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Abstract—This article describes a multisatellite validation study
of precipitation from the microwave integrated retrieval system
(MiRS). MiRS is a variational algorithm designed to process passive
microwave measurements using a common core of retrieval soft-
ware, and currently runs operationally on data from ten different
earth-observing satellites. The primary validation was conducted
for the polar-orbiting satellites SNPP, NOAA20 (both bearing the
ATMS instrument), MetopB, and MetopC (both bearing the AM-
SUA and MHS instruments) during the period from December
1, 2018 through December 31, 2019. Validation was conducted
using operational ground-based radar-rain gauge analyses from
Stage-IV and multiradar multisensor (MRMS) over the continental
United States. Results indicate that the precipitation estimates
are largely consistent with one another and that agreement with
ground-based analyses has a strong seasonal component. Warm
season performance is generally higher and more stable than dur-
ing the cold season. SNPP and NOAA20 estimates appeared to
show slightly higher biases, outside of July and August. Frequency
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distributions of precipitation intensity also showed better agree-
ment between MiRS and Stage-IV for higher precipitation rates
in the warm season, highlighting the difficulty of estimating over
land precipitation rates associated with stratiform precipitation
systems that typically occur during the cold season. All satellites de-
picted the annual mean precipitation rate global distribution with
good interconsistency, but with some differences possibly related
to individual temporal sampling characteristics of each satellite.
Summary validation statistics and scores stratified by season show
that MiRS performance metrics using MRMS as a reference are
largely similar to those based on using Stage-IV.

Index Terms—Advanced microwave sounding unit-A (AMUSA)-
microwave humidity sounder (MHS), advanced technology
microwave sounder (ATMS), microwave integrated retrieval
system (MiRS), precipitation rate, satellite.

I. INTRODUCTION

ACCURATE precipitation rate retrieval around the globe
is crucial for applications such as extreme weather event

detection, flood and drought monitoring, and climate change
monitoring. Retrieval techniques based on space-based mea-
surements began in the 1970s with the widespread deployment
of meteorological satellites equipped with visible, infrared, and
microwave instruments [1]. The advantages of global coverage
compared to ground-based measurements such as radar and
rain gauges have led to the development of many precipitation
algorithms that process satellite radiances.

Because microwave radiances are more directly related to the
quantity of liquid and frozen hydrometors in the atmospheric
column by sensing the emission and scattering of the particles,
these measurements can thus be used to provide physically
reasonable retrievals of precipitation rate. Many precipitation
algorithms using microwave radiances were developed based
on special sensor microwave imager (SSM/I) onboard Defense
Meteorological Satellite Program (DMSP) since the first SSM/I
was providing well calibrated data since 1987 [2]–[9]. Wilheit
et al. [10] overviewed 16 precipitation retrieval algorithms
that use SSM/I high-frequency scattering measurement, low-
frequency emission measurements, and combinations. Petty [11]
developed a physical inversion-based algorithm which used
three channels from low and high frequencies plus a scattering
index derived from high-frequency channel measurements to
retrieve the precipitation rate over the ocean. After the Tropical
Rainfall Measuring Mission (TRMM) was launched in 1997,
precipitation algorithms were further developed [12], [13] since
the microwave imager (TMI) had additional low-frequency
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channels that provided more emission information and at a
higher spatial resolution compared with previous microwave
instruments. The Goddard profiling algorithm (GPROF) de-
veloped by Kummerow et al. [13] uses a Bayesian inversion
for all surface types. The algorithm then evolved to a fully
parametric approach [14] and is applied to data from the Global
Precipitation Mission (GPM) microwave imager (GMI) which
launched in 2014. Both TRMM and GPM carry spaceborne
radars which represent a significant advancement in the ability
to more directly detect and measure vertical profiles of liquid
and frozen hydrometeors.

The microwave integrated retrieval system (MiRS),1 is a
retrieval algorithm that uses the same core software when applied
to any of its supported satellites. MiRS is an inversion algorithm
based on physical forward modeling and can invert observed
multichannel radiances simultaneously to determine key com-
ponents of the atmosphere and surface states, including precipi-
tation parameters [15]–[18]. MiRS has been routinely producing
satellite-based retrieval products since 2007 at the National
Oceanic and Atmospheric Administration (NOAA). Iturbide-
Sanchez et al. [19] assessed MiRS precipitation retrievals based
on six satellites and indicated that the algorithm has compa-
rable skills with other precipitation estimation techniques. Liu
et al. [20] evaluated MiRS products based on GPM/GMI and
compared precipitation with ground-based observation.

