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ABSTRACT: Diagnosing errors in spaceborne oceanic precipitation estimates is difficult due to
complicated multi-satellite algorithms and limited surface-based measurements. The Global Pre-
cipitation Measurement (GPM) mission helps to alleviate these challenges with NASA’s Integrated
Multi-satellitE Retrievals for GPM (IMERG) product, which is transparently designed to encourage
community validation activities, and the GPM Validation Network, which collects observations
across global precipitation regimes from over 100 ground-based weather radars to serve as refer-
ence datasets for the GPM precipitation products. This study uses the GPM Validation Network’s
oceanic precipitation observations from 32 island and coastal radars to diagnose the performance of
IMERG V06B & V0O7B Final Run products during GPM Microwave Imager (GMI) overpasses (i.e.,
IMERG-GMI) in the period June 2014 — September 2021. Errors are traced from the input Level-2
(satellite footprint) Goddard Profiling Algorithm climate (GPROF-CLIM) GMI product through
the successive gridding, calibration and precipitation distribution restoration steps of IMERG’s
Level-3 (gridded) algorithm. Results highlight that IMERG-GMI VO7B outperforms V0O6B in
detecting and quantifying oceanic precipitation, with a significant improvement over high-latitude
ocean (VO6B: +143%; VO07B: +50%). Furthermore, there is a clear oceanic latitudinal trend in
the mean relative bias of IMERG-GMI VO7B (high-latitude: +50%; mid-latitude: +10%; tropical:
—41%), which largely traces back to GPROF-CLIM V07 (high-latitude: +22%; mid-latitude: —8%;
tropical: —44%), with bias differences driven by IMERG’s passive microwave calibration scheme.
This error tracing approach supports future IMERG algorithm developments by disentangling how

algorithm steps enhance or mitigate errors.
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SIGNIFICANCE STATEMENT: Most precipitation occurs over ocean, yet precipitation products
are rarely evaluated there due to a lack of surface-based measurements. This study utilizes the
GPM Validation Network’s datasets from coastal and island radars to conduct the first oceanic
evaluation of the NASA IMERG V07B multi-satellite precipitation product. The performance of
IMERG at different successive algorithm steps is assessed to understand which processing steps
reduce or increase errors and to support future algorithm improvements. The latest IMERG version
provides more accurate and reliable precipitation estimates than the preceding version. However,
IMERG-GMI is biased high by +50% and low by —41% over the high-latitude and tropical oceans,

respectively.

1. Introduction

Precipitation is the paramount component of the water cycle, delivering ~554,000 km> of
water in a variety of states to Earth’s surface every year (e.g., rain, snow, hail, graupel, etc.;
Allan et al. 2020; Tapiador et al. 2017). This critical source of freshwater supports life on
Earth, yet society can also be victim to the destructive nature of precipitation extremes, such as
droughts, tropical cyclones and floods. Consequently, scientists strive to improve the accuracy of
global precipitation estimates from satellite constellation observations (Levizzani et al. 2020a,b).
However, the current uncertainty in global precipitation observations, and the equivalent latent heat
flux which precipitation observations help to constrain within Earth’s energy budget (Stephens et al.
2012; Wild et al. 2015; L’Ecuyer et al. 2015; Adler et al. 2020), hampers our full understanding of
climate responses to global warming.

The bias in oceanic precipitation estimates is a key limitation of present global precipitation
estimates. Stephens et al. (2012) approximated the uncertainty in annual mean oceanic precipitation
to be between +10% and +20% from a variety of studies (Petty 1997; Dai et al. 2007; Haynes et al.
2009; Ellis et al. 2009; Berg et al. 2010). Subsequently, to achieve balance in their approximation
of the global energy budget, Stephens et al. (2012) increased global precipitation (and latent heat
flux) from the Global Precipitation Climatology Project (GPCP; Adler et al. 2003) Version-2 (V2)
multi-satellite product by >10% to account for oceanic and snowfall deficiencies. Furthermore,
studies by Behrangi et al. (2014, 2024) and Behrangi and Song (2020) have consistently found
that GPCP underestimates global mean oceanic precipitation (V2.2: —4%; V2.3: —9%; V3.2:
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—6.5%). However, spaceborne underestimation of oceanic precipitation is not limited to GPCP
alone, and uncertainty in oceanic precipitation amongst global precipitation products is particularly
problematic in the mid- and high-latitudes (Behrangi et al. 2024; Behrangi and Song 2020). With
~78% of global precipitation falling over the oceans (Trenberth et al. 2007; Allan et al. 2020),
increasing the accuracy and precision of satellite-based oceanic precipitation observations is a
critical step toward constraining global precipitation.

Evaluating errors in oceanic precipitation retrieved from instantaneous satellite observations
requires two challenges to be addressed. The first challenge is identifying surface-based obser-
vations of oceanic precipitation at fine spatiotemporal resolutions with extensive spatiotemporal
coverage; this is a notorious problem, as such precipitation measurements are difficult to obtain.
Previous studies have assessed spaceborne oceanic precipitation estimates by utilizing reference
sensors such as passive aquatic listeners (Bytheway et al. 2023; Li et al. 2023), buoys (Prakash
et al. 2018; Khan and Maggioni 2019; Bolvin et al. 2021; Pradhan and Markonis 2023), shipborne
sensors including radar and disdrometer (Kucera and Klepp 2022; Montoya Duque et al. 2023), and
coastal and island-based radars (Derin et al. 2021, 2022; Wang et al. 2022), though without an ideal
combination of volumetric (non-point) observations at a wide range of consistent locations across
multiple oceans spanning multiple years. The second challenge in evaluating spaceborne oceanic
precipitation estimates is diagnosing errors within the complicated multi-satellite algorithms used
to produce them. Multi-satellite algorithms typically include a range of merging, interpolation,
intercalibration and/or bias adjustment schemes (Adler et al. 2003; Huffman et al. 2020b, 2023a,c;
Kubota et al. 2020; Joyce et al. 2004; Xie et al. 2017), and fully disentangling the effects of these
schemes is not always possible.

The NASA-JAXA Global Precipitation Measurement mission (GPM; Hou et al. 2014;
Skofronick-Jackson et al. 2017; Kidd et al. 2020; Watters and Battaglia 2021a,b) has the potential
to improve our quantification of global oceanic precipitation by alleviating the aforementioned
challenges. GPM has provided global observations of rain and snow from space since February
2014 via an international satellite constellation, which is calibrated by the GPM Core Obser-
vatory’s (CO) Dual-Frequency Precipitation Radar (DPR) and GPM Microwave Imager (GMI)
instruments (Iguchi et al. 2018; Battaglia et al. 2020; Berg et al. 2016; Wentz and Draper 2016;
Skofronick-Jackson et al. 2018). NASA’s most-popular GPM product, Integrated Multi-satellitE
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Retrievals for GPM (IMERG; Huffman et al. 2023c, 2020b), provides a global-gridded precipita-
tion record spanning more than 24 years which informs many downstream applications including
hurricane analyses (Watters and Battaglia 2021b; Petersen et al. 2020), diurnal cycle research (O
and Kirstetter 2018; Watters and Battaglia 2019; Battaglia et al. 2019; Tan et al. 2019; Hayden and
Liu 2021; Hayden et al. 2023; Ramadhan et al. 2024; Dai 2024), hydrological modeling (Woods
et al. 2023a,b, 2024), climate model evaluation (Watters et al. 2021), insurance modeling, dis-
ease exposure forecasts, disaster response and recovery, amongst many others (Portier et al. 2023;
Kirschbaum et al. 2017; Skofronick-Jackson et al. 2017, 2018). The U.S. GPM Science Team
produces IMERG by intercalibrating, merging and interpolating all GPM constellation microwave
(MW) precipitation estimates, with spaceborne infrared (IR) precipitation estimates helping to fill
MW-sparse regions and precipitation gauge analyses constraining spaceborne precipitation esti-
mates over land, respectively. IMERG outputs global precipitation fields from successive algorithm
operations in a transparent design to enable community ground validation activities and support
algorithm developments.

