
IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOL. 46, NO. 1, JANUARY 2008 109

Global Millimeter-Wave Precipitation Retrievals
Trained With A Cloud-Resolving Numerical

Weather Prediction Model, Part II:
Performance Evaluation

Chinnawat Surussavadee, Member, IEEE, and David H. Staelin, Life Fellow, IEEE

Abstract—This paper evaluates the performance of the global
precipitation rate retrieval algorithm for the Advanced Microwave
Sounding Unit (AMSU) that was described in Part I of this paper.
AMSU is in polar orbit on several National Ocean and At-
mospheric Administration (NOAA) operational weather satel-
lites. Predicted rms retrieval errors based on a 15-km resolution
0.5–1.0-mm/h MM5 truth were 0.88, 0.83, 1.13, and 3.04 for strat-
iform, warm rain, ice-free rain, and convective rain, respectively,
which were averaged over all view angles for land and sea up to
73◦ latitude. For MM5 rates of 4–8 mm/h, these rms errors
increased to 2.8, 3.4, 3.9, and 4.9 mm/h, respectively. The corre-
sponding rms retrieval accuracies for MM5 hydrometeor water
paths between 0.125 and 0.25 mm for rainwater, snow, and graupel
were 0.19, 0.10, and 0.22 mm, respectively. The rms retrieval
accuracy for the 0.125–0.25-m/s peak vertical wind was 0.08 m/s.
Biases are small for cumulative precipitation estimates, although
an upward correction factor of 1.37 is derived for convective
precipitation rate probability distributions. Differences between
these retrievals and those from the conically scanned Advanced
Microwave Scanning Radiometer for the Earth Observing System
instrument and an alternate NOAA AMSU algorithm are also
characterized.

Index Terms—Advanced Microwave Scanning Radiometer for
the Earth Observing System (AMSR-E), Advanced Microwave
Sounding Unit (AMSU), microwave precipitation estimation,
microwave radiative transfer, precipitation.

I. INTRODUCTION

PART I [1] of this paper developed a global precipitation
rate retrieval algorithm for the Advanced Microwave

Sounding Unit (AMSU) that is currently on several Na-
tional Ocean and Atmospheric Administration (NOAA) polar-
orbiting satellites such as NOAA-15, -16, -17, and -18.
The algorithm was trained using a numerical weather prediction
model (MM5 plus the Goddard cloud-resolving model) for
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106 globally distributed storms, which predicted brightness
temperatures that were consistent with those observed simulta-
neously by the AMSU [2]. Neural networks were trained to re-
trieve hydrometeor water paths, peak vertical wind, and 15-min
average surface precipitation rates for rain and snow at 15-km
resolution for land and sea at all viewing angles. Different
estimators were trained for land and sea, where surfaces classed
as snow or ice were generally excluded. Surface-sensitive chan-
nels were incorporated by using linear combinations (principal
components) of their brightness temperatures that were ob-
served to be relatively insensitive to the surface and view angle,
as determined by visual examination of global images of each
brightness temperature spectrum principal component.

In this paper, we evaluate the performance of these al-
gorithms in several different ways. Section II analyzes the
simulated retrieval performance and presents comparisons with
real AMSU data for selected storms coincident with MM5
predictions. Section III compares these retrievals with colocated
AMSU/NOAA and Advanced Microwave Scanning Radiome-
ter for the Earth Observing System (AMSR-E) retrievals, and
Section IV concludes this paper and discusses possible future
retrieval improvements. MATLAB codes for these new AMSU
precipitation rate and hydrometeor water-path retrievals are
available from the authors upon request, and a more complete
description of this paper appears in [3].

