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Abstract. The Goddard Profiling Algorithm (GPROF) is
used operationally for the retrieval of surface precipita-
tion and hydrometeor profiles from the passive microwave
(PMW) observations of the Global Precipitation Mea-
surement (GPM) mission. Recent updates have led to
GPROF V7, which has entered operational use in May 2022.
In parallel, development is underway to improve the retrieval
by transitioning to a neural-network-based algorithm called
GPROF-NN.

This study validates retrievals of liquid precipitation over
snow-free and non-mountainous surfaces from GPROF V7
and multiple configurations of GPROF-NN against ground-
based radar measurements over the conterminous United
States (CONUS) and the tropical Pacific. GPROF retrievals
from the GPM Microwave Imager (GMI) are validated over
several years, and their ability to reproduce regional pre-
cipitation characteristics and effective resolution is assessed.
Moreover, the retrieval accuracy for several other sensors of
the constellation is evaluated.

The validation of GPROF V7 indicates that the retrieval
produces reliable estimates of liquid precipitation over the
CONUS. During all four assessed years, annual mean precip-
itation is within 8 % of gauge-corrected radar measurements.
Although biases of up to 25 % are observed over sub-regions
of the CONUS and the tropical Pacific, the retrieval reli-
ably reproduces each region’s diurnal and seasonal precipita-
tion characteristics. The effective resolution of GPROF V7 is
found to be 51 km over the CONUS and 18 km over the trop-

ical Pacific. GPROF V7 also produces robust precipitation
estimates for the other sensors of the GPM constellation.

The evaluation further shows that the GPROF-NN re-
trievals have the potential to significantly improve the GPM
PMW precipitation retrievals. GPROF-NN 1D, the most ba-
sic neural network implementation of GPROF, improves the
mean-squared error, mean absolute error, correlation and
symmetric mean absolute percentage error of instantaneous
precipitation estimates by about 20 % for GPROF GMI while
the effective resolution is improved to 31 km over land and
15 km over oceans. The two GPROF-NN retrievals that are
based on convolutional neural networks can further im-
prove the accuracy up to the level of the combined radar–
radiometer retrievals from the GPM core observatory. How-
ever, these retrievals are found to overfit on the viewing ge-
ometry at the center of the swath, reducing their overall ac-
curacy to that of GPROF-NN 1D. For the other sensors of
the constellation, the GPROF-NN retrievals produce larger
biases than GPROF V7 and only GPROF-NN 3D achieves
consistent improvements compared to GPROF V7 in terms
of the other assessed error metrics. This points to shortcom-
ings in the hydrometeor profiles or radiative transfer simula-
tions used to generate the training data for the other sensors
of the GPM constellation as a critical limitation for improv-
ing GPM PMW retrievals.
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1 Introduction

Satellite-derived, global measurements of precipitation are
essential for a wide range of societal and scientific applica-
tions, including the identification of climatic changes in the
hydrological cycle (Hegerl et al., 2015), the validation of cli-
mate models (Tapiador et al., 2017), and the management
of droughts (Kirschbaum et al., 2017) and risks associated
with extreme weather (Skofronick-Jackson et al., 2017). The
Global Precipitation Measurement (GPM; Hou et al., 2014)
aims to provide such measurements at high spatial and tem-
poral resolution. The GPM core observatory, the core satel-
lite of the mission, carries the Dual-frequency Precipitation
Radar (DPR) and the GPM Microwave Imager (GMI). The
combined observations from DPR and GMI are used to pro-
duce global reference retrievals of precipitation and hydrom-
eteor profiles (Grecu et al., 2016). These reference measure-
ments are used to produce the a priori or training data for
precipitation retrievals from a constellation of passive mi-
crowave (PMW) sensors. Finally, retrieval results from the
combined DPR–GMI and PMW observations are combined
with data from geostationary satellites and rain gauges to
produce the level-3 GPM IMERG product (Huffman et al.,
2020), which provides global precipitation estimates at a
nominal spatial resolution of 0.1◦ and a temporal resolution
of 30 min.

The Goddard Profiling Algorithm (GPROF; Kummerow
et al., 2015) is the algorithm used for the operational process-
ing of the PMW precipitation retrievals from GPM. Since
the PMW retrievals account for the bulk of the precipita-
tion retrievals integrated into GPM IMERG, GPROF plays
a central role in the GPM processing pipeline. Recent algo-
rithm development has produced a new version of the re-
trieval, GPROF V7, which replaced GPROF V5 in the op-
erational processing of the GPM precipitation products in
May 2022. In parallel, two novel, neural-network-based im-
plementations of GPROF have been developed. These imple-
mentations, GPROF-NN 1D and GPROF-NN 3D, have been
assessed under idealized conditions in Pfreundschuh et al.
(2022), where it was found that they can significantly im-
prove the accuracy of the GPM PMW precipitation retrievals.
An analysis of the spatial variability in the retrieved precip-
itation fields shows that the GPROF-NN retrievals notably
improve the effective resolution of the retrieval, i.e., increase
its ability to reproduce the small-scale spatial variability of
precipitation. Given the considerable improvements afforded
by the neural-network-based implementations of GPROF, in-
tegrating these algorithms into the operational processing
presents a simple and cost-effective opportunity to improve
global precipitation measurements.

The GPROF and GPROF-NN algorithms have in com-
mon that they are designed to reproduce precipitation es-
timates from a dataset of reference precipitation measure-
ments, the so-called a priori database. Applied to similar
observations to those present in the a priori database, the

GPROF and GPROF-NN retrievals will reproduce the cor-
responding precipitation estimates. If the a priori database
deviates from given validation measurements, the resulting
errors will be reproduced by the GPROF and GPROF-NN
retrievals. Pfreundschuh et al. (2022) evaluated the GPROF
retrievals against held-out data from the a priori database. In
this scenario, all retrieval errors are due to the limited infor-
mation content of the input observations and the limitations
of the retrieval method. This study compares GPROF re-
trievals to independent validation data derived from ground-
based precipitation radars. In this case, differences between
the a priori database and the validation data constitute a sec-
ond source of errors that will increase the total retrieval error.
These two sources of error are fundamentally different, and
reducing their impact requires different approaches. There-
fore, quantifying the extent to which these sources contribute
to the total retrieval error is essential to guide future efforts
to improve GPM PMW retrievals.

This study validates the newly released operational version
of GPROF and the GPROF-NN algorithms against indepen-
dent, ground-based precipitation measurements. The ques-
tions that this study aims to address are as follows.

1. What are the changes and improvements in GPROF V7
compared to GPROF V5?

2. What is the contribution of errors in the a priori database
to the GPROF retrieval error?

3. Can the GPROF-NN retrievals improve precipitation es-
timates of the GPM PMW observations when compared
to independent measurements?

The validation is based on several years of co-locations
between different GPM sensors and ground-based precipita-
tion radars over the conterminous United States (CONUS)
and the Kwajalein Atoll in the tropical Pacific. Our analysis
focuses on liquid precipitation estimates over snow-free and
non-mountainous surfaces. The principal motivation for this
is that PMW precipitation estimates of frozen precipitation
and over snow-covered and mountain surfaces are particu-
larly uncertain, and, since they constitute only a minor part
of the total validation data, corresponding larger retrieval er-
rors may not be reflected in the overall validation statistics.

The first part of this study focuses on retrievals from GMI,
for which a detailed evaluation of the retrieval accuracy from
instantaneous to annual timescales is performed. In addition,
we analyze the effective resolution of the GMI retrievals to
confirm the ability of the GPROF-NN retrievals to improve
the effective resolution of GPROF, which has been found to
be particularly low over land (Guilloteau et al., 2017). The
second part of the study assesses the retrieval accuracy of
a selection of currently operational and historical sensors of
the GPM constellation. Finally, we assess the impact of lim-
iting this validation to liquid precipitation and retrievals over
snow-free and non-mountainous areas.
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2 Data and methods

This investigation uses quantitative precipitation estimates
(QPEs) from ground-based radars as principal means for val-
idating the GPROF retrievals. While these measurements are
themselves affected by non-negligible uncertainties, they of-
fer the best compromise in terms of sensitivity to precipi-
tation and ability to resolve the spatial structure of precip-
itation fields. Gauge-corrected radar estimates will be used
where possible as they have been shown to reduce uncer-
tainties (Kirstetter et al., 2012). Since the ground-based radar
QPEs are used as independent measurements to validate the
GPROF retrievals, we will refer to them as validation mea-
surements or validation data.

Due to the importance of the a priori database for the
GPROF retrievals, precipitation estimates from the a pri-
ori database and the GPM combined radar–PMW retrievals
(upon which large parts of the a priori database are based)
are included in the assessment of the GPROF retrievals. To
distinguish these measurements from the validation measure-
ments and since the GPROF retrievals aim to reproduce these
estimates, they will be referred to as reference data. Compar-
ing the accuracy of GPROF with respect to validation and
reference data as well as the accuracy of the reference data
with respect to the validation data will allow attributing re-
trieval errors to the observation system and retrieval method
on one hand and the a priori and training database on the
other.

2.1 Validation data

2.1.1 MRMS

The principal source of validation measurements for this
study are instantaneous, gauge-corrected precipitation es-
timates from the NOAA Multi-Radar Multi-Sensor Sys-
tem (MRMS). These estimates are produced specifically for
GPM ground validation and are gauge-corrected to match
monthly accumulations following the approach described by
Kirstetter et al. (2012). These estimates are not part of the op-
erational MRMS processing suite but can be obtained from
the GPM ground validation data archive (Wolff, 2023). The
processing of the ground validation data includes a basic
filtering that removes measurements with excessive gauge-
correction factors (Kirstetter et al., 2012). The data are pro-
vided on an approximately 0.01◦× 0.01◦ grid covering the
CONUS. For the comparison against the satellite retrievals,
the MRMS data are smoothed using a Gaussian average filter
with a full width at half maximum (FWHM) of 5 km. Fol-
lowing this, the mapping to the co-location grid is performed
using nearest-neighbor interpolation.

The MRMS validation data include a radar quality index
(RQI), which quantifies the reliability of the MRMS mea-
surements. It takes into account beam blocking, beam height
and width, and the height of the melting layer. The RQI is

mapped to the co-location grid using nearest-neighbor inter-
polation. The precipitation mask is downsampled by apply-
ing a Gaussian averaging filter with a FWHM of 5 km to the
binary mask of each class. The resulting fields are interpo-
lated to the 5 km× 5 km co-location grid, and each grid point
is assigned the class with the highest mask value.

2.1.2 Kwajalein Polarimetric S-band Weather Radar

Validation data for the Pacific Ocean stems from the Kwa-
jalein Polarimetric S-band Weather Radar (KPOL). The
lowest-elevation scan is used to estimate surface precipita-
tion. A full 360◦ sweep consists of 360 scans, each of which
comprises 779 radar bins with a range resolution of 200 m.
Rain rates are estimated using the CSU-HIDRO algorithm
for polarimetric radar observations (Cifelli et al., 2011). The
radar has recently been calibrated using the self-consistency
method proposed by Ryzhkov et al. (2005).

2.2 Reference data

2.2.1 GPM combined

Surface precipitation from version 7 of the GPM combined
radar–radiometer product (GPM CMB; Grecu et al., 2016)
accounts for the major part of the surface precipitation in the
GPROF a priori database over ocean and snow-free land sur-
faces. It is included in this validation as a proxy for the re-
trieval database in the years that are not covered by the a
priori database.

