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ABSTRACT
The NEXRAD program has recently upgraded the WSR-88D network observational capability with dual
polarization (DP). In this study, DP quantitative precipitation estimates (QPEs) provided by the current
version of the NWS system are evaluated using a dense rain gauge network and two other single-polarization
(SP) rainfall products. The analyses are performed for the period and spatial domain of the Iowa Flood
Studies (IFloodS) campaign. It is demonstrated that the current version (2014) of QPE from DP is not superior to that from SP mainly because DP QPE equations introduce larger bias than the conventional rainfall–
reflectivity [i.e., R(Z)] relationship for some hydrometeor types. Moreover, since the QPE algorithm is based
on hydrometeor type, abrupt transitions in the phase of hydrometeors introduce errors in QPE with surprising
variation in space that cannot be easily corrected using rain gauge data. In addition, the propagation of QPE
uncertainties across multiple hydrological scales is investigated using a diagnostic framework. The proposed
method allows us to quantify QPE uncertainties at hydrologically relevant scales and provides information for
the evaluation of hydrological studies forced by these rainfall datasets.

1. Introduction
Single-polarization (SP) radars have been used to estimate precipitation quantities for several decades (e.g.,
Wilson and Brandes 1979). During this period, the research
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community has extensively examined the limitations of
these instruments and developed methods to improve
quantitative precipitation estimation (QPE; see, e.g., Austin
1987; Smith et al. 1996; Pereira Fo. et al. 1998; Krajewski
and Smith 2002; Villarini and Krajewski 2010; Kitzmiller
et al. 2013). The importance of radars for weather analysis,
warnings, and forecasting has been proven throughout the
years. However, as shown by various studies, the accuracy
of SP radar QPE is limited, and applying this information
in hydrology requires careful attention (Smith et al. 1996;
Baeck and Smith 1998; Borga 2002; Cunha et al. 2012;
Berne and Krajewski 2013). With the goal of improving
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radar QPE, the NWS has implemented a few initiatives,
one of the most recent ones being the upgrade of the Next
Generation Weather Radar (NEXRAD) network with
dual-polarization (DP) capabilities.
DP radars present many advantages over SP radars,
including better characterization of hydrometeor types;
enabling the identification of nonweather targets; the
differentiation of rain, snow, and melting layer; and the
detection of hail and heavy rain. These features allow
the improvement of data quality control (QC) and QPE
(e.g., Chandrasekar et al. 1990; Liu and Chandrasekar 2000;
Illingworth et al. 1986; Chandrasekar et al. 2013). The
ability of DP to identify hydrometeor type has been
extensively explored. However, it is still unclear how
hydrometeor type information and DP variables should
be combined to improve QPE (Sachidananda and Zrnic
1987; Seliga and Bringi 1976; Chandrasekar et al. 2008;
Giangrande and Ryzhkov 2008; Cifelli et al. 2011). Although some studies demonstrate improvements in
QPE based on DP radars, other results are contradictory
(e.g., Ryzhkov et al. 2005b; Tabary et al. 2011), and
improvements are not always consistent (Cunha et al.
2013). The current lack of consensus and consistency of
DP algorithms is partially due to the fact that the DP
technology has only been recently implemented in operational practice and is still being advanced and tested.
Similar to the development of SP technology, many
years of research will be required until we learn how to
optimally use the measurements obtained by DP radars.
The NEXRAD program completed the DP upgrade in
June 2013, and NOAA has implemented a system to ingest, process, and distribute DP radar data and derived
products. The new products have been recently added to
the NEXRAD operational product stream. Istok et al.
(2009) provide a description of the variables directly and
indirectly obtained by DP radar and the current methods
used for QPE. In this study, we evaluate the DP rainfall
estimates provided by the current version of the WSR-88D
systems using a dense rain gauge network and two other SP
rainfall products. We focus our analyses on the period and
location of the Iowa Flood Studies (IFloodS) campaign
(http://pmm.nasa.gov/ifloods). The IFloodS campaign was
conducted in the northeastern part of Iowa in the spring of
2013 to support ground validation program activities of the
international Global Precipitation Measurement (GPM)
satellite mission (Petersen and Krajewski 2013). Our goal
is to evaluate the new WSR-88D QPE in the context of
IFloodS and hydrologic applications. We also attempt to
identify strengths and weaknesses of the current DP system to guide future research on the topic. Because the
system was only recently implemented and the definitions
of QPE algorithms and parameters are based on a limited
dataset (Giangrande and Ryzhkov 2008), one of the first

FIG. 1. The IFloodS domain with the rain gauges and the 230-km
range of the three NEXRAD radars evaluated in this study: Des
Moines (KDMX), Davenport (KDVN), and La Crosse (KARX).
We also show the three basins (Turkey, Iowa, and Cedar Rivers)
for which hydrological variables are estimated in this study.

steps for further development is to assess how the method
performs for different areas, different radars, and under
different meteorological conditions.
This paper assesses the quality of DP QPE by comparing it with rain gauge observations and two operational
SP QPE products: Stage IV and Iowa Flood Center (IFC;
IFC-SP). We investigate DP uncertainties for different
flood events, radar, and hydrometeor types and explore
how these uncertainties propagate across scales. The paper is organized as follows. In section 2, we describe the
study area, the datasets, and the methods used to evaluate
DP QPE. In section 3, we present our main results. We
summarize flood events that occurred in Iowa during the
late spring and early summer of 2013, present rain gauge
versus radar data comparisons, and demonstrate how
rainfall uncertainties propagate through the river network. In the last section, we present our conclusions and a
discussion on the main technical challenges we foresee in
DP QPE that should be resolved in the coming years.