II. RETRIEVAL PERFORMANCE RELATIVE TO MM5 TRUTH

A. Mean and RMS Retrieval Errors Relative to MM5 Truth

The simulated retrieval performances of estimators for sur-
face precipitation rate, hydrometeor water paths, and peak
vertical wind were evaluated against the MM5 ground truth
using pixels that were not used for neural-network training, as
described in Part I of this paper [1, Sec. III-A]. The neural-
network inputs were MM5 simulated brightness temperatures
(TB’s) with 0.4- and 1.0-K additive noise for AMSU-A and
-B, respectively. The inferred retrieval accuracies were largely
independent of zenith angle and are presented here as averages
over all scan angles. Surface precipitation includes both water
and the water equivalent for any icy components. Tables I
and II show a good 15-km resolution surface precipitation rate
retrieval performance per octave of rain rate (RR, millimeters
per hour), where the octaves in the two tables are determined
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TABLE I
RMS, MEAN, AND STANDARD ERRORS (MM5—ESTIMATE) FOR 15-km

RESOLUTION MM5-SIMULATED SURFACE PRECIPITATION RATE

RETRIEVALS (MILLIMETERS PER HOUR), WHERE THE

RR RANGE IS DEFINED BY MM5

TABLE II
RMS, MEAN, AND STANDARD ERRORS (MM5—ESTIMATE) FOR 15-km

RESOLUTION MM5-SIMULATED SURFACE PRECIPITATION RATE

RETRIEVALS (MILLIMETERS PER HOUR), WHERE THE

RR RANGE IS BASED ON THE ESTIMATE

using the MM5 and AMSU, respectively. The mean errors
in Table II, which are based on AMSU categorizations, are
generally much lower than those in Table I, whereas the rms
errors are higher. Estimates over land are usually slightly less
accurate than those over sea, as expected, particularly at the
lower rain rates where the surface remains visible.

A rough measure of retrieval utility is the ratio of the rms
error relative to the rates given in column 1 that define each
octave. In the tables, italics highlights cases where the rms
errors exceed the upper bound for the octave, indicating low
utility, and boldface highlights cases where the rms errors are
less than the lower bound, which suggests good performance.
Based on the rms errors in Table I, the AMSU surface pre-
cipitation rate retrievals appear to be generally useful above
∼1 mm/h over ocean and above ∼2 mm/h over land. Later,
it is shown that accuracies for stratiform and lighter rain are
better than those indicated by this inclusive measure, whereas
those for convective precipitation are worse. Fig. 1 shows
the corresponding scatter plots between the MM5 truth and
AMSU/MM5 surface precipitation rate estimates over all land
and sea for 106 storms, where the test pixels are uniformly

Fig. 1. Scatter plots between MM5 truth and AMSU/MM5 estimates for
surface precipitation rate (RR), water paths for rainwater (R), snow (S),
graupel (G), the sum R + S + G (RSG), cloud liquid water (C), and cloud
ice (I), and peak vertical wind (Wp).

subsampled. The correlation coefficients ρ listed in the figure
are computed using log10(X + 0.01), where X is the variable
of interest.

The mean errors shown in Table II are approximately zero
except for the sampling noise that arises due to the limited
number of pixels observed at the very highest rain rates; this is a
natural consequence of the neural-network training using MM5.
Therefore, the AMSU surface precipitation rate estimates can
be averaged to yield nearly unbiased estimates (relative to MM5
truth) of total precipitation within any AMSU-defined space-
time box. However, the estimates of the distribution of precipi-
tation rates within any such box would be biased, as indicated in
Table I; this bias can be reduced as will be discussed later. The
underestimates at higher rain rates occur partly because strong
convection is often topped with icy shields overhanging beyond
narrower columns of intense precipitation. To compensate for
this anvil spreading, while maintaining small mean errors, the
peak rates must be underestimated, i.e., lower rates averaged
over larger areas yield the correct average. For rates above
4 mm/h, the fractional mean error in Table I is approximately
one-third of the mean rate, suggesting that typical overhang
areas are ∼25% of the indicated precipitation zone. This small
enlargement should not be confused with the larger overhang
ratio for visible cirrus or for the raw microwave response; it
corresponds instead to the residual overhang ratio after the
neural network has extracted all the available information about
precipitation extent from the microwave spectrum at each pixel
separately.