NASA also provides surface-based oceanic precipitation observations from the GPM Validation
Network (VN; Schwaller and Morris 2011; Gatlin et al. 2020) which, together with the diagnosable
IMERG multi-satellite product, support a thorough investigation of oceanic precipitation. NASA’s
GPM VN software system performs three-dimensional collocated matchups between the GPM-CO
sensors and surface-based radar observations, obtained from over 100 operational and research
radars situated across the contiguous U.S. (CONUS), Alaska, Brazil, Australia and tropical islands
(NASA 2015). The GPM VN’s surface-based radar datasets cover a wide range of latitudes and
precipitation climatologies and are subject to consistent precipitation retrievals and quality control
procedures; hence, the GPM VN constitutes the most climatologically-diverse network of surface-
based radars for satellite precipitation enhancement. Consequently, the VN provides an ideal
oceanic validation testbed for evaluating IMERG when GMI overpasses occur (i.e., IMERG-GMI).

In this study, we conduct an error tracing diagnosis of IMERG-GMI Final Run’s oceanic precip-
itation by utilizing the GPM VN across 7+ years of the GPM era (June 2014 — September 2021).
Error tracing through multi-satellite algorithms is critical to their advancement, enabling a full
diagnosis of what algorithm steps enhance and/or mitigate errors within the Level-3 (gridded) al-

gorithm (i.e., IMERG) as well as the impact of the source Level-2 (satellite footprint) data (i.e., the
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Goddard Profiling Algorithm climate / GPROF-CLIM precipitation estimates; Kummerow et al.
2015). Furthermore, error tracing between the preceding and current versions of IMERG-GMI
Final Run (VO6B and VO7B, respectively) is conducted due to a range of significant upgrades
including correction of IMERG’s 0.1° eastward geolocation gridding offset prior to VO7 (Watters
et al. 2024), and the introduction of a scheme to mitigate the distortion in the distribution of precip-
itation fields due to averaging (SHARPEN; Tan et al. 2021) amongst many other updates (Huffman
et al. 2024). This analysis considers IMERG performance at GMI overpasses, but not the other
GPM passive MW (PMW) constellation and IR sources, because: 1) IMERG performance should
be best in these instances as the GMI is the calibration standard of the GPM constellation (Berg
et al. 2016; Wentz and Draper 2016; Skofronick-Jackson et al. 2018); and 2) the GPM VN only
provides ground radar (GR) matchups with the GPM-CO sensors, and so extending the analysis to
other constellation sensors would require efforts well beyond the scope of this study.

This study includes a multitude of advances upon our previous error tracing of IMERG-GMI
VO06B Final Run’s oceanic precipitation estimates using GPM VN V2.3 (Watters et al. 2024). We
now evaluate the latest IMERG-GMI VO7B estimates using new GPM VN V2.4 data, which provide
more accurate GR precipitation rates by including instances of no-rain into the GPM-GR matchups
and enable the novel determination of oceanic precipitation detection capabilities by GPROF-CLIM
GMI and IMERG-GMI. Another major advancement of this study is the inclusion of more VN
GRs; Watters et al. (2024) assessed IMERG against only 6 island GRs located across the Alaskan
and tropical oceans, whilst this study utilizes 32 coastal and island GRs including new locations
along the CONUS, Alaskan and Brazilian coastlines to conduct the most representative IMERG
oceanic precipitation analysis to date. This study is the first oceanic error tracing assessment of

IMERG V07 over such a wide range of precipitation climatologies and latitudes.

2. Data

For this IMERG oceanic precipitation error tracing study, five GPM products are required: the
IMERG Final Run product (VO7B & V06B), the GPROF climate GMI product (V07 & V05), and
the GPM VN’s GRtoGPROF GMI V2.4 product. Note that there was no GPROF V06 product,
as the algorithm directly upgraded from V05 to VO7; consequently, IMERG V06B used GPROF
VO05.
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a. IMERG Final Run

IMERG is a Level-3 multi-satellite precipitation product which provides precipitation estimates
across the Earth (90°N-S) at high spatial (0.1° x 0.1°) and temporal (30-minute) resolution
(Huffman et al. 2023c, 2019b). NASA’s IMERG product is available in “Runs” at three different
latencies, each successively with more satellite contributions and additional algorithm techniques.
The IMERG Runs are designed to support disaster response and weather forecasting (Early Run,
latency: ~ 4 hours), public health and insurance applications (Late Run, latency: ~ 14 hours), and
research investigations (Final Run, latency: ~ 4.5 months; Kirschbaum et al. 2017; Portier et al.
2023). The Final Run is evaluated in this analysis as it is the most complete algorithm run and
hence tends to outperform the lower-latency IMERG Runs (Wang et al. 2020; Mahmoud et al. 2021;
Pradhan and Markonis 2023). IMERG Final Run data are available from June 2000 to near-present
for VO7B, and to September 2021 for the preceding VO6B (Huffman et al. 2023b, 2019a).

The IMERG algorithm is underpinned by the GPM satellite constellation, a network of ap-
proximately 11 PMW radiometers (at any given time) each traversing around the Earth in various
unique polar low-Earth orbits (LEO), that provides quasi-global precipitation coverage on sub-daily
timescales (Hou et al. 2014). The underpinning satellite constellation is calibrated by radar and
PMW sensors onboard the Tropical Rainfall Measuring Mission satellite (TRMM; Simpson et al.
1996; Kummerow et al. 1998) or the GPM-CO, dependent on the era (TRMM: June 2000 — May
2014; GPM: June 2014 — present; Huffman et al. 2023c). Data from the GPM-CO / TRMM satellite
is used to calibrate all other constellation PMW radiometers due to: its inclined, precessing orbit,
which enables matchups with all other LEO-PMW sensors; the GMI / TRMM Microwave Imager
(TMI), which is superior in accuracy to all other spaceborne PMW radiometers (Berg et al. 2016;
Wentz and Draper 2016; Skofronick-Jackson et al. 2018); and the DPR / TRMM Precipitation
Radar, which can directly sense precipitation in three dimensions unlike PMW radiometers (Iguchi
et al. 2018; Battaglia et al. 2020). Principally, the IMERG Final Run algorithm intercalibrates,
merges and interpolates precipitation retrievals from the LEO-PMW radiometer constellation due
to the sensitivity of PMW frequency channels to precipitating hydrometeors both within and below
the clouds. However, IMERG integrates PMW-calibrated geostationary IR sensor retrievals at
times and places when the PMW data are sparse; note that spaceborne IR radiances are repre-

sentative of cloud tops rather than surface precipitation, and so provide more indirect information
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to estimate surface precipitation unlike PMW sensors (Kirstetter et al. 2018, 2020; Petersen et al.
2020). Land-based precipitation gauges are also utilized to make monthly adjustments to the
multi-satellite estimates over land.

The key steps in the IMERG V07 Final Run algorithm are outlined below, with an analogous
V06 outline provided in Watters et al. (2024). Figure 1 highlights the main changes in IMERG
Final Run from V06 to V07 (see Huffman et al. 2024 for an extensive list of VO7 updates), and
depicts how the precipitation variables associated with these IMERG algorithm steps enable the

subsequent error tracing diagnosis.

1. PMW gridding: The PMW constellation footprint precipitation estimates from GPROF-CLIM
V07 (Kummerow et al. 2015; NASA 2022) are gridded and combined for each half-hour.
IMERG provides no precipitation field output at this algorithm step, but this is recreated in
our methodology (Section 3a) and we evaluate this field as variable ‘GPROF-CLIM’ in the

analysis (Section 4).

2. PMW calibration: The gridded PMW precipitation estimates are inter-calibrated to the
GPM/TRMM Combined Radar-Radiometer VO7 product (CORRA; Olson 2022) in a two-
step process. First, the PMW constellation members are climatologically calibrated to the
GMI/TMI via a quantile-quantile fit. Second, the GMI/TMI is intercalibrated to CORRA
on a dynamic rolling 45-day basis, and then calibration factors are also applied to the PMW
constellation members. Prior to PMW calibration, the IMERG algorithm first climatologically
adjusts the CORRA V07 estimates to the GPCP V3.2 satellite-gauge product (Huffman et al.
2023a) over high-latitude ocean where CORRA V07 underestimates precipitation (Huffman
et al. 2024, 2020a). IMERG provides a precipitation field output at this algorithm step which
we evaluate as variable ‘IMERG [MW]’ in the analysis (Section 4).