MiRS precipitation products from various satellites have been
used as input to other multisensor precipitation rate analy-
ses/products such as Climate Prediction Center MORPHing
technique (CMORPH) [21], [22], and the National Environmen-
tal Satellite, Data, and Information Service (NESDIS) opera-
tional blended rain rate product.

The two recently launched polar-orbiting satellites of MetopC
and NOAA20 are the follow-on missions to MetopB and SNPP,
respectively. Together, they provide timely, critical informa-
tion with global coverage that help to monitor meteorological
events. This article focuses on MiRS precipitation rate retrievals
from microwave sensors onboard four satellites: ATMS (ad-
vanced technology microwave sounder) onboard NOAA20 and
the Suomi National Polar-orbiting Partnership satellite (SNPP),
AMSUA (advanced microwave sounding unit-A)-MHS (mi-
crowave humidity sounder) onboard MetopC and MetopB. The
rest of this article is organizes as follows. Section II introduces
the MiRS algorithm and describes the four satellites and mi-
crowave instruments. Section III includes results and discussion
and finally, Section IV concludes this article.

II. ALGORITHM, DATA, AND EVALUATION METHOD

A. MiRS Algorithm and Precipitation Rate Estimation

MiRS is an iterative, physical-based 1-D variational (1-
DVAR) retrieval algorithm [23], [24] which solves simultane-
ously for surface (i.e., emissivity and skin temperature) and
atmospheric (i.e., temperature, water vapor, and hydrometeors)
parameters. The objective is to minimize a two-term penalty
function, which is composed of the departure of the simulated

1[Online] Available: https://www.star.nesdis.noaa.gov/mirs/

radiances from the observed satellite radiances and the depar-
ture of the retrieved parameters from their respective a priori
backgrounds. The penalty for the simulated radiances departing
from measurements is weighted by instrument and radiative
transfer modeling error, and the penalty for the retrieved param-
eters departing from background is weighted by the background
error covariance matrix.

MiRS uses the community radiative transfer model (CRTM)
[25], [26] as the forward and adjoint operator to simulate ra-
diances and generate the corresponding Jacobians (derivatives)
under clear, cloudy, and rainy conditions. The Jacobian matrix
contains the sensitivity of radiances to the changes in parameters
to retrieve. CRTM has been validated against various satellite
measurements [27], [28]. The model is able to simulate multiple
scattering effects due to ice, rain, snow, graupel, and cloud at all
microwave frequencies and is able to generate the corresponding
Jacobians for all atmospheric and surface parameters.

Within the retrieval iterative loop, the 1-DVAR optimal esti-
mation normally uses the a priori mean values as a first guess of
the state vector. The cost function is calculated for each iteration
step. Convergence is achieved if the sum of squared residuals
(observed minus simulated radiances normalized by each chan-
nel’s corresponding combined instrument and forward model
noise) is less than one. In practice, MiRS global convergence
rates approach 95%. Further details of the MiRS algorithm and
iterative approach can be found in Liu et al. [20] and Boukabara
et al. [18], for example.

Precipitation rate is calculated by a postprocessing algorithm
that takes advantage of the physical relationship found between
atmospheric hydrometeor amounts and surface precipitation
rate. Previous work has reported the use of a relationship
between IWP and surface precipitation rate to derive surface
precipitation fields over ocean and land surfaces [9], [15]. The
1-DVAR in MiRS retrieves rain water content and graupel water
content on 100 pressure layers. These hydrometeor profiles are
vertically integrated to obtain cloud liquid water (CLW), rain
water path (RWP), and graupel water path (GWP); then, precip-
itation rate is calculated by the following empirical relationship:

PRclw = C1 × (CLW)C2

PR = PRclw + C3 × (RWP+GWP)C4

where PR represents the precipitation rate given in millimeters
per hour, and C1 = 2.339, C2 = 1.156, C3 = 3.897, and C4 =
1.103 are predefined regression coefficients.

