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Abstract—This study assesses the significance of conditioning
the error modeling of The National Aeronautics and Space Administration (NASA)’s Tropical Rainfall Measurement Mission
Microwave Imager rainfall algorithm (2A12) to near-surface soil
moisture data derived from a land surface model. The term
“conditioning” means the model parameters’ dependence on soil
wetness. The Oklahoma (OK) region is used as the study area
due to its relatively low vegetation and smooth terrain and the
availability of high-quality in situ hydrometeorological data from
the Mesonet network. The study period includes two warm seasons (March to October) from 2009 and 2010. The National
Oceanic and Atmospheric Administration/National Severe Storms
Laboratory ground radar-based National Mosaic and Quantitative Precipitation Estimation system (NMQ/Q2) is used as highresolution (5-min/1-km) reference rainfall. The surface wetness
conditions (wet, dry, and normal) were determined from surface
soil moisture fields simulated by the NASA Catchment Land Surface Model forced with Q2 rainfall fields. A 2-D satellite rainfall
error model, SREM2D, is used to provide the ensemble error
representation of 2A12 rainfall using two different parameter calibration approaches: conditioning the SREM2D parameters to the
surface soil wetness categories versus not. The statistical analysis
of model-generated ensembles and associated error metrics show
better performance when surface wetness information is used in
SREM2D. In terms of quantification, the ensemble rainfall from
the conditional SREM2D parameter calibration shows better reference rainfall encapsulation. The conditioning of SREM2D to soil
wetness can apply to rainfall rate estimates from other microwave
sensors on board low Earth orbiting satellites and is valuable for
the forthcoming missions on precipitation (Global Precipitation
Measurement) and soil moisture (Soil Moisture Active Passive).
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I. I NTRODUCTION