2.2.2 A priori database

The GPROF V7 and GPROF-NN retrievals rely on a com-
mon a priori database, which comprises PMW observations
and corresponding hydrometeor profiles and precipitation
rates. Over oceans and snow-free land surfaces, the database
is derived from co-locations of GMI observations with cor-
responding surface precipitation and hydrometeor profiles
from GPM CMB (Grecu et al., 2016). Although GPM CMB
also incorporates PMW observations from GMI, the retrieval
is primarily driven by measurements from the precipitation
radar.

Over oceans, light precipitation from the currently opera-
tional Microwave Integrated Retrieval System (MIRS; Bouk-
abara et al., 2011) is added to pixels in which no precipi-
tation is detected by the GPM CMB product. Over moun-
tain regions, the precipitation from the combined product
is increased to account for orographic effects. Over snow
surfaces, the database uses co-locations between GMI and
MRMS, while precipitation over sea ice is derived using co-
locations with the ERA5 reanalysis (Hersbach et al., 2020).
The current GPROF retrieval database used by GPROF V7
and the GPROF-NN retrievals is based on observations from
the water year 2019.
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The GPROF V5 and V7 retrievals cluster the a priori
database based on the similarity of the observations in or-
der to reduce the computational complexity of performing
the retrieval. However, both the training of the GPROF-NN
retrievals and the analysis presented here use the unclustered
database.

2.3 GPROF retrievals

2.3.1 GPROF V7

As of May 2022, the publicly available version of GPROF is
V7. GPROF V7 adds several algorithm improvements over
GPROF V5, the previous operational version. Most notably,
new surface classes have been introduced to account for oro-
graphic effects. GPROF V5 is included in the validation as
baseline retrieval against which GPROF V7 and the GPROF-
NN algorithms will be assessed. Since GPROF V7 replaced
GPROF V5 in the spring of 2022 as the operational version
of the GPM PMW retrievals, comparisons to GPROF V5 are
only possible for the water years 2019, 2020, and 2021.

2.3.2 GPROF-NN

GPROF-NN (Pfreundschuh et al., 2022) is a novel, neural-
network-based implementation of GPROF. The GPROF-NN
retrieval has been designed as a drop-in replacement for
GPROF V7 and is based on the same a priori database as
GPROF V7. Two principal configurations of GPROF-NN ex-
ist, named GPROF-NN 1D and GPROF-NN 3D, which differ
in their treatment of the input observations. While GPROF-
NN 1D retrieves precipitation independently for each ob-
served pixel, GPROF-NN 3D uses all pixels in the swath
simultaneously, thus enabling the retrieval to leverage struc-
tural information in the PMW observations. The implemen-
tations of both retrievals are available through a public code
repository (Pfreundschuh, 2023).

2.3.3 GPROF-NN HR

All retrieval variables in the GPROF database are spatially
smoothed to the expected resolution of the respective sensor.
For GMI, the expected resolution is 18.7 km in the along-
track direction and 11 km in across track dimension, which
corresponds to the FWHM of the 18.7 GHz channels. The
higher-frequency channels of GMI have smaller footprints
and may thus allow for retrieving precipitation at higher res-
olution. However, the smoothing of the precipitation in the a
priori database limits the resolution of the retrieved precipi-
tation to that of the 18.7 GHz channels.

To explore the possibility of achieving higher resolution
retrievals from GMI, we include an additional configura-
tion of the GPROF-NN retrieval, which is named GPROF-
NN High Resolution (HR). GPROF-NN HR retrieves pre-
cipitation at a resolution of approximately 5 km× 5 km. It
is trained directly on GPM CMB surface precipitation with-

out any smoothing applied to the precipitation fields. Fur-
thermore, it does not make use of the ancillary data used
by GPROF V7 and the other two GPROF-NN versions de-
scribed above. This has the advantage that the retrieval can
be run directly on the level 1C-R observations from GMI.
The underlying neural network model uses the same architec-
ture as the GPROF-NN 3D retrieval adapted to the reduced
number of inputs. The output resolution of 5 km× 5 km is
achieved through an additional upsampling block in the fi-
nal part of the decoder, which increases the resolution in the
along-track direction by a factor of 3. The source code of the
GPROF-NN HR retrieval is published together with the other
GPROF-NN retrievals (Pfreundschuh et al., 2022).

2.4 Co-locations

For the comparison of validation and reference measure-
ments and the GPROF retrievals, all data have to be co-
located. To this end, ground- and satellite-based results
are remapped to a common, approximately equidistant
5 km× 5 km grid that follows the satellite swath. An equidis-
tant grid is required for the analysis of the effective reso-
lution. The grid resolution of 5 km× 5 km was chosen finer
than the expected resolution of the PMW-based GPROF re-
trievals in order to avoid interference of the spatial sampling
with the analysis of the effective resolution of the retrievals.

An example of the co-locations used in this validation
study is provided in Fig. 1. The scene displays an overpass
of the GPM core observatory over the midlatitude cyclone
associated with the 2020 Easter tornado outbreak (Kerr and
Alsheimer, 2022). The various panels show surface precipi-
tation estimates from the validation and reference measure-
ments and the different GPROF retrieval results.

Four water years (October through September) from 2019
until 2022 are used for the validation of the GPROF retrievals
from GMI. This time period was chosen because it includes
the water year 2019, which is used to derive the a priori
database for the GPROF retrievals. The analysis is extended
to include several years in order to allow assessment of the
temporal variability of the retrieval accuracy.

For the other sensors of the GPM constellation, the re-
trieval accuracy was assessed using a single year of co-
locations. The co-location periods were chosen according to
the availability of observations and ground validation data.
The periods chosen for the different sensors are listed in Ta-
ble 1.

2.5 Analysis of the effective resolution

The distance between the centers of neighboring pixels of the
GMI swath is approximately 13.5 km in the along-track di-
rection and 6 km in the across-track direction. Since GPROF
traditionally retrieves precipitation at the same grid as the
input observations, the resolution of the retrieved precipita-
tion fields cannot exceed the spatial sampling of the input
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Figure 1. Sample scene from the co-location dataset used to validate the GPROF retrievals displaying an overpass of the GPM core ob-
servatory over the 2020 Easter Tornado outbreak. Results are shown for the GPM CMB product (a), gauge-corrected MRMS QPEs from
ground-based radars (b), the GPROF V7 retrieval (c), the GPROF-NN 1D retrieval (d), the GPROF-NN 3D retrieval (e), and the GPROF-NN
HR retrieval (f). Cyan lines in panel (a) mark the boundaries of the DPR swath, while the cyan-colored lines in the remaining panels mark
the boundaries of the GMI swath. Dark shading in panel (b) marks measurements with a RQI lower than 0.8.

Table 1. Other GPM sensors and corresponding co-location periods
used to evaluate the GPROF retrievals.

Sensor Platform Co-location period
(yyyy-mm-dd)

TMI TRMM 2013-03-01–2014-03-01
SSMIS F17 2015-01-01–2016-01-01
AMSR2 GCOM-W1 2018-10-01–2019-10-01
MHS NOAA-19 2018-10-01–2019-10-01

observations. In general, however, not all variability at scales
larger than the spatial sampling of the output data is truthfully
represented in the retrieval results. This motivates the defini-
tion of an effective resolution as a numerical measure of the
retrieval’s ability to resolve small-scale spatial variability.

The consistency between retrieved and reference precipi-
tation fields across different spatial scales can be quantified
using the relative spatial Fourier spectral coherence between
reference and retrieved fields. The spectral coherence can be
interpreted as the complex correlation between the Fourier
coefficients of two signals within a narrow frequency (or
wavenumber) band. In two dimensions, the Fourier spectral
coherence between two fields g(x,y) and h(x,y) is defined
as follows:

Cg,h(kx,ky)=
Pg,h(kx,ky)√

Pg(kx,ky)×Ph(kx,ky)
, (1)

with kx and ky being the wavenumbers in the two orthogo-
nal directions x and y, respectively. Pg(kx,ky) is the Fourier

power spectral density (PSD) of g(x,y), defined as follows:

Pg(kx,ky)= ĝ(kx,ky)× ĝ
∗(kx,ky), (2)

with ĝ∗ denoting the complex conjugate of the Fourier coeffi-
cient field ĝ. Pg,h(kx,ky) is the Fourier cross power spectral
density (CPSD) between g(x,y) and h(x,y) defined as fol-
lows:

Pg,h(kx,ky)= ĝ(kx,ky)ĥ
∗(kx,ky), (3)

The computation of the PSD and CPSD is performed through
a discrete cosine transform (DCT) and averaged over the
evaluated retrieval scenes.

Passing into the polar coordinate system through the

change in variables k =
√(
k2
x + k

2
y

)
and θ = atan

(
kx
ky

)
, the

spectral quantities can be analyzed as a function of the spatial
wavenumber k and the azimuthal direction θ . Since we did
not find any significant dependency on the azimuthal direc-
tion, we integrated the spectral quantities along θ to analyze
the coherence as a function of k only.

The effective resolution of the retrieved fields can then be
defined from the spectral coherence between retrieved and
reference field as

ER=
1
2

argmaxkCg,h(k)≥
1
√

2
, (4)

i.e., half of the shortest wavelength for which the spectral
coherence is larger than 1

√
2
. Defined in this way, the effective

resolution corresponds to the smallest spatial scale at which
the signal-to-noise ratio of the retrieved precipitation fields
exceeds 1.
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3 Results

The assessment of the GPROF retrieval against ground-based
radar is split into four parts. The first part analyzes the ac-
curacy of the GMI-based precipitation estimates over the
CONUS and the Kwajalein site, while the second part as-
sesses the effective spatial resolution of these retrievals. The
third part evaluates the retrieval accuracy for other sensors
of the GPM constellation of PMW radiometers for which
MRMS ground-validation data are available. Finally, the
fourth part analyzes the contributions and retrieval biases
of frozen precipitation and over snow-covered and mountain
surfaces, which are excluded from most analyses in the pre-
vious sections.

3.1 Retrieval accuracy of GPROF for GMI

The validation of the GPROF GMI retrievals uses co-
locations from October 2018 until October 2022. The first
year of this period coincides with the a priori database. For
the comparison against MRMS, only data points with an RQI
of at least 0.8 were used. The validation is performed at the
5 km resolution of the co-locations. We choose to evaluate
the retrieval at this resolution instead of the footprint size
of the PMW observations because it makes accuracy metrics
between different sensors easier to compare.

Retrievals over snow-covered and mountain surfaces are
excluded from the validation due to the uncertainties in both
the satellite estimates as well as the validation data. In addi-
tion to this, the GPROF a priori database for snow-covered
surfaces is derived from co-locations with MRMS, while pre-
cipitation over mountains is obtained by scaling the GPM
CMB precipitation to account for the orographic enhance-
ment of precipitation. These two modifications aim to coun-
teract known weaknesses of the GPM CMB retrievals but
would skew the comparison between GPM, GPM CMB, and
MRMS.

Similarly, precipitation that is identified as frozen by
MRMS is excluded from the validation. The retrieval of
frozen precipitation from both PMW and radar is particu-
larly challenging due to its uncertain radiometric properties.
Because of these increased uncertainties and the small contri-
bution of frozen precipitation to the total precipitation in the
validation data, the retrieval accuracy for frozen precipitation
should be assessed in a separate, dedicated study.