B. False and Missed Detections of Precipitation

For different MM5 precipitation rate thresholds over land
and sea, Table III shows the percentages of the AMSU pre-
cipitating pixels due to false detection, the percentages of the
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TABLE III
FREQUENCY OF FALSE AND MISSED PRECIPITATION DETECTIONS,

AND ASSOCIATED FALSE AND MISSED PRECIPITATION

FOR VARIOUS MM5 AND AMSU THRESHOLDS

total AMSU surface precipitation due to false detections, the
percentages of the MM5 precipitating pixels that were missed,
and the percentages of the MM5 surface precipitation missed.
The MM5 and AMSU precipitating pixels are those for which
the 15-km-resolution surface precipitation rate equals or ex-
ceeds the chosen thresholds x or y, respectively. A false detec-
tion is defined as occurring when the MM5 truth (millimeters
per hour) is less than x and the AMSU estimate equals or
exceeds y. A missed detection is defined as occurring when the
MM5 truth equals or exceeds x and the AMSU estimate is less
than y.

The level of false detection over land is reasonable (7% or
4% of precipitation) if the AMSU retrievals below 1 mm/h
are treated as zero and MM5 is below 0.01 mm/h. The false-
detection rate is less over sea. The percentages of missed
detections are small for both land and sea. The conclusion to
be drawn from Table III is that the proper AMSU threshold
of detectability for typical precipitation is roughly between 0.3
and 1 mm/h, depending on whether false alarms or missed
detections are of greater concern. The table also suggests that
AMSU/MM5 misses very little precipitation but can overesti-
mate the number of precipitating pixels by ∼10%–30% and the
integrated precipitation by ∼5%–10%.

C. Dependence Upon Precipitation Type

AMSU observations of precipitation rate distributions are
biased, as shown in Table I. To determine if these biases are dif-
ferent for convective and stratiform precipitation, pixels are
defined as stratiform if their maximum MM5-layer vertical-
wind velocity (wp) is less than 0.45 m/s; this threshold was
chosen empirically using the observed morphology of precipi-
tation classes in representative global images. The biases in the
stratiform and convective precipitation rate distributions were
determined for the set of 106 storms using MM5 data and for
the corresponding AMSU retrievals. No significant bias was
found for the stratiform pixels, whereas a better agreement

with MM5 was obtained when the AMSU-retrieved convective
precipitation rates were biased higher by ∼37% based on the
MM5 classification. This correction erroneously increases the
indicated total rainfall, however, because the AMSU-retrieved
convective precipitation covers too large an area.

When the precipitation was classified using an AMSU-
retrieved wind instead of an MM5 wind, the AMSU precipi-
tation distribution function was biased roughly 15% lower than
the truth (MM5) for stratiform pixels because some convective
pixels were misclassified as stratiform. Multiplying the convec-
tive rates by 1.37 reduced the bias of AMSU relative to MM5,
but perhaps 15% bias in the distribution function remained.

Further understanding of the origins of retrieval errors
was sought by computing the correlation coefficient between
“fractional surface precipitation rate error” ∆ and an “evap-
oration parameter” E for different types of precipitation. The
fractional error ∆ is defined for each 15-km-resolution pixel as
∆ = (R̂ − R)/(R + 1), where R̂ and R are the estimated and
true surface precipitation rates, respectively [4]. The additive
constant 1 mm/h in the denominator of the ∆ definition was
empirically selected to yield reasonable results; values much
less than ∼1 unduly exaggerated the error contributions of
low rain rates while much larger values excessively diminished
them. The evaporation parameter E for each 15-km pixel is de-
fined as E = (ρmax + 0.2)/(ρground + 0.2), where ρmax is the
maximum sum of rain, snow, and graupel densities (grams per
cubic meter) for any MM5 level, and ρground is the correspond-
ing summed density at 1000 mbar [4]. The additive constant
of 0.2 avoids excessive emphasis of low hydrometeor densities
near the surface while not being so large as to underrepresent
low precipitation rates. Evaporation, lateral motion, differences
in fall velocities, and time delays before precipitation reaches
the ground all contribute to E.

The correlation coefficients between ∆ and E for convective,
stratiform, snow only, rain only, warm rain, and all precip-
itation were found to be 0.64, 0.38, 0.28, 0.49, 0.44, and
0.51, respectively. This evaporation parameter E is most highly
correlated with the fractional error ∆ for convective rain (64%).
These results suggest that evaporation, translation, and delay
contribute significant additional errors beyond the overhang
bias noted above and may help explain why convective rms
errors are much larger than for other types of precipitation.

