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ABSTRACT
Characterization of the error associated with quantitative precipitation estimates (QPEs) from spaceborne
passive microwave (PMW) sensors is important for a variety of applications ranging from flood forecasting to
climate monitoring. This study evaluates the joint influence of precipitation and surface characteristics on the
error structure of NASA’s Tropical Rainfall Measurement Mission (TRMM) Microwave Imager (TMI)
surface QPE product (2A12). TMI precipitation products are compared with high-resolution reference
precipitation products obtained from the NOAA/NSSL ground radar–based Multi-Radar Multi-Sensor
(MRMS) system. Surface characteristics were represented via a surface classification dataset derived from
NASA’s Moderate Resolution Imaging Spectroradiometer (MODIS). This study assesses the ability of 2A12
to detect, classify, and quantify precipitation at its native resolution for the 2011 warm season (March–
September) over the southern continental United States. Decreased algorithm performance is apparent over
dry and sparsely vegetated regions, a probable result of the surface radiation signal mimicking the scattering
signature associated with frozen hydrometeors. Algorithm performance is also shown to be positively correlated with precipitation coverage over the sensor footprint. The algorithm also performs better in pure
stratiform and convective precipitation events, compared to events containing a mixture of stratiform and
convective precipitation within the footprint. This possibly results from the high spatial gradients of precipitation associated with these events and an underrepresentation of such cases in the retrieval database. The
methodology and framework developed herein apply more generally to precipitation estimates from other
passive microwave sensors on board low-Earth-orbiting satellites and specifically could be used to evaluate
PMW sensors associated with the recently launched Global Precipitation Measurement (GPM) mission.

1. Introduction
Precipitation is an important component of the hydrologic cycle and also affects the global circulation via
latent heating. Consequently, accurate estimates of
precipitation at the global scale are vital for a variety
of hydrometeorological applications (Stephens and
Kummerow 2007). Spaceborne sensors are particularly
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suited for quantitative precipitation estimates (QPEs)
because of their quasi-global coverage and consistency
in data availability across geopolitical boundaries
(Bakker 2009). However, satellite precipitation estimates suffer from numerous poorly characterized and
quantified sources of error, currently limiting their optimal assimilation into hydrologic and atmospheric
models (Weng et al. 2007; Bauer et al. 2002). This study
attempts to better characterize the uncertainties present
in precipitation estimates obtained from low-Earthorbiting (LEO) passive microwave (PMW) sensors,
with a specific emphasis on precipitation estimates
from NASA’s Tropical Rainfall Measurement Mission
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(TRMM) Microwave Imager (TMI). Prior to the recent
launch of the Global Precipitation Measurement (GPM)
mission’s core satellite and associated PMW sensor
GMI, TMI acted as a benchmark for other PMW sensors, and consequently, its error characterization is
particularly important from a satellite QPE standpoint
(Hou et al. 2001). While there are numerous uncertainties associated with PMW precipitation retrievals
[e.g., (mis)detection of precipitation, indirect information on the surface precipitation rate, and underconstrained nature of the precipitation retrieval; see
Stephens and Kummerow (2007) for more information],
this study focuses on two of the most significant: the
underlying surface properties and the characteristics of
the precipitation field within the sensor footprint.
Over the ocean, microwave emissivity is low and highly
polarized, allowing PMW sensors to (largely) separate the
surface radiation signal and the (warm) emission signal
arising from liquid hydrometeors. However, over the land
surface the microwave emissivity is higher and more
variable because of its complex relationship with a number of highly variable (in space and time) surface characteristics such as soil moisture, roughness, vegetation
properties, canopy, and snow cover (Aires et al. 2011).
The high and variable surface emissivity largely obscures
the lower-frequency emission signals, and overland
PMW precipitation estimates instead rely primarily on
brightness temperature Tb depressions resulting from
microwave scattering by ice-phase hydrometeors. The
variations in overland surface emissivity can be comparable in magnitude to the ice-scattering signal, and
consequently, surface emissivity variations are a source
of considerable uncertainty in PMW retrievals (Gopalan
et al. 2010). Efforts are currently underway to better
characterize land surface emissivity (Ferraro et al.
2013), and GPM-era PMW sensors will utilize a database of surface properties (such as emissivity) to constrain their overland retrievals and apply a Bayesian
algorithm similar to that currently applied by the 2A12
ocean algorithm. However, at this time the effects of
surface property variations on PMW retrievals are not
well understood or quantified, and consequently, a major aim of this study is to determine what (if any) impacts
the underlying surface characteristics have on the
quality of PMW precipitation retrievals.
A second significant source of error/uncertainty in
PMW precipitation estimates is the characteristics of the
precipitation field within the sensor footprint (Varma
et al. 2004). Specifically, the spatial distribution of precipitation within the footprint and the precipitation’s
microphysical characteristics can significantly impact
the quality of PMW rainfall estimates. The relatively
large footprint size of many PMW sensors (;7 km in the
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case of TMI’s 85-GHz channel) often causes precipitation estimates of small-scale precipitation features
to be degraded, particularly when high gradients of
precipitation intensity are present within the footprint.
The microphysical characteristics of precipitation (i.e.,
hydrometeor phase, size distribution, and shape) directly influence the radiances retrieved by PMW sensors
and therefore must be taken into account during the
retrieval process. Currently, the spatial and microphysical properties of precipitation are accounted for in
bulk via a stratiform–convective classification scheme.
However, because of the limited information available
from PMW retrievals (particularly over the land), the
outputs of this classification algorithm are inherently
uncertain, and because of the link between the classification and precipitation estimation algorithms, misclassification can lead to significant errors in rainfall
quantification.
This primary objective of this study is to assess the
influence of surface and precipitation characteristics on
the TMI QPE 2A12 product (version 7; Kummerow
et al. 1998; McCollum and Ferraro 2003; Wang et al.
2009; Gopalan et al. 2010). Such an assessment is particularly valuable because of the recent launch of the
GPM, which will utilize PMW precipitation estimates
both from its core satellite (GMI) and its constellation
sensors, in order to create a quasi-global precipitation
observation network. The methodology presented herein
could thus be readily adapted and utilized to evaluate
PMW precipitation retrievals from other platforms.
This study builds on a framework that has previously
been used to evaluate both the TRMM precipitation radar
(PR) QPE and also QPE from PMW sensors (Kirstetter
et al. 2012, 2014). Specifically, TMI’s precipitation estimates are evaluated at pixel level relative to an external
and independent reference precipitation estimate derived
from NOAA/NSSL’s ground radar–based National Mosaic
and Multi-Sensor QPE (NMQ) Q2 system [note this
system has since become the Multi-Radar Multi-Sensor
(MRMS/Q3) system]. To minimize uncertainties caused by
temporal resampling, the errors in the 2A12 estimates are
characterized at the snapshot (rain rates) time scale (Wolff
and Fisher 2009). Because of the many error sources that
can affect ground radar QPE, it is impossible to ‘‘validate’’
the 2A12 estimates in a strict sense. However, the quality of
the reference ground radar estimates is enhanced through
a rigorous processing algorithm, making it a useful
independent reference to help identify possible
biases and general levels of uncertainty associated
with the 2A12 precipitation estimates. To evaluate
the influence of surface characteristics on the PMW
retrievals, a surface type classification scheme derived
optically from NASA’s Moderate Resolution Imaging
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FIG. 1. Study domain showing the surface classifications. Note coastal and ocean classifications come from
TRMM while the land classification is derived from MODIS. The grassland and shrubland categories were combined into a single class as well as the woodland and forest categories. The black dots represent reference radar
locations.