Precipitation rate is only computed within MiRS if the RWP
and GWP are greater than 0.005 mm and CLW is greater than
0.275 mm. The CLW threshold is also used to determine the
presence of precipitation. The CLW retrieved in MiRS was
assessed by Liu et al. [29] and the thresholds are in agreement
with the values reported in [30]. Precipitation is retrieved over
all land and ocean areas not classified as ice or snow covered.
The version of MiRS used in this study is v11.4, which is the
current operational version as of 2019.

B. Satellites and Sensors

MetopC was launched into a morning overpass orbit of
∼9:30 A.M. on November 7, 2018 and is the third and final

https://www.star.nesdis.noaa.gov/mirs/
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TABLE I
ATMS CHANNEL INFORMATION

aNEDT: Noise equivalent differential temperature.
bFOV: Field-of-view.

satellite in its series. It was preceded by MetopB which was
launched on September 17, 2012, also into a morning orbit.
Both satellites contain AMSUA and MHS with combined 20
channels, which provide input to the MiRS algorithm. The data
from the instruments on Metop complement the observations
collected by NOAA’s afternoon orbit satellites of the Joint
Polar Satellite System (JPSS). Table I lists AMSUA and MHS
channel information, including central frequency, polarization,
bandwidth, noise equivalent differential temperature (NEDT),
beam width, and ground footprint size at nadir.

NOAA20 is the second of NOAA’s JPSS series of polar-
orbiting satellites. The satellite was launched on November
18, 2017 and joined SNPP in the same ∼1:30 P.M. afternoon
overpass orbit. The SNPP was launched on October 18, 2011.
NOAA20 operates about 50 min ahead of SNPP, allowing im-
portant overlap in observational coverage. Both of the satellites
include ATMS with 22 channels operating in cross-track scan-
ning mode. The ATMS sensor information is listed in Table II.

Both ATMS and AMSUA-MHS contain channels whose fre-
quencies are selected to provide information on atmospheric
temperature, water vapor, clouds, hydrometeors, as well as sur-
face conditions. The satellites chosen for the study represent the

TABLE II
AMSUA-MHS CHANNEL INFORMATION

aNEDT: Noise equivalent differential temperature.
bFOV: Field-of-view.

four most recently launched polar-orbiting operational satellites
with passive microwave instruments from both the United States
(NOAA) and Europe (EUMETSAT).

C. Validation Dataset and Evaluation Method

To evaluate MiRS precipitation rate retrievals over the conti-
nental United States (CONUS), we used Stage-IV radar-gauge
composites [20], [31]. Stage-IV is a 4-km gridded precipitation
analysis over CONUS produced by the National Centers for
Environmental Prediction (NCEP). The data are based on the
multisensor precipitation estimator (MPE) analyses known as
Stage-III, which use multisensor data (WSR-88D radar and
gauges) and are specified on 4-km polar-stereographic grids
produced by the 12 River Forecast Centers. In this article,
we used the hourly products that are collocated with ATMS
and AMUSA-MHS footprints for validation. The collocation
process, which matched the gridded Stage-IV analyses to the
satellite estimates, accounted for the change in FOV size with
satellite viewing angle. This article evaluates precipitation rate
performance over land only as the reference dataset has limited
coverage and large uncertainty over ocean.

Performance of the retrieval system was evaluated both objec-
tively by statistical and categorical scores. Subjective evaluation
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TABLE III
PENTAD PRECIPITATION RATE TIME SERIES CORRELATION COEFFICIENTS

DURING DECEMBER 1, 2018–DECEMBER 30, 2019

was done by viewing the spatial distribution for many precip-
itation events, of which one is presented here. Histograms of
precipitation frequency distributions were also compared. Statis-
tical evaluations include comparison of bias, standard deviation,
correlation coefficient, and three categorical scores [32], i.e.,
probability of detection (POD), false alarm ratio (FAR), and
Heidke skill score (HSS). POD, also called hit rate, represents an
occurrence of a precipitation retrieval greater than the threshold
value when Stage-IV observed precipitation rate also exceeds
the threshold value and is defined by POD = (number of pre-
cipitation event correctly retrieved by MiRS)/(total number of
Stage-IV observed precipitation events). FAR, the fraction of
the retrieval of precipitation associated with nonoccurrences,
represents an occurrence of precipitation retrieval greater than
the threshold value when Stage-IV observed precipitation rate
did not exceed the threshold value and is calculated by FAR =
(false alarms)/(number of MiRS precipitation retrievals). HSS
measures the fraction of correct precipitation retrievals after
eliminating those retrievals which would be correct purely due
to random chance. Thus, HSS = (correct retrieval proportion–
proportion correct by chance)/(perfect score–proportion correct
by chance), in which a perfect score = 1.