T

HE critical role of precipitation on hydrological processes requires accurate estimates over land at the highest
possible spatiotemporal resolution. The conventional groundbased rainfall measurements exhibit significant limitations as
well as error sources. Specifically, measurements from rain
gauges and weather radars are associated with sampling issues
due to the uneven distribution of sensors and limited spatial
coverage. As a consequence, time and coverage gaps, particularly over complex terrain and several developing regions
of the globe, limit the representativeness of those measurements in hydrologic modeling [1]. Scientists have also raised
inquiries for radar measurements due to issues with radar
calibration, variability in reflectivity-to-rainfall transformation,
beam geometry, and precipitation profile effects, among others
[2]–[4].
Since the 1970s, meteorological satellites have been operational, providing valuable remote-sensing observations of
rainfall over remote and ungauged regions of the Earth [5].
Depending on the type, i.e., geostationary versus low Earth
orbit, it can carry the range of visible, infrared, and microwave
sensors [6]–[8]. Passive microwave (PMW) frequencies have
been used for rain retrieval from low Earth orbiting sensors
for about 25 years. The techniques that have been developed
and refined in time rely on the signal emitted by raindrops over
oceans at frequencies at or below 37 GHz and on the scattering
signal of ice particles in the precipitation layer over land at
frequencies at or above 85 GHz [9]. Depending on the type of
satellite sensor and designated goals, different PMW precipitation retrieval algorithms have been developed. Each product
has its own strengths and weaknesses, but none of them appears
to be universally better than the other [10]. A widely used
algorithm for precipitation retrieval from PMW frequencies is
the Goddard Profiling (GPROF) technique [11], [12]. GPROF
is a Bayesian based approach to retrieve the instantaneous
rainfall with matching observed and simulated brightness temperature databases through a radiative transfer model. Despite
the sturdy linkage of PMW precipitation retrieval algorithms
with the physical processes of precipitation formation, GPROF
exhibits acceptable performances in heavy rain convective conditions over the ocean. However, over land surface, Lensky and
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Levizzani [9] have indicated that PMW retrieval algorithms are
suffering from uncertainties in precipitation-type classification
and temporal resolution.
The precipitation radar (PR) on board the Tropical Rainfall
Measuring Mission (TRMM) satellite that samples the vertical
profile of precipitation can provide higher accuracy measurements against other space-based products, and to this capacity,
it contributes on evaluating and developing PMW retrieval algorithms, such as the TRMM Microwave Imager (TMI—hereafter
named 2A12) overland rain estimation algorithm [13]–[15].
2A12 has different rainfall retrieval procedures for each surface
type (ocean, land, and coastal regions) to account for differences in the microwave emission characteristics. Rainfall has
high emissivity and is nonpolarized at PMW frequencies, which
makes it possible to distinguish it from the ocean surface that
is associated with low emissivity and high polarization. The
overland retrieval algorithm faces more complexity due to the
land cover changes and variable emissivity surface background,
aside from the nonpolarized nature of the land [12], [16], and
it is affected by a large number of surface parameters such as
soil moisture, vegetation properties, and snow cover [17]. Due
to the surface complexity, the 85-GHz brightness temperature
(Tb) observations associated with ice scattering have been
the primary data for overland rainfall estimation. However,
a screening procedure is required for PMW overland rainfall
retrievals to define rain versus no-rain areas and to mask out
regions producing scattering signals similar to rainfall, such as
deserts, semiarid land, and snow cover [18].
The 2A12 algorithm has been extensively evaluated over land
through comparisons with ground-based gauges and radar rainfall data, aircraft measurements, and other spaceborne products
[12], [19], [20]. Several deficits associated with the 2A12 land
algorithm have been identified and discussed in those studies.
Overall, the algorithm tends to overestimate rainfall rates from
convective systems and to underestimate the rainfall that resulted from the droplet coalescence processes and warm rainfall
due to the lack of 85-GHz depression [12], [20]–[22]. The
sensitivity of the rain screening algorithm to snow background
and deserts enhances false alarms of the algorithm over those
regions [12], [23]. Recently, Kirstetter et al. [24] presented the
joint influence of precipitation structure and surface conditions
(soil wetness and vegetation cover) on the error structure of
the 2A12 product over land. While more research is needed
to quantify the impact of specific factors like precipitation
horizontal and vertical structure or vegetation water content,
the biases of the 2A12 algorithm appear to be significantly
organized alongside the surface wetness. Specifically, 2A12 is
shown to overestimate under both dry and wet conditions, with
stronger overestimation exhibited under dry surface conditions.
The authors attributed the associated overestimation of 2A12
to biases in the convective precipitation fraction classification,
which were shown to be sensitive to surface wetness conditions.
Anomalies associated with 2A12 show underestimation in
warm rain and overestimation in deep convective events. This
plays an indubitable role in water resources management and
hydropower system operation as a part of satellite rainfall
product application. Thus, improving the accuracy and the error
characterization of 2A12 rainfall estimates is critical for a
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number of satellite rainfall products and applications [12], as
uncertainties in the 2A12 algorithm propagate to TRMM-based
global multisatellite rainfall estimates.
After having identified potential (physical) error factors, their
impact on satellite rainfall uncertainties needs to be quantified.
An empirical way to assess this impact is simulating errorcorrected rainfall fields while accounting, or not, for the error
factor at stake. Hossain and Anagnostou [25] have developed
a multidimensional satellite rainfall error model (SREM2D),
which has been used in several studies to produce ensemble
rainfall fields representing realizations of error-adjusted satellite rainfall products [26]–[28]. Triggered by the Kirstetter et al.
[24] preliminary findings on soil wetness effects in TMI rainfall, this paper aims to quantify the impact of accounting for
soil wetness in the statistical error modeling of 2A12 rainfall
retrieval through SREM2D.
The surface soil moisture condition was determined in this
study from NASA’s Community Land Surface Model simulations and used to derive area-averaged volumetric soil moisture
values within 2A12’s orbit over Oklahoma. Overpasses associated with less (more) than the 25th (75th) quantile of the
cumulative distribution are considered as dry (wet) conditions,
whereas the remaining overpasses constitute normal wetness
conditions. SREM2D parameters are calculated with and without considering the aforementioned orbit-average surface soil
moisture classification. It is often convenient to separate the
error in two components: the systematic error and the random
error. The significance of accounting for soil wetness will be
assessed by quantifying its impact on the average discrepancies
between the rainfall ensemble and the reference (systematic
error) as well as on the spread of the ensemble (random error).
The systematic and random error quantification of simulated
referencelike ensemble members will indicate the significance
of considering the area-average surface soil wetness condition
in the error modeling of 2A12.
In the next section, we present the study area and data sets.
In Section III, we describe the 2A12 rainfall error analysis, and
in Section IV, we describe the SREM2D and the parameter
calibration, which is performed accounting—and not—for the
soil wetness conditioning term. Finally, Section V presents the
results and major findings from this research.
II. S TUDY A REA AND DATA
The study area is located in Oklahoma (OK) in the southcentral United States (ranging from 32N to 39N and 93W to
102W; see Fig. 1). The region has an elevation gradient from
west to southeast, with the highest peak in the northwestern
corner and the lowest point in the southeastern corner, respectively, with 1515 and 88 m above sea level. The study area is
located in the tepid latitude of the globe, where cold and warm
fronts interact frequently, yielding severe events and laying
the region on the Tornado Alley. The high spatial gradient of
soil moisture across the region makes it an ideal test bed for
studying the sensitivity of the rainfall retrievals for various soil
moisture conditions. Established networks of in situ sensors
from the Oklahoma Mesonet and the good radar coverage
from the next-generation radar (NEXRAD) network provide
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Fig. 1. Map of seven-year (2004–2010) average surface soil moisture
(m3 /m3 ) simulated by CLSM, overlaid by the 25-km grid of the study domain.

high-resolution information on the land-surface state and on the
rainfall in the Oklahoma region. The Q2-based radar rainfall,
2A12 rainfall estimates, and soil moisture simulations from the
NASA Catchment Land Surface Model (CLSM) utilized in this
study are described next.

3

the summer season over a generally flat terrain avoids overestimation in the bright band and mitigates range dependence
caused by VPR effects, so the best measurement conditions
(i.e., no beam blockage and radar beam below the melting level
of rainfall) are retained. Although the quantitative interpretation
of the weather radar signal in terms of rainfall may be complex,
radars enable a reliable evaluation of area-averaged rainfall
estimates.
The Q2 5-min products that encapsulate the TRMM satellite
local overpass schedule time are used as the reference rainfall
fields to the corresponding 2A12 rainfall estimates. Specifically,
the reference rainfall Rref is computed from a block-Q2 rainfall
pixel matching each land surface model pixel. All Q2 pixels
(rainy and nonrainy) corresponding to a land surface model
pixel are used to compute the pixel-average reference rainfall rate.
B. TMI 2A12 Rainfall Algorithm