Spectroradiometer (MODIS) is employed, in conjunction
with the native three-category TRMM classification
(Friedl et al. 2010).
Details regarding the study domain, the surface classification procedure, the satellite precipitation product
2A12, and the reference rainfall dataset are presented in
section 2. Section 3 assesses 2A12’s ability to detect,
characterize, and quantify rainfall as a function of surface
and precipitation characteristics. Concluding remarks and
suggestions for future research are provided in section 4.

2. Data sources
To evaluate the influence of surface and precipitation
characteristics on TMI 2A12 rainfall estimates, the
2A12 rainfall estimate R(A) is compared with a reference
rainfall estimate Rref(A) over a spatial domain A (the
TMI footprint at the resolution of the 85-GHz channel)
at the snapshot (i.e., rain rate) time scale. Results from
these comparisons are then linked to precipitation properties such as spatial structure and classification. The
results are also linked to surface characteristics through a
surface classification scheme. This section details the
study domain, the surface classification scheme, the reference precipitation products, and the satellite precipitation products.

a. Study domain
Because of the infrequent sampling of LEO satellites
like TRMM (Wolff and Fisher 2008, 2009; Lin and Hou
2008), a large number of overpasses is required to get a
sufficient number of coincident measurements from

ground and space; consequently, this study utilizes seven
months (March–September 2011) of satellite overpasses
over the southern continental United States (CONUS;
south of ;388N) and nearshore ocean. This area, along
with the reference ground radar sites, is shown in Fig. 1.
All rain fields observed coincidentally by TRMM overpasses and the WSR-88D network during the time period are utilized in the following analysis. The dataset is
limited spatiotemporally to primarily warm-season and
liquid precipitation; however, this limitation is not too
significant because current ground radar and PMW
sensors are not well equipped to quantitatively estimate
frozen precipitation (Moisseev et al. 2009). Also, a detailed evaluation of PMW retrievals over the midlatitudes is particularly pertinent given the recent launch
of the GPM core satellite (which will also cover the
midlatitudes). The dataset includes deep convection
common to the southern portion of the United States
during the warm season as well as a variety of mesoscale
and synoptic weather systems such as tropical cyclones,
orographic rainfall, and frontal precipitation.

b. Surface type classification
To examine the effects of surface characteristics on
TMI retrievals, a multistep surface classification procedure was employed, which partitions the study domain
on the basis of both TRMM and MODIS data. The first
step of the classification procedure utilizes 2A12’s native
surface type variable to classify areas in the study domain
as land, ocean, or coast. This initial partitioning was performed to separate biases related to algorithm differences
(a different retrieval methodology is applied over each of
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TABLE 1. The total number of TMI reference data pairs for each surface type, as well as the number of data pairs in which one or both
sensors detect precipitation (i.e., .0).
Surface type

No. of data pairs

No. of reference .0 and TMI .0

No. of reference .0

No. of TMI .0

Cropland
Grassland
Woodland
Inland water
Ocean
Coast

287 911
290 187
1 029 824
19 894
682 399
423 176

78 199
52 694
308 814
5325
205 400
78 922

279 265
264 987
1 002 645
17 919
253 145
412 109

85 239
75 151
330 205
7173
633 187
85 576

these surface types), from those related to surface characteristics. Once this initial classification was performed,
areas classified as land were further divided into eight
MODIS-classified categories: bare ground, urban, grassland, shrubland, cropland, woodland, forest, and inland
water (Fig. 1). The more qualitative MODIS classification
was chosen over explicit soil moisture and vegetation
fraction and skin temperature sources primarily for the
following reasons: the use of the MODIS categories limits
the amount of data sources incorporated in the study, as
the MODIS categories summarize a number of surface
characteristics, and this study is meant to provide a first
look at the influence of surface properties on PMW precipitation retrievals. Consequently, future studies will
incorporate more quantitative sources.
For every pixel identified as land in step 1, the surface
type of each TRMM–Q2 data pair was determined by
spatially matching the center of the TMI pixel with the
aforementioned classification dataset. All pixels identified as coastal or ocean in step 1 were left as separate
categories and were not matched with the MODIS
dataset. The final processing step was aggregating
several (physically) similar categories to improve data
robustness and eliminating categories containing
insufficient samples. Specifically, the woodland and
forest categories were combined as well as the grassland
and shrubland categories. These new aggregated categories are referred to hereafter as woodland and grassland. The bare ground and urban categories were not
considered in the following analysis because of an insufficient number of raining [both Rref(A) and R(A)
positive] samples (353 for bare ground and 3274 for
urban). After these processing steps, the number of land
surface type categories analyzed was thus reduced to
three (ordered here by increasing average soil moisture
content/vegetative fraction): grassland, cropland, and
woodland. The MODIS-classified inland water category
was also included in the analysis (note most of the inland
water bodies are classified by 2A12 as land and thus rain
rates are retrieved with the land algorithm despite the
fact that emissivity over inland water bodies is considerably different); however, it must be noted that because
of the relatively small spatial extent of most inland water

bodies in the study domain and the relatively large size
of the TMI pixel, it is possible that many pixels classified
as inland water contain effects from adjacent surface
types. Finally, the pixels originally classified by 2A12 as
coastal and ocean are also included in the analysis.
However, because of the limited effective range of the
reference ground radars, data pairs classified as ocean
are limited to those areas within ;200 km from nearcoastal radar locations, and thus the over-ocean dataset
may not be representative of typical oceanic conditions
(although the ocean retrieval algorithm is employed). It
is also important to recognize that 2A12 classifies the
borders of some sizeable inland water bodies as coastal
(Fig. 1), and thus not all coastal areas necessarily represent transition zones between the land and ocean algorithms. The second column of Table 1 provides the
number of matched TMI–ground radar data pairs for
each of the surface categories included in the analysis.