3.1.1 CONUS

The conditional distributions of retrieved instantaneous pre-
cipitation conditioned on the corresponding precipitation
from the a priori and training database and validation mea-
surements from MRMS are displayed in Fig. 2. The first col-
umn of panels shows the distribution of retrieved precipita-
tion with respect to the GPROF a priori and training database.
The spread in these distributions is solely due to the limita-

tions of the retrieval method and the ill-posed character of
the retrieval and they thus represent the best-case accuracy
of the GPROF and GPROF-NN retrievals. Some spread is
observed even between GPM CMB and the a priori database.
This is due to the spatial smoothing applied to the precip-
itation in the a priori database, which causes precipitation
measurements in the a priori and training database to have
lower resolution than GPM CMB. The difference in the res-
olution between the GPROF(-NN) retrievals and GPM CMB
with respect to the a priori database also explains the oppos-
ing behavior of the respective conditional means at light and
heavy precipitation rates.

The spread in all GPROF retrievals is significantly larger
when compared to MRMS. However, even the GPM CMB
retrieval shows significant deviations from the MRMS mea-
surements. From the GPROF retrievals, V5 and V7 exhibit
the largest spread, while there is less spread in the distribu-
tions of the GPROF-NN 1D and 3D retrievals. Compared to
the 1D and 3D variants, the GPROF-NN HR retrieval further
decreases the spread. The distributions corresponding to dif-
ferent validation periods are very similar for all retrievals. An
exception to this is a notable increase in the overestimation
of light precipitation after the water year 2020 that affects all
retrievals. As will be discussed below, this coincides with a
change in the regional biases and is likely due to a change
in the processing of the MRMS estimates (Anonymous ref-
eree, 2023). Apart from this, however, the accuracy of each
retrieval conditioned on the MRMS validation precipitation
exhibits little inter-annual variability.

Maps of annual mean retrieval biases, calculated as the
annual average of the difference between retrieved precip-
itation and the precipitation in the a priori database or the
MRMS validation data, are displayed in Fig. 3. When eval-
uated against the a priori and training database, GPROF V5
exhibits the largest biases. Since GPROF V5 is based on a
different a priori database, which, in contrast to the a priori
database of GPROF V7, uses estimates from GPM DPR-Ku
over land, this is expected. However, even GPROF V7 ex-
hibits noticeable dry biases along the east and west coasts
and a weaker wet bias over the central CONUS. GPROF-
NN 1D exhibits a weaker dry bias over the western CONUS
and the southeast and a wet bias in the northeast. The bi-
ases in the GPROF-NN 3D and GPROF-NN HR retrievals
are even weaker but exhibit a spatially more consistent ten-
dency to overestimate precipitation. Since the a priori and
training database is derived from GPM CMB, GPM CMB is
practically bias free compared to the retrieval database.

Significantly larger biases are observed when the precip-
itation is compared to MRMS measurements. For the year
2019, the GPM CMB retrieval exhibits a wet bias over the
western Great Plains and a weak dry bias over the remaining
CONUS. A similar pattern is observed for all the GPROF
retrievals, indicating that the bias patterns of the GPROF(-
NN) retrievals result from biases in the a priori and training
database.
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Figure 2. Distributions of retrieved precipitation (PRetrieved) conditioned on precipitation from the a priori and training database (PA priori)
and MRMS validation data (PMRMS). Panels in the left-most column show the distributions for all retrievals assessed against the GPROF V7
a priori database. The remaining columns show the respective distributions for the water years 2019, 2020, 2021, and 2022 with respect to
the MRMS validation QPEs. The dashed black line in each panel shows the conditional mean of the retrieved precipitation.

Dry biases in the southeast and northeast persist through-
out all considered years. Over the western CONUS, however,
the retrievals are biased dry during years 2019 and 2020 but
biased wet in the years 2021 and 2022. As pointed out by
one of the anonymous reviewers, it is likely that this is due to
a change in the gauge correction methodology that occurred
around October 2020 (Anonymous referee, 2023). The spa-

tial distributions of retrieval biases for the GPROF V7 and
GPROF-NN retrievals also largely follow the biases of GPM
CMB for the years 2020, 2021, and 2022. Given that GPM
CMB over land is largely a radar-derived product, it is possi-
ble that the bias relative to MRMS is introduced by the rain
gauge correction applied to the validation data and caused by
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Figure 3. Spatial distribution of annual retrieval biases calculated as the sample mean of the difference between retrieved precipitation
(PRetrieved) and precipitation from the a priori and training database (PA priori) and the MRMS validation data (PMRMS). Each panel shows
the biases calculated over a uniform longitude–latitude grid with a grid size of 5◦. Rows show the results for the different retrieval algorithms.
The left-most column shows the biases with respect to the a priori and training database. The remaining columns show the biases with respect
to the MRMS validation data for each of the assessed water years.

precipitation properties that may not be resolved by the radar
observations.

Aggregated to the 5◦ resolution used for the analysis
presented in Fig. 3, the biases of GPROF V7 and the
GPROF-NN retrievals are well correlated with those of GPM
CMB and exhibit similar variability throughout the assessed
years. A potential explanation for this are weather-regime-
dependent errors in the GPM CMB retrieval with respect
to the MRMS validation measurements. Since the GPM
CMB retrievals are used to generate the a priori and train-
ing database of the GPROF and GPROF-NN retrievals, these
retrievals reproduce the errors of GPM CMB, which leads to
similar responses to the inter-annual variability of the occur-
rence of these weather regimes.

Maps of correlations between retrieved precipitation and
precipitation from the a priori and training database and
the MRMS validation data are displayed in Fig. 4. Since
GPROF V5 is based on a different a priori database, it has
the lowest correlation with respect to the a priori database.
The correlation of GPROF V7 is highest in the western Cen-
tral Plains and there even surpasses that of GPROF-NN 1D.
However, GPROF-NN 1D achieves higher correlations than

GPROF V7 in the remaining regions. Both GPROF-NN 3D
and GPROF-NN HR achieve consistently higher correlations
than GPROF-NN 1D. GPM CMB exhibits the highest corre-
lation with the a priori database but remains below 1.0 due
to the smoothing applied to the surface precipitation in the a
priori database.

All retrievals have lower correlation with the MRMS QPEs
than with the a priori and training database. In part, this re-
duction is due to the higher resolution of the MRMS valida-
tion precipitation compared to the reference precipitation in
the a priori database. In addition to this, deviations of the a
priori database from the MRMS validation data likely con-
tribute to the reduced correlation. The reduction in correla-
tion is strongest for the GPROF V7 retrieval, which exhibits
only slightly higher correlations than V5 when evaluated
against the ground radar measurements. For the GPROF V5
and V7 retrievals correlations are between 0.4 and 0.6 over
most of the CONUS. The correlations of GPROF-NN 1D
are consistently higher, ranging from 0.5 to 0.7 in most re-
gions. The correlations of GPROF-NN 3D are, again, slightly
higher than those of GPROF-NN 1D and GPROF V7.
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Figure 4. Like Fig. 3 but for the correlation coefficient between retrieved surface precipitation of the a priori and training database as well as
the MRMS validation data.

Surprisingly, the correlations of the GPROF-NN HR re-
trieval exceed those of GPM CMB. This is certainly remark-
able, given that the GPROF-NN HR retrieval is trained on
GPM CMB data. A possible explanation for this are random
errors in the GPM CMB retrieval that are smoothed out in
the passive-only retrievals.

A quantitative analysis of the retrieval accuracy is pre-
sented in Fig. 5. The assessed metrics include the mean er-
ror (bias), mean-squared error (MSE), mean absolute error
(MAE), correlation coefficient, and the symmetric mean ab-
solute percentage error (SMAPE). Several metrics are used
to assess the retrieval accuracy in order ensure a compre-
hensive assessment of the quality of each algorithm’s pre-
cipitation estimates. Definitions, basic characteristics and a
motivation for the particular choice of metrics is provided in
Appendix A.

All retrievals exhibit weak biases on the order of a few
percent compared to the a priori and training database. When
compared to MRMS, all retrievals except GPROF V5 exhibit
a dry bias. The dry bias of GPM CMB increases from around
3 % for the water year 2019 to around 8 % in 2022. The
GPROF-NN retrievals follow the tendency of the biases of
GPM CMB, with the 3D variant exhibiting a slightly stronger
dry bias while the 1D and HR variants exhibit a slightly
weaker dry bias. The biases of GPROF V7 follow the biases

of GPM CMB for the years 2019, 2020, 2021 but decrease in
2022. GPROF V5 is closer to MRMS than the other retrievals
for the years 2019, 2020, and 2021.

In terms of MAE, a consistent ranking of the retrievals can
be observed. GPROF V5 has the largest MAE, closely fol-
lowed by GPROF V7. GPROF-NN 1D, 3D, and HR yield
consecutively lower MAEs, and GPM CMB yields the low-
est MAEs of all retrievals. Although the MAEs increase sig-
nificantly when the retrievals are compared to MRMS mea-
surements, the relative accuracy of the retrievals remains the
same. Similar results are found for the MSE with the excep-
tion that the GPM CMB retrieval has higher MSE than the
GPROF-NN HR retrieval.

The results for the correlation coefficient reflect the gen-
eral findings from Fig. 4. With respect to the a priori
database, GPROF V5 has the lowest correlation. The correla-
tions of GPROF V7 and GPROF-NN 1D are almost identical
and exceed those of GPROF V5 by about 0.15. Both GPROF-
NN 3D and GPROF-NN HR have slightly higher correlations
and GPM CMB achieves the highest correlations with the
database precipitation. When compared to MRMS, the cor-
relation of GPROF V7 decreases noticeably, making it more
comparable to the correlations of GPROF V5. GPROF-NN
1D and GPROF-NN 3D remain fairly close in terms of cor-
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Figure 5. Accuracy metrics of the GPROF retrievals compared to the a priori database and MRMS.

relation. GPROF-NN HR yields the highest correlation with
the MRMS validation data, even surpassing GPM CMB.

In terms of SMAPE, the accuracy of the GPROF-NN HR
and GPM CMB retrievals is lower compared to the other re-
trievals. For GPM CMB, the SMAPE is higher than any of
the GPROF-NN retrievals while the SMAPE of the GPROF-
NN HR retrieval is higher than that of the GPROF-NN 3D
retrieval. The reduced retrieval accuracy of GPM CMB and
GPROF-NN HR in terms of SMAPE may be caused by the
SMAPE excessively penalizing the misplacement of precipi-
tation, which may put retrievals with a higher resolution at a
disadvantage.

Finally, we evaluate the skills of the GPROF retrievals in
detecting precipitation. To this end, precision–recall curves
for the detection of precipitation from the a priori database
and MRMS validation data are displayed in Fig. 6. The pre-
cision of the retrievals is the fraction of truly raining pixels
and the total number of pixels retrieved as raining. The re-
call corresponds to the fraction of actually raining pixels that
are detected by each retrieval. Here, “truly raining” is defined
with respect to the assumed ground truth, which is the a pri-
ori and training database or MRMS validation data depend-
ing on which of the two sources the retrievals are compared
against. By varying the detection threshold applied to the re-
trieved probability of precipitation, a curve of precision and
recall values is obtained that fully characterizes the detection
skill of each retrieval.

As was to be expected from the previous results, the de-
tection skill with respect to the MRMS validation data is
slightly lower than with respect to the a priori and train-
ing data. Nonetheless, for the detection of precipitation con-
sistent improvements between the conventional GPROF re-
trieval, GPROF-NN 1D, and GPROF-NN 3D can also be
observed. The skill of GPROF-NN HR is similar to that of

GPROF-NN 3D in comparison to both the a priori database
and the MRMS validation data.

3.1.2 Regional precipitation characteristics

This section assesses the retrieval accuracy over five regions
within CONUS and the K-POL radar in the tropical Pacific
in order to assess the ability of the retrievals to represent re-
gional variations in precipitation patterns. The location and
extent of the five CONUS regions is displayed in Fig. 7.
The five regions encompass the Pacific northwest (NW), the
southwest (SW), central CONUS (C), the southeast (SE) and
the northeast (NE).