A. Q2 Radar-Based Reference Rainfall
All significant rain fields observed coincidentally by TRMM
overpasses and the NEXRAD (http://www.roc.noaa.gov/
WSR88D/) radar network over the study area from March to
October of 2009 and 2010 are collected. The National Oceanic
and Atmospheric Administration/National Severe Storms Laboratory National Mosaic and Quantitative Precipitation Estimation system (named Q2; see [29]) combines information from
all ground-based radars comprising the Weather Surveillance
Radar-1988 Doppler network (NEXRAD) to derive experimental radar-based products comprising high-resolution (0.01◦ ,
5 min) instantaneous rainfall rate mosaics available over the
Continental United States [30]–[33].
Many errors affect the estimation of rainfall from groundbased radars, such as nonweather echoes, nonuniform beam
filling, range dependence due to vertical profile of reflectivity
(VPR) variability, conversion of Z to R, and calibration of the
radar signal (see [34] for a review). While several procedures
are already in place within the Q2 system to correct for these
errors, additional postprocessing steps were taken to refine the
reference data set as much as possible.
The original Q2 products utilized in this study are as follows:
1) the radar-only instantaneous rain rate (RR) national mosaic
updated every 5 min; 2) the radar-only RR national mosaic at
an hourly time step; and 3) the hourly rain gauge-corrected
national mosaic product. The reference rainfall is derived from
an instantaneous bias-corrected Q2 product. Instantaneous Q2
products are adjusted using colocated rain gauge observations
to minimize the aforementioned errors: Pixel-by-pixel ratios
between the hourly gauge-adjusted and the hourly radar-only
products are calculated and applied as multiplicative adjustment
factors to the radar-only 5-min product. This adjustment is
designed to minimize uncertainties with the Z–R relationship
and calibration errors (see [35] for more details). Extreme
adjustment factors (outside the [0.1–10] range) are discarded,
so the gauge adjustment also serves as a data quality control
procedure. Note that the rain gauge network in Oklahoma is
dense and well suited to provide reliable hourly adjustments in
the radar rainfall estimates. Moreover, working with data from

The TMI Level 2 Hydrometeor Profile Product, 2A12 (version 7), with a horizontal resolution of ∼5 km at 85.5 GHz is
evaluated in this study. The algorithm is detecting rain versus
no-rain areas through establishing a relationship between the
RR and the 85- and 21-GHz vertically polarized channels using
coincident TMI and TRMM PR data for both convective and
stratiform data. Then, the algorithm defines the percentage of
convective and stratiform rainfall patterns by calculating the
convective probability of observed rainfall while accounting for
TB10V, TB37V, TB85V, and TB85H, which are the 10- and
37-GHz vertically and 85-GHz vertically (horizontally) polarized channels, respectively [15], [16]. The convective/stratiform
pattern recognition reduces the associated uncertainty with
possible rainfall rates for a given brightness temperature.
Kirstetter et al. [24] performed a diagnostic error characterization on 2A12 rainfall estimates conditioned by the surface
wetness, cloud structure, and vegetation covers. During summer, better satellite performance was reported over regions with
wetter soil moisture conditions. Regarding rainfall detection,
the missed rain volume was shown to decrease for increasing
surface wetness conditions. In terms of quantification, the 2A12
algorithm exhibited a greater overestimation (up to 55%) over
dry surface conditions and a lower one (less than 10%) over
wet surface conditions. This was attributed to overestimation
in the convective rain fraction, which was shown to increase
inverse proportionally to soil wetness. Therefore, soil moisture
is identified as a potential factor for the 2A12 rainfall retrieval
error, which will be modeled in Section III using SREM2D.
C. Simulations of Surface Soil Moisture
Surface conditions were assessed through surface soil moisture estimates from the NASA CLSM [36], [37]. This model
uses a catchment-based method to assess land surface processes, as the hydrological catchment defined by topography is
the essential element of the land surface model. The variability
of soil moisture is associated with three bulk soil moisture
variables at the element scale. These variables display equilibrium conditions and nonequilibrium conditions. In particular, equilibrium conditions are associated with the water table
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Fig. 2. Precipitation maps from 2a12 and Q2 radar. (a) Wet soil condition, September 12, 2009, 21:45 h (top). (b) Dry soil condition, July 17, 2009, 03:55 h
(bottom). Dashed lines indicate the 2A12 orbit over the study domain.

distribution, and nonequilibrium conditions are found near the
land surface.
CLMS utilizes several surface level meteorological variables (precipitation, air temperature, and radiation, among others) and predetermined climatological vegetation parameters.
CLMS is forced with precipitation data from the bias-corrected
Q2-based rainfall data set, and the residual meteorological
variable data are the output from the NASA global atmospheric
data assimilation system [38], as part of the Global Land
Data Assimilation Systems [39]. The parameters utilized in
this model are from the Goddard Earth Observing System
Model Version 5 (GEOS-5) system [40]. The spin-up of the
model is executed with Q2-based rainfall that is looped three
times through three years of forcing data (2004–2006), which
produces land-only model integrations. Studies such as those
by Bowling et al. [41], Nijssen et al. [42], and Boone et al.
[43] have demonstrated the ability of CLSM in depicting soil
moisture dynamics. The consistency and high correlation (0.54)
between CLSM simulated surface soil moisture data utilized in
this research and in situ Oklahoma Mesonet observations have
been demonstrated in [28].
D. Data Matching
The Q2 radar-rainfall data set, which represents the reference
rainfall in this study, is matched to the 2A12 overpass times
and spatially averaged to the Catchment model grid resolution
(25 km). The total number of overpasses and that of pixels
considered in this study are 867 and 190 740, respectively. The
Q2 pixels found within the land surface model pixel A are
utilized to compute the pixel-average reference rainfall rate

Fig. 3. Cumulative probability of the 2A12 orbit-average volumetric soil
moisture for all 2A12 orbits in March to October of 2009 and 2010.