c. Reference precipitation products
The NOAA/NSSL Q2 system (http://mrms.ou.edu; Zhang
et al. 2011a) is a set of experimental radar products including high-resolution (0.018, 5 min) instantaneous rainrate mosaics available over the CONUS. The Q2 system
assimilates information from all ground-based radars
comprising the WSR-88D network [Next Generation
Weather Radar (NEXRAD); sites shown in Fig. 1], mosaics reflectivity data onto a common 3D grid, and estimates surface precipitation type and amount (Zhang et al.
2005; Lakshmanan et al. 2007; Vasiloff et al. 2007;
Kitzmiller et al. 2011). In addition, Q2 adjusts radar estimates with rain gauge networks at hourly time steps,
and a radar quality index (RQI) is associated with the
radar QPE estimates and takes into account uncertainties
arising from vertical variations of reflectivity (Zhang et al.
2011b). A simplified stratiform–convective classification
scheme is applied by utilizing the vertically integrated
liquid (VIL) content derived from the Q2 3D mosaics
at the original resolution (1 km, 5 min) and follows a twostep approach similar to Steiner et al. (1995) to identify
convective areas (Kirstetter et al. 2015).
Radar QPE is potentially subject to numerous sources
of error, namely, nonweather echoes, vertical profile of
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reflectivity (VPR) variability, conversion of radar
reflectivity to rain rate, and calibration of the radar
signal. While several procedures are already in place
within the Q2 system to correct for these errors, postprocessing was used to further refine the reference
dataset by adjusting and quality-controlling instantaneous radar-only products using the RQI and collocated rain gauge observations. Hourly biases were
computed between collocated rain gauges and radaronly estimates and subsequently applied downscale to
adjust the instantaneous rain-rate estimates. A conservative approach was followed by filtering out instances
when the radar and gauge have significant quantitative
disagreement (i.e., radar–rain gauge ratios outside of the
range 0.1–10). This adjustment is designed to minimize
uncertainties associated with the rain rate–reflectivity
relationship and calibration errors [see Kirstetter et al.
(2012) for more details]. The RQI further filters out
measurements affected by beam blocking and overshooting (i.e., radar beam above the melting layer).
These quality-control processes also standardize the
reference product, which is significant because ground
radar measurements in the Intermountain West tend to
be of lower quality than measurements from other regions of the country. Even following this rigorous processing procedure, some errors may still exist in the
ground-based radar estimates of rainfall, thus preventing the strict validation of 2A12 surface precipitation
estimates.

d. Satellite-based (2A12) precipitation products
The TMI measures brightness temperatures at five
microwave frequencies: 10.7, 19.4, 21.3, 37.0, and
85.5 GHz. Both the horizontal H and vertical V polarizations at each frequency are measured, except for the
21.3-GHz channel, in which only the vertical is measured. The calibrated brightness temperatures are used
as inputs for the 2A12 (rain-rate estimation) algorithm.
Over the land, the algorithm used to retrieve surface
rainfall is described in McCollum and Ferraro (2003),
Wang et al. (2009), and Gopalan et al. (2010); the ocean
algorithm is described in Petty (1994), Kummerow et al.
(2001), and Kummerow et al. (2011); and the coastal
algorithm is described in McCollum and Ferraro (2005).
The algorithms are briefly summarized below.
The ocean algorithm relates the full vector of retrieved brightness temperatures, with a database of hydrometeor profiles in a Bayesian framework to estimate
rain rates (Kummerow et al. 2001, 2011) and other cloud
and precipitation properties (such as convective–
stratiform classification). The land algorithm calculates
rain rates through empirically derived rain rate–85V
Tb relationships and applies distinct rain rate–Tb

VOLUME 16

relationships for convective and stratiform precipitation. The convective–stratiform rain fraction for every
pixel is obtained by utilizing the 10-GHz vertically
polarized Tb (10V Tb), 37-GHz vertically polarized Tb
(37V Tb), and 85-GHz horizontally (85H Tb) and vertically (85V Tb) polarized Tb and is based on assumed
relations between the magnitude and spatial structure of
Tb depressions, precipitation microphysics, environmental factors, and precipitation type, that is, stratiform
or convective (McCollum and Ferraro 2003; Grecu and
Anagnostou 2001; Prabhakara et al. 2000; Olson et al.
2001). Because of the classification algorithm’s use of
lower-frequency channels (which experience less attenuation by hydrometeors then the higher-frequency
channels), it is more susceptible to variations in surface
properties and consequently represents a way for the
surface to influence the precipitation retrievals. Following
classification, the total rain rate for the pixel is then estimated through weighted averaging using the estimated
convective fraction, and consequently, the classification
and quantification components of the overland algorithm
are strongly linked. For version 7 of the 2A12 land algorithm, the empirical basis for the rain rate–Tb relationships and precipitation classification is primarily TRMM
PR data (the 2A25 and 2A23 products, respectively;
Gopalan et al. 2010). The current version of the coastal
algorithm simply performs a weighted average of the
ocean and land precipitation retrievals and attempts to
prevent discontinuities between ocean and land estimates
(McCollum and Ferraro 2005).
Overland and coastal PMW precipitation estimates
rely primarily on 85V Tb depressions resulting from
microwave scattering by frozen hydrometeors. Because
frozen hydrometeors (particularly in the warm season/
lower latitudes) generally reside in the mid- to upper
troposphere, this information may not be representative
of surface precipitation, adding uncertainty to surface
rain-rate estimates (Wilheit et al. 2003). Because of the
similarities between Tb depressions associated with
sand-covered and frozen surfaces and those associated
with scattering by frozen hydrometeors, a surface
screening procedure is employed to limit false alarms
and/or precipitation overestimation over such surfaces.
This precipitation mimicking effect is also seen to a
lesser degree over dry and sparsely vegetated regions,
often resulting in 2A12 overestimating precipitation
over these areas, as noted by Wang et al. (2009) and
Gopalan et al. (2010). Because of its reliance on the
scattering signature produced by ice, 2A12 also tends to
significantly underestimate overland precipitation resulting from ‘‘warm rain’’ events [defined as precipitation events consisting of primarily liquid-phase
hydrometeors (Liu and Zipser 2009)].
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FIG. 2. Reference convective occurrence plotted against mean reference (a) PF and
(b) rain rate.

e. Comparison samples
The Q2 products closest in space and time to the
TRMM satellite’s local overpass time are used in the
following analysis. The reference rainfall unconditional
mean quantities were computed by aggregating the Q2
pixels (rainy and nonrainy) within the TMI pixel A. The
mean number of Q2 sample points (with the native Q2
QPE product resolution being 1 km2) associated with
each satellite pixel is 170. When more than 25% of the
Q2 pixels have missing values over a specific pixel A,
this sample point is discarded from the comparison to
preserve the reliability and representativeness of the
block-Q2 and 2A12 values. Matched 2A12 and Rref(A)
estimates only exist at locations where both the TMI
and ground radars have taken actual observations. This
technique allows the satellite products to remain
untouched, allowing for the preservation of some of
their important characteristics, including the rainfall
amount, the raining area, the convective–stratiform
contribution, and the PDF shapes. These characteristics may thus be compared to the reference immediately
without any spatiotemporal interpolation. The reference rainfall is further described in terms of its spatial
structure and classification within the satellite pixel
though the following derived products.
(i) The precipitation fraction PF (Fig. 2) describes the
rainfall occurrence within the 2A12 pixel and represents as the proportion of positive (rain rate .
0 mm h21) Q2 pixels inside the 2A12 pixel. It
is expressed in percent between 0% (no raining
Q2 pixels within the TMI pixel) and 100% (all Q2
pixels raining within the TMI pixel).
(ii) The convective occurrence (Fig. 2) classifies the
rainfall as the proportion of Q2 pixels classified as

convective. It is expressed in percent between 0%
(stratiform—no convective Q2 pixels within the
TMI pixel) and 100% (convective—all Q2 pixels
classified as convective within the TMI pixel).
(iii) The convective volume fraction CVF quantifies the
contribution of convective rainfall to Rref(A) as follows:
nconv