The error metrics for the retrievals in the six regions are
shown in Fig. 8. For both the a priori database and the MRMS
validation measurements, the regional biases are generally
larger in magnitude than they are for the full CONUS. With
the exception of GPROF V5, the biases of the GPROF re-
trievals remain within ±25 % indicating that they reproduce
the regional climates reasonably well. The biases of the GPM
CMB product are of the same sign and similar magnitude to
those of the GPROF retrievals, indicating that the biases of
GPROF V7 and GPROF-NN are inherited from the a priori
and training database.

The biases of GPM CMB over the CONUS vary by region
with dry biases occurring in the NW, SW, and SE; wet bi-
ases occurring in the C region; and the NE region exhibiting
the smallest biases. Temporally, the bias tendencies persist
throughout the four assessed years in the eastern and central
regions but are less consistent in the western region, espe-
cially for the years 2021 and 2022. Except for GPROF V5,
the other GPROF retrievals mostly follow the GPM CMB re-
sults.

Over the Kwajalein site, the GPM CMB retrieval exhibits
considerable wet biases for the years 2020, 2021, and 2022.
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Figure 6. Precision–recall curves for the GPROF retrievals. Panel (a) shows the detection skill for the co-locations with the a priori and
training database. The remaining panels show the results with respect to the MRMS validation measurements for the years 2019, 2020, 2021,
and 2022.

Figure 7. IMERG mean precipitation rate over the validation period
October 2018–September 2021. The purple rectangles mark the five
regions used for the evaluation of the regional retrieval accuracy.

The GPROF retrievals exhibit comparable biases, with the
exception of GPROF V5, which yields the smallest biases
compared to the validation data. The increase in ocean pre-
cipitation for GPROF V7 and the GPROF-NN retrievals can
be explained by the inclusion of light precipitation from
MIRS where GPM CMB does not detect rain and an increase
in ocean precipitation in GPM CMB V7 compared to the pre-
vious version of GPM CMB, upon which the GPROF V5 a
priori database was based over ocean surfaces.

Both MAE and MSE vary significantly in magnitude be-
tween the different regions with larger errors occurring in re-
gions with more precipitation. Nonetheless, the relative accu-
racy of the different retrievals is similar to the results from the
whole CONUS (Fig. 5): GPROF V7 is slightly more accu-
rate than GPROF V5, GPROF-NN 1D is more accurate than

GPROF V7, GPROF-NN 3D is more accurate than GPROF-
NN 1D, and GPROF-NN HR is more accurate than GPROF-
NN 3D. This ranking is also reflected in the correlation and
SMAPE.

Seasonal cycles of precipitation are displayed in Fig. 9.
The seasonal cycles were calculated using all co-locations
from the years 2020 and 2021. Co-locations from the year
2019 were excluded because it is part of the retrieval
database, while the year 2022 was excluded because no
GPROF V5 data are available for that year.

GPM CMB and GPROF generally capture the seasonal cy-
cles of the regions accurately. Notable deviations from the
MRMS validation data are an underestimation of stratiform
winter precipitation in the northwest and an underestimation
of convective summer precipitation in the southeast. It should
be noted that this analysis excludes snow and precipitation
over mountains and snow-covered surfaces and thus the re-
ported biases, especially in the NW region and during winter
time, may not be representative of total accumulations. How-
ever, even if the overestimation of the excluded cases would
make up for this underestimation, these findings still point to-
wards a notable disagreement between MRMS and the satel-
lite retrievals for retrievals of liquid precipitation over snow-
free and non-mountainous surfaces.

The largest differences between GPROF V5 and V7
are found for warm-season precipitation over the central
CONUS, where GPROF V5 exhibits the strongest wet bias,
and cold-season precipitation in the NW, where GPROF V5
exhibits a dry bias. Weaker deviations are observed in
the southeast, where GPROF V5 captures the warm-season
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Figure 8. Retrieval accuracy metrics for the assessed climate regions over the CONUS and the tropical Pacific. The first row shows the
mean precipitation rate of the reference data and, where such a classification was available, the contributions from convective and stratiform
precipitation. Remaining rows show accuracy metrics for the comparison of the retrieval results against the reference and validation data.
Columns from left to right show the results for the for the five considered regions.

precipitation peak better, and the tropical Pacific, where
GPROF V5 retrieves less precipitation during the second half
of the year, which puts it closer to the validation measure-
ments.

The results of the GPROF and GPROF-NN retrievals
follow those of GPM CMB in most regions. Deviations
from GPM-CMB are observed for summer precipitation in
the southwest. Here, GPM CMB slightly overestimates the
MRMS precipitation. Being lower than GPM CMB, the
GPROF V7 retrievals agree best with MRMS. The GPROF-
NN 1D and 3D retrievals yield results closer to GPM CMB
and thus overestimate the MRMS measurements. GPROF-
NN HR yields even higher estimates than GPM CMB, show-
ing the strongest overestimation compared to MRMS.

Diurnal cycles of precipitation shown in Fig. 10 reveal
the diurnal variations in the regional deviations observed
above. The underestimation of precipitation in the northwest
is found to be related to underestimation of the precipitation
during early morning and afternoon. In the southeast, the un-
derestimation is related to convective afternoon precipitation.

The deviations between the GPROF, GPROF-NN, and
GPM CMB retrievals for summer precipitation in the south-
west can also be observed in the diurnal cycles. Precipi-
tation from GPM CMB, GPROF-NN 3D, and GPROF-NN
HR peak in the early afternoon, whereas precipitation from
GPROF V5 and V7 and GPROF-NN 1D tends to peak later
in the afternoon.
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Figure 9. Regional seasonal cycles of precipitation. Each panel shows the seasonal cycles derived from GPROF retrievals, GPM CMB, and
the validation data for one of the considered regions. The seasonal cycles are normalized by the corresponding mean precipitation rate of the
validation precipitation. The seasonal cycles were smoothed using a sliding window average with a width of 3 months. Only co-locations
from the water years 2020 and 2021 are used.

Figure 10. Like Fig. 9 but for diurnal cycles of precipitation. The curves were smoothed using sliding window average with a width of 3 h.

The diurnal cycles reveal further differences between the
retrievals for convective precipitation in the southeast. Here,
GPROF V7 underestimates the convective precipitation most
strongly but GPROF-NN 1D and 3D also retrieve less pre-
cipitation than GPM CMB. In contrast to the southwest, the
underestimation is more homogeneous across the duration of
the precipitation peak.

3.2 Effective resolution

For the analysis of the effective resolution of the retrievals,
the discrete cosine transform of the retrieved and the MRMS
precipitation fields were calculated over non-overlapping
windows of 160 km× 160 km in which neither any of the
GPROF retrievals nor the ground radar measurements had
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more than 2 % of missing values. For this analysis, retrievals
over snow-covered and mountains surfaces as well as of
frozen precipitation were included in the analysis because
omitting these values would have significantly reduced the
number of windows with valid precipitation estimates. Of all
extracted windows, only those with a minimum radar quality
index of 0.5 were considered. Only co-locations from the wa-
ter years 2020 and 2021 were used in order to exclude scenes
which are also present in the GPROF a priori database. The
coherence was computed once using retrievals from the full
GMI swath, and once only over the central part of the swath
in order to allow comparison to the GPM CMB product.

The spectral coherence between the GPROF retrievals and
the reference radar data as a function of the wavelength is dis-
played in Fig. 11. Over the CONUS, GPROF V7 has slightly
higher spectral coherence than GPROF V5. The GPROF-
NN retrievals achieve considerably higher coherence than the
conventional GPROF retrievals across all wavelengths. The
coherence curves of the GPROF-NN retrievals are similar up
to spatial scales of about 15 km, above which GPROF-NN
3D achieves slightly higher coherence than GPROF-NN 1D.
The coherence curves of the conventional GPROF retrievals
and the GPROF-NN 1D and 3D retrievals are not signifi-
cantly affected by the swath coverage.

The GPROF-NN HR retrieval achieves the highest coher-
ence of the PMW retrievals, even matching that of the GPM
CMB retrieval, when it is evaluated only over the swath cen-
ter. However, when evaluated over the full swath, the coher-
ence decreases sharply and falls below that of the GPROF-
NN 1D retrieval. This indicates that the retrieval overfits on
the viewing geometry of the central part of the GMI swath,
which is the only part of the swath for which reference mea-
surements of precipitation are available. Although the train-
ing of the GPROF-NN HR retrieval applies data augmenta-
tion that simulates the effect of perspective distortion across
the swath, it does not account for the parallax effect, i.e., the
displacement between observed precipitation signal and the
actual precipitation caused by the slant viewing angle of the
sensor. Since the parallax effect changes direction towards
the edges of the swath, it can potentially explain the decrease
in accuracy observed for the GPROF-NN HR retrieval.

Over the Kwajalein site, all GPROF retrievals yield signif-
icantly improved coherence curves due to the direct relation-
ship between microwave signals and the liquid water con-
tent in the clouds. Also here, the GPROF-NN 1D and 3D re-
trievals yield higher coherence than the conventional GPROF
retrievals albeit by a smaller margin. The GPROF-NN HR re-
trieval exhibits similar overfitting as over the CONUS. Eval-
uated over only the central part of the swath, the coherence
curve of GPROF-NN HR is higher than that of every other
retrieval. Evaluated over the full swath, however, the accu-
racy decreases below that of the GPROF-NN 1D retrieval.
Interestingly, the coherence curve of the GPM CMB retrieval
remains at the level of the GPROF-NN HR retrieval eval-
uated across the full swath and falls below the curves of

Table 2. Effective resolution of the GPROF and GPM CMB re-
trieval evaluated against ground radar measurements.

Effective resolution (km)

CONUS Kwajalein

Retrieval Full Swath Full Swath
swath center swath center

GPROF V5 59.38 86.24 16.6 16.36
GPROF V7 45.96 46.3 17.46 17.37
GPROF-NN 1D 29.49 28.48 14.75 14.77
GPROF-NN 3D 21.83 19.3 15.14 14.5
GPROF-NN HR 32.03 17.36 15.61 11.72
GPM CMB – 18.32 – 15.65

the GPROF-NN retrievals for scales exceeding 12 km. This
is an unexpected result since the GPROF-NN HR retrieval
is designed to reproduce the results from the GPM CMB
retrieval. A potential explanation could be that the GPM
CMB retrieval systematically misses precipitation from shal-
low clouds while the PMW retrieval is able to recover some
of that precipitation because the signal in the PMW observa-
tions is less dependent on the depth of the observed clouds.

The resulting effective resolutions of the retrievals are
listed in Table 2. The effective resolution for the conventional
GPROF retrieval over the CONUS are around 45 and 60 km
for the GPROF V7 and the GPROF V5 retrieval, respectively.
The effective resolution of the GPROF V5 retrieval is sig-
nificantly lower when calculated only over the swath cen-
ter, but this is caused by the curve falling slightly below the
threshold for the calculation of the effective resolution and
does not correspond to a significant difference in the coher-
ence curves. With effective resolution of about 29 and 21 km,
respectively, the GPROF-NN 1D and 3D retrievals signifi-
cantly improve the effective resolution over the CONUS. The
effective resolution also clearly reflects the overfitting behav-
ior of the GPROF-NN HR retrieval, which achieves an effec-
tive resolution of 17 km over the central part of the swath but
only 31 km across the full swath. The effective resolution of
the GPM CMB retrieval is 18 km over the CONUS.