The simulated retrieval errors can also be characterized
in terms of precipitation type, where the precipitation type
can readily be determined from MM5, as discussed in Part I
[1, Sec. II-D]. The rms and mean retrieval errors for 15-km
surface precipitation rates are presented in Tables IV and V for
each octave of rate (RR), where only the precipitating pixels,
defined in [1, Sec. II-D], are evaluated, and the octaves are
defined using MM5 and AMSU, respectively, for convective,
stratiform, snow only, rain only, and nonglaciated (warm) rain.
The results for land and sea are merged here since their errors
in Tables I and II do not differ greatly. A pixel was desig-
nated as precipitating if either the MM5 rainwater or snow at
1000 mbar was nonzero.

A retrieval is more useful if its rms error is less than the
upper bound to the octave characterizing truth, and we define
the lowest rms error as the nominal sensitivity for that type of
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TABLE IV
RMS AND MEAN ERRORS (TRUTH—ESTIMATE) FOR 15-km RESOLUTION SURFACE PRECIPITATION RATE RETRIEVALS (MILLIMETERS PER HOUR)

USING MM5-SIMULATED AMSU TB’S, AND MM5 FOR GROUND TRUTH AND FOR DEFINING THE RR-RANGE BOUNDARIES

TABLE V
RMS AND MEAN ERRORS (TRUTH—ESTIMATE) FOR 15-km RESOLUTION SURFACE PRECIPITATION RATE RETRIEVALS (MILLIMETERS PER HOUR)

USING MM5-SIMULATED AMSU TB’S, MM5 FOR GROUND TRUTH, AND THE ESTIMATE ITSELF FOR DETERMINING THE RR RANGE

retrieval. For example, Table IV suggests that the sensitivity
for convective precipitation is 3.96 mm/h, whereas those for
stratiform, snow only, rain only, and warm rain are 0.88, 0.35,
1.45, and 0.83 mm/h, respectively.

In Tables IV and V, the retrievals of convective precipitation
are noticeably less accurate, perhaps because the precipitation
evaporates or reaches the surface at times or locations displaced
from the hydrometeors observed aloft. To partially test the
displacement hypothesis, the rms errors were evaluated for
convective precipitation after Gaussian smoothing to 30-km
resolution. The improvement was modest (∼0%–30%), sug-
gesting that simple spatial displacements alone are not the main
reason why convective retrievals are less accurate. Since the
snowfall retrievals evaluated in Tables IV and V assumed snow-
free land or seawater surfaces, they would be achievable only if
the surface effects were minimized by atmospheric water vapor
or opaque precipitation.

D. Comparison of Retrieved Images of Precipitation

Both AMSU and simulated AMSU precipitation-retrieval
images are compared with the MM5 truth in Fig. 2 for six
storm systems. From top to bottom, the illustrated storms
include the following: 1) an intense frontal system over France,
January 2, 2003, at 1003 UTC, for which some footprints
are classified as land with snow cover (light blue, rightmost

column); 2) a typhoon over Guam, December 8, 2002, at
1625 UTC; 3) a system over Florida, December 31, 2002,
at 2344 UTC; 4) an Inter-Tropical Convergence Zone (ITCZ)
system over Indonesia, February 15, 2003, at 1210 UTC; 5) a
system with some precipitation over Northern Siberia over sea
ice (red), July 9, 2002, at 1731 UTC; and 6) a nonglaciated
system over the North Atlantic Ocean, November 16, 2002,
at 0503 UTC. Fig. 2 first shows the comparison between
the real AMSU-B 183 ± 7-GHz channel-5 observations (first
column) and the coincident MM5-simulated brightness temper-
atures (second column), showing that the storm morphologies
and brightness distributions are generally similar, although
the details differ. Initializing 5-h MM5-typhoon predictions
is difficult because the initialization data are not sufficiently
fine-grained and accurate; thus, the MM5 typhoon does not
have the long spiral arms of the real typhoon and is more
intense. The next three columns in Fig. 2 compare the AMSU
surface precipitation rate retrievals (third column) with the
MM5 ground-truth (fourth column) and simulated MM5-based
retrievals (fifth column). The last column characterizes the
surface based on the actual AMSU observations (land, sea,
snow over land, or sea ice).