Rref (A). The mean number of Q2 pixels (with the native Q2
resolution being 1 km2 ) associated with a model grid cell
is around 620. Matched estimates of 2A12 and Rref (A) can
only be produced at locations where actual observations were
recorded by both the 2A12 and ground radars. On the other
hand, the instantaneous satellite rainfall estimate Rsat (A) is a
block-2A12 rainfall pixel computed to match each land surface
model pixel. The average number of 2A12 pixels (with the
native 2A12 resolution being around 8 km) associated with
each model pixel is around 16. The 2A12 and Q2 data are
dropped from comparison when there are more than 25%
missing Q2 pixel values or when less than 8 2A12 pixels are
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TABLE I
N UMBER OF S AMPLES A SSOCIATED W ITH S OIL W ETNESS C ATEGORIES

density functions of satellite retrieval relative error under wet
and dry conditions. Both distributions have their mode at 0.5
(overestimation of 2A12 compared to the reference), but the
wet distribution is much narrower and more peaked than the
dry distribution: The maximum relative frequency for the wet
condition is 0.48 compared to 0.31 in dry conditions. The 2A12
rainfall retrievals present more random error over dry conditions. The greatest difference between wet and dry conditions
can be seen around the zero relative error value. Overall, the
systematic error of 2A12 retrieval is shown to be lower over
wet versus dry land surface conditions.
Fig. 4.

Probability density function of relative error for all orbits.

available. By dropping these values, the block-Q2 values are
more representative of the population that comprises the ground
references, and the reliability of the block-2A12 values that
comprise the satellite estimate is also increased. Statistics are
applied on the matched Q2-2A12 data for comparing reference
rainfall intensities to satellite-based estimates as a function of
soil moisture conditions estimated by the Catchment model.
Fig. 2 presents a sample of matched Q2 and 2A12 data for two
representative cases of dry and wet surface conditions. In both
cases, the spatial distribution of rainfall is similar between Q2
and 2A12, although the Q2 data capture greater rainfall intensity than 2A12. Fig. 2 represents a clear distinction between dry
and wet conditions in terms of intensity and pattern.
The average soil moisture values from CLSM over the
entire number of 2A12 overpasses are determined to provide
the mean wetness condition over the area. Overpasses with
more than 50 recorded values are considered for calculating
mean soil moisture values, and therefore, 20% (254 overpasses)
of the matched data were discarded from the error analysis.
Fig. 3 shows the cumulative distribution of the area-average
volumetric soil moisture values from CLSM over considered
overpasses. The data from overpasses associated with areaaverage soil moisture of less than the 25th quantile represent dry conditions. Similarly, data from overpasses associated
with area-average soil moisture higher than the 75th quantile
represent wet conditions, whereas the remaining overpasses
represent normal conditions. The number of overpasses and
associated data sample statistics associated with each soil wetness category is presented in Table I. The rain fractions over
the entire area and study period are 17%, 12%, and 9% for the
wet, normal, and dry conditions, respectively. Fig. 4 shows the
distribution of the satellite retrieval relative error (defined as
the difference between 2A12 and Q2 values divided by the total
for the detected rain values higher than 0.1 mm/h) computed
at the pixel scale and instantaneous timescale for wet and dry
conditions. It demonstrates a clear distinction in the probability

III. TMI RR E RROR A NALYSIS
In order to characterize the precipitation, additional Q2based products are considered in this paper such as the freezing
level height and the radar echo top. As brightness temperature
channels associated with the ice scattering in precipitating
clouds significantly influence the 2A12 retrievals over land,
equivalent ice water content and a simplified rain-type classification were elaborated from the vertically integrated liquid
content (VIL) provided at the original Q2 resolution (1 km,
5 min). The ice water content was evaluated from the 3-D
reflectivity mosaics between the freezing level height and the
echo top. A two-step approach similar to that by Steiner et al.
[44] was applied to identify convective areas. First, the centers
of convective cells are identified from the VIL map using a
threshold value (5.5 kg · m−2 ) above which it is assumed that
precipitation can only result from convective processes. Then,
an associated convective region is identified from surrounding
pixels with VIL values greater than 2 kg · m−2 at distances
within 20 km. Pixels flagged as nonconvective are designated
as stratiform.
For each common grid domain pixel A, a Convective Percent
Index (CPI) is computed to quantify the contribution of convective rainfall to Rref (A) as follows:
nconv

Q2(aj )
j=1

CP I(A) = 100 
n

(1)
Q2(ai )

i=1

where Q2 denotes the Q2 RR 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. Each
2A12 pixel is associated with a rainfall rate at ground and
with an associated convective rainfall rate. As for Q2, a CPI
is computed to quantify the contribution of convective rainfall
to R(A). We also consider the inputs of the retrieval algorithm with the brightness temperatures from the 1B11 product
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TABLE II
S AMPLES D EFINITION ACCORDING TO D IFFERENT C LASSES OF S OIL W ETNESS AND V EGETATION I NDEX

Fig. 5.

(a) Averaged radar echo top and (b) convective volume contribution as functions of ice water content for various soil moisture and vegetation conditions.