Over the Kwajalein site, the effective resolution of the
GPROF V5 retrieval of 16 km is slightly better than that of
the GPROF V7 retrieval with 17 km. Both GPROF-NN re-
trievals achieve an effective resolution of around 15 km. The
effective resolution of the GPROF-NN HR retrieval is 11 km
evaluated at the swath center but decreases to 15 km over
the full swath. The effective resolution of the GPM CMB
retrieval is only 15 km.
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Figure 11. Spectral coherence curves for the GPROF retrievals over the CONUS (a) and the Kwajalein Atoll in the tropical Pacific (b).
Dashged lines show the coherence curve for the evaluation covering the center of the GMI swath. Solid lines show the coherence curves
calculated over the full GMI swath.

3.3 Retrieval accuracy of GPROF for other GPM
sensors

This section evaluates the accuracy of the GPROF and
GPROF-NN retrievals for the other sensor types of the GPM
constellation for which MRMS validation data is available.
One year of co-locations with MRMS and K-POL precipita-
tion estimates were extracted for one instance of each sensor
type. The corresponding platforms and co-location periods
are listed in Table 1. The resulting retrieval accuracy metrics
over the CONUS and Kwajalein are displayed in Figs. 12 and
13, respectively.

The biases of the GPROF V7 retrieval are well within 10 %
over both the CONUS and the Kwajalein site. Exceptions are
MHS and ATMS, for which the bias for Kwajalein exceeds
30 %. For most sensors, MSE, MAE, and SMAPE are larger
than for GMI, which is expected considering that the other
sensors of the GPM constellation have lower spatial resolu-
tion, fewer channels, or both. An exception is TMI, which de-
spite having fewer channels and larger footprints than GMI,
achieves higher correlation over the CONUS. This is likely
due to the reduced latitude coverage of TMI, which only cov-
ers the lower part of CONUS and is therefore more likely to
observe precipitation with clear signatures in PMW observa-
tions.

Compared to GPROF V5, the retrieval biases of V7 tend
to be smaller than those of V5. GPROF V7 tends to ex-
hibit larger MAE but reduced MSE and SMAPE. A possi-
ble explanation for this may be the treatment of pixels with
low probability of precipitation, which were explicitly set to
0.0 mm h−1 in GPROF V5. The clearest differences between
GPROF V7 and GPROF V5 are observed for SSMIS, for
which all accuracy metrics are improved.

The GPROF-NN retrievals exhibit significant spread in
biases. Over the CONUS, the retrievals have a tendency
to be biased low, with biases reaching up to 20 %. Over
Kwajalein, the retrievals for the conical scanners (TMI, SS-
MIS, AMSR2) are biased low, whereas the retrievals for the

cross-track scanners exhibit wet biases of up 70 % for MHS.
GPROF-NN 1D yields similar or slightly more accurate re-
sults in terms of MAE, MSE and correlation for the coni-
cal scanners but yields less accurate results for the assessed
cross-track-scanning sensors, MHS and ATMS. For GPROF-
NN 3D the improvements are more robust. In terms of the
SMAPE, the results are not conclusive with the GPROF-NN
retrievals yielding higher errors for some of the sensors.

The results obtained for the GPROF-NN retrievals contrast
with the results for GMI, for which very clear improvements
over the conventional GPROF retrievals were observed. A
likely cause for this is that the training of the GPROF-NN
retrievals is based on radiative transfer simulations, which
introduce an additional error source into the retrieval. The
large biases over the Kwajalein site in the retrievals from the
cross-track scanners, whose simulations use a different code
than the simulations for the conical scanners, point to prob-
lems with these simulations, in particular.

3.4 Retrievals of frozen precipitation and over
snow-covered and mountain surfaces

The analyses of the GPROF retrievals presented in Sect. 3.1
and 3.3 were limited to precipitation that is not identified
as frozen by the MRMS hydrometeor classification and re-
stricted to retrievals over snow-free and non-mountainous
surfaces. As mentioned above, this was primarily motivated
by both satellite retrievals and ground-based validation mea-
surements being highly uncertain in these scenarios.

Figure 14 displays the relative contribution of the excluded
cases to the total precipitation for all validation samples. The
samples that the presented analyses focused on accounts for
80 % of all precipitation in the MRMS validation data, while
mountain precipitation accounts for around 15 %. Snow and
precipitation over snow-covered surfaces account for less
than 5 % of the total precipitation.

GPROF V7, GPROF-NN 1D, and GPROF-NN 3D pro-
duce notably higher precipitation over mountain surfaces
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Figure 12. Accuracy metrics for a selection of other sensors of the GPM constellation evaluated against gauge corrected MRMS measure-
ments over the CONUS. Results for GMI from the water year 2020 are included for reference.

Figure 13. Accuracy metrics for a selection of other sensors of the GPM constellation evaluated against the K-POL radar in the tropical
Pacific. Results for GMI from the water year 2020 are included for reference.

than MRMS, GPM CMB, and GPROF-NN HR. This is be-
cause of the orographic enhancement factors that are applied
in the a priori and training database of GPROF V7. Since
GPROF-NN HR is trained directly on GPM CMB precip-
itation it does not reproduce this correction for orographic
enhancement.

Although GPROF V7, GPROF-NN 1D, and GPROF-NN
3D retrieve more precipitation over mountains, they strongly
underestimate snow and weakly underestimate precipitation
over snow-covered surfaces. These effects, together with the
overall smaller contribution of mountain precipitation, cause
the relative biases calculated over all validation samples to

be similar to those calculated excluding frozen precipitation
and retrievals over snow-covered surfaces and mountains.

4 Discussion

4.1 Limitations of this validation study

Our validation excluded retrievals over snow-covered land
surfaces and mountainous terrain because of the enhanced
uncertainties in both validation data and retrievals as well as
their special treatment in the a priori/training database. This
special treatment would skew comparison to the GPM CMB
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Figure 14. Contribution of frozen precipitation and precipitation over snow-covered and mountain surfaces to the total precipitation in the
MRMS validation data. Panel (a) displays the total volume of precipitation for different retrieval scenarios relative to the total MRMS
precipitation for all validation co-locations from the water years 2021 and 2022. Panel (b) shows the corresponding retrieval biases relative
to corresponding mean MRMS precipitation.

product and thus complicate the attribution of retrieval er-
rors. For similar reasons, we have also excluded precipita-
tion identified as frozen by the MRMS hydrometeor classifi-
cation.

We have investigated the effect of excluding snow-covered
land surfaces, mountainous terrain and frozen precipitation
on the retrieval biases over all of the CONUS and found them
to robust to these exclusions. The orographic enhancement
factors applied in the a priori database cause GPROF V7
(and GPROF-NN 1D and 3D) to overestimate MRMS pre-
cipitation in mountain regions. In regions where much pre-
cipitation occurs in mountain regions, as is the case in the
NW region, GPROF V7 may thus be able to balance the un-
derestimation found in this analysis. However, when frozen
precipitation is included in the accumulations the underesti-
mation of precipitation is more likely to be exacerbated.

Finally, it should be kept in mind that the validation data
over the CONUS was not sampled uniformly, but is limited
to regions where high-quality radar observations are avail-
able. Since radar coverage is generally biased towards non-
mountainous areas and lower elevations, the contribution of
both frozen precipitation and precipitation over mountain
surfaces may be underestimated in our analyses.

4.2 From GPROF V5 to V7

Two principal differences between GPROF V5 and V7
are the inclusion of light precipitation from MIRS over
ocean and the application of orographic enhancement factors,
which both act to increase the amount of precipitation in the
a priori database. The effect of these changes are reflected
in the larger amount of precipitation retrieved by GPROF V7
over the Kwajalein site (Fig. 8) and the higher amount of pre-
cipitation retrieved over mountains (Fig. 14). If precipitation

over mountain surfaces is included, GPROF V7 retrievals are
about 5 % wetter over the CONUS than those of GPROF V5.

For the retrievals of liquid precipitation over snow-free and
non-mountainous surfaces that this study focused on, the re-
trieval accuracy of GPROF V7 for GMI was similar to the
previous version of the algorithm, GPROF V5. While the
biases of GPROF V7 compared to the ground radar valida-
tion data are larger than those of V5, they are closer to GPM
CMB, which the retrieval aims to reproduce. Small improve-
ments are found in terms of MAE, MSE, correlation coeffi-
cient, and SMAPE. The effective resolutions of the two re-
trievals are practically identical.

On regional scales, the most significant changes are a re-
duction in the overestimation of warm-season precipitation
over the central CONUS, reduced underestimation of cold-
season precipitation in the northwest, a slightly more pro-
nounced underestimation of warm-season precipitation in the
southeast, and a more pronounced overestimation of precipi-
tation in the tropical Pacific. Without gauges to calibrate the
rainfall product, the Kwajalein site may, however, be more
uncertain than the CONUS estimates. For the other sensors
of the GPM constellation assessed here, GPROF V7 exhib-
ited smaller biases than GPROF V5 compared to the ground-
based validation data.

4.3 Attribution of retrieval errors

In order for this validation to inform the future development
of GPROF, it is essential to determine whether the observed
deviations from the validation data are due to the reference
data used by GPROF or the inherent uncertainties in the re-
trieval and the applied method. Figure 3 revealed a high de-
gree of similarity between biases in GPROF and GPM CMB
in both space and time. This indicates that the GPROF re-
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trieval inherits systematic errors from the GPM CMB re-
trieval. Further evidence for a notable contribution of GPM
CMB to systematic errors in GPROF was found in the analy-
sis of regional biases of GPROF, which tend to follow those
of GPM CMB (Figs. 8, 9, 10).

The attribution of the errors can be formalized by investi-
gating the coefficient of determination between the errors in
GPROF and GPM CMB with respect to the validation data.
The coefficient of determination represents the fraction of
variance of the GPROF errors that can be explained by the
GPM CMB errors and thus quantifies the contribution of the
GPM CMB errors to the MSE of GPROF. Table 3 lists the
coefficients of determination of errors between GPM CMB
and GPROF and validation data for instantaneous estimates,
as well as the annual means at 5◦ resolution shown in Fig. 3.
For the GPROF V7 retrievals, the coefficient of determina-
tion for instantaneous errors varies between 0.17 and 0.3 over
the 4 assessed years. This means that between 17 % and 30 %
of the mean squared error can be explained by the error in the
GPM CMB retrieval. For the GPROF-NN retrievals this rate
is consistently higher and reaches up to between 30 % and
46 % for the GPROF-NN HR retrieval. This indicates that
GPM CMB error has a notable influence on the accuracy of
GPROF even for instantaneous precipitation estimates.

All rates of explained variability increase drastically when
annual accumulations over 5◦ boxes are considered. For
GPROF V7 they range from 36 % to 67 %, while they reach
between 79 % and 93 % for GPROF-NN 3D. While the frac-
tion of explained variability in the GPROF V7 biases is
around 50 % over the 4-year period, it increases to about
75 % for GPROF-NN 1D, 80 % for GPROF-NN HR, and
85 % for GPROF-NN 3D. This confirms that systematic re-
gional errors in the GPM CMB data contribute significantly
to regional biases in GPROF.

The role of GPM CMB for the systematic error in GPROF
becomes even clearer when the regional biases of GPM CMB
are subtracted from the biases of GPROF. The resulting
maps of reference-data-corrected GPROF biases are shown
in Fig. 15. Subtracting the GPM CMB biases reduces the
overall magnitude of the biases and their temporal and spatial
variability. The reduction in bias is more pronounced for the
GPROF-NN retrievals, indicating that their higher accuracy
puts increased weight on the reference data.

