by	a	blue	line	are	assumed	to	be	spatially	and	732	

temporally	(within	1	minute)	co-located.		Ellipses	represent	the	estimated	size	and	shape	of	733	

each	instruments	field	of	view.	(CloudSat,	black:	1.4	km	across	track,	1.7	km	along-track;	734	

AMSR/E,	red:	4	km	across	track,	6	km	along	track)	 	735	
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	736	

	737	

Figure	2.	CloudSat	surface	rain	rates	from	the	Rain-Profile	product	as	a	function	of	the	co-738	

located	89GHz	Tb.		Individual	coinciding	observations	are	shown	as	blue	dots	(1	in	20	are	739	

shown).		5K	bin	means	are	shown	as	red	dots.		Two	𝜎	standard	error	bounds	for	each	5K	bin	740	

mean	are	shown	by	the	black	vertical	bars.		Gray	lines	are	a	scatter	density	plot	of	all	individual	741	

collocated	observations,	using	a	grid	spacing	of	2.5	K	along	x	and	0.2	mm/hr	along	y.		Standard	742	

deviations	for	each	bin	mean	rain	rate	are	shown	as	the	blue	error	bars.	743	

	744	

	 	745	
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	746	

	747	

Figure	3.	Mean	CloudSat	Rain-Profile	rain	rates	as	a	function	of	Tb	for	bins	of	a)	column	water	748	

vapor	(CWV),	b)	sea	surface	temperature	(SST)	and	c)	10-meter	wind	speed	(WSP).		Standard	749	

error	bounds	(2𝜎)	are	shown	as	shaded	regions	to	highlight	that	these	subsets	of	matched	750	

points	are	distinct	from	one	another,	and	their	differences	must	be	accounted	for.	 	751	
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	752	

	753	

Figure	4.	2-dimensional	projections	of	a	3-dimensional	plot	of	environmental	variables	known	754	

to	effect	Tb	for	each	Tb	observation	in	our	study.		One	𝜎	bin	boundaries	are	shown	by	the	axis	755	

labels	and	grid	lines.	a)	Column	water	vapor	plotted	against	sea	surface	temperature,	b)	column	756	

water	vapor	plotted	against	10-meter	wind	speed,	and	c)	10-meter	wind	speed	plotted	against	757	

sea	surface	temperature.	 	758	
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	759	

	760	

Figure	5.	Rain	rates	from	CloudSat	Rain-Profile	within	a	single	4×6	km	AMSR/E	Tb	pixel.		The	761	

mean	rain	rate	is	the	mean	of	all	CloudSat	rain	rates	including	rate	=	0,	the	mean	rate	when	762	

raining	is	the	mean	of	only	those	CloudSat	rates	detecting	precipitation,	and	the	maximum	rain	763	

rate	is	the	greatest	CloudSat	rain	rate	observed	within	the	AMSR/E	pixel.		Co-located	values	764	

discussed	hereafter	refer	to	these	three	quantities	within	each	AMSR/E	pixel.	765	

	766	

	 	767	
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	768	

Figure	6.	Fits	to	co-located	CloudSat	Rain-Profile	rain	rate	statistics	and	AMSR/E	Tb	for	a	single	769	

CWV/SST/wind	speed	bin.		Blue	dots	represent	co-located	observations	(1	in	20	shown).		Red	770	

crosses	represent	bin	means	(along	x,	in	Tb	space)	of	9	co-located	observations,	which	are	used	771	

for	curve	fitting.		The	black	line	in	panel	(a)	represents	a	linear	fit	to	the	Tb	=	logit(p)	772	

relationship.		The	black	lines	in	panels	(b),	(c),	and	(d)	represent	power	law	fits.		R2	indicates	the	773	

percentage	of	variance	explained	by	the	fit,	Sig	(significance)	indicates	the	significance	level	of	774	

the	variance	explained	by	the	fit.		Bins	are	only	included	in	this	work	if	the	significance	level	775	

exceeds	the	95%	threshold.	 	776	
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	777	

Figure	7.		Logit(p)	plotted	as	a	function	of	Tb	from	panel	(a)	of	Figure	6.		P	is	the	fraction	of	co-778	

located	CloudSat	observations	that	detect	any	precipitation	within	an	AMSR/E	pixel.		Blue	dots	779	

represent	red	crosses	from	Figure	6a.		Here,	red	crosses	represent	5K	bin	mean	Logit(p)	values.		780	