å

CVF(A) 5 100

j51
n

Q2(aj )
,

(1)

å Q2(ai )

i51

where Q2(aj) denotes the Q2 rain rate at the original
data product resolution (1 km2) ai , n is the number of
Q2 data points inside the common grid pixel A, and
nconv # n is the number of Q2 pixels flagged as convective inside the pixel A. Note that each 2A12 pixel is associated with a rain rate at ground and with an
associated convective rain rate. As for Q2, the CVF is
computed to quantify the contribution of convective
rainfall to R(A).
Several factors such as rainfall intermittency, discrete
temporal sampling of TRMM, and censoring of reference values for required quality reduce the number of
comparison samples for reference and satellite estimates
over the domain and comparison period. Our data
sample consists of 2 733 391 matched data (satellite and
reference) inclusive of nonrainy pixels (either the reference or satellite is equal to zero). Details on the data
sample are provided in Table 1.
More insight into the reference rainfall characteristics
is provided in Fig. 2. Relationships between the reference rainfall characteristics, that is, PF, CVF, and reference rain rate, are shown for each surface type. The
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TABLE 2. Contingency table statistics for 2A12 relative to the reference for each surface type.
Surface type

H (%)

M (%)

F (%)

C (%)

POD

FAR

CSI

MVOL

FVOL

Cropland
Grassland
Woodland
Inland water
Ocean
Coast

27.2
18.2
30
26.8
30.1
18.6

69.8
73.2
67.4
63.3
7
78.7

2.4
7.7
2.1
9.3
62.7
1.6

0.6
0.9
0.6
0.6
0.2
1

28
20
31
30
81
19

8
30
6
26
68
9

27
18
30
27
30
19

26
32.1
19.9
21.2
4.2
34.4

3.03
8.45
2.82
6.56
11.4
3.65

rain fraction increases with the convective occurrence
from ;30% for purely stratiform reference rainfall up to
100% for convective reference (Fig. 2a). The first case is
likely associated with incipient or decaying precipitation
systems or those located near the boundaries of rainfall
fields sampled within the TMI footprint, while the latter
case likely corresponds to more extensive and organized
convective systems. Values of PF over the coast or ocean
are slightly lower than over the land for primarily
stratiform cases (convective occurrence in the range of
10%–50%) and slightly higher for primarily convective
cases (convective occurrence greater than 70%). The
average reference rainfall is also an increasing function
of the convective occurrence, as expected (convective
systems tend to be associated with more intense vertical
motions and precipitation growth processes). Precipitating
systems tend to generate higher mean rain rates over the
land compared to coastal areas in primarily convective
events (.70% convective occurrence) and ocean for all
amounts of convective occurrence (Fig. 2b).

3. Rainfall data analysis
This section evaluates the ability of TMI 2A12 to
detect (section 3a), classify (section 3b), and quantify
(section 3c) surface precipitation relative to reference
precipitation products as a function of both surface and
precipitation characteristics.

a. Rainfall detection
Table 2 displays contingency statistics that detail the
satellite’s ability to detect precipitation relative to the
reference, with percentage of hits H (both reference and
satellite have nonzero rainfall amounts), misses M
(satellite has zero rain while the reference has nonzero
amounts), false alarms F (satellite has nonzero rain
while the reference amount is zero), and correct rejections C (both reference and satellite have zero rain)
provided for all surface types. Derived metrics such as
probability of detection POD 5 100[H/(H 1 M)], false
alarm rate FAR 5 100[F/(H 1 F)], critical success index
CSI 5 100[H/(H 1 M 1 F)], missed volume of rainfall
MVOL, and volume associated with false alarms FVOL

are also provided in Table 2. To graphically highlight the
sensor’s detection capabilities, Heidke skill score HSS,
POD, and FAR for all surface types are calculated and
plotted against reference or 2A12 rain-rate estimates
(Figs. 3, 4). To evaluate the influence of precipitation
characteristics on 2A12’s detection capabilities, POD
as a function of reference precipitation fraction and
convective occurrence is also plotted (Figs. 4b,c). The
impacts of precipitation detection on TMI’s quantification of precipitation will be discussed in section 3c.
Over the land, TMI 2A12 misses a significant portion
(63%–73%) of the reference rainfall occurrence and
volume (20%–32%; Table 2). The high number of
missed events likely results from TMI’s lower sensitivity
relative to the reference, a result of both its coarser
spatial resolution and the reliance of its detection capabilities on a developed ice phase. TMI 2A12’s detection capabilities improve with increasing (average)
vegetation fraction and (average) soil moisture content.
This is best seen via an increase in CSI from 18 over
grassland (the most arid category) to 27 over cropland
and up to 30 over woodland (the most vegetated surface). This increase in CSI results from both an increase
in the POD and a decrease in the FAR. The high FAR
(30 compared to 6 over woodland) over grassland likely
results from the arid surface signal mimicking the scattering signal associated with frozen hydrometeors (section 2d). The low POD over the grassland category could
be a result of the surface screening procedure screening
out some very low vegetated/sand-covered surfaces
where precipitation is actually occurring. However, another explanation is that the poor detection capabilities
result from the typical characteristics of precipitating
systems in the region (which is primarily located in the
Intermountain West). Specifically, shallow orographic
precipitation and isolated (the mean precipitation fraction for all raining events over grassland is 9% lower than
any other category) events are common over this category, and TMI has been known to have difficulty detecting these types of precipitation because of their
limited ice content and spatial extent (Shige et al. 2013).
However, a more detailed evaluation of precipitation
properties would be required to evaluate this hypothesis.
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FIG. 3. Plots of HSS for all surface types where the vertical dotted line corresponds to the reference rain rate associated with the max HSS
and thus represents an approximate detection threshold.