2. Study area, data, and methods
We focus on the IFloodS spatial domain shown in
Fig. 1 and the period from 1 April to 30 July. Iowa was
chosen as a GPM (Hou et al. 2014; Tapiador et al. 2012)
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field campaign site [for more details on the campaign,
see Petersen and Krajewski (2013)] because of its uniform land cover, relatively flat topography, absence of
coastal effects, the high frequency of floods from May to
June, and the availability of preexisting rainfall measurement instruments, including seven NEXRAD radars that collectively cover the state. The site also
enables studies of floods across a wide range of spatial
scales. During the campaign, several additional instruments that measure rainfall, including the NASA
polarimetric S-band radar (NPOL), NASA disdrometers, and four X-band radars (XPOL), were installed in the area. In this study, we evaluate QPE for
three of the seven radars: Des Moines (KDMX), Davenport (KDVN), and La Crosse (KARX). In Fig. 1, we
show the 230-km range for these radars. The IFloodS
campaign focused on three watersheds, delineated in
Fig. 1: the Cedar River, the Iowa River, and the Turkey
River basin. The hydrological analyses we present in this
study focus on the Turkey River basin, since 20 extra
rain gauges with soil moisture probes and two Iowa
Flood Center X-band polarimetric mobile weather radars
were deployed in this basin during the campaign [see Mishra
et al. (2015, manuscript submitted to J. Hydrometeor.) and
Petersen and Krajewski (2013)]. This basin is completely
covered by the KARX radar and partially covered by the
KDMX and the KDVN radars.
In the following sections, we describe the datasets
used in this study. We start by describing SP and DP
radar QPE products and conclude by describing the rain
gauge data used as ground reference in the analyses.

a. Radar rainfall data
1) IFC-SP
The IFC-SP product is generated by the Iowa Flood
Center at the University of Iowa and is used as the main
input to real-time hydrological forecast models for the
state of Iowa. The product is generated using a real-time
implementation of Hydro-NEXRAD (Krajewski et al.
2011, 2013; Kruger et al. 2011; Seo et al. 2011). The IFC
rainfall processing system uses super-resolution (0.58 3
250 m) level II SP radar volume data (Torres and Curtis
2007; Seo and Krajewski 2010) obtained from the Unidata Local Data Manager (LDM) delivery software
(Sherretz and Fulker 1988; Fulker et al. 1997). The system uses predefined sets of quality control and QPE
algorithms and relevant parameters, such as space and
time resolution, spatial domain, and rainfall conversion
[e.g., rainfall–reflectivity; R–Z or R(Z)] parameters [for
more detailed information, refer to Krajewski et al.
(2013)]. The real-time product occasionally misses individual volume scan data from one or more of the
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radars covering the Iowa domain since it is susceptible to
network losses or delays in the distribution of the data.
The overall fraction of the missing data is small, on the
order of 0.1% and most likely to occur during periods of
precipitation when the files are larger. To avoid such
problems, in this study we evaluate a product that was reprocessed after the IFloodS campaign using the same algorithms as the real-time system and including missing files.
The product covers the entire state and is based on reflectivity measured by seven radars: KDVN in Davenport,
Iowa; KDMX in Des Moines, Iowa; KARX in La
Crosse, Wisconsin; KMPX in Minneapolis, Minnesota;
KOAX in Omaha, Nebraska; KFSD in Sioux Falls,
South Dakota; and KEAX in Kansas City, Missouri.
The steps used to generate the IFC rainfall product
involve radar reflectivity data quality control (detection
of ground echoes due to anomalous propagation and
ground clutter), time synchronization of volume scans,
merging radar reflectivity from multiple radars onto
predefined common spatial and temporal domains, and
transforming radar-measured reflectivity to rainfall amounts
(rain rate/accumulation). Note that radar merging is performed at the reflectivity level. Details about each procedure are presented in Krajewski et al. (2013). The final
product is rainfall rate (mm h21) at 5-min temporal resolution and is accumulated over different time intervals
(e.g., 15 min or hourly) in the postprocessing. The IFC-SP
presents the highest spatial resolution (approximately
0.5 km) from all products evaluated in this study. A
minimum rain-rate threshold of 1.59 mm h21 is used in
the generation of the 5-min data to address the effects of
anomalous propagation and ground clutter mostly closer
to the radars. This rather high threshold is justified by
the negligible effects of what is essentially drizzle (below
the threshold) on development of flooding.

2) STAGE IV
Since the mid-1990s, the NWS has provided multisensor precipitation products for hydrological operations.
The product consists of real-time estimates of liquid
precipitation at the ground and snow depth and snow
water equivalent estimates (Super and Holroyd 1997).
Seo et al. (2010) and Kitzmiller et al. (2013) presented a
detailed description of the NWS system. Initially, the
NWS rainfall estimation method consisted of three steps
denoted Stage I, II, and III. Stage I generated singleradar, radar-only product; Stage II produced multisensor
(radar and rain gauge data) for a single radar (Fulton
et al. 1998); and Stage III consisted of the regional mosaicking of the Stage II radar–gauge products with interactive quality-control procedures performed at the
NWS River Forecast Centers (RFCs). In 2002 this system
was replaced by the Multisensor Precipitation Estimator
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(MPE) algorithm, which incorporated significant improvements gained since the implementation of the system
(Breidenbach et al. 1999; Breidenbach and Bradberry
2001; Lawrence et al. 2003). Since 2002, improvements
have been performed to correct numerical truncation errors in accumulation (Fulton et al. 2003; Zhang et al. 2011)
and to improve operational QC (O’Bannon and Ding
2003; Glaudemans et al. 2009).
Stage IV refers to the nationwide mosaic of manually
edited regional maps produced on an hourly basis. In this
work, we use the hourly Stage IV product on the Hydrologic Rainfall Analysis Project (HRAP) grid (Reed
and Maidment 1999) of approximately 4 km 3 4 km
generated and maintained by the National Centers for
Environmental Prediction (NCEP) that is produced by
combining Stage III products from the regional multisensor analyses obtained from the 12 RFCs in the contiguous United States. Lin and Mitchell (2005) describe
the methods used by NCEP to generate this product. The
hydrological and meteorological communities have been
using this product as reference for gridded rainfall estimates because of its national coverage, high spatial and
temporal resolutions, and lack of significant overall bias
(e.g., Wu et al. 2012; Seo et al. 2013; Price et al. 2014; Brun
and Barros 2014).
According to D. Kitzmiller (2015, personal communication), the upgrade of the Advanced Weather
Interactive Processing System (AWIPS) MPE software
to ingest, bias adjust, and incorporate DP QPE products
into the operational Stage III and Stage IV processes is
underway. The ability to incorporate real-time gauge
information would help mitigate some of the time- and
space-dependent biases demonstrated in the paper.