The	red	line	is	the	linear	fit	to	the	red	crosses.		Uniform	binning	across	the	x-axis	is	vital	due	to	781	

the	uneven	distribution	of	points	along	x,	which	causes	the	linear	fit	to	favor	the	cluster	of	782	

points	at	low	Tb	values,	flattening	the	fit.	783	

	 	784	
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	785	

Figure	8.	Spaghetti	plots	showing	all	fits	to	(a)	precipitation	probability	as	a	function	of	Tb,	and	786	

(b-d)	mean	rain	rate,	rain	rate	when	raining,	and	maximum	rain	rate	(respectively)	as	a	function	787	

of	Tb	for	all	77	available	bins.		Line	colors	represent	the	column	water	vapor	(CWV),	sea	surface	788	

temperature	(SST),	and	wind	speed	(WSP)	of	each	bin	as	shown	by	the	color	key	in	frame	d.	 	789	
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	790	

	791	

Figure	9.	A	MODIS	visible	satellite	image	from	January	23,	2007	in	the	NE	Pacific	with	estimated	792	

rain	rates	overlaid.		Colored	dots	represent	estimated	average	rain	rates	derived	from	89	GHz	793	

Tb	for	all	probabilities	of	rainfall.		The	black	rectangle	shows	the	region	plotted	in	Figure	10.		The	794	

difference	in	swath	width	between	the	AMSR/E	sensor	and	MODIS	is	apparent	on	the	eastern	795	

edge	of	the	figure,	where	MODIS	cloud	observations	continue	outside	the	observable	domain	796	

of	AMSR/E.	 	797	
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	798	

Figure	10.	A	closer	look	at	several	open	cells	embedded	in	closed	cells	from	the	rectangle	799	

shown	in	Figure	9.		Same	plotting	conventions	apply.	The	green	line	shows	the	track	of	800	

CloudSat.		Colored	squares	represent	CloudSat	rain	rates	using	the	same	color	scheme	as	the	Tb	801	

values.			 	802	
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	803	

	804	

Figure	11.	Nighttime	mean	probabilities	of	rainfall	averaged	on	a	2.5×2.5˚	lat/lon	grid	for	all	of	805	

2007.		Blue	colors	indicate	greater	rainfall	likelihoods.	806	

	 	807	
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	808	

	809	

Figure	12.	Nighttime	mean	rain	rates	averaged	on	a	2.5×2.5˚	lat/lon	grid	for	all	of	2007.		Blue	810	

colors	indicate	heavier	rainfall	rates.			811	

	 	812	
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	813	

Figure	13.	CloudSat	Rain	Profile	(a)	mean	rain	rates,	(b)	variance	of	rain	rate,	and	(c)	number	of	814	

co-located	CloudSat	observations	as	a	function	of	AMSR/E	89	GHz	Tb-derived	rain	rates	for	rain	815	

rate	bin	widths	0.1	mm/hr.		A	1:1	line	is	shown	as	a	green	line	in	panel	(a).		Data	are	for	January,	816	

2007.	817	

	 	818	
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	819	

Figure	14.		Bin	mean	AE_Rain	rain	rates	as	a	function	of	collocated	CloudSat+AMSR/E	89	GHz	Tb	820	

rain	rates	with	2𝜎	standard	error	bounds	shown	as	vertical	bars.		Mean	rates	are	calculated	for	821	

both	products	on	a	0.2˚	lat/lon	grid,	twice	daily	for	all	four	Sc	regions	on	all	days	of	January,	822	

2007.		A	diagonal,	black	1:1	line	is	shown.		A	scatter	density	plot	is	shown	as	the	gray	contour,	823	

indicating	how	many	observations	are	matched	per	0.1	mm/hr	box.		Data	are	for	January,	2007.	824	

	 	825	



	 50	

	826	

Figure	15.		Mean	surface	rain	rates	derived	from	89	GHz	AMSR/E	Tb	and	CloudSat	(a,	b,	and	c)	827	

compared	to	rates	from	AE_Rain	(d,	e,	and	f)	for	January	23	in	the	NE	Pacific,	observing	the	828	

same	scene	as	Figure	9,	but	with	an	expanded	northern	boundary	on	January	23,	2007	around	829	

13:30	local	time.		Rain	rates	are	plotted	for	three	minimum	precipitation	probability	thresholds:	830	

10%	(a,	d),	25%	(b,	e),	and	50%	(c,	f).		Colors	correspond	to	rain	rates	as	shown	in	the	legend	831	

along	the	base	of	the	plot,	with	reds	and	purples	indicating	heavier	drizzle.	832	