TMI 2A12’s detection capabilities over inland water
are more difficult to evaluate, given the relatively low
number of data pairs (Table 1). However, the high
FAR (26) could result from surface influences, as the
surface microwave emissivity of inland water is considerably different than over the land. This result is similar
to the findings of Tian and Peters-Lidard (2007), who
found an abundance of false alarms in the level 3
(merged sensor) TRMM products, and thus, this could
potentially represent an occurrence of error propagation between the level 2 (one sensor snapshot scale) and
the level 3 products (multisensor/longer time scale).
Over the coastal areas, TMI 2A12 misses an even
greater portion of the reference rainfall (78.7% of occurrence and 34% of volume), and consequently, the POD is
the lowest of any category (Table 2). The large quantity of
misses likely results from the conservative decision tree
approach utilized by the coastal algorithm (McCollum and
Ferraro 2005), which imposes a series of thresholds that
must be exceeded before a pixel is classified as raining (or
rain ambiguous). While this conservative approach results
in a high number of missed precipitation events, it is likely
(currently) necessary to prevent excessive false alarms

resulting from the large gradients of surface emissivity
present within coastal pixels.
Over the ocean, TMI 2A12’s detection behavior is
quite different than over the land/coast, and specifically,
the POD (81) and FAR (68) are by far the highest of any
category (Table 2). This is primarily a result of the different retrieval algorithm applied over the ocean, which
does not apply a simple rain/no-rain mask to each pixel.
Instead, the retrieved brightness temperatures are
matched in a Bayesian framework with hydrometeor
profiles from the retrieval database [which is developed
using PR vertical profiles and cloud-resolving model
simulations; see Kummerow et al. (2011) for more information], and if any of these profiles are associated
with nonzero rain rates, the pixel is assigned a nonzero
rain rate (Kummerow et al. 2001). Therefore, over the
ocean a probability of precipitation (based on the proportion of matched profiles with positive rain rates) is
instead provided for each pixel, and it is the responsibility of the end user to create an appropriate rain/
no-rain threshold based on these probabilities. The
probabilities of precipitation were not included in the
current study, and consequently, the vast majority
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FIG. 4. The 2A12 POD as a function of (a) reference rain rate, (b) reference convective occurrence, (c) PF, and
(d) 2A12 FAR as a function of TMI rain rate.

(92.7%) of ocean pixels contains nonzero 2A12 rain-rate
estimates. This results (using our detection criteria) in
the ocean algorithm detecting almost all precipitation,
but also results in copious amounts of false alarms. So,
while it would be expected given the same detection
scheme, the ocean algorithm would display improved
detection capabilities (because it is not reliant on a developed ice phase), and the detection capabilities are
also artificially increased by the nature of the retrieval
scheme. Consequently, it is very difficult to evaluate the
detection capabilities of the ocean algorithm with this
methodology, and a rigorous assessment would require
analyzing the probability of a precipitation variable.
The HSS shown in Fig. 3 provides a quantitative
measure of TMI 2A12’s skill in detecting precipitation
relative to random chance. Maximizing the HSS enables

us to identify the approximate detection threshold for
the sensor (Wolff and Fisher 2009; Wilks 2011). An HSS
score of 1 indicates a perfect delineation between
TMI 2A12 detection (relative to the reference) above
some threshold and missed precipitation below it,
while a score of zero indicates no skill (note that negative values can exist and would actually imply the sensor’s detection capabilities are worse than a random
guess). The HSS is defined as (Brier and Allen 1952)
HSS 5

2(HC 2 FM)
.
F 2 1 M2 1 2HC 1 (F 1 M)(H 1 C)

(2)

Over all land categories the detection thresholds
(represented by the dashed line) are relatively similar
(;0.6 mm h21); however, the maximum HSS increases
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TABLE 3. Contingency table statistics for 2A12 relative to the reference for each surface type for convective precipitation.
Surface type

H (%)

M (%)

F (%)

C (%)

POD

FAR

CSI

Cropland
Grassland
Woodland
Inland water
Ocean
Coast

24.60
26.70
26.10
24.10
32.30
45.90

12.90
8.60
11.90
12.30
0.40
0.00

7.60
12.40
8.30
7.80
66.80
54.10

54.80
52.30
53.70
55.80
0.50
0.00

65.00
76.00
69.00
66.00
99.00
100.00

24.00
32.00
24.00
24.00
67.00
54.00

54.00
56.00
56.00
55.00
32.00
46.00

with average vegetative fraction and soil moisture. Because of the stringent rain/no-rain mask applied to
coastal pixels, the detection threshold is quite high
(;1.4 mm h21), while the opposite is true over the
ocean, where some precipitation is nearly always detected (due to the retrieval algorithm).
Over all surface categories, TMI 2A12’s detection
capabilities increase markedly with increasing reference
rain rate and convective occurrence (Figs. 4a,b). This
likely occurs because of a more pronounced icescattering signal associated with (deep) convection and
high rain rates. Therefore, it is possible that many of the
misses at higher rain rates are associated with warm rain/
shallow precipitation events; however, more detailed
information regarding the precipitation’s microphysical
properties and the meteorological environment would
be required to confirm this. TMI 2A12’s detection capabilities are also positively correlated with reference
precipitation fraction (Fig. 4c). This is primarily a consequence of the large size of the TMI pixel, which causes
signals arising from small-scale/isolated precipitation
features (which correspond to a low precipitation fraction) to be largely obscured by the signal arising from
nonprecipitating parts of the pixel. It must be noted,
however, that because of the connections between
convective occurrence, precipitation fraction, and rain
rate (Figs. 2a,b), it is difficult to isolate their individual
effects on TMI 2A12’s detection capabilities. The FAR
also decreases with TMI 2A12 rain rate (Fig. 4d), since
the magnitude of the radiative signatures that result in
false alarms (such as orphan anvils associated with decaying convection and surface emissivity effects) tends
to be relatively low compared to the ice-scattering
signatures usually associated with high rain rates.

b. Rainfall classification
Precipitation classification by PMW sensors can have
significant impacts on their precipitation estimates, and
specifically, (the over land) version 7 of 2A12 applies
distinct rain rate–Tb relationships for stratiform and
convective precipitation. Although not detailed in this
study, accurate precipitation classification is also
important for the estimation of latent heating profiles, which are important for many meteorological