3) DP PRODUCTS: LEVEL III NCDC
In this study, we evaluate level III DP products produced by the NWS for the three radars shown in Fig. 1.
NEXRAD DP QPE algorithms were developed and
tested based on the data collected during the multiyear
Joint Polarization Experiment (JPOLE) that took place in
central Oklahoma (see Ryzhkov et al. 2005c; Giangrande
et al. 2008; Giangrande and Ryzhkov 2008; Vulpiani and
Giangrande 2009). The algorithm first identifies the most
likely type of hydrometeor sampled by the radar (Ryzhkov
et al. 2005a; Park et al. 2009) using fuzzy logic, and the top
and bottom melting-layer boundaries (Giangrande et al.
2008). The boundaries of the melting layer are defined
based on lower- and upper-limit thresholds for reflectivity
and correlation coefficient typically found in a melting
layer. In the current system the following classes are defined: 1) biological, 2) ground clutter and anomalous
propagation, 3) ice crystal, 4) dry snow, 5) wet snow, 6)
light–moderate rain, 7) heavy rain, 8) big drops, 9) graupel,
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and 10) hail mixed with rain. Once the hydrometeor type
and the melting-layer position are identified, they are used
to specify the most appropriate relationship to convert DP
variables into rainfall. For example, for light–moderate
rain and heavy rain, rainfall rate is a function of reflectivity Z and differential reflectivity Zdr. For wet snow,
graupel, and dry snow, rainfall is estimated based on the
conventional R(Z) relationship multiplied by an empirical factor selected to remove average bias. Giangrande
and Ryzhkov (2008) empirically estimated the equation
and parameters for each hydrometeor type and its parameters using JPOLE data.
We evaluate two NEXRAD DP products: 1) the hybrid hydrometeor class (HHC), and the 2) instantaneous
precipitation rate (IPR). Both IPR and HHC fields are
provided at 1-km spatial resolution for each volume
scan. In the typical rainfall mode operation, NEXRAD
radars collect a volume scan every 4–5 min. The HHC is
the hydrometeor classification obtained from the best/
lowest available scan at each location (www.ncdc.noaa.
gov/oa/radar/radarproducts.html). We processed IPR
and HHC to generate hourly maps of rainfall rate
(mm h21) and most frequent hydrometeor class. The
NEXRAD DP information is provided for a maximum
radar range of 230 km (Fig. 1). To enable evaluation of
overlapping radars and the comparison with different
rainfall products, we first converted the data from polar
coordinates to geographical coordinates with a spatial
resolution of approximately 1 km 3 1 km. NEXRAD radars typically collect a volume scan every 4–5 min in a
precipitation mode, and in the case of level III products,
the dataset consists of IPR with the same intervals. To deal
with the irregular time intervals of the input dataset, we
linearly interpolated radar scans to 1-min intervals and
then aggregated the 1-min data to obtain 60-min rain rates.
We adopted a similar procedure to generate hourly maps
of hydrometeor types. In that case, we interpolated hybrid
hydrometeor class to 1-min resolution using nearest
neighborhood approach, and we aggregated the information by associating a specific hydrometeor type to an
hour if it is present for at least 70% of that hour (48 min).
As previously described, both IFC-SP and Stage IV
are based on SP data from multiple NEXRAD radars
that are mosaicked to generate a regional (IFC-SP) or
national (Stage IV) product. The IFC-SP is mosaicked at
the reflectivity level (reflectivity based), while the Stage
IV is mosaicked at the rainfall level (accumulation
based) using the final product of the MPE created at the
RFCs. To compare DP products with IFC-SP and Stage
IV, we mosaicked 60-min data from KDMX, KDVN,
and KARX using an accumulation-based procedure.
We generated a regional merged product, Merged-DP,
that covers the entire study area using IFC-SP as a mask
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(resolution, domain, and spatial grid). The entire IFloodS
study area is covered by at least one radar, and some regions are covered by two or three radars. Note that the
Turkey River basin is where the three radars overlap, but it
is at a relatively far range from all three radars. We spatially
combined different rainfall fields using range-dependent
weights estimated based on the double exponentially
decaying function (e.g., Zhang et al. 2005; Seo et al. 2011).

b. Rain gauge network
In this study, we use rain gauge data from six different
networks: 1) the NWS Automated Surface Observing
System (ASOS; McKee et al. 2000), 2) the Automated
Weather Observing System (AWOS; Milewska and Hogg
2002), 3) the Iowa State University AgClimate (ISUAG)
stations located at experimental farms throughout Iowa,
4) the IFC–NASA rain gauges (Petersen and Krajewski
2013), 5) the NASA disdrometer network deployed
specifically for IFloodS (D’Adderio et al. 2015), and
6) the NCEP U.S. gauge dataset (Kim et al. 2009). All
the networks provide rainfall data with at least hourly
resolution. The ASOS and AWOS networks utilize allweather gauges that provide the liquid equivalent of all
precipitation forms (i.e., liquid, freezing, frozen, or
combinations), while the other networks utilize gauges
that only measure liquid precipitation. (These datasets
are freely available at http://mesonet.agron.iastate.edu/
for AWOS, ASOS, and ISUAG; at http://iowafloodcenter.
org/projects/ifloods/ for IFC–NASA and NASA disdrometers; and at http://data.eol.ucar.edu/codiac/
dss/id521.004 for NCEP.)
Gauge and disdrometer rainfall data are commonly
used as ground reference to evaluate radar rainfall products. However, the measurements provided by these instruments are also susceptible to errors (Ciach 2003;
Frasson et al. 2011). Some of the networks do not
include a data quality or missing data flag, which prevents
the identification of periods of no rain or missing data or
periods of gauge malfunctioning. To enhance the data
reliability, we established procedures to quality control
the rain gauge data and eliminated sites that did not pass
the quality control. The goal of the quality control was to
identify missing data or periods when gauges and disdrometers malfunctioned, especially for the networks that
do not include QC flags. Quality-control procedures were
based on the comparison of the gauge data with Stage IV
rainfall products. We exclude from our analyses gauges
that present total accumulation of less than 20% of the
total accumulation obtained with Stage IV. This procedure eliminates data from sites in which rain gauges
were malfunctioning (e.g., clogged) or were fully or partially inoperative over the study period. We then checked if
temporal correlation, at an hourly time scale, with Stage IV
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and IFC-SP is larger than 0.5. The goal of this procedure is to remove gauges with unsynchronized clocks
in the gauge platform that introduce shifts in the time
series. A total of 179 sites (42 from AWOS, 15 from
ASOS, 10 from ISUAG, 65 from IFC–NASA, 13 from
NASA disdrometers, and 34 from NCEP) passed the
quality control and were used in the analyses. In Fig. 1,
we present the locations of the gauges and disdrometers used in the study.