measured by TMI. They are matched in space and time with the
2A12 products, the Q2 rainfall, and the soil moisture outputs
from the land surface model. In order to preserve the statistical
characteristics of the information input for the 2A12 algorithm,
the brightness temperatures are taken at their native resolution.
For the last sample, we define two extreme surface wetness
conditions (see Table II): “dry” that represents the 25% driest
subsamples (soil wetness values below 0.178) and “wet” representing the 25% wettest subsamples (soil wetness values above
0.309). The vegetation was defined with two classes of the
normalized difference vegetation index (NDVI) (see Table II):
the low vegetated areas that represent the 25% subsamples with
NDVI values below 0.411 and the remaining cases classified as
“normal.” These subsamples differ in terms of rainfall regimes.
Fig. 5 shows the averaged echo top and the reference convective
contribution of the sampled rainy systems as functions of the
ice water content V ILice over the six different surface conditions. All variables consistently increase with the V ILice as a
characterization of more intense convective systems (V ILice >
0.3 g · m−2 ) usually associated with high ice content.
The echo top and convective contribution (CP I) values are
higher over dry surfaces than over wet surfaces and higher over
vegetated areas. The relation between these cloud features and
surface characteristics is likely associated through a seasonal
effect. During the warm season, more vegetation and drier
soils are associated with higher convective activity related

to thunderstorms. Wintertime period is associated with less
vegetation, wetter soils, and lighter precipitation arising from
large-scale frontal systems. The rain fraction increases with
the V ILice from less than 10% for V ILice < 0.05 g · m−2 up
to more than 40% for V ILice > 0.5 g · m−2 , and its values
are generally higher over wet surfaces than over dry surfaces
and lower over vegetated areas: Isolated convective cells are
likely associated with dry and vegetated surfaces during the
warm season, and more extended rain systems occur during the
cold season over wet and less vegetated surfaces. The shifts
of the RRs toward higher values over wet and less vegetated
areas are correlated to the rain fraction. While higher RRs are
generally associated with convective clouds, working at the
25-km resolution certainly explains why the differences of rain
fraction are correlated to the differences of mean intensity over
the various surfaces.
The features shown in Fig. 6 impact the brightness temperature (Tb) signatures of rain events from which the 2A12
algorithm infers RRs at the ground. Fig. 6 brings insight with
the conditional median of the Tb distributions from 10V, 37V,
and 85H channels over the various surfaces as functions of
V ILice . Recall that the Tbs are taken at their native resolution.
The distributions include Tb sampling raining and nonraining scenes because a given pixel is not necessary completely
filled by rainfall (particularly for V ILice < 0.2 g · m−2 ; see
Fig. 7). Differences at the lowest V ILice values (associated
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Fig. 6. Averaged brightness temperatures at (a) 10V, (b) 21V, (c) 37V, (d) 85H, and (e) 85V channels as functions of ice water content for various soil moisture
and vegetation conditions.

Fig. 7. Mean relative error of 2A12 versus reference as functions of ice water
content for various soil moisture and vegetation conditions.

with light rain and rain/no-rain transition) could be linked to
the differences in surface emissivity between the regions. For
all channels considered, the Tb distributions are shifted toward
lower values over wet surfaces compared to dry surfaces (e.g.,
∼15 K Tb drop from dry to wet soil conditions at a 10-GHz
channel over low vegetated areas) and downward over less
vegetated areas (e.g., ∼10 K Tb drop for low vegetated areas

at a 10-GHz channel). It is likely that the surface (soil moisture
and vegetation) affects the lower frequency Tb (10- and 21-GHz
channels) because the dielectric constant of water is higher
than that of soil, so the surface emissivity (and upwelling
Tb) is colder over a wet soil than a dry soil. The wintertime
period associated with less vegetation is characterized by colder
skin temperature that also decreases the upwelling Tb. Surface
emissivity may have an impact at higher frequencies (85-GHz
channel) when the rain fraction is low, particularly for
V ILice < 0.2 g · m−2 . The higher frequency channels present
consistently higher sensitivity to the V ILice . The surface is
probably masked once precipitation develops an optically thick
ice canopy at ∼0.3 g · m−2 . A difference of ice content, ice
density, or spatial homogeneity of the ice field may drive the
differences in Tb at the 85-GHz channel.
All of these characteristics present a significant diversity
for assessing the 2A12 precipitation retrievals. Note that the
seasonal cycle of the surface due to the time of the year is
correlated to the seasonal cycle of precipitation characteristics.
It is difficult to distinguish uniquely the impact of the surface
conditions on the 2A12 retrievals from the impact of the vertical
structure of the precipitating clouds.
To investigate the rainfall quantification from 2A12, Fig. 7
shows the behavior of the mean relative error (expressed in
percentage) as a function of V ILice for various conditions
of soil moisture and vegetation. A rainy pixel is included in
the statistics if both the satellite and reference are nonzero to
emphasize the satellite sensor’s ability to quantify precipitation
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TABLE III
SREM2D C ALIBRATION PARAMETERS FOR W ET, N ORMAL , D RY S OILS , AND U NCONDITIONAL

when it is raining. The satellite algorithm significantly overestimates the reference mean values for dry and medium soil
moisture conditions over the range of ice water content values.
For wet conditions, 2A12 overestimates the reference values
for V ILice < 0.3 g · m−2 and underestimates the reference
values for V ILice > 1 g · m−2 . The degree of overestimation
significantly relates to the soil moisture with greater MRE
values (up to 250%) over dry surface conditions and lower
MRE values (up to 150%) over wet surface conditions. One
can note that the impact of the vegetation on the bias seems
less important than that of soil moisture. The overestimation
decreases with increasing V ILice with the strongest decrease
being at V ILice below 1 g · m−2 . This pattern correlates well
with the rapid drop of Tbs at 37V and 85H GHz channels
(see Fig. 6).
The increase in the satellite-based overestimation of RRs
from wet to dry soil moisture conditions is correlated with
the corresponding increase in the overestimation of convective
detection and convective fraction from the same range of wetness conditions (shown in Fig. 5). Because convective rainfall
generally implies greater rainfall rates than stratiform rainfall
(see [16, Figs. 1 and 3]), a weighting shifted toward positively
biased convective fractions would result in the overestimation
of 2A12 RRs. Therefore, this increase in the positive bias
relative to the reference from wet to dry regions is attributed
to the rainfall misclassification of the 2A12 algorithm.
IV. R AINFALL E RROR M ODELING (SREM2D)
SREM2D is a 2-D satellite rainfall error model developed for
simulating satellite rainfall ensembles by perturbing a reference
rainfall field [25], [26]. However, in this study, we run the
model in inverse mode, which works in the opposite way;
namely, we force the model with the “satellite” data set to
obtain “reference”-like (i.e., error-corrected) rainfall ensembles. Specifically, SREM2D was forced here with Q2 radar
estimates to produce 2A12 (satellite)-like rain fields. SREM2D
can model both the spatial and the temporal variability of the
satellite retrieval error as well as the spatial structure of the
successful delineation of rainy and nonrainy areas. This aspect
of SREM2D is innovative with respect to standard rainfall
error models, which usually assume the perfect delineation
of rain areas and simply scale the input precipitation forcing
with a multiplicative perturbation [45]. Previous studies have
demonstrated that rainfall ensembles produced by SREM2D
provide better encapsulation of the reference radar precipitation