Comparisons were also made for the same time period and in
the same manner using the operational multiradar multisensor
(MRMS) product as a reference [33]. The MRMS precipitation
is derived using WSR-88 Doppler radar data, gauge data, and
rapid update cycle (RAP) model hourly analysis fields as input
through a quantitative precipitation estimation (QPE) algorithm.
The MRMS dataset used in this article is hourly gauge-adjusted
precipitation product with 0.01° spatial resolution and collocated
with MiRS at satellites footprint. For the sake of brevity, we
present only a summary intercomparison of the Stage-IV versus
MRMS validation results, with the main conclusion being that
retrieval performance against both references is largely the same
(see Tables IV and V).

III. RESULTS AND DISCUSSION

Validation for MiRS retrieved precipitation rate from the four
satellites against Stage-IV over CONUS are first illustrated by
one single day (December 8, 2018) as shown in Fig. 1. The left
column is the Stage-IV precipitation rate collocated with the
corresponding MiRS precipitation rate for each satellite, which
is shown in the middle column; top to bottom panels are MetopB,
MetopC, NOAA20, and SNPP. Density scatterplots for each of
the collocated Stage-IV and satellite pairs are shown in the third

TABLE IV
PERFORMANCE METRICS FOR PRECIPITATION RATE

RETRIEVALS VALIDATED BY STAGE-IV

Precipitation rate values are ≥ 0.
Precipitation rate threshold for calculating categorical scores is 0.6 mm/h.

TABLE V
SAME AS TABLE IV BUT VALIDATED BY MRMS

Precipitation rate values are ≥ 0.
Precipitation rate threshold for calculating categorical scores is 0.6 mm/h.

column, with gray points in the figure representing densities less
than five.

On December 8, 2018, an intense winter storm system moved
through the Gulf Coast toward the Southeast states bringing
heavy precipitation in its path. Qualitatively, the MiRS pre-
cipitation rates retrieved from the four satellites (see Fig. 1,
middle column) are very similar to their collocated Stage-IV
ground observations (see Fig. 1, left column). Quantitatively, all
satellites match the observed spatial distribution very well with
spatial pattern correlations of 0.77 (MetopB), 0.72 (MetopC),
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Fig. 1. Spatial precipitation rate (mm/h) distribution for collocated Stage-IV (left column) and MiRS retrievals (middle column) based on MetopB (first panel),
MetopC (second panel), NOAA20 (third panel), and SNPP (last panel) for December 8, 2018. Density plots comparing MiRS and corresponding Stage-IV
collocations are in the right column, gray points represent the density less than five points. Areas with no data in the MiRS retrieval were classified as snow covered.

0.75 (NOAA20), and 0.71 (SNPP). However MiRS shows a
tendency to retrieve broader light precipitation coverage and
somewhat less heavy precipitation. In order to have the four
collocated Stage-IV precipitation rates as close as possible and
in roughly the same precipitating area for easier comparison,
MetopB (see Fig. 1 first panel) and MetopC (see Fig. 1 second
panel) are from the descending pass, while NOAA20 (see Fig. 1
third panel) and SNPP (see Fig. 1 fourth panel) are from the
ascending pass. The approximate times of the four satellite data
are 17:00, 17:30, 18:00, and 18:50 UTC, respectively, based on

the data in the vicinity of the storm system. The four MiRS
retrievals are consistent with one another with discrepancies
regarding detailed features. This may be expected given the
different observation times and measurement geometry. The
density plots (see Fig. 1, right column), show that for lighter
precipitation (less than 3 mm/h), all the four retrievals are char-
acterized by higher densities below 1:1 line, consistent with the
observation above that the precipitation maps show a tendency
for MiRS to have broader coverage of light precipitation than
Stage-IV.
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Fig. 2. Time series of pentad average precipitation rate (mm/h) over CONUS
during December 1, 2018 to December 30, 2019 for MiRS (a) MetopB,
(b) MetopC, (c) NOAA20, and (d) SNPP retrievals and the corresponding
collocated Stage-IV.