c. Methods
1) RADAR AND RAIN GAUGE COMPARISON
To evaluate dual-polarization radar rainfall estimates, we
compared them to rain gauge and two single-polarization
radar QPEs. Rainfall estimates are characterized in terms
of relative bias B 5 (R 2 G)/G (dimensionless), correlation
r 5 Cov(R, G)/(sR sG ) (dimensionless), and mean-square
error MSE 5 n21 å(R 2 G)2 (mm2 h22), where R denotes radar data, G is gauge data, Cov is covariance, s is
standard deviation. To better understand the contribution of bias and random errors, we decompose the meansquare error following the methodology proposed by
Nelson et al. (2010), where
MSE 5 (R 2 G)2 1 (sR 1 sG )2 1 2sR sG (1 2 r) .
In this equation, the first two terms represent bias in the
mean and in the univariate variability of the estimated
precipitation. The third term measures the strength of
covariation between radar and gauge rain rates. Summary
statistics are calculated conditioned on the rain gauge
value based on different thresholds rt. This approach allows us to better understand how uncertainties change
with rain-rate intensity. To avoid the inclusion of periods
for which the rain gauge was not operational, which cannot
be easily detected since some networks do not present flags
for missing data, we apply the minimum threshold of
0.01 mm h21. Thresholds vary from 0.01 to 10 mm h21.
We investigate the ability of radar products to correctly detect rainfall by estimating the probability of
successful detection POD, probability of false detection
POFD, relative bias due to missed rain MB and due to
false detection FB:

åjG . 0  R . 0j ,
åjG . rt j
åjG 5 0  R . rt j ,
POFD 5
åjG 5 0j
2åGjG . rt  R 5 0j
,
MB 5
åGjG . 0j
POD 5
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FIG. 2. Daily mean average rainfall and streamflow (mm day21) for the Turkey River at the Garber USGS gauge
(USGS ID 05412500, drainage area 5 4001 km2).

and
FB 5

åRjR . rt  G 5 0j .
åGjG . 0j

2) MULTISCALE RAINFALL ANALYSES
One of the goals of the IFloodS campaign is to understand how rainfall estimates and their uncertainties
affect the outcome of flood forecast models. A first step
in achieving this goal is to understand how rainfall uncertainties propagate through the river network. Although
radar versus rain gauge comparisons are commonly applied to assess the accuracy of radar rainfall estimates, this
type of analysis does not address how the spatial distribution of QPE uncertainties affect the estimation of important hydrological variables across multiple scales. To
better understand the implication of radar error on hydrological studies, we apply a diagnostic framework. We
refer to the method as ‘‘diagnostic’’ because our goal is not
to specify which product provides the best estimates for
each event or basin region, but to evaluate uncertainties
based on the comparison of different state-of-the-art QPE
estimates and how they differ. This approach allows us to
spatially describe the scale and pattern of QPE uncertainty
for different rainfall events. This information can guide the
use of QPE for hydrological studies (e.g., water balance) or
as input to hydrological forecasting models.
We evaluate uncertainties in the estimation of two
hydrologically relevant variables that are the main input
to the hydrological models: 1) storm total ST and 2)
maximum rain rate MaxRR, across multiple spatial
scales (from the hillslope to the catchment scale). Storm
total is one of the major factors that controls flood
generation and peak discharge at medium to large scales
[see Ayalew et al. (2014) for scaling-based insights],
while maximum rain rate controls flood generation at
small scales with fast response.

We perform the analyses for the Turkey River basin
(4370 km2). The basin boundaries are shown in Fig. 1 and
daily rainfall and streamflow time series for the Turkey
River at Garber stream gauging station are shown in
Fig. 2. The method to estimate multiscale storm totals and
maximum rain rates consist of the following steps:
1) extraction of the basin river network using 30-m
DEM (USGS) and CUENCAS, a geographical information system developed for river network analyses (Mantilla and Gupta 2005) and hydrological
simulation (Cunha et al. 2011, 2012);
2) estimation of hourly rain-rate time series for each
hillslope using hillslope mask and different rainfall
datasets (Stage IV, IFC-SP, and Merged-DP);
3) estimation of hourly mean areal rain-rate time series
for each river link by averaging the rainfall for all
upstream links;
4) estimation of storm total and maximum hourly rain
rate for each link in the network; and
5) calculation of the relative difference between storm
total and maximum rain-rate estimate based on
different products (IFC-SP and Merged-DP) using
Stage IV rainfall as reference.
We use Stage IV as reference, since it is bias corrected
and it presents the best results in comparison with rain
gauge data. However, this dataset presents the coarser
spatial resolution and might not capture rainfall spatial
variability at small scales.

3. Results
a. Summary of rainfall events
Iowa experienced an extremely wet summer in 2013,
and the IFloodS campaign collected an invaluable database to support GPM validation and flood studies
(Petersen and Krajewski 2013). In Fig. 2, we present
streamflow measured at Turkey River at the Garber
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FIG. 3. Binned scatterplots (bin width 5 1 mm h21) showing the comparison of hourly rain rate (mm h21) obtained based on gauge and
radar data for the following radar products: (a) Stage IV, (b) IFC-SP, (c) Merged-DP, (d) KDMX-DP, (e) KDVN-DP, and (f) KARX-DP.
The colors represent the number of points by pixel. The black dashed line represents the power law fitted to represent deterministic error
as a function of rain rate. The black solid line represents a nonparametric regression. The parameters of the power-law relationship
between gauge Rg and radar Rr data are shown in the plot.