and they better reproduce satellite rainfall error statistics (such
as bias and root-mean-square error) than simpler rainfall error
models [26], [28].
In this paper, we perturbed 2A12 satellite data through
SREM2D to generate an ensemble of 50 Q2-like realizations.
The input error parameters evaluated for 2A12 with respect to
the high-quality Q2 product along the study period (i.e., the two
warm periods of 2009 and 2010) are as follows: 1) probability
of rain detection (POD); 2) mean of the logarithmic error (muGaussian of log-error), defined as the log-error, where error is
the multiplicative factor “e” as in Rsensor = Rreference ∗ e;
3) nondetected mean RR; 4) probability of no-rain detection
(PODno−rain ); 5) correlation length for the retrieval error
(CLret ); 6) correlation length for the successful delineation of
rain (CLrain det ); and 7) correlation length for the successful
delineation of no rain (CLno rain det ). For more details about
the model parameters, we refer the reader to [25].
SREM2D model parameters are determined based on two
different approaches, hereafter named conditional and unconditional. In the conditional approach, the model parameters are
computed for each area-average soil wetness category (defined
in Section III) separately; in the unconditional approach, the
model parameters are calibrated based on the entire matched
database independent of soil wetness condition. The model
parameters are summarized in Table III. Results indicate that
SREM2D calibration parameters are different for the different
wetness categories. In terms of spatial patterns, the correlation
lengths of rain detection, no-rain detection, and retrieval error for the unconditional approach are less than 150 km and
consistently fall between resulted values for wet and normal
categories. The lower correlation length can be translated to the
lower dependence between variables in space. Regarding the
random error, the range of standard deviation of logarithmic
multiplicative error is between 1.12 (wet) and 1.15 (dry) and
equals 1.14 in the unconditional approach. The values represent
the higher magnitude of error between the reference and sensor
data in dry condition relative to the wet and unconditional
approaches. The PODno−rain for the unconditional approach is
equal to 0.97, and it is the same when computed for wet and
normal conditions, while for dry condition, it is slightly lower
(0.93). The nondetected mean RR is 0.14 (0.10) in wet (dry)
condition, whereas its value for the unconditional approach is
0.12. Wet conditions are related to higher RRs, which results in
higher nondetected RRs from 2A12.
Furthermore, some SREM2D parameters are presented as a
function of satellite RR thresholds (see Figs. 8 and 9). In fact,
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Fig. 8.

Mean of 2A12 retrieval error versus rainfall threshold for wet, normal, dry soils, and unconditional approach.

Fig. 9.

Probability of correctly detected rain versus rainfall threshold for wet, normal, dry soils, and unconditional approach.

preliminary calculations indicated that parameters such as the
POD and the mean error are functions of RR. For instance,
the mean error shows positive values in low RRs and negative
values in high RRs. This is consistent with the Kirstetter et al.
[46] results demonstrated over West Africa for a similar overland PMW algorithm. In terms of POD, the dry surface soil
moisture levels have the lowest values, whereas wet conditions
have the highest POD values. The surface soil moisture levels in
the unconditional approach converge at higher levels of satellite
RR. Thus, a dynamic characterization of these error parameters
is chosen in place of a single value, representing a novelty with
respect to the original version of SREM2D.
After calibration, SREM2D is used to generate 50 rainfall
ensembles from overpasses in each soil wetness category based
on the two calibration approaches (conditional and unconditional). Fig. 10 shows the time series of cumulative rainfall
simulated by SREM2D for each ensemble member using the
two calibration approaches. The range of ensembles in the unconditional versus conditional SREM2D parameter calibration
approach shows differences in the encapsulation of the actual
rainfall time series. The conditional approach exhibits a much
smaller ensemble range than the unconditional approach. Overall, Fig. 10 indicates better convergence of SREM2D ensemble
members in the conditional approach.