3. PMW propagation: The calibrated, gridded PMW estimates are propagated both forward
and backward in time to extend the spatial coverage of the LEO-PMW sampling. PMW
precipitation features are propagated along motion vectors deduced from reanalysis/model
simulations of precipitation, total precipitable liquid water, and total precipitable water vapor

(in this hierarchical order; Huffman et al. 2024). Subsequently, the propagated PMW estimates
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IMERG V06 & V07 Final Run Algorithms

Q ® ®

GPROF-CLIM \ /" MW  \/  Unca \/  ca

1) PMW gridding 2) PMW calibration ||3) PMW propagation ||6) Gauge calibration
*Intakes GPROF-CLIM « Climatological *Increases spatial « Calibration to GPCC
V05 / V07 footprints for constellation-to-GMI coverage of calibrated over land.
the GPM/TRMM calibration. PMW snapshots. * A Legates-Wilmott
constellation. * GMI/TMI along-scan * Morphing motion vectors gauge undercatch
«\/06 0.1° eastward biases addressed. from total precipitable scheme applied over all
gridding offset between *GMl intercalibration to water vapor / a hierarchy land, except over
75°N-S — Corrected in CORRA V06 / V07, with of water variables. Eurasia between 45°-
Vo7. climatological adjustment | [4) Kalman filter 90°N where a
to GPCP V2.3 /V3.2 merging climatological Fuchs
over land and high- +Merges the range of adjustment is used.
latitude ocean. PMW, morphed and IR
*V06 0.025° gridder offset e
for CORRA V06 between
75°N-S — Corrected in 2) SHARPEN
\VO7. *Mitigates precipitation
« Spatial resolution of distribution distortion due

CORRA V07 matched to to KF averaging.
GPROF GMI/TMI V07 for

intercalibration.

V06: HQprecipitation VO06: precipitationUncal VO06: precipitationCal

\ / QO?: MWprecipitatioy @7: precipitationUncy \VO?: precipitation/

Fic. 1. The workflow for the IMERG V06 and V07 Final Run algorithms. Red and blue font corresponds
to steps specific to VO6 and VO7 only, respectively. Variable 1 (GPROF-CLIM) represents the GPROF-CLIM
product subject to the IMERG gridding process, whilst variables 2—4 (MW, Uncal, and Cal, respectively) represent
the successive outputs from the IMERG data product. Note that the variable names used within the IMERG data
files are located at the bottom of each box, whilst those used for this analysis (Section 4) to ensure consistency

in nomenclature between V06 and V07 are listed at the top of each box.

are subject to morphing (a.k.a., quasi-Lagrangian temporal linear interpolation). IMERG

provides no precipitation field output at this algorithm step.
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4. Kalman filter (KF) merging: The KF merges precipitation estimates from four separate

sources at each 0.1° x 0.1° grid box: 1) the CORRA-calibrated PMW estimates from con-
stellation sensors (including the GMI/TMI); 2) the forward-propagated PMW estimates; 3)
the backward-propagated PMW estimates; and 4) the PMW-calibrated IR precipitation esti-
mates from geostationary satellites retrieved using the Precipitation Estimation from Remotely
Sensed Information using Artificial Neural Networks (PERSIANN) Dynamic Infrared-Rain
Rate algorithm (PDIR-Now; Nguyen et al. 2020). IMERG V07 provides no precipitation field
output at this algorithm step, but IMERG V06 does which we evaluate as variable ‘IMERG

[Uncal]’ in the analysis (Section 4).

. SHARPEN: The Scheme to Restore the Distribution of Averaged Precipitation Fields

(SHARPEN; Tan et al. 2021) mitigates the distortion of the precipitation rate distribution
caused by the KF due to its averaging of precipitation rates from different sources. This
procedure adjusts the local KF precipitation rate distribution to one resembling the aggregate
of the propagated PMW and IR sources, weighted by their KF contributions. IMERG V07
provides a precipitation field output at this algorithm step which we evaluate as ‘IMERG
[Uncal]’ in the analysis (Section 4), though IMERG V06 does not due to the absence of
SHARPEN in this preceding algorithm version.

. Gauge calibration: Finally, the merged PMW-IR half-hour gridded estimates are calibrated

to the gauge-based, undercatch-adjusted Global Precipitation Climatology Centre (GPCC;
Schneider et al. 2014) Full/Monitoring product at the monthly scale over land. IMERG
provides a precipitation field output at this algorithm step, which we label as ‘IMERG [Cal]’
though do not evaluate in this analysis (Section 4) due to the lack of gauge calibration over

ocean (i.e., IMERG [Cal] equates to IMERG [Uncal] over ocean).

Note that IMERG V07 Final Run underwent a second retrospective reprocessing from VO7A
to VO7B to remove occasional orbits from various constellation PMW sensors that exhibited bad
GPROF retrieval values; GMI exhibited no bad orbits, meaning the VO5 GPROF-GMI data are all

clean as well.

10
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b. GPROF Climate

GPROF-CLIM is a Level-2 precipitation product which provides precipitation estimates for
instantaneous snapshots from each PMW radiometer within the GPM constellation, with a spatial
resolution of 10.9 km X 18.1 km for the GMI (the field of view of the 18.7 GHz channel,
NASA 2022; Kummerow et al. 2015; Randel et al. 2020; Pfreundschuh et al. 2024). GPROF-
CLIM GMI data are available from March 2014 to near-present for VO7, and to January 2022
for the preceding VOS5 (Kummerow 2022, 2017). This parametric Bayesian retrieval algorithm
estimates surface precipitation from PMW radiometer measurements of brightness temperature
at various frequencies by utilizing an a-priori database of observed precipitation profiles across
different surface and environmental conditions. The GPROF V07 a-priori database is principally
constructed from CORRA V07 (Olson 2022) over ocean and most land areas, the Ground Validation
Multi-Radar Multi-Sensor product (GV-MRMS; Kirstetter et al. 2012, 2014) over snow-covered
land, and the ECMWEF fifth-generation reanalysis (ERAS; Hersbach et al. 2020) over sea ice. The
climate version of GPROF, which underpins the IMERG Final Run algorithm, is produced with a
3-month latency to accommodate the use of a reanalysis (ERAS in VO7; ERA-Interim in V05) for
constraining the retrieval.

The GPROF V07 algorithm has undergone several advancements since the preceding V05
algorithm (NASA 2022; Pfreundschuh et al. 2024). Whilst GPROF V05 formed the a-priori
database from CORRA V04 and DPR-Ku V04 retrievals over ocean and land/coast, respectively,
GPROF V07 upgraded the a-priori source to CORRA V07 over most land and ocean regions
(with other sources in snow/ice-surface regions). GPROF V07 has also addressed the lack of
orographically-enhanced precipitation in V05 by introducing two new mountain classes in the
retrieval scheme whereby the CORRA a-priori precipitation is increased to match ERAS. Spurious
coastal precipitation in the previous version of GPROF has been improved by splitting the V05
coast surface class into three new V07 coastal classes.

GPROF-CLIM’s surfacePrecipitation variable provides the instantaneous surface precipitation
rate, and the precipitationYesNoFlag variable defines whether there is surface precipitation within
the footprint. The surfaceTypelndex variable details the type of surface within the radiometer

footprint.

11
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c. GRtoGPROF

The Ground Radar to GPROF (GRtoGPROF) V2.4 Level-2 precipitation product produced by
the GPM VN (Schwaller and Morris 2011; Gatlin et al. 2020) provides temporally-coincident GR
and GPROF-GMI data spatially matched to the GPROF-GMI footprint resolution (NASA 2015).
The GR data are spatially matched to the GPROF-GMI data both along the GMI’s line-of-sight
slant path and the path perpendicular to the surface for each GR elevation scan (see figures 5.4—1
& 5.4-2 of NASA 2015, respectively), providing three-dimensional GR profiles that statistically
summarize (i.e., mean, standard deviation, maximum) the GR variables and retrievals, including
radar reflectivity factor, precipitation rate, and hydrometeor classification, within the intersecting
field of view (Gatlin et al. 2020). Note that GPROF’s precipitation rate estimates are limited to the
surface. GR precipitation rates at the GMI footprint scale are constrained to 0.01 < R <300 mmh™!,
with no-precipitation estimates (R = 0) retained if the GR measurements are below the precipitation
threshold and not contaminated by beam blockage. In the V2.4 matchup process, native-scale GR
precipitation rates outside of the 0.01 < R < 300 mm h™!' range are no longer excluded from
averaging, but instead subject to a statistical method to estimate out-of-range precipitation rates
which then are included in the averaging (Helsel and Cohn 1988). Temporal coincidence is ensured
by selecting the suite of GR scans for which the start time of the lowest-elevation GR scan falls
within £5 minutes of the GPM-CQ'’s closest approach to the GR.