USGS streamflow gauge station (USGS 05412500) with
drainage area of 4001 km2 (see basin boundaries in Fig. 1)
and the daily mean areal precipitation for the period from
1 April to 1 July 2013. A total of 685 mm of rainfall was
observed in this basin during that period (based on Stage
IV data), and rain (.1 mm day21) was observed for approximately 55% of days. In this study we evaluate four
representative mixed snow and rainfall events, all with
5 days duration: 1) from 4 to 11 April (accumulation of
59.5 mm), 2) from 29 April to 4 May (70.3 mm), 3) from 26
to 31 May (97.6 mm), and 4) from 20 to 25 June (82.0 mm).
Even though the IFloodS campaign focused on the period
from 1 May to 15 June (Petersen and Krajewski 2013), we
extend our period of analyses to include significant events
that occurred in early April and in late June (event 4) for
which flood warnings were issued by the NWS for the area.

b. Radar–rain gauge analyses
1) RADAR VERSUS GAUGE COMPARISON
In Fig. 3, we show scatterplots of radar products versus
surface reference rainfall. At the hourly scale, we observe significant scatter between radar and rain gauge

for all the products. To explore how uncertainties change
with rain rate, we include a power-law relationship to
parameterize error as a function of rain rate (systematic
conditional bias). We calculated the power-law parameters (exponent and coefficient) using the least squares
nonlinear fitting technique, and we include the parameters
in Fig. 3. To avoid bias toward small rain-rate values, we
estimated the equation for rain rates larger than 1.0 mm h21.
The power-law exponent describes the degree of nonlinearity in the dependency of error on rain amount.
Power-law relationships are commonly used to represent
radar rainfall systematic conditional bias (Ciach et al.
2007), but Fig. 3 shows that power-law relationships do
not always provide a good representation of errors, especially for large rain values that are infrequent and thus
result in small sample size. To identify the cases and
regions for which the power-law relationship describes
the systematic conditional bias well, we also included a
regression line (black solid line) estimate based on the
Nadaraya–Watson nonparametric kernel regression estimator. Since this method performs a local fit, results
are not affected by the higher frequency of small precipitation values. Note that, on average, all products
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FIG. 4. Radar vs rain gauge QPE comparison for SP (IFC-SP and Stage IV) and DP (Merged-DP, KDMX, KDVN,
and KARX) radar rainfall products: (a) correlation, (b) MSE, (c) bias in the mean, and (d) bias in the variance.

have the tendency to underestimate small, frequent rain
rates and overestimate large, infrequent rain rates when
compared to the surface reference.
Figure 4 presents correlation, MSE, bias in the mean
(MSE term 1), and bias in the variance (MSE term 2) for
all radar rainfall products and multiple rain-rate thresholds. DP products (single radars and Merged-DP) present
the highest correlation among all products and thresholds, while IFC-SP presents the lowest correlation. The
IFC-SP product presents the highest spatial resolution,
and as discussed by Miller et al. (2013), the results for
radar–gauge comparison can be affected by the increased
sampling error/noise in smaller versus larger sample bins.
Among DP products, the correlation is higher for the
Merged-DP than for the single-radar products. Stage IV
presents similar correlation to Merged-DP for small

thresholds (rt , 1 mm h21), but correlation decreases as
rain-rate thresholds increase.
DP products present larger MSE than Stage IV and
IFC-SP, with the exception of KDVN, which presents
smaller MSE than IFC-SP for large thresholds. Bias in
the mean is negligible for DP products for all thresholds,
while bias in the mean for IFC-SP and Stage IV is noticeable for thresholds larger than 5 mm h21. The low
bias for Stage IV product for small threshold values is
expected since this dataset has been bias corrected using
gauge data and manually quality controlled at the RFCs.
Some of the gauge data used to correct the Stage IV
product is also used in this study (NCEP). On the other
hand, DP products present high bias in the variance,
while bias in the variance for SP products is negligible.
Even though IFC-SP presented the worst performance
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FIG. 5. Radar vs rain gauge QPE comparison for SP (IFC-SP and Stage IV) and DP (Merged-DP, KDMX,
KDVN, and KARX) radar rainfall products: (a) POD, (b) POFD, (c) relative missed rain bias, and (d) relative false
rain bias.

in terms of correlation, it performs similarly to Stage
IV, a bias-corrected product, in terms of bias in the mean
and in the variance.
We also observe large discrepancies among the three
single radars, with KDVN showing the best performance in terms of MSE and bias and KARX the worst.
The three radars evaluated in this study cover different
spatial domains, and the difference in performance might
be due to differences in the characteristics of the rainfall
observed by each radar or the location of the radar in relation to the gauges included in the study. KARX presents
the worst performance based on our metrics. Note that
data for this radar are evaluated for a range larger than
75 km. In general, the merging procedure improves the
correlation of DP products in relation to single radars.
The increase in correlation is expected since the merging
procedure assigns higher weight to close-range values,