4.4 Validation of the GPROF-NN retrievals

The assessment of the GPROF-NN retrievals against ground
radar measurements confirmed the significantly higher re-
trieval accuracy of the neural-network-based implementation
for GMI. Although the biases of GPROF-NN 1D are similar
to those of GPROF V7, consistent improvements of the or-
der of 10 %–20 % are observed in all other assessed accuracy
metrics. Significant improvements were also found in detec-
tion of precipitation and the effective resolution of the re-
trieval. The effective resolution of the GPROF-NN retrievals

over land is more than twice as high as that of GPROF V7.
This is a very encouraging result, considering that these im-
provements are comparable to those between sensor gener-
ations. The fact that a simple algorithm update can unlock
these improvements highlights the importance of improving
the retrieval methodology for current and historical space-
borne precipitation estimates.

Even higher accuracy is achieved by GPROF-NN 3D and
the GPROF-NN HR retrievals. However, the analysis of the
effective resolution presented in Sect. 3.2 indicates that the
retrieval is overfitting to the viewing geometry at the cen-
ter of the swath. It seems likely that the decrease in retrieval
accuracy towards the edges of the swath is due to the paral-
lax effect, which changes direction towards the edges of the
swath. Since reference precipitation measurements are only
available at the center of the swath, the neural network cannot
learn that the direction of the parallax effect changes across
the swath. Fully realizing the potential of the GMI sensor
may therefore require incorporating this effect into the train-
ing process. Furthermore, the overfitting of the GPROF-NN
3D and GPROF-NN HR retrievals points to a general limita-
tion of using data based on the GPM DPR to train and eval-
uate GMI retrievals that are based on convolutional neural
networks. When only data from the center of the swath are
used to train and evaluate a retrieval, its accuracy will likely
be overestimated.

Nonetheless, the results of the GPROF-NN 3D and espe-
cially the GPROF-NN HR retrievals are worth highlighting.
The GPROF-NN HR retrieval demonstrates that precipitation
retrievals from GMI can achieve retrieval accuracy that is on
par with that of the GPM CMB retrievals and significantly
higher than that of the current GPROF retrievals for GMI.
The analysis of the contribution of the GPM CMB retrieval
errors indicates that with a suitable neural-network-based re-
trieval systematic errors at regional scales are limited by the
accuracy of the reference data, which accounts for up to 37 %
of the MSE of instantaneous precipitation estimates and up
to 95 % of the variability in annual accumulations at regional
scales.

Unfortunately the improvements observed for GMI did not
carry over to the other sensors of the constellation. The prin-
cipal difference for those sensors is that the a priori database
uses simulated brightness temperatures instead of real obser-
vations. Errors in the simulated brightness temperatures thus
constitute an additional error source that incurs a general-
ization error when the retrieval is applied to real observa-
tions. Pfreundschuh et al. (2022) found clear improvements
in retrieval accuracy of the GPROF-NN retrieval also for the
MHS sensor when the retrieval is evaluated against the a pri-
ori database. This indicates that the simulation errors are to
blame for the reduced accuracy of the GPROF-NN retrievals
for the other GPM sensors. Nonetheless, the GPROF-NN
3D retrieval improves most error metrics compared to the
GPROF V7 retrieval. This indicates that the incorporation of
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Table 3. Coefficient of determination between errors in GPM CMB and GPROF retrieval errors.

Instantaneous 5◦ annual mean

Retrieval 2019 2020 2021 2022 2019 2020 2021 2022

GPROF V7 0.17 0.19 0.30 0.30 0.36 0.37 0.67 0.67
GPROF-NN 1D 0.20 0.25 0.34 0.37 0.76 0.73 0.69 0.79
GPROF-NN 3D 0.22 0.26 0.36 0.39 0.79 0.87 0.84 0.93
GPROF-NN HR 0.31 0.33 0.42 0.46 0.88 0.85 0.52 0.95

Figure 15. Spatial distribution of retrieval biases corrected for biases in GPM CMB. Each panel shows the biases calculated over a uniform
longitude–latitude grid with a grid size of 5◦. The corresponding biases of GPM CMB have been subtracted from each bias field. Rows show
the results for the different retrieval algorithms. Columns show the results for different reference data and time periods.

structural information helps to make the retrieval more ro-
bust.

The largest retrieval biases were found for the GPROF-NN
1D retrieval for the cross-track scanners over the Kwajalein
site where wet biases of up to 70 % were found. This may
indicate a particular problem with the simulation of the ob-
servations from cross-track scanners over ocean. While not
as extreme, the GPROF-NN retrievals exhibit higher biases
than the GPROF V7 retrieval over the CONUS.

It should be noted, however, that the same simulations are
used by GPROF V7, which appears to be less affected by the
suspected simulation errors. The improved robustness of the
Bayesian scheme used by GPROF V7 is likely due to the
hard-coded channel uncertainties, which take into account
the forward simulation error of each sensor. In contrast to
that, the neural-network retrievals learn the observation un-
certainties from the training data.

Another notable difference between the GPROF and the
GPROF-NN retrievals is that GPROF applies an additional
calibration of the precipitation estimates that ensures that
the annual mean precipitation from other sensors matches
that of GMI. Such a calibration has not been included in the
GPROF-NN retrievals. Furthermore, it should be noted that
the measurements from the K-POL radar can be as much
as 20 % lower than the GPM CMB retrievals, which high-
lights the difficulty of finding reliable validation measure-
ments over the ocean.

4.5 Future improvements of GPROF

The results presented in this study show that observations
from GMI can be used to produce precipitation estimates at
essentially the same accuracy as the GPM CMB retrievals
with respect to gauge-corrected ground-based radar measure-
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ments. However, achieving this level of accuracy across the
full swath will require including reference data from the
outer edges of the GMI swath in the training data. In prin-
ciple, this can be achieved through synthetic transformations
of the existing training data that account for the parallax ef-
fect. However, a technically simpler approach is including
reference data from other sources in the training. Given that
these improvements can be retroactively applied to the full
record of GMI observations, we consider this worthy of fur-
ther development work.

The largest impediment to an operational adoption of the
GPROF-NN retrievals is the retrieval bias observed for other
sensors. The reason for this is likely the errors in the as-
sumed hydrometeor profiles and/or radiative transfer simu-
lations used to generate the a priori databases for these sen-
sors. We thus identify the radiative transfer simulations used
for the GPROF a priori database as a critical limitation for the
accuracy of GPM precipitation estimates and suggest that fu-
ture research should systematically assess and improve these
simulations. Alternatively, co-locations between GPM CMB
and the other sensors may be incorporated in the training pro-
cess to improve the retrievals from these sensors.

However, our results also show that systematic retrieval
errors of all GPROF retrievals largely follow the biases of
the GPM CMB retrieval. In the longer term, improvements
in global precipitation measurements will therefore require
improvements in what are today considered reference mea-
surements of precipitation, i.e., (potentially gauge-corrected)
ground radar measurements and space-borne combined radar
and PMW radiometer measurements. Convergence of these
measurements is a prerequisite to better constrain global pre-
cipitation measurements from meteorological satellites.

5 Summary and conclusions

This study validated the most recent version of the GPROF
PMW precipitation retrieval, GPROF V7; its predecessor,
GPROF V5; and the experimental GPROF-NN retrievals,
which are candidate algorithms for the next version of
GPROF. The assessment was based on multiple years of
co-locations with gauge-corrected ground radar QPEs over
the CONUS, as well as non-gauge-corrected ground radar
QPEs from the Kwajalein atoll. The validation data included
co-locations between the GPROF retrieval database and the
ground-based validation data, as well as the GPM CMB
product and the validation data, in order to separate the con-
tributions of the reference data used by the GPROF retrieval
and the retrieval method.

The validation of GPROF V7 surface precipitation re-
vealed the following characteristics.

1. GPROF V7 slightly underestimates liquid precipitation
over snow-free and non-mountainous surfaces over the
CONUS with dry biases varying between 2 % and 8 %
during the 4 surveyed years. At a resolution of 5 km,

retrieval errors range from 0.11 to 0.13 mm h−1 in terms
of MAE, 1.1 and 1.6 (mm h−1)2 in terms of MSE, and
80 % to 90 % in terms of SMAPE0.1. The correlation
ranges from 0.45 to 0.55.

2. On regional scales, consistent dry biases were observed
in the southeast, where annual biases reached up to
20 %. Over the central CONUS consistent wet biases
between 2 % and 25 % were observed. Over the other
regions, biases varied between −20 % and +20 %.

3. Over the tropical Pacific GPROF V7 GMI exhibits a wet
bias ranging from 2 % to 18 % compared to measure-
ments from the K-POL radar. However, the retrieval re-
mains within 10 % of the GPM CMB product.

4. GPROF V7 GMI systematically underestimates liq-
uid cold-season precipitation over snow-free and non-
mountainous surfaces in the northwest and warm-
season and afternoon convective precipitation in the
southeast.

5. Annual biases at 5◦ resolution are moderately correlated
with GPM CMB, indicating that differences between
GPM CMB and the ground radar measurements con-
tribute to the observed biases.

6. GPROF V7 GMI is about 5 % drier than GPROF V5
over snow-free non-mountainous surfaces over the
CONUS but significantly wetter over mountain sur-
faces, leading to about 5 % wetter retrievals for all val-
idation samples. Over tropical oceans the inclusion of
MIRS precipitation and increases in GPM CMB V7 pre-
cipitation make GPROF V7 retrievals about 10 %–20 %
wetter over the tropical Pacific. Comparable tenden-
cies were observed for TMI, SSMIS, AMSR2, MHS,
and ATMS. MAE, MSE, SMAPE, and correlation were
found to be mostly identical.

Based on these findings, we conclude that GPROF V7
reliably captures principal precipitation characteristics from
continental and regional scales. However, significant spatial
and temporal variability in the retrieval errors make it diffi-
cult to generalize the validation results to a global context.

Furthermore, our results confirm the potential of the
neural-network-based implementations of GPROF to im-
prove the GPM PMW retrievals. Consistent improvements
in the accuracy of instantaneous precipitation estimates are
observed for GMI. In particular, we find a doubling of the
effective resolution of the retrievals over land. Even larger
improvements can be achieved through the use of retrievals
that exploit spatial patterns in the input observations. In par-
ticular, we have shown that a GMI super-resolution retrieval
can achieve similar retrieval accuracy and effective resolu-
tion as the GPM CMB product. However, these were found
to overfit on the GMI viewing geometry at the center of the
swath and will thus require further development before they
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can achieve high accuracy across the full swath. In addition
to that, the accuracy of the hydrometeor profiles and/or radia-
tive transfer simulations of the GPROF a priori database were
identified as a principal impediment for unlocking the im-
provements found for GMI for the other sensors of the GPM
constellation. The presented results demonstrate that the cur-
rent observational record of precipitation could be improved
significantly by adopting the neural-network based retrieval
for the operational processing of the observations from the
GPM constellation but that further development is needed to
harness the full potential of the PMW observations from the
GPM constellation.

Appendix A: Quantitative accuracy metrics used in this
study

Ranking the quality of precipitation estimates is a non-trivial
problem because what constitutes a good estimate depends
heavily on the downstream application. The ultimate moti-
vation for this work is to improve the precipitation estimates
from the PMW sensors of the GPM constellation in a way
that benefits all possible downstream applications. To ensure
that we are working towards an actual improvement of these
estimates instead of simply tuning the results to improve a
single error metric, we use a selection of error metrics to
evaluate the retrievals.