GRtoGPROF matchups are only produced when precipitation covers >1% of the GR vicinity
at the time of a GPM-CO overpass, i.e., if the GPM-CO DPR observes precipitation in at least
twenty 4-km X 4-km pixels within 100-km range of the GR. Each GRtoGPROF data file provides
collocated GR and GPROF data within 125-km range of a select GR site. High-quality polarimetric
GR data are ensured by calibration and quality control procedures (Pippitt et al. 2015); in fact,
the aggregated suite of GRs have a bias of -0.40 dB (-1.2%) and mean absolute error of 2.28 dB
(10.7%) when their radar reflectivity factors are compared to those from the GPM-CO DPR above
the freezing level (results not shown; see Warren et al. 2018 and Watters et al. 2018 for details on
using the spaceborne DPR to check the calibration of GRs).

At present, the GRtoGPROF V2.4 matchup files are produced for GRs principally located across
CONUS, Brazil, Alaska, Australia, Hawaii and other tropical islands, in the period March 2014
— November 2023 (NASA 2024). The 32 VN GRs which provide oceanic measurements and
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are used in this analysis are depicted in Figure 2 with further details provided in Table 1. We
categorize the oceanic VN GRs into three latitudinal domains (high-latitude, mid-latitude and
tropical) based on the K&ppen-Geiger climate zones (Beck et al. 2023); note that the southern
Floridian GRs (KBY X and KAMX) are categorized as ‘tropical’ whilst the northern Floridian GRs
(KEVX, KTLH, KJAX, KTBW and KMLB) are categorized as ‘mid-latitude’ due to the transition
in Floridian climate zones from tropical (south) to subtropical (north). All oceanic VN GRs are
polarimetric and operate at S-band frequency, excluding the C-band polarimetric GR in Darwin,

Australia.

GPM Validation Network
Oceanic Radar Sites

;.EO°E 180°W 12(\J°W 60°IW 0"/ 60°E

Fic. 2. The GPM Validation Network oceanic radar sites selected for this analysis. The 32 radars are assigned
to tropical (12 radars), mid-latitude (18 radars) and high-latitude (2 radars) oceanic domains, informed by the
Koppen-Geiger climate zones (Beck et al. 2023). Each circle represents the GR’s 125-km radial coverage

centered on the GR’s location. Further details on the individual GRs can be found in Table 1.

The GPM VN retrieves precipitation rate estimates from the GR measurements using two different
algorithms. The Colorado State University Hydrometeor Identification Rainfall Optimization
algorithm (CSU-HIDRO; Cifelli et al. 2011) is a dual-polarization radar algorithm which uses the

polarimetric measurements and the hydrometeor identification (HID) of the precipitation field to
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ats TaBLE 1. A list of the GPM Validation Network’s oceanic radar sites selected for this analysis (Figure 2).
ais  The number of GPM-CO overpasses when precipitation occurs is limited to the analysis period, June 2014 —

a0 September 2021.

Oceanic Domain Name Latitude Longitude Location No. of GPM-CO Overpasses

High-Latitude PAEC 64.5114°N  165.2950°W  Nome, Alaska 924
PATH 59.4614°N  146.3030°W  Middleton Island, Alaska 1211

KLGX  47.1158°N  124.1070°W  Langley Hill, Washington 418

KBOX 41.9558°N 71.1369°W Taunton, Massachusetts 272

KOKX  40.8656°N  72.8639°W  Upton, New York 281

KDOX 38.8256°N 75.4397°W Dover, Delaware 257

KAKQ  36.9839°N  77.0072°W  Wakefield, Virginia 10

KMHX  34.7761°N 76.8761°W Newport, North Carolina 334

KCLX 32.6556°N  81.0422°W  Grays, South Carolina 244

KMOB  30.6794°N  88.2397°W  Mobile, Alabama 303

Mid-Latitude KEVX  30.5644°N  85.9214°W  Eglin AFB, Florida 253
KIAX 30.4847°N 81.7019°W Jacksonville, Florida 280

KTLH 30.3975°N  84.3289°W  Tallahassee, Florida 268

KLIX 30.3367°N  89.8256°W  Slidell, Louisiana 129

KLCH 30.1253°N 93.2158°W Lake Charles, Louisiana 265

KHGX  29.4719°N  95.0792°W  Dickinson, Texas 281

KMLB 28.1133°N 80.6542°W Melbourne, Florida 331

KCRP 27.7842°N 97.5111°W Corpus Christi, Texas 187

KTBW  27.7056°N  82.4017°W  Ruskin, Florida 288

KBRO 25.9161°N 97.4189°W Brownsville, Texas 197

KAMX 25.6111°N  80.4128°W  Miami, Florida 383

KBYX 24.5975°N 81.7031°W Boca Chica Key, Florida 389

PHKI 21.8942°N  159.5520°W  Kauai, Hawaii 302

PHMO  21.1328°N  157.1800°W  Molokai, Hawaii 257

TIUA 18.1156°N 66.0781°W San Juan, Puerto Rico 383

Tropical PGUA 13.4544°N  144.8080°E ~ Guam 308
DARW  12.2522°S 131.0430°E ~ Darwin, Australia 39

KWAJ 8.7180°N 167.7330°E ~ Kwajalein, Marshall Islands 474

NT1 5.9044°S 35.2540°W  Natal, Brazil 147

MCl1 9.5514°S 35.7708°W  Maceio, Brazil 232

SV1 12.9025°S 38.3267°W  Salvador, Brazil 231

ST1 19.9888°S 40.5794°W  Santa Teresa, Brazil 56

»s guide the choice of polarimetric rainfall retrieval. For light precipitation, when the polarimetric
»s Measurements can be too noisy, a reflectivity-rain rate (Z—R) relation is often used. The CSU-

22 HIDRO uses a static Z—R relation in these instances. However, the Z—R relation can exhibit much
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variability as the overlying microphysical regime changes (Ulbrich and Atlas 1998; Kirstetter et al.
2015). To address this concern, a polarimetrically-tuned Z—R algorithm (Bringi et al. 2004)
is also employed which estimates precipitation across the intensity spectrum using Z = aR'>,
where a is tuned by polarimetric measurements informing on the drop size distribution. In
this analysis, CSU-HIDRO precipitation estimates (VN variable: GR_RC _rainrate _slantPath) are
selected as the ground reference over tropical and mid-latitude oceans to utilize the most appropriate
polarimetric rainfall estimator for moderate and heavy precipitation in these domains. We select
the polarimetrically-tuned Z—R precipitation estimates (VN variable: GR_RP _rainrate_slantPath)
over high-latitude oceans because this algorithm utilizes a varying Z—R relation, which should
better depict the prevalent light precipitation intensities there than the constant Z—R CSU-HIDRO
relation. Note that precipitation rate estimates are not produced for ice-phase precipitation by either
algorithm, and hence ice-phase precipitation is not evaluated in this study. The VN retrieves HID
following the Dolan et al. (2013) algorithm, for which freezing level information is imported from

the Rapid Update Cycle model over CONUS and the NOAA Global Forecast System elsewhere.

3. Methodology

Gridded precipitation rates from IMERG-GMI Final Run VO6B & V07B and GPROF-CLIM V05
& V07 are evaluated against the reference VN GRs over high-latitude, mid-latitude and tropical
oceanic regions (Figure 2). This suite of GPM products is analyzed for all GMI precipitating
overpass events. The analysis period, June 2014 — September 2021, is chosen for consistency
when evaluating IMERG-GMI across multiple versions, as VO6B is not available beyond this
period. The case study in Figure 3 showcases the gridding process (panels a & b) and error tracing
from GPROF-CLIM to IMERG-GMI across two GPM product versions (panels ¢ & e, and d & f,
respectively).