Surface precipitation rate retrievals using MM5/TBSCAT-
simulated TB’s agree reasonably well with the MM5 ground
truth for all types of precipitation, although in each storm,
the retrieved AMSU/MM5 precipitation zone typically extends
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Fig. 2. (Left to right) (1) Brightness temperatures (TB) at 183 ± 7 GHz, (2) the corresponding MM5-simulated TB, (3) AMSU surface precipitation rate
(RR) retrievals (millimeters per hour for 15-min integration; 15-km resolution), (4) MM5 RR truth, (5) retrieved MM5-simulated RR, and (6) AMSU surface
classification (land is blue, sea is yellow, snow over land is light blue, and sea ice is red). (Top to bottom) A frontal system over France at 1003 UTC, January 2,
2003 [some footprints are snow-covered (light blue)]; a typhoon over Guam at 1625 UTC, December 8, 2002; a system over Florida at 2344 UTC, December 31,
2002; an ITCZ system over Indonesia at 1210 UTC, February 15, 2003; a system of Northern Siberia over sea ice (red) at 1731 UTC, July 9, 2002; and a
nonglaciated system over ocean at 0503 UTC, November 16, 2002.

slightly beyond that of the MM5 truth, but with generally lower
peak values that minimize the overall rms errors.

The retrieved nonglaciated precipitation over the North
Atlantic agrees reasonably well with the MM5 ground truth,
even though it has no significant ice-scattering signature and,
therefore, could not be detected using 183 ± 7 GHz as a flag

for precipitation [5]. Fig. 2 also shows that the AMSU/MM5
retrievals over footprints that are classified as snow-covered
land or sea ice match the MM5 truth if the retrieved rates below
∼0.3 mm/h are presumed to be zero. Unfortunately, the re-
trievals of precipitation over snow and sea ice are compromised
by occasional false alarms in dry air (not illustrated here).
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Fig. 3. (Left to right) Water-path retrievals (millimeters) for rainwater (R), snow (S), graupel (G), rainwater + snow + graupel (R + S + G), and cloud liquid
water (C); peak vertical wind (Wp, meters per second) for a strong frontal system over France at 1003 UTC, January 2, 2003. (Top to bottom) AMSU/MM5
retrievals, MM5 ground truth, and MM5-simulated retrievals.

E. Retrievals of Hydrometeor Water Paths

AMSU can also retrieve hydrometeor water paths and peak
vertical wind, as shown in Fig. 3 for the strong French frontal
system. The figure shows the comparison between the MM5
truth (millimeter, 15-km resolution) and the retrieved images
of the water paths for rainwater, snow, graupel, rainwater +
snow + graupel, and cloud water, and also the peak vertical
wind (meters per second). The MM5 truth is presented in the
middle row, whereas the top row presents retrievals using the
corresponding AMSU data, and the bottom row presents re-
trievals based on the MM5-simulated brightness temperatures.
The MM5-simulated retrievals show the greatest fidelity for
snow, graupel, rainwater, and their sum. The cloud-water re-
trieval is underestimated because cloud water has a weak signa-
ture below 200 GHz, and its retrieval is more purely statistical.
For both AMSU/MM5 and MM5 truth, snow aloft is most
pervasive, rainwater less so, and significant graupel is restricted
primarily to the strongest convective cells. The vertical-wind
retrievals tend to be concentrated closer to the convective cores
than in MM5, and the retrievals largely miss the orographic
wind over the Alps in the lower right-hand corner of the image.
This suggests that the inclusion of NWP model winds and
surface elevations could improve precipitation retrievals.