Precipitation rate pentad time series during the period from
December 1, 2018 to December 30, 2019 are shown in Fig. 2,
with only land points over CONUS used in averaging (precipi-
tation rates ≥ 0. mm/h). There are a total of 77 points plotted in
Fig. 2, one for each 5-day period. NOAA20 and SNPP show a
tendency to overestimate relative to Stage-IV values throughout
the whole period, while MetopB and MetopC are higher mainly
from April to July. This may be related to the retrieval tendency
noted above for more extensive light precipitation coverage
than Stage-IV. All four satellite retrievals vary with Stage-IV
closely, and correlation coefficients with respect to Stage-IV are

0.83, 0.85, 0.86, and 0.90 for MetopB, MetopC, NOAA20, and
SNPP, respectively (Table III). Table III also includes correlation
coefficients validated against MRMS. The MetopB and MetopC
values are slightly higher for MRMS than Stage-IV. In general,
validation results against the two ground-based datasets are very
similar.

Fig. 3 shows pentad time series for bias, standard deviation,
correlation coefficient, probability of detection, false alarm rate,
and HSS. The first three statistics are calculated for precipitation
rate ≥ 0 mm/h; the other three categorical scores are calcu-
lated with a precipitation rate threshold of 0.6 mm/h. Biases
[see Fig. 3(a)] for all the satellites vary between −0.05 and
0.1 mm/h. Biases are smaller (absolute value) and positive from
April through September with SNPP and NOAA20 generally
exhibiting larger values than either MetopB or MetopC. Standard
deviations [see Fig. 3(b)] are between 0.2 and 1.0 mm/h with
larger values typically found during the warm season, which is
due to the generally higher precipiation rate ranges associated
with convective weather systems. Correlation coefficients [see
Fig. 3(c)] for all the satellites are also higher during warm season
from March through October when they are greater than 0.5.
Both the periods January to March and October to December
in 2019 show larger variability and lower values than the warm
season correlations. Probability of detection [see Fig. 3(d)] also
shows higher and more stable values of greater than 0.7 during
the warm season, and lower values and larger variability during
the cold season. This variation feature is similar to that of the
correlation coefficient [see Fig. 3(c)]. FARs [see Fig. 3(e)] are
small from mid-June to mid-October (around 0.03), while other
periods have relatively larger values. HSSs [see Fig. 3(f)] are
typically larger than 0.5 in December 2018 and during March
through October 2019, while they have lower values and vary
largely for other days. In general, MiRS retrievals are more
stable during warm season than cold season. Notwithstanding
the larger biases noted for SNPP and NOAA20, retrievals from
all four satellites have generally comparable performance, while
at the same time exhibiting notable variability from one 5-day
period to the next.

In order to reduce the impact of temporal variability seen in
Fig. 3, Fig. 4 shows histograms for the same evaluation metrics
for the four satellite retrievals but aggregated to monthly values
for the period January 1 to December 31, 2019. Biases reflect
those seen in Fig. 3, with the maximum value of 0.065 mm/h
in May for NOAA20. Except for MetopB and MetopC in
January, February, October, and December, all the values are
positive, indicating MiRS overestimating the precipitation rate
in comparison with the ground-based observations of Stage-IV,
again consistent with the pentad time series. Standard deviations
[see Fig. 4(b)] are higher in warm months (May–August) than
cold months. As noted, this is somewhat expected due to the
increased occurrence of heavier convective precipitation during
the warm season, while cold season precipitation intensity is
weaker and more uniform both spatially and temporally. This
characteristic is also supported by the precipitation intensity
frequency distributions shown in Fig. 5, which show signif-
icantly higher frequencies of precipitation rates greater than
6 mm/h during June–August. April has the highest correlation
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Fig. 3. Time series of evaluation statistics based on pentad precipitation rate over CONUS during December 1, 2018 to December 30, 2019 for MiRS NOAA-
20, SNPP, MetopB, and MetopC retrievals against collocated Stage-IV for (a) bias (mm/h), (b) standard deviation (mm/h), (c) pattern correlation coefficient,
(d) probability of detection, (e) FAR (probability of false detection), and (f) HSS. Precipitation rate values are ≥ 0, and the threshold for calculating categorical
scores is 0.6 mm/h.