The methodology has several key steps. To facilitate the IMERG-GMI error diagnosis, the GR
and GPROF-CLIM precipitation products are gridded to IMERG’s spatial resolution, and errors
are traced from GPROF-CLIM through successive steps of the IMERG algorithm. Quality control
procedures are applied to support diagnosis activities, such as restricting the analysis to open ocean
regions with high-quality liquid-phase GR retrievals. Finally, a range of statistical measures are

applied to diagnose the detection and quantification skills of the GPM products.
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KBYX - 20201111 - GPM Granule 038096
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Fic. 3. A case study of precipitation retrievals from Florida’s Boca Chica Key GR (KBYX), GPROF-CLIM
and IMERG-GMI corresponding to the GPM-CO GMI overpass (granule 38096) on 11 November 2020 at 13:57
UTC. The VN’s GR estimates from the lowest elevation scan (start time 13:57:02) are depicted at both a) the
GPROF-GMI footprint scale (10.9 km X 18.1 km), and b) on the IMERG 0.1° x 0.1° grid. Gridded GPROF-
CLIM c) VO5C and d) VO7A retrievals (13:56:00-13:56:34), and the respective IMERG-GMI e) VO6B and f)
VO7B retrievals (13:30:00 — 13:59:59) are presented (depicting the first and last steps in the IMERG-GMI VO6B
and VO7B algorithms, respectively; Figure 1). Precipitation rates below 0.03 mm h™! are set to white to signify

no rain. The red circle represents 125-km range from the GR.
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a. Gridding Process

IMERG’s backward gridding technique is used to grid the GR and GPROF-CLIM precipitation
estimates at the GPROF-GMI footprint scale to the IMERG 0.1° x 0.1° grid scale (Figure 3a &
b). This gridding facilitates error tracing from GPROF-CLIM to IMERG by providing a field not
currently available in the IMERG data files: the gridded-but-uncalibrated PMW precipitation rates
(Figure 1). Backward gridding, also known as “nearest source to destination”, assigns a satellite
footprint value to the closest grid box/es on a cylindrical equidistant grid (see Watters et al. 2024 for
more details). The gridded GPROF-CLIM precipitation rates are rounded to two decimal places,
then rates below 0.03 mm h™! are set to zero (i.e., no-rain); a further VO7 gridder criterion is
that any GPROF-CLIM V07 footprint flagged as containing no precipitation is also set to zero in
the respective grid box/es. In this study, GPROF-CLIM’s surface type index is also subject to
backward gridding. For the V06 analysis, we do not subject the GR or GPROF-CLIM gridded
precipitation rates to the IMERG V06B gridder geolocation offset (Section 2a; Watters et al. 2024),
though the subsequent IMERG-GMI VO6B variables include the offset as they are output by the
IMERG V06B product.

In contrast, other GR geophysical variables, such as HID and GR measurement bin height, are
gridded by the fine/average technique (Watters et al. 2024) because it provides a representation
of the intra-grid-box spatial distribution (unlike the IMERG backward gridder) by weighting
the contribution of multiple nearby GMlI-scale footprints. The fine/average gridder assigns a
GR variable at the GPROF-GMI footprint scale to the nearest grid box on a finer-resolution
0.025° x 0.025° cylindrical equidistant grid, before mapping the mean/mode of the sixteen fine-
scale grid boxes to the encompassing 0.1° x 0.1° grid box; the mode statistic is used for HID and

GR measurement bin height.

b. IMERG-GMI Error Tracing

In this analysis, we diagnose IMERG-GMTI’s oceanic performance by tracing systematic and
random errors from the inception of the IMERG algorithm (variable 1: GPROF-CLIM) through to
the terminal result (variable 4: Cal; Figures 1 & 3). Only statistical results from the GPROF-CLIM,
IMERG-GMI [MW] and IMERG-GMI [Uncal] error tracing variables are shown, as the Uncal and

Cal variables are equal over ocean where there is no gauge calibration. Consequently, IMERG-
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GMI [Uncal] (variable 3 of 4; Figure 1) can be considered the final output from IMERG V07B
for GMI oceanic overpasses; note that rare instances of IR influence introduced by the SHARPEN
scheme into IMERG-GMI V0O7B [Uncal] are removed from this analysis. Alternatively, IMERG-
GMI [MW] (variable 2 of 4) can be considered as this final output for IMERG-GMI V06B over
ocean since the GMI grid boxes are not subject to PMW propagation or the KF (unlike in V07)
and hence MW, Uncal and Cal provide identical statistics. This means that IMERG-GMI V06B
errors can only arise from two algorithm procedures, the IMERG V06B geolocation offset and
the CORRA-GPCP calibration scheme (Figure 1; GPROF-CLIM — MW), whose disaggregated
errors have been analyzed by Watters et al. (2024) and hence are not assessed here. Figures 3,

4 & 6 show the final oceanic output when referencing IMERG-GMI.

c. Quality Control Criteria

Several quality control criteria are applied prior to evaluation of the GPM products. Oceanic
analysis away from coastlines is ensured by selecting the open-ocean criteria from both GPROF
(surfaceTypelndex = 1) and IMERG (percSurfaceWater > 75%). Only grid boxes that reside within
75-km of the GR location are analyzed to limit GR range-based effects and ensure surface-based
comparisons (Watters et al. 2018); this largely limits the GR observations to <0.66 km above the
surface. Furthermore, grid boxes are restricted to those where the top of the GR measurement bin
is at least 1 km below the 0°C level to avoid radar reflectivity bright band artifacts.

We assess the performance of GPROF-CLIM and IMERG-GMI in detecting liquid- and mixed-
phase precipitation (i.e., distinguishing precipitation occurrence), but then restrict the quantification
analysis to liquid-phase precipitation only (i.e., capturing precipitation rate). Including all precipi-
tation types except ice-phase precipitation (due to their exclusion in GR retrieval algorithms) in the
detection assessment prevents skewed occurrence values, whilst the quantification assessment is
limited to rainfall and drizzle only as radar retrievals are better tuned to liquid-phase hydrometeors
(Rauber and Nesbitt 2018). In the quantification analysis, grid boxes are limited to those for which
both the GPM and GR products have precipitation rates > 0.03 mm h™! (i.e., the IMERG minimum

precipitation rate).
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d. Validation Statistics

Validation statistics are determined for each oceanic domain, utilizing the aggregation of quality-
controlled grid boxes from each GR within the domain for the respective detection and quantification
assessments of the GMI products.

To assess the precipitation detection performance of the GPM GMI products, a set of contingency
table values are determined. Hit (/) is the number of grid boxes where both the GMI and GR
detected precipitation (i.e., Rgmr = Rires. & RGR > Runres., Where R is precipitation rate and
thres. represents threshold). Miss (m) is the number of grid boxes where the GMI did not detect
precipitation but the GR did (i.e., Rgmr < Rinres. & RGR = Rihres.). Correctrejection (¢) is the number
of grid boxes in which both the GMI and GR did not detect precipitation (i.e., Rgmr < Rinres. &
RGR < Rinres.). False alarm (f) is the number of grid boxes where the GMI detected precipitation
but the GR did not (i.e., Rgmr = Rihres. & RGR < Rinres.)- In this study, a range of thresholds will be
used to examine the detection skill at various intensities.

These contingency table values are used to determine various statistical measures including the

probability of detection (POD):
h

POD = ,
h+m

ey

which details the ratio of GR precipitation events that the GMI detects and has an optimal value of

1, and the false alarm ratio (FAR):
f

FAR = —/—,
f+h

2)

which assesses the ratio of GMI precipitation events for which the GR does not detect precipitation

and has an optimal value of 0. Finally, the Heidke Skill Score (HSS; Heidke 1926):

2(hc— fm)

HSS: )
f24+m?+2hc+(f+m)(h+c)

3)

is an equitable performance score which we use to assess the precipitation detection skill of the
GMI algorithms, i.e., the HSS quantifies the ability to distinguish between precipitation and no
precipitation. The optimal HSS of 1 signifies that the GMI and the reference GR completely align in
their detection of precipitation, whilst a score of 0 signifies that the GMI algorithm can distinguish

precipitation occurrence no better than random chance when compared to the reference GR. A HSS
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above 0.3 represents significant skill in satellite detection of precipitation (Derin et al. 2021). The
GR threshold which maximizes the HSS when considering all positive GMI precipitation rates can
be defined as the GMI detection threshold (Kirstetter et al. 2015; Watters et al. 2018), because the
reference GR is considered to better quantify the GMI detections than the GMI itself. We use this
definition to determine the GMI oceanic detection threshold for GPROF-CLIM and IMERG-GMI.

The performance of the GMI products for quantifying oceanic liquid precipitation is assessed
with another set of statistical measures. GMI systematic errors are defined by the normalized mean
relative bias:

. . Zi=1 AR[
Mean Relative Bias [%] = —7——— % 100%, 4)

and the normalized mean absolute bias:

Z,]'\il |ARi|

Mean Absolute Bias [%] = v - X 100%, (5)

e Ror,i

where i is the grid box index, N is the sample number of grid boxes, Rgmi; and Rggr; are the
precipitation rates for the GMI and GR products at grid box i, respectively, and AR; = Romr,; — RGr.;i-
Random errors are defined by the statistic:

31 AR = AR;|

Random Error [%] = ~ % 100%, (6)
e Ror,i

which is a first-order equivalent to the second-order standard deviation statistic, where A_R, =
(Zfi | AR;)/N and RGr = (Zf\; | RGr,i)/N. All error statistics have an optimal value of 0%. Negative
mean relative biases express underestimation by the GMI relative to the GR, whilst positive values
express overestimation. The linear correlation between the GMI products and the GR is assessed

using the Pearson correlation coefficient, which has an optimal value of 1.