The simulated 15-km-resolution retrievals of hydrometeor
water paths (millimeter) and peak vertical wind (meters per
second) are evaluated in Table VI, and scatter plots are shown in
Fig. 1. These multiangle simulations generally exhibit accuracy
that is comparable to earlier predictions for observations at
nadir [4]. The indicated threshold of water-path detectability
is ∼0.1 mm for all types of hydrometeors and ∼0.1 m/s for
peak vertical wind. The slightly poorer water-path accuracies
in any octave for rainwater (R) and cloud-water (C) estimates
are due to the generally lower altitudes and smaller scattering

TABLE VI
RMS ERRORS FOR 15-km RESOLUTION MM5-SIMULATED AMSU,

HYDROMETEOR WATER-PATH RETRIEVALS (MILLIMETERS),
AND PEAK VERTICAL WIND (METERS PER SECOND)

FOR BOTH LAND AND SEA; THE OCTAVE

RANGES ARE BASED ON MM5

and absorption signatures of liquid water. The low rms errors
for the simulated snow estimates are relevant only when surface
snow is absent or so shallow that it does not significantly alter
the surface emissivity. Vertical-wind retrievals have simulated
the rms accuracies σ as low as ∼0.1 m/s for peak winds Wp

of less than ∼0.25 m/s, and this sensitivity ratio σ/Wp
∼= 0.4

is approximately preserved at all higher peak vertical-wind
speeds. This sensitivity is probably due to the responsiveness
of AMSU to the size distributions of icy hydrometeors.

III. COMPARISON OF AMSU AND AMSR-E RETRIEVALS

It is also important to compare, on a global basis, the
AMSU/MM5 [1] with other retrievals developed indepen-
dently, such as the AMSU/NOAA retrievals currently produced
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Fig. 4. (Left to right) Surface precipitation rates (millimeters per hour)
retrieved at full resolution by AMSU/MM5, AMSU/NOAA, and AMSR-E/
GPROF. (Top row) March 15, 2005. (Bottom row) November 25, 2005.

routinely from the AMSU data and the retrievals from the con-
ically scanning window-channel spectrometer, AMSR-E on the
NASA Aqua satellite. To facilitate comparisons with AMSR-E,
only the NOAA-16 satellite data are used because they occupy
approximately the same polar orbit with an average time sepa-
ration of only ∼25 min. Comparisons with traditional sensors,
such as rain gauges and radar, are left to a future paper. All
retrieval methods evolve with time; this comparison is based on
the retrievals available on public websites in May 2007.

Performance differences are expected because AMSR-E
relies primarily on window channels at low frequencies
(6.6–36.5 GHz) that penetrate most rain and on cross-
polarization observations near 55◦ zenith angle to correct for
surface-reflectivity effects; rain generally obscures the surface
at 89 GHz however. The AMSU retrievals at 23–191 GHz
rely less on surface-sensitive channels and are more sensi-
tive to hydrometers aloft, particularly snow and graupel. The
AMSU/NOAA retrievals emphasize the 150-GHz window and
183-GHz channels, whereas AMSU/MM5 makes more use of
the 53-GHz band and MM5-trained neural networks.

Fig. 4 compares the retrievals produced by AMSU/MM5,
AMSU/NOAA, and AMSR-E/GPROF for two days. The
AMSU/NOAA retrievals were contained in the MSPPS orbital
data provided by the NOAA website in May 2007 [6], [7].
The AMSR-E retrievals used the AE_Rain Version-1 B04
algorithm for March 2005 and B07 for November 2005 [8],
[9]. Each representative retrieval detects at least some potential
precipitation missed by the others, as suggested by circles,
where all AMSU/MIT and AMSU/NOAA estimates below
0.5 mm/h were set to zero. The northern white areas in both
AMSU/MM5 retrievals were flagged because they exhibited
some combination of being too cold at 53.6 GHz (too dry), at
high elevations, or classed as surface ice or snow. The nearby
precipitation is presumably snow, which was detected only by
AMSU/MM5. AMSU/NOAA appears to be more sensitive to

elongated frontal precipitation, and AMSR-E detects tiny con-
vective features better because of its superior spatial resolution.
Future comparisons with radar and rain-gauge data over land
should readily resolve the more extreme discrepancies.