The quantitative error metrics that we use in this study
are listed together with their formulas and valid range in Ta-
ble A1. The behavior of the error functions of mean squared
error (MSE), mean absolute error (MAE), and symmetric
mean percentage error (SMAPE) is illustrated in Fig. A1.
Since both MSE and MAE depend on directly on the ab-
solute difference between estimate and reference value, the
largest errors occur in the regions where either the estimate
or the reference precipitation is heavy. This effect is exacer-
bated by the quadratic nature of the MSE.

Relative errors such as mean percentage error (MAPE) and
SMAPE increase sensitivity to deviation at light precipitation
rates by normalizing the error. However, since the MAPE
uses only the reference precipitation for normalization it is
asymmetric and will thus favor estimates that underestimate
the reference value. Since this would bias the evaluation to-
wards retrievals that underestimate precipitation, we use the
SMAPE in this study, which uses a symmetric normalization
term.

The MSE, MAE, and SMAPE are evaluated by calculat-
ing their sample mean over all validation samples. Their fi-
nal values are thus the combined result of the error function
and the joint occurrence of retrieved and reference precipi-
tation values. To illustrate the different characteristics of the
three error metrics, Fig. A2 shows the relative contributions
from different reference precipitation intensities to the error
metrics calculated using all co-locations between MRMS and
GPROF V7 in the water years 2021 and 2022. As the three

curves show, the three error metrics have very different con-
tribution profiles across the spectrum of reference precipita-
tion. While the SMAPE is most sensitive to errors at light
precipitation, the MAE has a fairly flat contribution profile
with a peak at moderate precipitation, and the MSE is domi-
nated by errors at heavy reference precipitation values.
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Table A1. Quantitative accuracy metrics used in this study. We use an over bar to denote the sample mean and σ to indicate the sample
standard deviation taken over all valid measurements.

Name Formula Lower Upper Optimal
bound bound value

Bias PRetrieved−PTrue −∞ +∞ 0

Mean squared error (MSE) (PRetrieved−PTrue)2 0 ∞ 0

Mean absolute error (MAE) |PRetrieved−PTrue| 0 ∞ 0

Symmetric mean absolute percentage
error with threshold t (SMAPEt )

(
|PRetrieved−PTrue|

1
2 (|PRetrieved+PTrue)

)
calculated

only over samples with PTrue ≥ t

0 200 % 0

Correlation coefficient (PRetrieved−PRetrieved)(PTrue−PTrue)
σ (PRetrieved)σ (PTrue)

0 1 1

Figure A1. Error functions for evaluating precipitation retrievals. Panel (a) shows the value of the MSE for different combinations of retrieved
and reference values. Panels (b), (c), and (d) show the according behavior for the MAE, MAPE, and SMAPE.

Figure A2. Relative contribution of different precipitation rates to total value of each error metrics. The three bar plots show the relative
contribution from each corresponding bin to the total value of each error statistic. The contributions were calculated for the GPROF V7
retrieval using all validation samples from the water years 2020 and 2021.
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Code and data availability. The implementation of all GPROF-
NN retrievals and the code used to extract the validation
co-locations and analyze the results are both available from
https://doi.org/10.5281/zenodo.10257786 (Pfreundschuh, 2023).
GPROF level 2A retrieval results are available from https:
//doi.org/10.5067/GPM/GMI/GPROFCLIM/2A/07 (GPM Science
Team, 2022c), https://doi.org/10.5067/GPM/AMSR2/GCOMW1/
GPROFCLIM/2A/07 (GPM Science Team, 2022b), https:
//doi.org/10.5067/GPM/MHS/NOAA19/GPROFCLIM/2A/07
(GPM Science Team, 2022d), https://doi.org/10.5067/GPM/
ATMS/NPP/GPROFCLIM/2A/07 (GPM Science Team, 2022e),
https://doi.org/10.5067/GPM/SSMIS/F17/GPROFCLIM/2A/07
(GPM Science Team, 2022a). GPM CMB retrievals are available
from https://doi.org/10.5067/GPM/DPRGMI/CMB/2B/07 (Olson,
2022). The gauge-corrected MRMS measurements for overpasses
of GPM sensors over the CONUS and the measurements from the
K-POL radar are both available from https://pmm-gv.gsfc.nasa.gov/
(Wolff, 2023). The validation co-locations created for this study
are not publicly available due to the significant storage require-
ments. We are, however, happy to share them upon request to the
corresponding author.

Author contributions. SP has designed and implemented the study
and led the writing of the manuscript. CG has evaluated the ef-
fective resolution of the retrievals and contributed to writing the
manuscript. PJB helped gathering the data required for the valida-
tion. All authors have contributed to the writing process through
discussion and feedback.

Competing interests. The contact author has declared that none of
the authors has any competing interests.

Disclaimer. Publisher’s note: Copernicus Publications remains
neutral with regard to jurisdictional claims made in the text, pub-
lished maps, institutional affiliations, or any other geographical rep-
resentation in this paper. While Copernicus Publications makes ev-
ery effort to include appropriate place names, the final responsibility
lies with the authors.

Acknowledgements. We would like to acknowledge Pierre Kirstet-
ter for the provision of the MRMS radar measurements for GPM
ground validation and advice on the use of the data. Furthermore,
we would like to acknowledge David B. Wolff and Jason L. Pippit
for providing guidance on the use of the data from the K-POL radar.

The computations for this study were performed using sev-
eral freely available programming languages and software pack-
ages, most prominently the Python language (The Python Language
Foundation, 2018), the IPython computing environment (Perez and
Granger, 2007), the numpy package for numerical computing (van
der Walt et al., 2011), xarray (Hoyer and Hamman, 2017) and satpy
(Raspaud et al., 2021) for the processing of satellite data, and Mat-
plotlib (Hunter, 2007) and cartopy (Met Office, 2010–2015) for
generating figures.

Finally, we would like to thank the two anonymous reviewers for
providing valuable feedback on the first version of the manuscript.

Financial support. This research has been supported by the
Swedish National Space Agency (grant no. 154/19) and
the National Aeronautics and Space Administration (grant
no. 80NSSC19K0680).

Review statement. This paper was edited by Domenico Cimini and
reviewed by two anonymous referees.

References

Anonymous referee: Referee comment 2, Comment on egusphere-
2023-1310, https://doi.org/10.5194/egusphere-2023-1310-RC2,
2023.

Boukabara, S.-A., Garrett, K., Chen, W., Iturbide-Sanchez, F.,
Grassotti, C., Kongoli, C., Chen, R., Liu, Q., Yan, B., Weng,
F., Ferraro, R., Kleespies, T. J., and Meng, H.: MiRS:
An All-Weather 1DVAR Satellite Data Assimilation and Re-
trieval System, IEEE T. Geosci. Remote, 49, 3249–3272,
https://doi.org/10.1109/TGRS.2011.2158438, 2011.

Cifelli, R., Chandrasekar, V., Lim, S., Kennedy, P. C.,
Wang, Y., and Rutledge, S. A.: A New Dual-Polarization
Radar Rainfall Algorithm: Application in Colorado Pre-
cipitation Events, J. Atmos. Ocean. Tech., 28, 352–364,
https://doi.org/10.1175/2010JTECHA1488.1, 2011.

GPM Science Team: GPM SSMIS on F17 (GPROF) Climate-
based Radiometer Precipitation Profiling 1.5 hours 12 km
V07, Greenbelt, MD, Goddard Earth Sciences Data and
Information Services Center (GES DISC) [data set],
https://doi.org/10.5067/GPM/SSMIS/F17/GPROFCLIM/2A/07,
2022a.

GPM Science Team: GPM AMSR-2 on GCOM-W1 (GPROF)
Climate-based Radiometer Precipitation Profiling L2A 1.5 hours
10 km V07, Greenbelt, MD, Goddard Earth Sciences Data and
Information Services Center (GES DISC) [data set], https://doi.
org/10.5067/GPM/AMSR2/GCOMW1/GPROFCLIM/2A/07,
2022b.

GPM Science Team: GPM GMI (GPROF) Climate-based Ra-
diometer Precipitation Profiling L2A 1.5 hours 4 km x
4 km V07, Greenbelt, MD, Goddard Earth Sciences Data
and Information Services Center (GES DISC) [data set],
https://doi.org/10.5067/GPM/GMI/GPROFCLIM/2A/07, 2022c.

GPM Science Team: GPM MHS on NOAA-19 (GPROF) Radiome-
ter Precipitation Profiling L2A 1.5 hours 17 km V07, Green-
belt, MD, USA, Goddard Earth Sciences Data and Information
Services Center (GES DISC) [data set], https://doi.org/10.5067/
GPM/MHS/NOAA19/GPROFCLIM/2A/07, 2022d.

GPM Science Team: GPM ATMS on SUOMI-NPP (GPROF)
Radiometer Precipitation Profiling L2 1.5 hours 16 km
V07, Greenbelt, MD, Goddard Earth Sciences Data and
Information Services Center (GES DISC) [data set],
https://doi.org/10.5067/GPM/ATMS/NPP/GPROFCLIM/2A/07,
2022e.

Grecu, M., Olson, W. S., Munchak, S. J., Ringerud, S., Liao, L.,
Haddad, Z., Kelley, B. L., and McLaughlin, S. F.: The GPM
Combined Algorithm, J. Atmos. Ocean. Tech., 33, 2225–2245,
https://doi.org/10.1175/JTECH-D-16-0019.1, 2016.

https://doi.org/10.5194/amt-17-515-2024 Atmos. Meas. Tech., 17, 515–538, 2024

https://doi.org/10.5281/zenodo.10257786
https://doi.org/10.5067/GPM/GMI/GPROFCLIM/2A/07
https://doi.org/10.5067/GPM/GMI/GPROFCLIM/2A/07
https://doi.org/10.5067/GPM/AMSR2/GCOMW1/GPROFCLIM/2A/07
https://doi.org/10.5067/GPM/AMSR2/GCOMW1/GPROFCLIM/2A/07
https://doi.org/10.5067/GPM/MHS/NOAA19/GPROFCLIM/2A/07
https://doi.org/10.5067/GPM/MHS/NOAA19/GPROFCLIM/2A/07
https://doi.org/10.5067/GPM/ATMS/NPP/GPROFCLIM/2A/07
https://doi.org/10.5067/GPM/ATMS/NPP/GPROFCLIM/2A/07
https://doi.org/10.5067/GPM/SSMIS/F17/GPROFCLIM/2A/07
https://doi.org/10.5067/GPM/DPRGMI/CMB/2B/07
https://pmm-gv.gsfc.nasa.gov/
https://doi.org/10.5194/egusphere-2023-1310-RC2
https://doi.org/10.1109/TGRS.2011.2158438
https://doi.org/10.1175/2010JTECHA1488.1
https://doi.org/10.5067/GPM/SSMIS/F17/GPROFCLIM/2A/07
https://doi.org/10.5067/GPM/AMSR2/GCOMW1/GPROFCLIM/2A/07
https://doi.org/10.5067/GPM/AMSR2/GCOMW1/GPROFCLIM/2A/07
https://doi.org/10.5067/GPM/GMI/GPROFCLIM/2A/07
https://doi.org/10.5067/GPM/MHS/NOAA19/GPROFCLIM/2A/07
https://doi.org/10.5067/GPM/MHS/NOAA19/GPROFCLIM/2A/07
https://doi.org/10.5067/GPM/ATMS/NPP/GPROFCLIM/2A/07
https://doi.org/10.1175/JTECH-D-16-0019.1


538 S. Pfreundschuh et al.: GPROF V7 and beyond

Guilloteau, C., Foufoula-Georgiou, E., and Kummerow, C. D.:
Global multiscale evaluation of satellite passive microwave
retrieval of precipitation during the TRMM and GPM eras:
Effective resolution and regional diagnostics for future al-
gorithm development, J. Hydrometeorol., 18, 3051–3070,
https://doi.org/10.1175/JHM-D-17-0087.1, 2017.