4. Results

IMERG-GMI V06B and VO7B are assessed relative to the GPM VN GRs for June 2014 —
September 2021.
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Fic. 4. HSS over high-latitude (a & b), mid-latitude (c & d), and tropical oceans (e & f) as a function of
GMI (GPROF-CLIM V07 and IMERG-GMI Final Run VO7B) and GR precipitation—no precipitation thresholds.
Results are restricted to GMI overpasses when precipitation occurs in the GR vicinity in the period June 2014
— September 2021. The black circle represents the GMI and GR thresholds that give the maximum HSS (i.e.,
the best agreement between the GMI and the GR when distinguishing precipitation and no precipitation; see
plot subtitles), the red cross represents the GMI detection threshold, and the magenta line highlights the GMI

threshold that gives the maximum HSS as a function of the GR threshold.
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a. Detection Performance Analysis

Figure 4 and Table 2 depict the variation in oceanic precipitation detection performance between
GPROF-CLIM, IMERG-GMI [MW] and IMERG-GMI [Uncal]. We focus on the HSS metric
as it quantifies GMI detection performance relative to the balance between hits, misses, correct
rejections and false alarms, with higher HSS values signifying improved detection capabilities.
Two-dimensional HSS histograms can be informative on many aspects of IMERG performance
(Derin et al. 2021); for instance, the maximum HSS line (magenta line) in Figure 4 typically resides
below the 1:1 line for the tropical ocean and above the 1:1 line for the mid- and high-latitude
oceans, signifying that the GMI V07 products tend to underestimate tropical oceanic precipitation
and overestimate oceanic precipitation (to a lesser extent) outside of the tropics, respectively (Wolft
and Fisher 2009). However, we focus on the satellite detection threshold component of the 2D
HSS in this study.

GPROF-CLIM exhibits markedly higher precipitation detection skill relative to IMERG-GMI
over all oceanic domains (Figure 4; evident from the maximum HSS), with a tendency for degrada-
tion in detection skill across subsequent IMERG algorithm steps (see the POD and HSS trends in
Table 2). However, IMERG-GMI VO7B better retains the detection performance of the algorithm-
input GPROF-CLIM compared to IMERG-GMI V06B (Table 2). Interestingly, the reduction in
FAR and POD from GPROF-CLIM to IMERG-GMI suggests that IMERG reduces the precipitation
occurrence from the input GPROF-CLIM estimates.

The results also suggest that the oceanic precipitation detection skill of the GMI products
improves with latitude. This HSS latitudinal dependency is likely due to the tendency for small-
scale fast-evolving isolated convective events over tropical ocean, with spatial scales smaller than
the GMI footprints and sparse GPM-CO sampling limiting detectability, and widespread stratiform
events over high-latitude ocean, with spatial scales larger than the GMI footprints which enhance
detectability.

This HSS analysis allows for a novel assessment of the GMI detection threshold for oceanic
precipitation by identifying the GR threshold which maximizes the HSS when all positive GMI
precipitation rates are considered (see the bottom row and red cross for each panel in Figure 4;
Kirstetter et al. 2015). Figure 5 highlights the variation in the GMI detection threshold when
traced through the IMERG V06B & VO07B algorithms across various oceanic domains. IMERG-
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TaBLE 2. Oceanic precipitation detection statistics for IMERG-GMI Final Run and GPROF-CLIM relative to
the GPM VN GRs. A precipitation-no precipitation threshold of 0.03 mm h! is placed on the respective GMI
and GR datasets for these results. The period of record is June 2014 — September 2021 when the GPM-CO
GMI overpasses precipitating fields close to the GRs. Bold font highlights the best value of a statistical measure

within a specific oceanic domain, whilst italic font highlights the respective worst value.

Oceanic Product POD FAR HSS
Domain
GPROF-CLIM V07 0.73 0.17 0.71
IMERG-GMI [MW] V07B 0.69 0.13 0.70
IMERG-GMI [Uncal] VO7B 0.69 0.16 0.68
High-Latitude
GPROF-CLIM V05 0.68 0.16 0.68
IMERG-GMI [MW] V06B 0.63 0.13 0.66
IMERG-GMI [Uncal] VO6B 0.63 0.13 0.66
GPROF-CLIM V07 0.84 0.24 0.70
IMERG-GMI [MW] VO7B 0.79 0.20 0.70
IMERG-GMI [Uncal] VO7B 0.77 0.21 0.68
Mid-Latitude
GPROF-CLIM V05 0.81 0.23 0.69
IMERG-GMI [MW] V0O6B 0.63 0.15 0.62
IMERG-GMI [Uncal] VO6B 0.63 0.15 0.62
GPROF-CLIM V07 0.71 0.21 0.64
IMERG-GMI [MW] V07B 0.70 0.19 0.64
IMERG-GMI [Uncal] VO7B 0.67 0.21 0.61
Tropical
GPROF-CLIM V05 0.72 0.24 0.63
IMERG-GMI [MW] V06B 0.54 0.22 0.51
IMERG-GMI [Uncal] VO6B 0.54 0.22 0.51

GMI VO07B once again improves upon its predecessor VO6B by exhibiting lower GMI detection
thresholds over the high-latitude and mid-latitude oceans (VO7B: 0.03 mm h'! & 0.03 mm h'!,
respectively; VO6B: 0.10 mm h™! & 0.06 mm h'!, respectively). Over the tropical ocean, both
IMERG-GMI versions have the same GMI detection threshold (VO7B & VO06B: 0.05 mm h™!).
In terms of IMERG-GMI error tracing, IMERG-GMI VO7B retains the GMI detection threshold
of the algorithm input GPROF-CLIM V07 over all oceanic domains when subjecting GPROF-
CLIM to CORRA-GPCP calibration and SHARPEN processes. The 0.1°-eastward geolocation
error and CORRA-GPCP calibration in IMERG-GMI VO06B cause a deterioration in the GMI
detection threshold from input GPROF-CLIM V05 over the high-latitude ocean (GPROF-CLIM
V05: 0.03 mm h''; IMERG-GMI [MW] VO06B: 0.10 mm h™') and mid-latitude ocean (GPROF-
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Fic. 5. Bar charts of the GMI detection threshold for subsequent steps in the IMERG V06B and VO7B
algorithms over the (a) high-latitude ocean, (b) mid-latitude ocean, and (c) tropical ocean. The GMI detection

threshold for the first and last step in the IMERG VO07B algorithm can be identified by the red cross in Figure 4.

CLIM VO05: 0.03 mm h™'; IMERG-GMI [MW] VO6B: 0.06 mm h™"). Furthermore, this IMERG-
GMI VO06B deterioration has a latitudinal dependency, with increasing deterioration at higher
latitudes. Another latitudinal dependency is apparent in GPROF-CLIM V07 and IMERG-GMI
VO07B, such that the GMI can detect lighter precipitation over the high- and mid-latitude oceans
(0.03 mm h'!) than over the tropical ocean (0.05 mm h!). A higher GMI detection threshold over
the tropical ocean is likely caused by a tendency for isolated convective events close to the Equator
that are not easily detected by the GMI’s lower-frequency 18.7-GHz & 36.5-GHz channels (favored
for detecting oceanic precipitation; Hou et al. 2014) due to their sub-footprint scale, requiring these
events to have higher precipitation rates to be identified by the GMI. Furthermore, these isolated
tropical events are often warm rain (Schumacher and Houze 2003; Lau and Wu 2003), which the
GMI struggles to detect.