The global distributions for 76 days, spread uniformly over
two years and shown in Fig. 5(a), show that the AMSU/MM5
15-km retrievals detect approximately 25% more pixels pre-
cipitating above 0.5 mm/h than AMSU/NOAA and extend to
∼50 mm/h versus ∼30 mm/h for AMSU/NOAA. Otherwise,
the distribution shapes are similar except for a spike in the
AMSU/NOAA distribution near 1.5 mm/h. Only 15-km pixels,
which neither instrument flagged, were used. Fig. 5(b), how-
ever, shows larger discrepancies: AMSU/NOAA global aver-
ages over 1◦ boxes are lower than both AMSU/MM5 and
AMSR-E by factors of 2–3 for rates below 0.5 mm/h, and
AMSR-E/GPROF is similarly lower than both AMSU al-
gorithms for rates above 10 mm/h, perhaps due to exces-
sive AMSU sensitivity to anvil spreading or to AMSR-E
beam-filling issues. Since the MM5 truth differs from the
AMSU/MM5 retrievals much less than a factor of two, as
discussed in Section II, either MM5 predicts too much rain
or AMSR-E/GPROF is not sensing all rain present, which is
a possibility reinforced by examination of Fig. 4.

Fig. 5(c) and (d) divides the results in Fig. 5(b) into land
and sea. Over land, AMSR-E/GPROF is a factor of ∼3 be-
low AMSU/MM5 at all rain rates, whereas over ocean, this
same discrepancy exists only over ∼3 mm/h. AMSU/MM5 and
AMSU/NOAA roughly agree above 10 mm/h over land and
above 0.8 mm/h over ocean. However, Fig. 5(d) shows a sharp
increase in AMSU/NOAA probability densities over ocean near
1.5 mm/h and then a significant compensating decline below
AMSU/MM5 for rates below ∼0.8 mm/h.

The nonphysical increase in AMSU/NOAA pixel counts,
shown in Fig. 5(a) near 1.5 mm/h, is more evident in the
cumulative distribution for all AMSU data shown in Fig. 5(e).
This sharp discontinuity in the AMSU/NOAA retrieval cu-
mulative distribution disappears over land and is significantly
greater over ocean; it does not appear in either AMSU/MM5
distribution. In Fig. 5(f), there is a factor of ∼180 decline in
AMSU/NOAA detections above ∼3 mm/h for cases classified
as warm rain by AMSU/MM5. A similar but smaller decline
was observed for 15-km pixels classed by AMSU/MM5 as
stratiform. The reasons for these discrepancies are unknown but
seem to be generally consistent with those suggested locally
in Fig. 4. These global distributions of 1◦ precipitation can be
integrated to show that the percentages of all AMSU/MM5 rain
that falls above 10, 20, and 30 mm/h are 6.0, 0.73, and 0.12,
respectively. The corresponding percentages are 3.8, 0.36,
and 0.04 for AMSU/NOAA and 0.74, 0.01, and 0.000 for
AMSR-E/GPROF.

The differences between the MM5 and NOAA retrievals
at 15-km resolution can also be classified by latitude and
precipitation type, e.g., convective versus stratiform, as es-
timated by AMSU [2]. Table VII shows that the ratios
of the mean values retrieved by AMSU/NOAA relative to
AMSU/MM5 were greatest (1.34) for midlatitude stratiform
over ocean and smallest (0.33) for stratiform over midlati-
tude land. The same ratios for convective precipitation vary
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Fig. 5. Two-year (2005–2006) distributions for the following: (a) all 15-km data, numbers of pixels per bin where all bins are small and of equal width
in log RR, (b) probabilities per bin of all 1◦ averages of precipitation rates retrieved by AMSU/MM5, AMSU/NOAA, and AMSR-E, (c) probabilities of
all 1◦ land averages, (d) probabilities of all 1◦ ocean averages, (e) cumulative distributions for all 15-km pixels, and (f) numbers of 15-km warm-rain pixels
per bin.

TABLE VII
RATIOS OF MEAN AMSU/NOAA ESTIMATES OF SURFACE PRECIPITATION

(MILLIMETERS PER HOUR) TO MEAN AMSU/MM5 ESTIMATES

AT 15-km RESOLUTION, AND RMS DIFFERENCES

from 0.62 for midlatitude land to 0.98 for midlatitude ocean,
where the rms discrepancies are roughly three to four times
greater than for stratiform. Only pixels that were deemed
valid by both algorithms were used, regardless of the retrieved
value.