applications (Olson et al. 2001). In this section, we
evaluate the ability of 2A12 to detect and quantify
convection relative to the reference, while the impact of
classification on 2A12’s precipitation estimates is detailed in the following section (section 3c). To eliminate
issues related to precipitation detection, only cases when
both 2A12 and the reference rainfall are greater than
zero are considered in this section. It must be noted here
that partitioning of precipitation into convective and
stratiform categories using remote sensing methods is
inherently subjective; however, since the empirical basis
for 2A12’s precipitation classification algorithm is
the TRMM PR (a radar), evaluating the algorithm
with another (independent) radar-derived classification
product seems logical.
The definitions of the reference convective volume
and 2A12 convective volume fraction variables were
provided in section 2e. It is important to note that the
2A12 CVF estimate is inherently probabilistic in nature
[see Gopalan et al. (2010) for more information], and
therefore, 2A12-estimated convective fractions very
rarely reach 100%. Consequently, in the following
analysis, 2A12 convective fractions over 90% are taken
to represent pure convective precipitation (according to
the sensor). Despite these slight differences between the
reference and 2A12 convective volume products, they
both provide estimates of the convective contribution to
the total precipitation volume within the TMI footprint
and thus make it possible to (somewhat) quantitatively
compare the two sensors’ classification algorithms.
Table 3 details the satellite sensor’s ability to detect
convective precipitation relative to the reference and is
nearly identical in form to Table 2, with precipitation
replaced by convective precipitation (i.e., a hit in this
situation occurs when both the reference and 2A12 detect convective precipitation). Values of POD and FAR
for all surface types are also plotted against reference
and 2A12 CVFs, respectively (Figs. 5a,b).
2A12’s ability to detect convection is relatively similar over all land categories, although a higher percentage of false alarms (12.40%) is noted over the more
arid grassland surface (Table 3), once again a probable
result of significant Tb depressions arising from the
surface signal (which mimics the ice-scattering signal
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FIG. 5. (a) The 2A12 convective POD as a function of reference convective volume and (b) the
2A12 convective FAR as a function of 2A12 convective volume.

produced by convective precipitation). This may also
explain the higher POD (76.00) over grassland, as the
surface signal amplifies the ice-scattering signal, enabling the classification algorithm to ‘‘correctly’’ classify weaker convection. As expected, over all land
categories, 2A12’s convective detection capabilities
increase with increasing reference and TMI 2A12
convective volume fractions (Figs. 5a,b).
A quantitative evaluation of the coastal and ocean
classification algorithms is difficult because the coastal
and ocean classification algorithms nearly always detect
at least some convective precipitation. This is largely
due to the nature of Bayesian retrievals, in which the use
of prior data is combined with the observed data to
produce posterior parameter estimates. Naturally, a
fairly substantial number of the hydrometeor profiles
composing the prior database include at least some
convective precipitation, and therefore, the final retrievals will contain some convective artifacts simply
because of the mechanics of the retrieval. Coastal pixels
are also impacted by the ocean classification scheme as

their retrievals are a weighted average of the land and
ocean portions within the pixel. This results in a very
high (convective) POD (99 and 100) and FAR (67 and
54) over these surfaces (Table 3); however, as discussed
in the detection section, these metrics are not well suited
to evaluate this type of algorithm. The FAR over the
coast appears to drop significantly at 2A12 convective
volume fractions .80% (Fig. 5b); however, this is likely
due to a scarcity of data at convective volume fractions
greater than this point (to be elaborated on in the following section), rather than any actual improvement in
convection detection.
Table 4 and Fig. 6 detail the satellite sensor’s ability to
quantify convection relative to the reference, with Fig. 6
displaying a density scatterplot that provides a visual
comparison of the two sensors’ classification algorithms
and Table 4 providing a more detailed/quantitative
breakdown of the same information. However, because
of both the subjective nature of precipitation classification and the slight differences between the reference and
2A12 CVF variables, the following results are best

TABLE 4. Percent of data pairs from both sensors classified within the following categories: pure stratiform (CVF 5 0%), primarily
stratiform (CVF 5 1%–50%), primarily convective (CVF 5 51%–90%), and pure convective (CVF . 50%).
Surface type
Cropland
Grassland
Woodland
Inland water
Ocean
Coast

Sensor

Pure stratiform (%)

Primarily stratiform (%)

Primarily convective (%)

Pure convective (%)

TMI
Q2
TMI
Q2
TMI
Q2
TMI
Q2
TMI
Q2
TMI
Q2

67.8
62.5
60.9
64.8
65.6
62.0
68.1
63.6
0.9
67.2
0.00
54.1

6.2
11.6
7.5
11.5
6.1
11.5
6.0
11.0
31.2
10.6
52.2
6.4

15.8
13.9
19.8
14.6
16.6
14.8
15.5
13.5
63.5
15.4
47.1
18.2

10.2
12.1
11.7
9.3
11.7
11.8
10.4
11.9
4.4
6.8
0.8
13.1
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FIG. 6. Density-colored scatterplots of 2A12 convective volume vs reference convective volume for each surface type.

interpreted in a more general sense. Overland 2A12
captures the relative contributions of pure stratiform
(CVF 5 0%) and pure convective (CVF . 90%) precipitation well relative to the reference (Table 4). This is
particularly remarkable when one considers the subjectivity of precipitation classification and the inherent
uncertainties present in PMW classification algorithms.
There are some slight discrepancies, however, primarily
over the grassland surface where 2A12 tends to overestimate the amount of pure convective precipitation
(11.7% compared to 9.2%), once again a probable result
of the surface aridity. Over the land, the biggest classification discrepancies between the two sensors occur in
mixed convective and stratiform precipitation events
(which result in about 25% of the total rainfall volume).
Specifically, 2A12 has a tendency to slightly underestimate the number of primarily stratiform events
(CVF 5 1%–50%) and slightly overestimate the number of primarily convective (CVF 5 51%–90%) events
relative to the reference (Table 4). These discrepancies
are evident over all land surface types but are particularly amplified over grassland, where overassigning
convective precipitation is consistently an issue (Fig. 6).
These differences, while small in magnitude, may arise
because of flaws within 2A12’s overland classification
algorithm, and specifically may result from the training
dataset (TRMM PR) used to develop the algorithm. It

seems probable that most of the cases utilized to develop
the algorithm represented fairly pure (from a radar
classification standpoint) convective or stratiform precipitation events, while mixed stratiform–convective
precipitation events may have been underrepresented.
Over the ocean and coastal categories, 2A12 tends to
overestimate convection considerably relative to the
reference (with relative biases of 187% and 74%, respectively), and 2A12 classifies virtually no precipitation
as purely stratiform over these surfaces (Table 4). Over
the coastal regions, 2A12 classifies the vast majority of
precipitation as 35%–80% convective (Fig. 6), a result of
the weighted averaging applied between the land and
ocean retrievals (and the ocean retrievals nearly always
detect convection). Over the ocean, 2A12 and the reference agree relatively well on the relative occurrence of
pure convective precipitation, but differ considerably
over all other categories, which is likely a result of the
considerably different retrieval techniques employed by
the reference and the sensor (i.e., radar-derived precipitation classification is likely to produce different
results than the Bayesian profile matching approach
utilized by TMI over the oceans).

c. Rainfall quantification
To investigate the ability of 2A12 to quantify surface
precipitation (relative to the reference) the mean relative
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TABLE 5. Conditional/unconditional MREs and CCs for each
surface type.