Figure 4 highlights that the precipitation-no precipitation thresholds for the GMI and GR products
which provide the maximum HSS (see the black circles) are highly variable between oceanic

domains and between the different IMERG-GMI algorithm variables, but the HSS values across
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the range of thresholds are typically similar. Consequently, we select a consistent precipitation—no
precipitation threshold of 0.03 mm h™! for the subsequent quantitative performance analysis. There
are two reasons for selecting this precipitation-no precipitation threshold: 1) this is the IMERG
minimum precipitation rate, which ensures that the sample size for the subsequent precipitation-
only analysis is maximized; and 2) the detection skill at this threshold remains similar to those

which provide the maximum detection skill (i.e., HSS values with a <0.06 difference).

b. Quantitative Performance Analysis

Figure 6 showcases density scatterplots comparing the rainfall estimates from the GMI V07
products to the VN GRs over various oceanic domains. Only rainfall rates above the selected
precipitation-no precipitation threshold of 0.03 mm h'! are considered. Each oceanic domain
is well sampled across the analysis period, with all GMI-GR comparisons over high-latitude and
tropical oceans having >33,000 samples (Figure 7). The rainfall sample over the mid-latitude ocean
is lower, ranging between 10,177 and 13,314 for the GMI products; note that most mid-latitude
GRs are located on CONUS coastlines where roughly half of their radar sampling is over land
(Figure 2). Interestingly, the sample size reduces with successive steps through the IMERG-GMI
V06B & VO7B algorithms, suggesting that the CORRA-GPCP calibration process (and SHARPEN
scheme in VO7 only) can reduce some GPROF-GMI rainfall rates below the IMERG minimum
precipitation rate, particularly over the tropical ocean. However, the IMERG-GMI V07B algorithm
retains more rainfall events from the input GPROF-CLIM product than its VO6B counterpart, as
evident from smaller reductions in sample size with each successive IMERG-GMI variable.

The mean relative bias of IMERG-GMI and GPROF-CLIM is latitudinally dependent over
ocean (Figures 6 & 8). Specifically, the GMI products overestimate high-latitude oceanic rainfall
and underestimate tropical oceanic precipitation relative to the reference GRs, as evident by the
quantile-quantile (blue) line generally residing above the 1:1 (black) line in Figure 6 and vice versa,
respectively. Furthermore, GPROF-CLIM’s mean absolute bias and random error decrease with
increasing latitude whilst the correlation with the VN GRs increases (Figures 9—11). Whilst the
trend of increasing correlation with increasing latitude translates from GPROF-CLIM to IMERG-
GMI, GPROF-CLIM’s trend in mean absolute bias and random error does not. The latitudinal

dependency on systematic and random errors in GMI products over ocean may be explained
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Fic. 6. Density scatterplots of gridded rainfall estimates from GPROF-CLIM V07 and IMERG-GMI V07

relative to the GPM VN’s GRs over high-latitude ocean (a & b, respectively), mid-latitude ocean (¢ & d,

respectively), and tropical ocean (e & f, respectively). Results are restricted to GMI overpasses when precipitation

occurs in the GR vicinity in the period June 2014 — September 2021. The quantile-quantile line is blue, and the

1:1 line is black.
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Fic. 8. As in Figure 5, but for mean relative bias.

ss Dy the precipitation typology; tropical waters are more susceptible to convective precipitation,

s« which GPROF GMI tends to underestimate with higher variability, whilst high-latitude waters are

so - more susceptible to stratiform precipitation, which GPROF GMI tends to overestimate with lower
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variability (Kirstetter et al. 2020; Watters 2021). Furthermore, the GMI’s reduced sensitivity to
tropical oceanic precipitation (Figure 5), likely caused by a tendency for isolated, oceanic warm rain
events close to the Equator, may explain the GMI’s underestimation of tropical oceanic precipitation
relative to GRs, which are less susceptible to missing warm rain events due to their finer spatial

resolution and higher sensitivity compared to the GMI.

Mean Absolute Bias
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F1G. 9. As in Figure 5, but for mean absolute bias.

Successive IMERG algorithm components tend to reduce its performance in estimating oceanic
precipitation rates at GMI overpasses. This is evident from statistical measures such as mean
absolute bias, random error and correlation (Figures 9—11), and is particularly prominent over the
mid- and high-latitude oceans. However, the CORRA-GPCP calibration applied to GPROF-CLIM
in IMERG-GMI VO7B does reduce the mean relative bias over tropical and mid-latitude oceans,
whilst SHARPEN increases the mean relative biases over all oceanic domains. Whilst IMERG-GMI
performance slightly degrades through the algorithm, the IMERG algorithm is designed to optimize
measures such as greater consistency amongst constellation sensors rather than mean absolute bias,
random error and correlation in pursuit of producing a high-quality multi-satellite precipitation
product (Tan et al. 2021). Consequently, some degradation in these metrics is to be expected.

In particular, post-processing calibration schemes, such as the CORRA-GPCP calibration applied
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s to input GPROF-CLIM data, can help to improve systematic errors but result in degradations of

sss random errors and correlations (Ciach et al. 2000; Shen et al. 2024).
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FiG. 11. As in Figure 5, but for correlation.
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Over the tropical ocean, the degradation in error metrics from GPROF-CLIM V05 to IMERG
VO6B is caused by the IMERG V06B 0.1°-eastward gridder offset, because the CORRA-GPCP
calibration process has little effect on performance (Watters et al. 2024). With the geolocation error
corrected in IMERG V07B, tropical oceanic performance is consistent throughout the algorithm.

Over the high-latitude ocean, the GPCP climatological adjustment in IMERG’s CORRA-GPCP
calibration scheme drives the increase in overestimating mean relative bias from GPROF-CLIM
(VO7: 422%; V05: +16%) to IMERG-GMI (VO07: +50%; V06: +143%; Watters et al. 2024).
A degradation in the mean absolute bias, random error and correlation of IMERG-GMI is also
driven by the GPCP climatological adjustment process (Figures 9a, 10a, & 11a, respectively).
Notably, IMERG-GMI V07B significantly improves upon the high-latitude oceanic errors of its
VO06B counterpart, which is likely due to the reduction in GPCP’s Alaskan oceanic precipitation
rates from V2.3 (used in IMERG V06B) to V3.2 (used in IMERG VO07B; see figure 4 of Huffman
et al. 2023a).

5. Discussion

This IMERG-GMI error tracing analysis is designed to identify potential improvements at each
step of the IMERG algorithm (Figure 1) and provide an update on its performance in the wake of the
recent VO7B release in January 2024. It is evident that IMERG VO07B outperforms IMERG V06B
at GMI overpasses in almost all statistical measures including precipitation detection measures,
rainfall systematic and random errors, and correlations (Figures 6—11). This improvement between
versions appears to be driven by improvements to the CORRA calibration and GPCP climatological
adjustment processes which are most impactful over higher-latitude oceans, and the removal of
the VO6B PMW gridding geolocation error which is particularly important over the tropical
ocean (Watters et al. 2024). The importance of these IMERG improvements is highlighted by
the minimal statistical differences between GPROF-CLIM GMI V05 & V07. IMERG’s PMW
calibration scheme is the most impactful in terms of statistical measures and so consideration
of further improvements to this algorithm step for future product versions is recommended. The
results of this study suggest removing IMERG’s GPCP climatological adjustment over high-latitude

ocean.
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This IMERG-GMI oceanic evaluation contributes to the precipitation research community’s
drive to better constrain oceanic precipitation and improve our representation of the Earth’s water
and energy budgets. In particular, this analysis identifies important latitudinal error trends in
IMERG-GMI performance. Furthermore, the tendency for GPCP to largely overestimate northern
high-latitude oceanic precipitation (as evident from the IMERG-GMI error tracing technique and
Watters et al. 2024) is seemingly still prevalent in the latest V3.2 product, although reduced from
V2.3. The GPCP algorithm development team may consider how to further reduce this high-latitude
overestimation of oceanic precipitation in future algorithm versions (Watters et al. 2024). Whilst a
GPCP diagnosis is not possible currently, as the GPM VN is tailored to GPM-CO overpasses only
and GPCP does not provide algorithm-step outputs like IMERG at present, this study highlights
how evaluating IMERG can support GPCP due to their intertwined nature (Huffman et al. 2023a,c).

GR retrievals are considered a reference in this study, like many others, yet should not be
considered as absolutely accurate due to innate radar uncertainties (e.g., calibration, elevated scans,
signal attenuation, beam blockage, beam resolution, non-uniform beam filling, etc.), and the errors
and uncertainties in the physical algorithms which convert radar measurements to precipitation
estimates (Kirstetter et al. 2020; Cifelli et al. 2011). Compared to the preceding study by Watters
etal. (2024), we have alleviated some GR issues. In particular, we have reduced range-based effects
by reducing the analyzed GR range from 125 km to 75 km, and removed the impact of coastline
effects on our open ocean results by introducing the GPROF surface type criteria which categorizes
coastal waters. Furthermore, the CSU-HIDRO GR retrievals are now replaced at high-latitudes by
the polarimetric Z—R retrievals, which has resulted in a reduction in the apparent GMI biases.