mitigating uncertainties caused by range effects (e.g.,
brightband contamination and heterogeneous vertical
profile), and because of the multi-QPE averaging effect.
However, merging data from different radars did not
result in lower MSE. Merged-DP and KDMX present
similar MSEs. KDMX is located in the middle of the
domain and has a major impact on the generation of the
merged product using distance weighting.
We also evaluate radar skill in detecting rain and no-rain
periods based on hourly data. In Fig. 5, we present POD,
POFD, the relative missed rain bias, and the relative false
rain bias for all products and multiple thresholds. Values of
POD and POFD range from 0 to 1, where 1 means a
perfect POD and 0 means a perfect POFD. Low POD or
high POFD might arise from 1) problems with the gauge
rainfall estimates, such as errors caused by a tipping
bucket’s inability to detect the beginning or the end of the
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rain or gauge malfunction (clogging); or 2) problems with
the radar rainfall estimates (difficulties on identifying rain
vs no-rain periods). The comparative evaluation of different radar rainfall products allows us to isolate errors
that are due to gauge limitations from those due to radar
rainfall algorithm. To guarantee that we do not count
missing rain gauge periods as no-rain periods, we only
included gauges that present flags for missing data
(ASOS and AWOS).
IFC-SP presents a low probability of rainfall detection
for small rain rates, but POD becomes similar to the other
products for thresholds equal to or larger than 3 mm h21.
This is partially explained by the intended choice of a
fairly high rain intensity threshold (1.59 mm h21) justified by the purpose of the IFC to provide flood-relevant
information to the Iowa public. The threshold (1.59 mm h21)
is applied to suppress the strong ground clutter effect
that is often observed around radars. Another reason for
the low detection rate of IFC-SP is the use of a fixed
standard R–Z equation (Z 5 300R1.4) that is more appropriate for convective-type storms (see, e.g., Crosson
et al. 1996). This standard equation tends to produce
smaller rainfall values at low reflectivity ranges identified
as stratiform or snow/mixed type precipitation than other
forms of the R–Z equation [for more discussion, see Seo
et al. (2014)]. Stage IV and DP products present similar
POD for all thresholds. On the other hand, IFC-SP
presents a better POFD than Stage IV and DP products
for thresholds lower than to 1 mm h21 In Fig. 5, we also
present the relative contribution of missed and false rainfall detection in the overall bias. Note that these biases
have opposite signs and cancel each other when evaluating
average bias. For a small threshold, POD for IFC-SP results in a relative bias of 211% and POFD results in a
relative positive bias of 3%. All products present similar
statistics for thresholds larger than 3 mm h21.
DP radars have the potential to reduce uncertainties
caused by the variability of the drop size distribution
(DSD) since they are able to characterize the size, shape,
and form of the hydrometeors. However, some of the
known radar SP QPE sources of uncertainties (e.g.,
nonuniform beam filling and wet radome) also affect DP
estimates. As shown in Fig. 4, the current version of DP
products presents higher bias than SP products. In the
existing system, an algorithm based on fuzzy logic (Park
et al. 2009) is used to identify the most likely hydrometeor
type, and the hydrometeor and melting-layer position
define the equation used to estimate rainfall intensity.
To better understand DP products and explain the
features observed in Figs. 3 and 4, we evaluate the accuracy of DP rain rate as a function of hydrometeor
type. In Fig. 6, we present correlation, MSE, and total
bias (sum of bias in the mean and in the variance) for
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different rain-rate thresholds. Rain-rate values are separated according to the following hydrometeor type
identified by DP radars: light–moderate rain, graupel,
dry snow, and wet snow. Light–moderate rain occurs
below the melting layer, graupel and dry snow above the
melting layer, and wet snow in the mixed-phase region.
For single-radar DP, we combined data from three different radars: KDMX, KDVN, and KARX. We did not
include plots for the remaining hydrometeors (ice crystal, heavy rain, and big drops and ice crystals) since they
do not occur frequently and the sample size is small.
Figure 6 shows that single-radar DP products present a
higher correlation than IFC-SP and Stage IV for light–
moderate rain and wet snow for all thresholds, and a
similar correlation to Stage IV for graupel. The high
correlation of the single-radar DP product demonstrates
the potential of DP QPE estimates. However, in terms of
MSE, SP products (IFC-SP and Stage IV) perform better
than single-radar and Merged-DP products, and Stage IV
performs better than IFC-SP. A significant part of MSE
for DP products is due to bias, pointing out issues in the
equations used to convert DP measurements into rainfall.
The good performance of Stage IV compared to IFC-SP
and Merged-DP in terms of MSE and total bias demonstrates the effectiveness of the bias correction and the
manual QC procedures. However, the manual QC procedure constrains the use of this dataset in real time.
For light–moderate rain, SP radars use the conventional R–Z relationship, while DP radar estimates are
based on reflectivity and differential reflectivity [see Istok
et al. (2009) for details]. The parameters of the R(Z, Zdr)
equations were estimated by Ryzhkov et al. (2005b)
based on data collected in Oklahoma. Differential reflectivity is a good measure of the median drop diameter.
Giangrande and Ryzhkov (2008) showed that rainfall
uncertainties that arise from DSD variability could be
minimized by the use of reflectivity and differential reflectivity to estimate rainfall. However, this equation is
not immune to hail contamination and is not effective
in situations of melting-layer contamination and precipitation overshooting (e.g., Ryzhkov and Zrnic 1996;
Ryzhkov et al. 2005b). Differential reflectivity is also
sensitive to radar calibration (vertical and horizontal),
attenuation, and depolarization (Zrnic et al. 2010). For
light–moderate rain, DP products present higher correlation than SP products for all thresholds, but DP
products present significant total bias. The IFC-SP
product presents similar correlation and MSE to the
bias-corrected Stage IV product, highlighting the good
performance of this product for this hydrometeor type.
Note that Merged-DP does not present significant improvement for this hydrometeor type, since it usually
occurs in a short range from the radar.
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FIG. 6. Radar vs rain gauge QPE comparison: (left) correlation, (middle) MSE, and (right) total bias (bias in the mean and variance) by
hydrometeor type: (from top to bottom) light–moderate rain, graupel, dry snow, and wet snow. We present results for Stage IV, IFC-SP,
Merged-DP, and for all three single-radar products combined.
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The relationships between DP measurements and
precipitation for hydrometeor types that occur in the
mixed-phase region or above the melting layer (graupel,
dry snow, and wet snow) are still not well known. For
these hydrometeors, there is no consensus in terms
of which DP measurements should be used and what is
the expected gain from using them (Giangrande and
Ryzhkov 2008; Ryzhkov and Zrnic 1996). For some
operational DP algorithms, for example, the Colorado
State University–Hydrometeor Identification Rainfall
Optimization (CSU-HIDRO; Cifelli et al. 2011), rainfall
is not estimated when dry snow, graupel, hail, or wet
snow with specific differential phase Kdp larger than
0.38 km21 is detected. Specific differential phase is the
range derivative of differential propagation phase shift
(Chandrasekar et al. 1990; Istok et al. 2009). This
threshold is used to identify hail. For these situations,
Giangrande and Ryzhkov (2008) recommended the use
of the conventional R(Z) relationship, scaled by a constant to correct for expected bias. In Fig. 6, we present
results for graupel, dry snow, and wet snow. For graupel,
the conventional R(Z) relationship is scaled by a factor of
0.8 to minimize bias. The QPE for graupel presents the
lowest correlation and the highest MSE for all radar
products. For this hydrometeor, Merged-DP presents
significant bias for all thresholds, while bias for Stage IV
and IFC-SP is significant for thresholds larger than
7 mm h21. Note that bias for the Merged-DP product is
higher than the bias for the single-radar product.
For dry snow, two formulations are considered
depending on the melting-layer position. When dry snow
is identified below the melting layer, the conventional
R(Z) equation is used and the rainfall is multiplied by 2.8
[R 5 2.8R(Z)]. When dry snow is identified above the
melting layer, the conventional R(Z) relationship is used.
A scaling of the R(Z) relationship is also applied for wet
snow [R 5 0.6R(Z)]. While the high correlation demonstrates the potential of DP radars, the high bias for
graupel, dry snow, and wet snow demonstrates that a
simple scaling of the R(Z) relationship does not improve
rainfall estimation for these hydrometeor types. Future
research should focus on determining better relationships
for these types of hydrometeors.
For all hydrometeor types, correlation for Merged-DP
is higher than for single-radar DP. Correlation improved
significantly for dry snow and graupel. MSE improved
significantly for dry snow and slightly for wet snow. This
demonstrates that merging data from different radars using inverse distance weights is an effective way to mitigate
range-dependent errors in radar rainfall and can improve
the representation of spatial and temporal patterns in
rainfall. However, this procedure is not successful in
mitigating bias. Both DP single- and merged-radar product