coefficients for all the satellites with values 0.63, 0.62, 0.63,
and 0.68 for MetopB, MetopC, NOAA20, and SNPP, respec-
tively. From April to October, all four satellites have similar
correlations. While MetopB has substantially lower values than
the other three satellites from January to March, MetopB and
MetopC perform better than NOAA20 and SNPP in Novem-
ber and December. Regarding probability of detection [see
Fig. 4(d)], all satellites have noticeably higher detection ca-
pability in warm months through April to October than other
months. The scores are very close among the four satellites in
July and August, while ATMS sensors (NOAA20 and SNPP) are
higher than that of AMSUA-MHS (MetopB and MetopC) in all
other months. ATMS retrievals have higher FARs [see Fig. 4(e)]
than that of AMSUA-MHS during the whole year of 2019.
Retrievals from NOAA20 and MetopC maintain the highest and
lowest FAR consistently. All sensors have substantial smaller
values in July–September. HSSs [see Fig. 4(f)] are also higher in
warm months (June–October) than cold months, with November
having the lowest score. The higher probability of detection and
Heidke scores seen for all satellites during the warm season are

also likely related to the increased importance of convective pre-
cipitation, which generally has a stronger microwave signal due
to higher precipitation intensities and the presence of scattering
by frozen hydrometeors, therefore allowing better detection and
estimation.

Tables IV and V show the same performance metrics as the
above but stratified by season and validation reference (Stage-IV
and MRMS). Importantly, validation results are quite similar
for Stage-IV and MRMS, despite the fact that the data are
produced using different algorithms and have widely different
spatial resolutions (4 km versus 0.01°). Biases are largest for
NOAA20 during spring (0.05 mm/h) and the lowest for MetopC
during fall (0.003 mm/h). During transition seasons of spring and
fall, NOAA20 and SNPP have substantially higher biases than
MetopB and MetopC, while having similar values during winter
and summer. This feature is also seen in the bias pentad time
series [see Fig. 3(a)]. Standard deviations are similar for the four
satellite retrievals with higher values in warm seasons of spring
and summer [consistent with Fig. 3(b)], which is characterized
by higher precipitation intensity. In contrast to biases, spatial
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Fig. 4. Evaluation statistics based on monthly precipitation rate over CONUS during January 1, 2019 to December 30, 2019 for MiRS MetopB, MetopC, SNPP,
and NOAA20 retrievals against collocated Stage-IV for (a) bias (mm/h), (b) standard deviation (mm/h), (c) correlation coefficient, (d) probability of detection,
(e) false alarm rate, and (f) HSS. Precipitation rate values are ≥ 0, and the threshold for calculating categorical scores is 0.6 mm/h.

correlation coefficients are higher for NOAA20 and SNPP than
MetopB and MetopC during spring and fall. This indicates that
NOAA20 and SNPP captured precipitation spatial variability
better than MetopB and MetopC while at the same time having
larger biases during the two transition seasons. On the other

hand, higher probability of detection and higher FAR are seen for
NOAA20 and SNPP in comparison with MetopB and MetopC
during spring, fall, and winter. However, HSSs only have small
differences among the four satellites for all four seasons. All
satellites show the highest HSS in summer.



LIU et al.: NOAA MICROWAVE INTEGRATED RETRIEVAL SYSTEM (MiRS) 3027

Fig. 5. Seasonal frequency distribution histograms for instantaneous pre-
cipitation rate (mm/h) for all four satellites relative to Stage-IV. Left:
Winter (December– February) distributions. Right: Summer (June–August)
distributions.

Analyses in previous sections are based on collocated MiRS
and Stage-IV data which were then grouped on different time
scales (daily, 5-day, monthly, and seasonal). To further charac-
terize MiRS performance, we perform analyses based on precip-
itation intensity and regardless of the geolocation. Fig. 5 includes
precipitation intensity frequency distribution histograms for
winter (December–February, left column) and summer (June–
August, right column) for NOAA20 (first panel), SNPP (second
panel), MetopB (third panel), and MetopC (last panel). The
vertical axis of frequency is in log scale, while the horizontal
axis of precipitation rate is in linear scale and ranges from 0
to 10 mm/h, binned at 0.5 mm/h intervals. Each of the satel-
lites shows substantially higher frequency of medium to heavy
precipitation rates in summer than in winter. This seasonal dif-
ference is also seen in the Stage-IV ground-based observations
(red line in Fig. 5). Compared with Stage-IV, generally, all the
satellites underestimate precipitation frequency across the whole
intensity range during winter with larger discrepancy for heavy
precipitation. The ATMS (NOAA20 and SNPP) frequency for