9

V. R ESULTS
The ensemble-based error modeling results are presented
here for the two SREM2D calibration approaches, where parameters are conditioned or not to the simulated orbit-average
soil moisture values. Specifically, in Section V-A, we provide
error metrics (relative standard deviation and efficiency coefficient) to evaluate the improvement of conditional (surface
moisture wetness) error modeling relative to unconditional error modeling, whereas in Section V-B, we perform an ensemble
verification of the SREM2D rainfall ensembles produced using
the different calibration approaches to further quantify the
improvement due to the use of soil wetness information.
A. Error Metrics
Two error metrics are presented in this section to evaluate
the improvement of applying error modeling conditional to the
near-surface soil moisture versus error modeling without the use
of soil moisture information. The first error metric is the ratio of
standard deviation (RSTD) of differences between SREM2Dgenerated ensemble mean values and Q2 rainfall values to the
mean Q2 radar rainfall values, as in (2), shown at the bottom
i
is the SREM2D-generated
of the next page, where Rsat
mean
i
is the
orbit-average satellite rainfall ensemble, Rref
mean
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Fig. 10. Time series of cumulative rainfall of Q2, 2A12, and SREM2D ensemble members. In panel (a), SREM2D parameters are calibrated with the conditional
approach, and in panel (b), SREM2D parameters are calibrated with the unconditional approach.

orbit-average reference radar rainfall, and R̄refmean is the mean
radar rainfall over all orbits. Uj and i represent the ensemble
number and orbit number, respectively, while N is the total
number of orbits. The second error metric is the Nash–Sutcliffe
efficiency [47], [48], which is presented to evaluate the goodness of fit of the SREM2D-generated ensembles and radar
Q2 data
 i
2
i
ΣN
1 Rsatmean (Uj ) − Rrefmean
N SE(Uj ) = 1 −
 i
2 .
i
ΣN
1 Rrefmean − R̄refmean

(3)

Nash-Sutcliffe efficiency equal to one indicates perfect model
performance, while zero indicates model performance equal
to climatology. Negative NSE values indicate that the model
prediction introduces more error variability than the variability
of the retrieved process. The two error metrics are computed for
ensembles generated with the two different SREM2D calibration approaches, namely, calibrating the SREM2D parameters
conditional and unconditional to the soil moisture.
The results for RSTD and NSE are shown in the box plots
of Figs. 11 and 12, respectively. For the RSTD plots, we
note that the wet category’s unconditional “box and whisker”
plot has a relatively large interquartile range (IQR) compared
to the conditional plots. Both conditional and unconditional
plots are skewed to the lower value, which means that the
concentration of values is closer to the 25th percentile. The 25th
percentile value is 1.55 (1.7) for the conditional (unconditional)
approach. The overall range of RSTD values is much larger
in the unconditional simulation compared to the conditional
simulation. Both approaches under normal wetness conditions
show similar IQRs, similar overall range, and symmetrical
distributions. Given all similarities, the 25th percentile for the
conditional simulation is 1.75 compared to 1.9 for the uncon-


2

RST D(Uj ) =

Σni



ditional one. For dry condition, the IQR for the unconditional
simulation is larger than the conditional simulation, which
corresponds to higher statistical dispersion in the unconditional
simulation. Both are skewed to the lower value, as the data are
concentrated closer to the 25th percentile, which is 1.7 and 1.75
for conditional and unconditional calibrations, respectively.
Overall, the IQRs of the conditional simulations are smaller
than the unconditional ones, which is a good indicator of lower
variability in the generated ensembles.
Similar to the RSTD error metric, under wet conditions, the
unconditional error model ensemble exhibits a much larger IQR
for the NSE values than the conditional error model ensemble. The 25th percentile is 0.28 for the conditional case and
−0.56 for the unconditional one. Both cases are skewed to the
higher end, meaning that values are concentrated around the
75th percentile. In normal wetness conditions, the IQRs are
similar to each other. The 25th percentiles are 0.55 and 0.45
for the conditional and unconditional error model ensembles,
respectively. The dry condition plots are both skewed to the
higher value, but their IQRs are largely different. The IQR of
the unconditional error model ensemble is much greater than
the IQR of the conditional one. The 25th percentiles are 0.1 and
0.58 for the unconditional and conditional error model ensembles, respectively. Overall, the conditional simulations perform
better than the unconditional one: This is evident in that the
conditional plots have higher concentration of NSE values
closer to 1, indicating that the SREM2D ensemble corrections
bring satellite data closer to the reference (Q2 radar data).

B. Ensemble Verification
We used three ensemble verification methods to assess
the accuracy of the SREM2D-derived ensembles in terms of

  l
 2
i
i
l
Rsat
−
R
(U
)
−
R
(U
)
−
R
j
j
satmean
refmean
refmean
mean
R̄refmean

(2)
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Fig. 11. Relative standard deviation (RSTD, unitless) of actual and SREM2D-generated ensemble members for 2A12 as function of wet, normal, and dry soil
conditions.

Fig. 12. Nash–Sutcliffe efficiency coefficient of actual and SREM2D-generated ensemble members for 2A12 in wet, normal, and dry soil conditions.

characterizing the variability of the satellite rainfall retrieval
error: exceedance probability (EP), uncertainty ratio (UR), and
rank histograms. The EP and UR have been suggested by
previous studies as a way to evaluate probabilistic prediction
performance [28], [49], [50]. These two metrics evaluate two
contradictory aspects of error modeling: If the ensemble limits
are too narrow, i.e., the EP is high, then the benchmark uncertainty is underestimated, while if the limits are too wide, i.e.,
the UR is high, the benchmark uncertainty is overestimated. In
both cases, the model would have a poor predictive ability.
The EP is used to assess the ability of SREM2D-generated
ensembles in encapsulating the reference data
EP =

Nexceedance
Nt

Fig. 13. EP of generated ensemble members of 2A12 in wet, normal, and dry
soil conditions based on conditional and unconditional approaches.