estimates are biased for all hydrometeor types. We
further explore this aspect in the following section.

2) RANGE EFFECTS AND HYDROMETEOR
CLASSIFICATION

The results presented in Fig. 6 show that DP QPE
uncertainties vary with hydrometer types. In this section,
we demonstrate how errors change with radar range.
In Figs. 7a, 8a, and 9a, we present hydrometeor frequency for KDMX-DP, KDVN-DP, and KARX-DP,
respectively. Light–moderate rain dominates ranges up
to 100 km, while dry snow dominates ranges greater than
175 km. In the range of 100–175 km we see a transition,
where both light–moderate rain and wet snow occur at a
similar frequency. The observed range-dependent
changes in hydrometeor phase are explained by the radar beam sampling altitude at a given distance from the
radar and the vertical characteristics of the melting layer.
For KDMX and KARX, we observe dry snow at close
range, due to cold events that occurred in April. DP
hydrometeor type classification algorithms successfully
identified the presence of snow at closer ranges for these
events. KDVN did not detect dry snow at closer ranges.
The remaining hydrometeor types were not detected as
often. In Figs. 7b–d, 8b–d, and 9b–d, we present radar
rainfall relative bias (zero corresponds to no bias), correlation, and MSE as a function of range for KDMX,
KDVN, and KARX. Since in this study we include
gauges located in the state of Iowa, we do not have
gauges located near the KARX radar, which is located in
Wisconsin. For comparison, we also present statistics for
Stage IV, IFC-SP, and Merged-DP. The range for these
products is calculated based on the location of the radar
shown in Fig. 1. Since these rainfall products are based on
the data from multiple radars, the adopted range is artificial. However, this range definition allows us to directly
compare the merged- and single-radar products. We
calculate the statistics based on the period from 1 April to
1 June, and to avoid problems due to the inability of
gauges to detect the beginning or the end of the rain
period and high uncertainty for small rain-rate values, we
calculate these statistics using a rain-rate threshold equal
to G . 1 mm h21. We included gauges from all the networks, and we represent different networks by different
colors. To facilitate our visual inspection, we included
moving-average lines in all the plots.
For Stage IV and IFC-SP, relative bias is close to zero
for all ranges. For single-radar DP products, we see a
clear pattern in relative bias; relative bias shows small
underestimation for ranges up to 50 km and overestimation for ranges of 50–230 km. Maximum relative
bias is observed at ranges close to 150 km, which is the
location where light–moderate rain and dry snow occur
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FIG. 7. Light–moderate rain (LMR), dry snow (DS), graupel
(GR), wet snow (WS), ice crystals (IC), and big drops (BD) are
shown in terms of (a) hydrometeor type frequency, (b) bias,
(c) correlation, and (d) MSE as a function of range for KDMX-DP,
Stage IV, IFC-SP, and Merged-DP. Range is estimated with respect to the single-radar location (KDMX). We identify gauge
networks by colors (as in Fig. 1).

with similar frequency. In general, single-radar DP bias
increases as the frequency of dry snow increases, demonstrating that the QPE equation for dry snow has significant
bias. Note that overall Merged-DP exhibits statistics similar to single radars up to 125-km range, and for larger
ranges bias the statistics decrease considerably because of
the inclusion of data from other radars. However, MergedDP bias is still larger than bias for Stage IV and IFC-SP.
In terms of correlation, on average, Stage IV and
Merged-DP present a higher correlation than IFC-SP.
The correlation for single-radar DP products tends to
decrease for ranges larger than approximately 100 km.

VOLUME 16

FIG. 8. As in Fig. 7, but for KDVN.

However, KDMX-DP and KDVN-DP show a very low
correlation with some gauges located at relatively close
range (,75 km). A closer look at the time series of those
gauges reveals that the low correlation is caused by a
few periods for which the DP radar dramatically overestimates rainfall compared to gauges. For these ranges,
rainfall is usually identified as light–moderate rain, and
errors in QPE for this hydrometeor are likely to be
caused by the use of differential reflectivity as one of the
parameters to estimate rainfall. As mentioned before,
differential reflectivity is sensitive to attenuation, miscalibration, and depolarization (Zrnic et al. 2010).
Figure 10 shows an example of DP QPE errors for
light–moderate rain. Stage IV gives the best match with
the points for which we have gauge data. Merged-DP
considerably overestimates rainfall in the area that is
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or graupel, which is consistent with the location of the
melting layer identified by the XPOL radar. However,
in the transition zone (height between 1 and 2.5 km),
KDMX observed wet snow and graupel, while KARX
mainly observed graupel, with wet snow detected only in
few spots.
A relevant aspect shown in Fig. 10 is the irregular and
noisy transition between different hydrometeor classes.
For example, between ranges of 140 and 208 km, the
KDMX-DP shows sharp and unrealistic transitions
among light–moderate rain, wet snow, graupel, and finally into dry snow. Since different equations are used
for different hydrometeor types, these abrupt changes
introduce abrupt changes in the error structure of QPE.
Highly variable errors in space and time are not easily
corrected using gauge data, unless data from an extremely dense gauge network are available. These
analyses illustrate that errors in DP QPE might also
arise from uncertainties in defining hydrometeor types.