TABLE VI
PATTERN CORRELATION COEFFICIENTS FOR 2019 ANNUAL MEAN

PRECIPITATION RATE AMONG SATELLITE RETRIEVALS AT 0.25° GRID

light precipitation (<3 mm/h) is very close to Stage-IV, indicat-
ing better skill in matching occurrence at these precipitation rates
during winter. In summer (right column), MiRS and Stage-IV
follow each other more closely. NOAA20 and SNPP produce
slightly higher frequency than Stage-IV for light precipitation
(<3 mm/h), very close for moderate precipitation (3–6 mm/h),
and slightly lower frequency for heavy precipitation (>7 mm/h).
MetopB and MetopC retrieval frequencies are very close to
Stage-IV for very light precipitation (<1 mm/h) and heavy pre-
cipitation (>8 mm/h), while showing slight overestimation for
the precipitation intensity for intermediate precipitation rates.

The annual global spatial distributions for MiRS precipitation
rate from each of the four satellites averaged for the whole year
of 2019 are shown in Fig. 6(a)–(d). Spatial pattern correlation
coefficients among the four retrievals are listed in Table VI.
Precipitation rates were retrieved at each sensor’s native field-
of-view (FOV) as indicated in Tables I and II and as described
in Section II-B. To facilitate direct comparison and annual
average calculation, precipitation rates in Fig. 6 were gridded
to 0.25°, which is comparable to ATMS and AMUSA-MHS
FOV size. The units were converted from gridded instantaneous
millimeters per hour to millimeters per day by multiplying by
24. The belt associated with the intertropical convergence zone
(ITCZ) is clearly depicted, with all the four satellites showing
a narrow and concentrated zone at around 5°N latitude in the
Western Hemisphere. In the Eastern Hemisphere, the heavy
precipitation distribution features affected by the Asia summer
monsoon are also identified. In the Northern Hemisphere, both
Western Atlantic and Western Pacific precipitation distributions
close to the American and Asian continents are depicted, with
the maxima associated with the midlatitude storm tracks situated
off the east coasts of both continents. Heavier precipitation over
Eastern Pacific south of the equator is also noted. In the Southern
Hemisphere, heavy precipitation associated with the Amazon
rain forest region and over equatorial Africa is also retrieved.
There are also some differences between the different satellite
estimates. For example, the maxima of precipitation over the
Amazon appear more intense in NOAA20 and SNPP. These
satellites also depict larger precipitation areas with higher inten-
sity over CONUS and China. This may be related to the tempo-
ral sampling differences of the NOAA versus Metop satellites
relative to the diurnal cycle of precipitation. NOAA satellites
have an equatorial crossing time of about 01:30 as compared
to 09:30 for Metop, which may result in lower precipitation
amounts for the Metop retrievals. There may also be a tendency
for the AMTS-based retrievals to estimate slightly higher pre-
cipitation rates, as seen in some of the Stage-IV and MRMS
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Fig. 6. Global annual precipitation rate (mm/day) distribution intercomparison for 2019 among MiRS for (a) MetopB/AMSUA-MHS, (b) MetopC/AMSUA-MHS,
(c) NOAA20/ATMS, and (d) SNPP/ATMS. The precipitation rates are gridded to 0.25° resolution.

comparisons presented earlier. Nevertheless, the spatial intercor-
relations between the different satellite averages are fairly high
(see Table VI, >0.87), with the highest correlations between
MetopB and MetopC, and between NOAA20 and SNPP (0.98).
This is expected, as the MetopB/MetopC and SNPP/NOAA20
satellite pairs are operating with very similar local crossing
times.

Fig. 7(a) shows the composite (average of the four satellite
retrievals) of the four satellites and regridded to 1.0° to facilitate
comparison with the official estimate of the Global Precipitation
Climatology Project (GPCP) [34]. Fig. 7(b) is GPCP 2019 an-
nual precipitation calculated from version 2.3 daily records. Dif-
ferences between the MiRS four-satellite composite and GPCP
are shown in Fig. 7(c). The MiRS composite precipitation shows
a very similar global distribution with GPCP with a pattern
correlation coefficient of 0.96. Over land precipitation shows
larger differences than those over ocean [see Fig. 7(c)]. The es-
timates over central CONUS and north central China also show
noticeably higher precipitation rates in the MiRS composite than
GPCP. Conversely, areas of the Amazon basin, southeast Asia,
and along the Pacific Ocean ITCZ show lower MiRS estimates
than GPCP. Given the increased sampling of the diurnal precipi-
tation cycle, it is expected that the four-satellite composite would
be more accurate than any of the individual estimates, although a
more detailed quantitative assessment is not presented here. The
GPCP analyses incorporate a broader range of both space- and
ground-based observations and are expected to be more accurate.
Future efforts will focus on quantifying the differences between
the MiRS global estimates from the different satellites, as well
as with those from independent satellite precipitation products,
for example, the Integrated Multi-satellitE Retrievals for GPM
(IMERG) product [35].