Surface type

MRE (%) (Q2
and TMI .0)

Unconditional
MRE (%)

CC

Cropland
Grassland
Woodland
Inland water
Ocean
Coast

30
61
27
26
228
19

21
20
5
7
222
218

0.59
0.59
0.61
0.61
0.56
0.54

error MRE [expressed in percentage and defined as
MRE 5 100(Rref 2 R)/Rref ] and correlation coefficient
CC were calculated over all surface types and are listed in
Table 5. Two MREs were calculated, one in which errors
related to detection were ignored [i.e., required Rref(A)
and R(A) . 0] and one in which this condition was removed. Scatterplots are also provided to highlight the
general relationship between the 2A12 and reference
precipitation estimates for each surface type (Fig. 7).
Over all nonocean surfaces, the conditional (on both
sensors detecting precipitation) MRE is positive and increases with decreasing average soil moisture/vegetation
fraction (ranging from 61% over grassland to 27% over

VOLUME 16

woodland; Table 5). This general overestimation of
precipitation over the land likely results from the overestimation of convective fraction by 2A12, and Fig. 8
displays the relationship (overland) between classification and quantification quite clearly. Specifically, the
vast majority of points to the left of the 1:1 line [i.e.,
R(A) . Rref(A)] correspond to points where 2A12
overestimated the CVF relative to the reference (colored
red) and vice versa for points to the right of the 1:1 line.
The overestimation of convection is magnified over the
arid grassland surface where the surface signal results in a
large number of convective false alarms (Tables 3, 4).
Over the ocean, the MRE is negative despite the tendency of 2A12 to drastically overestimate the convective
contribution of precipitation (Tables 4, 5). This underestimation likely occurs because of a number of factors that act to smooth out very high rain rates,
particularly the Bayesian framework employed by the
retrieval algorithm (in which low prior probabilities are
given to high rain rates), the large size of the TMI pixel,
and the tendency of the retrieval channels to saturate at
very high rain rates. It is also evident from Fig. 8 that,
because of the greater robustness and sophistication of
the over-ocean algorithm (which can utilize more

FIG. 7. Density-colored scatterplots of TMI rain-rate estimates vs reference rain-rate estimates for each surface type.
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FIG. 8. Scatterplots of 2A12 rain-rate estimates vs reference rain-rate estimates for each surface type with the points colored according to
the convective bias (2A12 convective volume minus reference convective volume).

channels in the retrieval process and is less reliant on a
developed ice phase), over-ocean precipitation estimates
are not as dependent on the classification algorithm. Over
the coastal areas, the MRE is intermediate between land
and ocean, which is expected given the nature of the
coastal retrieval algorithm (section 3b).
When detection is taken into account, the MRE for all
surfaces except ocean decreases because of 2A12’s
generally lower sensitivity relative to the reference [i.e.,
the number of missed events is considerably higher than
false alarms (Table 2)] and the magnitude of the change
in MRE over each surface is inversely proportional to
the ability of the sensor to detect precipitation over that
surface (Table 5). Specifically, the biggest decreases in
MRE occur over the coast and grassland surfaces where
detection capabilities are poorest (Table 2), while over
the ocean where (due to the nature of the algorithm)
2A12 detection capabilities are best, there is very little
change in the MRE. Over all land surface types, the
conditional (on both sensors detecting precipitation)
CCs are very similar at ;0.6 and are slightly lower over
the ocean and coast (Table 5).
The PDFs of occurrence (PDFc) and by precipitation
volume (PDFv) are computed via the method proposed
by Wolff and Fisher (2009) and provide a more detailed
behavior of the two sensors’ precipitation retrievals over

each surface type (Figs. 9, 10). The PDFcs show the
relative occurrence of a given sensor rain-rate estimate,
while the PDFvs highlight the contribution of a particular rain-rate estimate to the total rain volume estimated by the sensor, which consequently lessens the
impact of light rain rates and is therefore less reliant on
the sensors’ relative sensitivities (Kirstetter et al. 2013).
Figure 9 shows that over the land and coast the distribution of 2A12’s precipitation estimates relative to the
reference is narrower and peaks at higher rain rates (at
;2–3 compared to ,1 mm h21). This is likely due to the
lower relative sensitivity and spatial resolution of both
the TMI and the PR (from which the rain rate–Tb relationships are derived) relative to the reference, and
also due to the general overestimation of convection by
2A12. Figure 10 reveals that, relative to the reference,
2A12 captures the precipitation volume distribution
relatively well. However, a distinct bimodal structure is
apparent in the TMI PDFvs, and while this structure can
also be seen in the reference products, it is considerably
less amplified and is scarcely visible over the woodland
and cropland categories. The bimodal structure likely
results from the greater volume contribution of higher
rain rates and the greater occurrence of lower rain rates
(specifically the 2–3 mm h21 category of TMI). Over the
ocean the 2A12 retrievals display considerably different

Unauthenticated | Downloaded 01/09/23 08:49 AM UTC

1610

JOURNAL OF HYDROMETEOROLOGY

VOLUME 16

FIG. 9. PDFs of occurrence for the reference (green) and 2A12 (black) rainfall for the different surface types.

behavior, and a peak in the PDFc at very low rain rates is
evident. This peak results from the probabilistic nature
of the retrieval algorithm (Fig. 9), which results in many
very low rain-rate estimates (which, if constrained by
probability of precipitation values, would be set to zero).
However, because of the greater robustness of the ocean
algorithm, the general distribution of precipitation more
closely matches the reference precipitation distribution,
and only a slight general underestimation is apparent
(Figs. 9, 10).
Figure 11 links the quality of 2A12’s precipitation
estimates with a number of precipitation characteristics, namely, intensity, classification, and spatial coverage. Figure 11a demonstrates that 2A12 has a
tendency to overestimate light (,5 mm h21) precipitation while underestimating moderate to heavy
precipitation, which is consistent with results from
previous 2A12 studies (e.g., McCollum and Ferraro
2003; Wolff and Fisher 2009; Wang et al. 2009). 2A12’s
underestimation of high rain rates is primarily a result
of the aforementioned factors that cause extreme
precipitation rates to be smoothed, while the overestimation at low rain rates is likely a result of an
overestimation of convective precipitation fraction

(Fig. 11d). Over the land (where the precipitation
quantification is highly dependent on precipitation
classification), the tendency to overassign convection
dominates and the overall MRE is positive. However,
over the ocean where the effects of classification are
not as significant, the smoothing effect dominates and
the overall MRE is negative (Table 5).
The magnitude of the mean MRE is higher and the
mean CC is lower over mixed precipitation events than
purely stratiform or convective events; in particular, the
CC is lowest and MRE highest (in magnitude) for primary stratiform events (CVF 5 25%–50%; Figs. 11b,e).
As discussed in section 3b, 2A12 tends to overassign
convection in such events (Table 4), and this, along with
the high gradients of precipitation generally present
(within the TMI pixel) in these events, likely results in
the large discrepancies between the two sensor’s precipitation estimates. Meteorological examples of these
events would include both decaying convection that still
has a relatively active ice phase or MCSs. Midlatitude
MCSs often contain both convective and stratiform
components, and TMI pixels at the transition regions
between the two precipitation regimes would likely
contain large gradients of precipitation.
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FIG. 10. PDFs of rainfall volume for the reference (green) and 2A12 (black) rainfall for the different surface types.