(4)

where Nexceedance is the number of times that the reference
rainfall value falls outside the ensemble envelope and Nt is
the total number of data samples. A score of EP equal to
zero indicates a perfect encapsulation of the reference within
the ensemble envelope. On the other hand, if EP is equal to
1, that reference always falls outside the ensemble bounds.
Results for EP values are shown in Fig. 13. The conditional
simulation has a lower EP across all conditions. The difference
between the resulted EP values of the conditional and unconditional error model ensembles is larger under dry soil condition
(32%), which means that the number of times that Q2 falls
outside the ensemble envelope is decreasing if the conditional

Fig. 14. Mean UR of generated ensembles of 2A12 rainfall for wet, normal,
and dry soil conditions based on conditional and unconditional SREM2D
parameter calibration.
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Fig. 15. Rank coefficient of generated ensemble members of 2A12 in (a) wet, (b) normal, and (c) dry soil conditions for conditional and unconditional approaches.

approach is applied. The unconditional and conditional results
show the same trend: dry > normal > wet. The magnitude of
improvement from unconditional to conditional increases also
from dry to wet. Because the random error is greater for dry
conditions (i.e., the spread is greater; see Fig. 4), it is harder for
the reference rainfall to fall outside the ensemble envelope.
The mean UR is next used to evaluate the accuracy of
ensemble envelope width. UR is computed as the ratio of aggregate ensemble widths divided by the “benchmark” uncertainty,
defined as the difference between the ensemble mean and the
reference rainfall


i
i
RSat
− RSat
ΣN
1
upper
lower


UR =
 i
i 
2 × ΣN
1 R̂sat − Rref 

(5)

i
i
where RSat
and RSat
represent the upper and lower
upper
lower
i
bounds of the simulated ensemble, respectively, R̂sat
represents
i
is
the mean of the generated ensemble over orbit number i, Rref

the radar rainfall field over orbit number i, i is the orbit number,
and N is the total number of orbits in each category. A UR
value of 1 refers to a perfect delineation of Q2. A UR value
greater than 1 corresponds to an overestimation of the actual
uncertainty, whereas a UR value less than 1 means that the
ensemble underestimates the benchmark uncertainty.
Fig. 14 shows the mean UR calculated for SREM2D ensembles generated by conditioning—or not—the parameters
to the surface soil moisture. In all cases, the ensemble spread
overestimated the actual error variability. Evidently, the ensemble generated with conditional parameters shows values of UR
closer to 1, which corresponds to a better estimate of the actual
uncertainty. The improvement is relatively higher in wet and
normal soil wetness conditions.
Finally, rank histograms are used to evaluate the SREM2D
ensemble predictions. If the model is able to correctly reproduce the prediction uncertainty, the ensemble members are
equally likely to occur as in the reference simulation [51].
Namely, the number of times that the reference falls within
any two adjacent ensemble members should be independent of
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the position of the members in the ordered ensemble. Thus, the
rank histogram, which is the histogram of the rate at which the
reference falls into each interval, should be flat [52], [53]. Two
shapes of the rank histogram, a U-shape and a sloped shape,
are both indicators of poor ensemble predictions. Specifically,
if a U-shaped histogram represents a lack of variability in the
ensemble, a sloped histogram represents a constant bias in the
ensemble prediction.
Results are shown in Fig. 15. For the unconditional approach
(right panels), the U-shape rank histogram in the wet and
normal conditions indicates that the ensemble suffered from the
lack of variability, while the dry condition histogram exhibits
an uneven pattern, which may result from the lack of variability
and a bias in the ensemble prediction. Flatter rank histograms
are observed for all ensembles obtained by conditioning the
SREM2D parameters to the surface moisture level and can
be interpreted as the equally likely occurrence of ensemble
members as in the reference simulation.
VI. C ONCLUSION
In this paper, we assessed the impact of conditioning a
stochastic error model for 2A12 rainfall estimates on nearsurface soil moisture information derived from land surface
simulations. The study used reference rainfall fields from the
Q2 algorithm over Oklahoma for the warm season months of
2009 and 2010. TRMM orbit-average surface wetness conditions (wet, normal, and dry) over Oklahoma were defined based
on surface soil moisture simulations from the NASA CLSM
forced with Q2 rainfall fields. SREM2D, a 2-D satellite rainfall
error model, was used to generate ensembles of satellite rainfall
error with parameters that were conditioned or not to the three
surface wetness conditions.
The error modeling improvement assessment was performed
using different metrics: random error quantification (RSTD and
NSE), uncertainty quantification (EP and UR), and ensemble verification (rank histograms). Significantly better performances in terms of all analyzed statistics are reported for the
ensemble realizations generated using the conditional approach
for estimating the SREM2D parameters. The IQR for the box
plots of RSTD and NSE is larger for ensembles generated
using the unconditional approach. This can be attributed to the
statistical dispersion of ensemble realizations generated disregarding soil wetness conditions. The random ensemble error
quantification exhibits lower EP and UR for the ensemble simulations conditioned to the soil wetness. This results in better
encapsulation of the surface rainfall (represented by reference
rainfall data) and more accurate estimation of the retrieval error
variability on the basis of the SREM2D-generated ensembles.
The study relies upon the quality and specification of 2A12,
Q2, and NASA CLSM simulations. Future studies should
investigate ways to directly incorporate soil moisture as a
parameter of the error model, as we demonstrated how some
error statistics are highly dependent on it. As a first attempt
to investigate this question, we focused on conditions ensuring
good reference estimates. Performing the comparison during
the warm season over Oklahoma offers the best measurement
conditions related to VPR (i.e., radar beam below the melting
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layer) and beam blockage effects. Applying the same approach
over various areas to assess the influence of other potential error
factors (e.g., shallow convection over complex terrain) or during other seasons (with different soil moisture and vegetation
conditions) will be the subject of future studies.
To generalize the findings of this study, it requires extending
this error modeling exercise over different regions and longer
periods of time and including additional surface characteristics
(e.g., vegetation cover). The framework is applicable for the
other microwave imagers on board low Earth orbiting satellites,
and the result can be useful for the Global Precipitation Measurement mission.
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