Fig. 7. Global annual precipitation rate (mm/day) distribution for 2019.
(a) Composite of four satellite retrievals. (b) GPCP. (c) Difference between
composite and GPCP. The precipitation rates are gridded to 1.0° resolution.
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IV. CONCLUSION

MiRS uses the same 1-DVAR approach within a common
framework to retrieve a comprehensive suite of atmospheric
and surface parameters from passive microwave measurements
for all supported satellites. This characteristic provides an op-
portunity to utilize MiRS precipitation products from the suite
of polar-orbiting satellites currently processed by MiRS (i.e.,
NOAA18, NOAA19, SNPP, NOAA20, MetopB, MetopC, GPM,
and DMSP F17 and F18) for a more comprehensive monitoring
of precipitation events around the globe.

In order to assess the performance and consistency of the algo-
rithm, in this article, we performed a validation intercomparison
for the period from December 1, 2018 to December 31, 2019
of MiRS precipitation retrievals from four operational polar
satellites: NOAA20/ATMS, SNPP/ATMS, MetopB/AMSUA-
MHS, and MetopC/AMSUA-MHS. Two reference datasets were
used to evaluate the performance—the operational Stage-IV and
MRMS rain gauge and radar composite analyses over CONUS.
Analysis was performed by first collocating the satellite in-
stantaneous estimates with the accumulated hourly Stage-IV
values, while accounting for changes in the satellite FOV size
with scan angle. Comparisons were made at hourly, pentad,
and monthly time scales over CONUS. Global maps of annual
average precipitation rates were also constructed. The primary
results of the analysis were the following.

1) Precipitation rate pentad time series showed relatively
good agreement with Stage-IV observations, with simi-
lar seasonal variations between MiRS and Stage-IV esti-
mates.

2) Time series of statistical and categorical scores (correla-
tion, probability of detection, and Heidke score) showed
more stable and higher performance during the warm sea-
son, consistent with previous studies. Pentad time series
showed relatively large temporal variability from one time
period to another, especially during winter, fall, and spring
seasons.

3) Precipitation estimates from SNPP and NOAA20 ap-
peared to have a somewhat larger bias with respect to
Stage-IV than MetopB and MetopC, with the exception
of July and August 2019.

4) Frequency distributions of precipitation intensity also
showed better agreement between MiRS and Stage-IV
for higher precipitation rates (>6 mm/h) in the warm
season, highlighting the difficulty of estimating over land
precipitation rates associated with stratiform precipitation
systems that typically occur during the cold season.

5) All satellites depicted the annual mean precipitation rate
geophysical distribution over the globe with good inter-
consistency, but also with some differences that may be
related to individual temporal sampling characteristics of
each satellite. Comparison with the GPCP annual mean
precipitation rate for the same time period showed good
agreement on the large-scale spatial patterns, but regional
differences were also noted.

6) An identical set of validation comparisons were performed
using the MRMS operational precipitation product.

Details were not shown, but summary validation statistics
and scores stratified by season show that performance
metrics when using MRMS as a reference are largely
similar to those based on using Stage-IV.

The results presented here indicate that the MiRS precipitation
estimates from multiple polar-orbiting satellites may be effective
in filling some of the temporal and spatial gaps presented by a
single satellite. This is due in part to the interconsistency of
the estimates from each satellite, and stems from the use of
a common algorithm across all satellites. Future studies will be
directed at further quantifying the performance and performance
differences of precipitation products from NOAA18, NOAA19,
GPM, and DMSP (F17, F18), in addition to the satellites an-
alyzed in this study. Comparison with other independent pre-
cipitation products will also be investigated, particularly for
estimates over ocean regions.
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