Hegerl, G. C., Black, E., Allan, R. P., Ingram, W. J., Polson, D.,
Trenberth, K. E., Chadwick, R. S., Arkin, P. A., Sarojini, B. B.,
Becker, A., Dai, A., Durack, P. J., Easterling, D., Fowler, H. J.,
Kendon, E. J., Huffman, G. J., Liu, C., Marsh, R., New, M.,
Osborn, T. J., Skliris, N., Stott, P. A., Vidale, P.-L., Wijffels,
S. E., Wilcox, L. J., Willett, K. M., and Zhang, X.: Challenges
in Quantifying Changes in the Global Water Cycle, B. Am. Me-
teorol. Soc., 96, 1097–1115, https://doi.org/10.1175/BAMS-D-
13-00212.1, 2015.

Hersbach, H., Bell, B., Berrisford, P., Hirahara, S., Horányi, A.,
Muñoz-Sabater, J., Nicolas, J., Peubey, C., Radu, R., Schepers,
D., Simmons, A., Soci, C., Abdalla, S., Abellan, X., Balsamo,
G., Bechtold, P., Biavati, G., Bidlot, J., Bonavita, M., De Chiara,
G., Dahlgren, P., Dee, D., Diamantakis, M., Dragani, R., Flem-
ming, J., Forbes, R., Fuentes, M., Geer, A., Haimberger, L.,
Healy, S., Hogan, R. J., Hólm, E., Janisková, M., Keeley, S.,
Laloyaux, P., Lopez, P., Lupu, C., Radnoti, G., de Rosnay, P.,
Rozum, I., Vamborg, F., Villaume, S., and Thépaut, J.-N.: The
ERA5 global reanalysis, Q. J. Roy. Meteor. Soc., 146, 1999–
2049, https://doi.org/10.1002/qj.3803, 2020.

Hou, A. Y., Kakar, R. K., Neeck, S., Azarbarzin, A. A., Kum-
merow, C. D., Kojima, M., Oki, R., Nakamura, K., and Iguchi,
T.: The Global Precipitation Measurement Mission, B. Am. Me-
teorol. Soc., 95, 701–722, https://doi.org/10.1175/BAMS-D-13-
00164.1, 2014.

Hoyer, S. and Hamman, J.: xarray: N-D labeled arrays and
datasets in Python, Journal of Open Research Software, 5, 10,
https://doi.org/10.5334/jors.148, 2017.

Huffman, G. J., Bolvin, D. T., Braithwaite, D., Hsu, K.-
L., Joyce, R. J., Kidd, C., Nelkin, E. J., Sorooshian, S.,
Stocker, E. F., Tan, J., Wolff, D. B., and Xie, P.: Inte-
grated Multi-satellite Retrievals for the Global Precipitation
Measurement (GPM) Mission (IMERG), Springer Interna-
tional Publishing, Cham, ISBN 978-3-030-24568-9, 343–353,
https://doi.org/10.1007/978-3-030-24568-9_19, 2020.

Hunter, J. D.: Matplotlib: A 2D graphics environment, Comput. Sci.
Eng., 9, 90–95, https://doi.org/10.1109/MCSE.2007.55, 2007.

Kerr, C. A. and Alsheimer, F.: Storm-Scale Predictability and
Analysis of the 13 April 2020 Central Savannah River
Area Tornado Outbreak, Weather Forecast., 37, 901–913,
https://doi.org/10.1175/WAF-D-21-0185.1, 2022.

Kirschbaum, D. B., Huffman, G. J., Adler, R. F., Braun, S., Gar-
rett, K., Jones, E., McNally, A., Skofronick-Jackson, G., Stocker,
E., Wu, H., and Zaitchik, B. F.: NASA’s Remotely Sensed Pre-
cipitation: A Reservoir for Applications Users, B. Am. Meteo-
rol. Soc., 98, 1169–1184, https://doi.org/10.1175/BAMS-D-15-
00296.1, 2017.

Kirstetter, P.-E., Hong, Y., Gourley, J. J., Chen, S., Flamig, Z.,
Zhang, J., Schwaller, M., Petersen, W., and Amitai, E.: To-
ward a Framework for Systematic Error Modeling of Space-
borne Precipitation Radar with NOAA/NSSL Ground Radar-
Based National Mosaic QPE, J. Hydrometeorol., 13, 1285–1300,
https://doi.org/10.1175/JHM-D-11-0139.1, 2012.

Kummerow, C. D., Randel, D. L., Kulie, M., Wang, N.-Y., Fer-
raro, R., Joseph Munchak, S., and Petkovic, V.: The Evo-
lution of the Goddard Profiling Algorithm to a Fully Para-
metric Scheme, J. Atmos. Ocean. Tech., 32, 2265–2280,
https://doi.org/10.1175/JTECH-D-15-0039.1, 2015.

Met Office: Cartopy: a cartographic python library with a matplotlib
interface, Exeter, Devon, http://scitools.org.uk/cartopy (last ac-
cess: 1 April 2023), 2010–2015.

Olson, W.: GPM DPR and GMI Combined Precipitation L2B
1.5 hours 5 km V07, Greenbelt, MD, Goddard Earth Sciences
Data and Information Services Center (GES DISC) [data set],
https://doi.org/10.5067/GPM/DPRGMI/CMB/2B/07, 2022.

Perez, F. and Granger, B. E.: IPython: A System for Inter-
active Scientific Computing, Comput. Sci. Eng., 9, 21–29,
https://doi.org/10.1109/MCSE.2007.53, 2007.

Pfreundschuh, S.: GPROF-NN: A neural network based imple-
mentation of the Goddard Profiling Algorithm (v0.1.1), Zenodo
[code], https://doi.org/10.5281/zenodo.10257786, 2023.

Pfreundschuh, S., Brown, P. J., Kummerow, C. D., Eriksson, P., and
Norrestad, T.: GPROF-NN: a neural-network-based implementa-
tion of the Goddard Profiling Algorithm, Atmos. Meas. Tech., 15,
5033–5060, https://doi.org/10.5194/amt-15-5033-2022, 2022.

Raspaud, M., Hoese, D., Lahtinen, P., Finkensieper, S., Holl,
G., Proud, S., Dybbroe, A., Meraner, A., Feltz, J., Zhang,
X., Joro, S., Roberts, W., Ørum Rasmussen, L., Strandgren,
BENR0, Méndez, J. H. B., Zhu, Y., Daruwala, R., Jasmin,
T., mherbertson, Kliche, C., Barnie, T., Sigurðsson, E., Gar-
cia, R. K., Leppelt, T., TT, ColinDuff, Egede, U., LTMeyer,
and Itkin, M.: pytroll/satpy: Version 0.33.1, Zenodo [code],
https://doi.org/10.5281/zenodo.5789830, 2021.

Ryzhkov, A. V., Giangrande, S. E., Melnikov, V. M., and
Schuur, T. J.: Calibration Issues of Dual-Polarization Radar
Measurements, J. Atmos. Ocean. Tech., 22, 1138–1155,
https://doi.org/10.1175/JTECH1772.1, 2005.

Skofronick-Jackson, G., Petersen, W. A., Berg, W., Kidd, C.,
Stocker, E. F., Kirschbaum, D. B., Kakar, R., Braun, S. A., Huff-
man, G. J., Iguchi, T., Kirstetter, P. E., Kummerow, C., Menegh-
ini, R., Oki, R., Olson, W. S., Takayabu, Y. N., Furukawa, K., and
Wilheit, T.: The Global Precipitation Measurement (GPM) Mis-
sion for Science and Society, B. Am. Meteorol. Soc., 98, 1679–
1695, https://doi.org/10.1175/BAMS-D-15-00306.1, 2017.

Tapiador, F., Navarro, A., Levizzani, V., García-Ortega, E.,
Huffman, G., Kidd, C., Kucera, P., Kummerow, C., Ma-
sunaga, H., Petersen, W., Roca, R., Sánchez, J.-L., Tao,
W.-K., and Turk, F.: Global precipitation measurements
for validating climate models, Atmos. Res., 197, 1–20,
https://doi.org/10.1016/j.atmosres.2017.06.021, 2017.

The Python Language Foundation: The Python Language Refer-
ence, Python Language Foundation, https://docs.python.org/3/
reference/index.html (last access: 1 April 2023), 2018.

van der Walt, S., Colbert, S. C., and Varoquaux, G.: The NumPy Ar-
ray: A Structure for Efficient Numerical Computation, Comput.
Sci. Eng., 13, 22–30, https://doi.org/10.1109/MCSE.2011.37,
2011.

Wolff, D. B.: Precipitation Measurements Missions Ground Val-
idation Data, NASA Goddard Space Flight Center [data set],
https://pmm-gv.gsfc.nasa.gov/ (last access: 1 April 2023), 2023.

Atmos. Meas. Tech., 17, 515–538, 2024 https://doi.org/10.5194/amt-17-515-2024

https://doi.org/10.1175/JHM-D-17-0087.1
https://doi.org/10.1175/BAMS-D-13-00212.1
https://doi.org/10.1175/BAMS-D-13-00212.1
https://doi.org/10.1002/qj.3803
https://doi.org/10.1175/BAMS-D-13-00164.1
https://doi.org/10.1175/BAMS-D-13-00164.1
https://doi.org/10.5334/jors.148
https://doi.org/10.1007/978-3-030-24568-9_19
https://doi.org/10.1109/MCSE.2007.55
https://doi.org/10.1175/WAF-D-21-0185.1
https://doi.org/10.1175/BAMS-D-15-00296.1
https://doi.org/10.1175/BAMS-D-15-00296.1
https://doi.org/10.1175/JHM-D-11-0139.1
https://doi.org/10.1175/JTECH-D-15-0039.1
http://scitools.org.uk/cartopy
https://doi.org/10.5067/GPM/DPRGMI/CMB/2B/07
https://doi.org/10.1109/MCSE.2007.53
https://doi.org/10.5281/zenodo.10257786
https://doi.org/10.5194/amt-15-5033-2022
https://doi.org/10.5281/zenodo.5789830
https://doi.org/10.1175/JTECH1772.1
https://doi.org/10.1175/BAMS-D-15-00306.1
https://doi.org/10.1016/j.atmosres.2017.06.021
https://docs.python.org/3/reference/index.html
https://docs.python.org/3/reference/index.html
https://doi.org/10.1109/MCSE.2011.37
https://pmm-gv.gsfc.nasa.gov/

	Abstract
	Introduction
	Data and methods
	Validation data
	MRMS
	Kwajalein Polarimetric S-band Weather Radar

	Reference data
	GPM combined
	A priori database

	GPROF retrievals
	GPROF V7
	GPROF-NN
	GPROF-NN HR

	Co-locations
	Analysis of the effective resolution

	Results
	Retrieval accuracy of GPROF for GMI
	CONUS
	Regional precipitation characteristics

	Effective resolution
	Retrieval accuracy of GPROF for other GPM sensors
	Retrievals of frozen precipitation and over snow-covered and mountain surfaces

	Discussion
	Limitations of this validation study
	From GPROF V5 to V7
	Attribution of retrieval errors
	Validation of the GPROF-NN retrievals
	Future improvements of GPROF

	Summary and conclusions
	Appendix A: Quantitative accuracy metrics used in this study
	Code and data availability
	Author contributions
	Competing interests
	Disclaimer
	Acknowledgements
	Financial support
	Review statement
	References