Fig. 6 shows similar information in the form of a global
map that reveals more clearly the geographic character of the
ratios of the means. The map reveals that the ratios of these two
AMSU algorithms depend strongly on the climate and surface
type. The greatest AMSU/NOAA underestimates occur over
nontropical land, and the greatest AMSU/MM5 underestimates
occur over ocean areas with little rain. There is also a suggestion
that the very rough ocean surface near Antarctica might be
causing AMSU/MM5 overestimates. The agreement is quite
good, however, over both land and sea throughout most of the
tropics.
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Fig. 6. Ratios (in decibels) of mean AMSU/NOAA retrievals to those of
AMSU/MM5 at 15-km resolution for 2005–2006 on 76 representative days.
0, 3, and 6 dB represent factors of 1, 2, and 4, respectively.

IV. SUMMARY AND CONCLUSION

AMSU/MM5 algorithms retrieve surface precipitation rates,
hydrometeor water paths, and peak vertical wind over both land
and sea for most types of precipitation encountered globally,
provided that there is no problematic surface-snow or ice ac-
cumulation. The AMSU/MM5-retrieved surface precipitation
generally covers slightly larger areas than does the MM5
ground truth. This is consistent with the heavy overhanging cir-
rus that extends beyond its convective core and with the reduc-
tions in hydrometeor density at lower altitudes that often reduce
the MM5 surface precipitation rates by 30% or more below
those sensed aloft. The AMSU/MM5 estimates of precipitation-
rate-weighted precipitation rate distribution functions appear to
be largely unbiased for stratiform precipitation, but to be biased
roughly 37% low for convective systems, where the distinction
between stratiform and convective precipitation is based on the
MM5 truth. This convective bias compensates for the tendency
of convective-cell millimeter-wave signatures to be overspread
slightly.

These AMSU-based algorithms can be extended to surfaces
covered with snow or sea ice and to higher elevations if the
atmosphere near 183 ± 3 and 183 ± 1 GHz remains sufficiently
opaque. Unfortunately, there is no simple way yet to verify
opacity reliably in cold atmospheres which are sometimes so
dry that all or nearly all microwave water-vapor channels see
the icy surface. Since surface snow and sea ice can scatter
strongly in various wavelength-dependent ways that mimic
the microwave spectrum of precipitation, very dry transparent
air can result to false detections of precipitation. Examples
of snowfall rates, retrieved over snow and ice in humid at-
mospheres, are shown in Fig. 2 for storms over the Alps (top
row) and over sea ice (fifth row).

Another retrieval challenge involves better prediction of
hydrometeor evaporation, which could be improved by as-
similation schemes that utilize concurrent NWP model data
to predict such effects. Cloud-resolving assimilation by NWP

models might also predict, to some degree, the presence of
cirrus overspreading and, thus, reduce its error contributions.

Global comparisons of AMSU/MM5 precipitation rate re-
trievals with variations of the AMSU/NOAA and AMSR-E/
GPROF algorithms highlight the issues that need further at-
tention. For example, in Table VII, AMSU/MM5 detects more
than twice the stratiform (average millimeters per hour) over
land than AMSU/NOAA does, particularly at latitudes beyond
30◦, but detects roughly 30% less stratiform over ocean. Com-
parisons of AMSU convective retrievals agree better over both
land and sea, particularly over midlatitude land (strong convec-
tion) and tropical seas (more stable background temperature),
because both algorithms then depend more on the scattering
signatures of snow and graupel.

Fig. 4 shows that analyzing such algorithms can be diffi-
cult because each sometimes detects rain when the others do
not. Future verifications using rain gauges and other “ground
truth” sensors should help resolve these discrepancies and are
recommended. Additional physical insight might be gained
from comparisons of the simulated retrievals using validated
radiative transfer programs and simulated data sets like those
of MM5 for each algorithm, together with the validated surface-
emissivity models.
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