When comparing this analysis to our preceding IMERG-GMI V06B oceanic diagnosis (Watters
et al. 2024), there is consistency in the IMERG-GMI V06B high-latitude errors after the addition
of a further GR in Nome, AK (PAEC) and stricter quality controls. However, the mean relative bias
for IMERG-GMI V06B over the tropical ocean has drastically changed from +12% in the previous
study to —35% in this study. This is likely caused by the inclusion of eight additional GRs within
the tropical domain (including sites in Brazil, Australia and Florida) and stricter quality control
procedures.

This study shows that IMERG-GMI V06B & VO07B tend to underestimate tropical oceanic
precipitation, which is consistent with Wang et al. (2022), who compared IMERG V05 & V06B
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to a single GR around Kwajalein waters at the half-hourly scale, and Wu and Wang (2019), who
compared IMERG V05 to buoys spread across the tropical Pacific, Atlantic and Indian Oceans.
Other tropical ocean studies found overestimation by IMERG V04A (Prakash et al. 2018) and
IMERG VO06B (Pradhan and Markonis 2023) when compared against a cluster of hourly buoys, and
this was reaffirmed for IMERG VO06B relative to monthly Pacific atolls (Bolvin et al. 2021). Our
findings may differ from other studies as we assess IMERG at GMI overpasses only, whilst other
studies consider all GPM constellation radiometers and IR sensors in their IMERG assessments.
Further differences may be driven by varying tropical oceanic precipitation biases with longitude
(Wu and Wang 2019; Pradhan and Markonis 2023), and the potential for oceanic biases to flip from
underestimates at the half-hourly scale to overestimates at the daily scale (Bytheway et al. 2023).
Over the mid-latitude ocean surrounding CONUS, our results agree with the findings of Derin
et al. (2022) that IMERG overestimates oceanic precipitation in this region. Whilst Derin et al.
(2022) quantify the mean relative bias ranging between +26% and +36% for IMERG V06B, our
analysis quantifies lower biases of +17% and +10% for IMERG-GMI V06B & VO7B, respectively.
As the GMI is the highest-quality sensor input to IMERG, improved performance by IMERG-
GMI compared to IMERG, which incorporates many PMW and IR sensors, is to be expected.
Several studies have highlighted that IMERG V05 & VO06B tend to underestimate precipitation
over global oceans using shipborne disdrometers (Khan and Maggioni 2019; Kucera and Klepp
2022) and passive aquatic listeners (Bytheway et al. 2023). When accumulating all GR results, we
corroborate that IMERG-GMI VO07B also underestimates precipitation across the global oceans
(mean relative bias of —16%), though find that IMERG-GMI V06B overestimates global oceanic
precipitation (+9%).

A novelty of this study beyond the error tracing technique is the GPM VN’s oceanic GR network.
To our knowledge, the GPM VN offers the most extensive collection of oceanic GRs under a
consistent framework to date. When also factoring in the 7+ years of data from most GRs, the
GPM VN’s suite of oceanic GRs is primed for further oceanic precipitation validation studies.
The main limitation of the GPM VN is the restriction of the GR data to GMI overpasses only,
and future updates may consider providing quality-controlled GR data across the entire GPM
era to support assessments of other satellite precipitation products. Matchups to other GPM

constellation members beyond the GMI would facilitate advanced IMERG error tracing and direct
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further IMERG algorithm improvements, establishing a more robust program of record for future

spaceborne precipitation observing missions (e.g., Braun et al. 2022).

6. Conclusion

We evaluate how the NASA IMERG Final Run VO6B & V07B products perform in detecting
and quantifying precipitation across the high-latitude, mid-latitude and tropical oceans at instances
of GPM-CO GMI overpasses (a.k.a., IMERG-GMI). This study assesses IMERG-GMI’s oceanic
performance between June 2014 — September 2021, and restricts the analysis to only GMI over-
passes to facilitate an extensive error tracing activity, which is paramount for supporting future
algorithm developments. Oceanic IMERG-GMI error tracing is made possible by the GPM VN,
which spatially and temporally matches GR precipitation estimates to the footprint scale of the
IMERG-input GPROF climate (GPROF-CLIM) GMI product (10.9 km x 18.1 km) across coastal
and island-based GR sites (Figure 2). We then grid these GMI-resolution GR and GPROF-CLIM
precipitation estimates to the IMERG grid (0.1° X 0.1° resolution) and utilize the suite of IMERG
outputs to validate IMERG-GMI oceanic precipitation at each successive step in the algorithm
(Figure 1). This analysis has been instrumental in assessing the new SHARPEN scheme (Tan et al.
2021) and further updates to the IMERG VO07B algorithm.

The key results of this study include:

1. IMERG VO07B tends to better detect and quantify oceanic precipitation than its predecessor
VO06B at GMI overpasses (Table 2, Figures 5 & 8-11). Furthermore, IMERG-GMI V07B
tends to better retain the performance of the input GPROF-CLIM product than IMERG-GMI
VO6B.

2. The GMI detects lighter precipitation over the high- and mid-latitude oceans (> 0.03 mm h™!)
than the tropical ocean (= 0.05 mm h™!) for both GPROF-CLIM V07 & IMERG-GMI V07B
(Figure 5). The GMI detection capabilities likely degrade over the tropical ocean due to the
tendency for isolated convective events at scales smaller than the GMI’s 18.7 GHz channel,
whilst precipitation fields outside of the tropics are more widespread and hence more easily

detected.
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3. The mean relative biases for IMERG-GMI and GPROF-CLIM vary with latitude, from larger
underestimation over the tropical ocean, to smaller overestimation/underestimation over the

mid-latitude ocean, to larger overestimation over the high-latitude ocean (Figure 8).

4. IMERG-GMI performance in quantifying oceanic precipitation rates tends to degrade with
successive algorithm steps, particularly over the mid- and high-latitude oceans. Specifically,
statistics such as mean absolute bias, random error and correlation degrade after the CORRA-
GPCP calibration scheme is applied to GPROF-CLIM, and after the SHARPEN process is
conducted (in VO7B only; Figures 9-11). However, the CORRA-GPCP calibration scheme
in VO7B does reduce the mean relative bias over tropical and mid-latitude oceans (Figure 8).
The IMERG algorithm pursues production of a high-quality multi-satellite precipitation prod-
uct, and consequently optimizes measures other than mean absolute bias, random error and

correlation.

5. The removal of the IMERG V06B gridder geolocation offset in IMERG V07B has driven
its improved capability in retaining the quantitative performance of the input GPROF-CLIM
product (Figures 8—11; Watters et al. 2024).

6. The large systematic and random errors over Alaskan high-latitude waters found in IMERG-
GMI VO06B have been reduced in IMERG-GMI VO07B, likely due to the reduction in GPCP’s
Alaskan oceanic precipitation rates in the latest V3.2 product (Figures 8—10; Watters et al.
2024). Further improvements to GPCP’s overestimating bias over Alaskan waters would

support improved IMERG-GMI performance in this oceanic domain.

This IMERG-GMI error tracing analysis is the first to evaluate IMERG VO7B and to assess how
the VO7B upgrades have contributed to improvements over VO6B. Error tracing analyses for Level-
3 multi-satellite precipitation products are critical for understanding their intrinsic uncertainty and
improving our estimation of global precipitation (Roca et al. 2021), and this study highlights the
value of directed synergistic efforts between product validation scientists and algorithm develop-
ment teams. These findings have identified targeted improvements to the IMERG algorithm in
preparation of the upcoming V08 algorithm, which is expected to be the final substantive IMERG
update in the GPM era.
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Future work should utilize this IMERG-GMI error tracing framework to evaluate IMERG per-
formance across global land regions and assess VO8 performance when it is released. The GPM
VN can support future IMERG-GMI studies; whilst originally used to verify that the GPM mission
science requirements were met, the GPM VN will be upgraded from a Level-2 (satellite footprint)
system to incorporate a Level-3 (gridded) ground validation product, using the methodology of
this study and Watters et al. (2024), as originally intended (Hou et al. 2013; Skofronick-Jackson
et al. 2017). This study highlights the value of further GPM VN advancements to include the
other GPM constellation members, and for full GPM error tracing through the chain of Level-2
and Level-3 GPM products (DPR — CORRA — GPROF — IMERG).
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