TMI 2A12’s ability to quantify precipitation is also
proportional to the spatial coverage of precipitation
within the pixel, and a higher reference precipitation
fraction is associated with both a lower MRE and a
higher CC (Figs. 11c,f). This likely results from the high
gradients of precipitation present in partially rain-filled
pixels and is particularly magnified given the large size
of the TMI pixel. While, it is very difficult to correct for
this nonuniform beam filling (NUBF) effect at the
algorithm-development level, it probably should be
taken into account when utilizing TMI (and likely other
PMW) precipitation estimates, as mean MREs greater
than 1000% can be found in situations in which the pixel
is ,20% filled (Fig. 11c). Once again, it must be emphasized that the spatial coverage of precipitation and
precipitation type (stratiform or convective) are not
independent (Fig. 2a); consequently, it is difficult to
disentangle their relative impacts on PMW retrievals.

4. Conclusions
To improve understanding of PMW error characteristics in anticipation of the GPM era of satellite QPE,
TMI 2A12 rainfall products were compared at pixel

level to high-resolution, high-quality reference ground
radar–based rainfall products over the southern CONUS
and nearshore ocean over a 7-month period (March–
September 2011). The ability of version 7 of TMI’s 2A12
to detect, classify, and quantify midlatitude precipitation
was examined and linked to both surface and precipitation characteristics. Both precipitation and surface
characteristics were found to significantly affect the accuracy of the TMI retrievals relative to the reference,
and notable results are summarized below.
2A12 detects precipitation relatively well over all
surface categories, except over the coast, when reference rain rates exceed 5 mm h21 (Figs. 4a,d). However,
2A12 misses a significant portion of the precipitation
spectrum below this threshold. Over the land, detection
capabilities vary considerably with surface type and
seem to degrade with decreasing soil moisture and
vegetated fraction (Table 2, Fig. 4a). The low detection
scores over the (generally) most arid surface (grassland)
likely result from both the surface signal mimicking the
scattering signal produced by ice-phase hydrometeors
(resulting in false alarms) and the presence of isolated
and shallow orographic precipitation, which is rarely
detected by PMW sensors (resulting in missed events).
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FIG. 11. MRE vs reference (a) rain rate, (b) CVF, and (c) PF. (d) Convective MRE vs reference rain rate. (e) Mean CC vs reference CVF.
(f) Mean CC vs reference PF.

Over the coastal regions, the large gradient of emissivity
within the footprint necessitates a fairly conservative
retrieval algorithm and thus results in a very low probability of detection. 2A12’s detection capabilities are
also dependent on the characteristics of the precipitation within the footprint (Figs. 4b,c) and specifically are proportional to the spatial coverage of the
precipitation within the footprint; isolated or small-scale
precipitation features are detected at a fairly low rate.
Precipitation detection improves with increasing convective occurrence of precipitation, likely due to its
generally more prominent ice phase and more extensive
spatial coverage. It was not possible in the current study
to evaluate the detection capabilities over the ocean, as
the ocean algorithm does not apply a simple rain/no-rain
mask as is done over the coast and land and instead
utilizes a probabilistic approach.
Regarding precipitation classification, 2A12 is able to
detect and quantify convection relatively well, particularly as the proportion of convective precipitation increases within the footprint (Fig. 5a). However, 2A12
tends to overestimate convection significantly over the
grassland, coastal, and ocean categories (Table 4, Fig. 6).

Over grassland, this likely results from the (arid) surface
signal mimicking convection, and over the ocean and
coastal regions this results from the Bayesian retrieval
algorithm. The majority of misclassification by 2A12
over the land tends to occur in mixed stratiform–
convective precipitation events. Specifically, 2A12 underrepresents the number of primarily stratiform events
while overestimating the number of primarily convective events. Over the land, the classification accuracy of
2A12 relative to the reference was shown to be the
primary factor influencing the accuracy of rain-rate estimates (Fig. 8).
Regarding precipitation quantification, when precipitation detection is ignored, 2A12 exhibits positive
relative errors over all surfaces except the ocean and
specifically tends to underestimate high rain rates while
overestimating low rain rates (Table 5; Figs. 10, 11a).
The overestimation at low rain rates is most apparent
over the land and appears to be primarily driven by
2A12’s overestimation of convective fraction (Figs. 8,
11d) and consequently is magnified over sparsely vegetated surfaces. Over the ocean, TMI 2A12 generally
underestimates precipitation relative to the reference
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despite overestimating the convective fraction (Tables
4, 5). This underestimation is likely a result of the
Bayesian framework employed by the retrieval algorithm(s), the comparatively large size of the TMI footprint, and sensor saturation at high rain rates, all of
which limit the ability of 2A12 to capture extreme rain
rates. These smoothing effects are also seen over the
other surfaces at high rain rates, yet the overall MRE is
still positive because of the overestimation of convection. When detection is considered, the MRE decreases
dramatically over most surface types, as the effects of
overassigning convection are at least partially offset by
the significant amount of rainfall missed by the (less
sensitive) TMI (Table 5).
Precipitation quantification was also linked to precipitation characteristics, specifically precipitation classification and spatial coverage. Over the land, a lower
MRE and higher CC are associated with purely stratiform and purely convective events, while the errors increase in mixed stratiform–convective events (Figs.
11b,e). This decrease in retrieval quality possibly results
from both the high gradients of precipitation present in
mixed events and a dearth of mixed cases in the retrieval
database. A lower MRE and higher CC are also associated with greater filling of the TMI pixel, and precipitation estimates in pixels under 50% filled showed
very high relative errors, a probable result of the high
gradients of precipitation within the pixel (Figs. 11c,f).
Future work will involve applying a similar methodology (although adjusted somewhat to compensate for
the shift to Bayesian retrievals over the land) to evaluate
PMW sensors associated with the GPM (both constellation radiometers and the GMI), focusing on their
performance in common midlatitude precipitation regimes such as mixed stratiform–convective, orographic,
and frontal precipitation events. It would also be particularly beneficial to examine the impacts of the newly
operational surface properties database (which are used
to constrain the retrievals) on GPM-era PMW precipitation retrievals. As these surface classifications are
more closely linked to surface microwave radiometric
characteristics than the MODIS land surface classifications, the effects of the surface properties on retrievals
may be more pronounced. The greater latitude range
covered by the GPM-related sensors would also greatly
increase the number of inland water body samples,
allowing a much more robust analysis of PMW retrievals
over inland water bodies. Future work will also involve
evaluating the propagation of errors from the instantaneous precipitation estimates (level 2 products) to
the level 3 gridded average precipitation products. A
longer-term goal would be to incorporate knowledge of
PMW error characteristics (obtained through studies

similar to this one) into GPM-era probabilistic precipitation retrievals. This would greatly facilitate the
assimilation of these retrievals into ensemble-based
hydrometeorological models.
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