3) EVENT-BASED COMPARISON

FIG. 9. As in Fig. 7, but for KARX.

dominated by KARX. IFC-SP rainfall estimates match
gauge values at ranges close to that of KDMX (around
100 km). We also present the hybrid hydrometeor classification represented by the colors in the background of
the figure. KDMX and KARX overestimate rainfall
where light–moderate rain occurred. The problem is
more pronounced for the KARX-DP products where
rainfall is overestimated by more than 300% at a range
of 70–100 km. At the same time period, an XPOL radar
was being operated on a range–height indicator (RHI)
azimuthally aligned with KARX. Based on observations
obtained by this radar (lower correlation and change in
differential reflectivity), the melting layer is located at an
altitude of approximately 2.5 km. We include the height of
the radar beam in the left y axis for reference. For altitudes
larger than 2.5 km, hydrometeors are classified as dry snow

In this section, we evaluate the storm total rainfall
m spatial distribution for four major rainfall events based
on Stage IV, IFC-SP, and Merged-DP (Fig. 11). The Stage
IV data are used as reference for comparison since they are
bias corrected, have manual QC, and presented the most
consistent performance in the comparison with gauge data
for all four events. We focus on evaluating the difference
between the products instead of absolute values, since all
products contain errors. Overall, the rainfall spatial patterns of the three products are quite similar, but the IFCSP and Merged-DP show some over- and underestimation
tendency compared to the Stage IV. The IFC-SP captures
the rainfall spatial structure for events 3 and 4, which are
characterized by a mesoscale convective system. However, the IFC-SP shows relatively inaccurate estimates
for events 1 and 2. These are identified as cold cases
associated with snow/mixed precipitation. As discussed
earlier in section 3b(1), the R–Z conversion equation in the
IFC-SP does not sufficiently represent these snow and
stratiform cases and produces very low rainfall rate values.
The observed difference between the Stage IV and IFC-SP
for event 2 (Fig. 11) indicates that Stage IV is corrected for
the area of snow/mixed rain that developed in the south
of the domain, passed over the NPOL area (in the middle
of the Cedar and Iowa River basins) and proceeded toward
the north. This demonstrates the difficulty of detecting/
estimating snow/mixed cases using a single R–Z relationship in the SP algorithm and the necessity of applying DP
algorithms. Significant overestimation by the Merged-DP
was observed for events 2 and 4. Notably, a border that
indicates a radar calibration issue between the KDMX and
KDVN radar is detected.
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FIG. 10. (a) Stage IV, KDMX-DP, and KARX-DP rainfall maps for 1400 UTC 26 Apr. The
red line linking KARX and KDMX is used as reference to generate (b)–(d). (b) Rainfall rate
for Stage IV, IFC-SP, Merged-DP, and gauge on the reference line. (c),(d) The rainfall rate and
the hybrid hydrometeor type for KARX-DP and KDMX-DP, respectively. We indicate the
radar beam height for a tilt angle of 0.58 (dashed line, and left vertical axis). For this event, the
melting layer was observed by NPOL at approximately 2.5 km.

In Fig. 12, we present statistics for the gauge versus radar
comparisons for the four events. This figure shows striking
differences in the performance of different products depending on the characteristics of the event. DP products
present the highest correlation for all events and the
highest MSE and bias for events 1, 3, and 4, while IFC-SP
presents the highest MSE and bias for event 2. However,
IFC-SP presents similar performance to Stage IV for event
3 and better performance for event 4.

4) RADAR VERSUS RADAR: IMPLICATIONS FOR
HYDROLOGICAL ANALYSES ACROSS SCALES

Radar rainfall products are often evaluated at the point
scale using radar–gauge comparison. These types of
analyses that focus on QPE uncertainties at the local scale
are important to highlight data and instrument limitations

and to guide required improvements. However, for certain hydrological applications, rainfall data are averaged
over multiple spatial scales; therefore, it is essential
to understand how rainfall uncertainties changes with
scale. Previous studies have shown that small-scale random rainfall uncertainties are filtered out by the aggregative effect of the river network (see, e.g., Carpenter and
Georgakakos 2004; Mandapaka et al. 2009; Seo and
Krajewski 2010; Cunha et al. 2013). In practice, that
means that rainfall products, even when containing random errors at the point scale, can still be adequate for
medium- to large-scale hydrological applications. Consequently, hydrologists should focus on evaluating rainfall
products at relevant scales (Berne and Krajewski 2013).
In this section, we investigate how radar rainfall uncertainties affect the estimation of flood-relevant
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FIG. 11. Storm total (mm) for four events whose dates are shown on the y axis for (left) Stage IV, (middle) IFC-SP, and (right) Merged-DP.

hydrological variables across multiple spatial scales.
Multiscale radar rainfall evaluations cannot be performed in an absolute sense, since ground-based reference rainfall is not available for sufficiently large areas
(Krajewski and Smith 2002; Villarini and Krajewski
2010). However, this type of analysis can be performed
in a diagnostic/relative sense by evaluating the relative

differences between estimates provided by multiple rainfall products. Our analyses are based on the comparison of
multiscale ST and MaxRR estimates based on different
rainfall products. We chose these variables since storm
total dominates flood generation for medium to large
basins, while maximum rainfall rate shapes floods at small
basins with fast response. In the methodology section, we
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FIG. 12. (left) Correlation, (middle) MSE, (right) bias in the mean and variance for events 1–4. We estimate statistics if the sample size is
larger than 100.
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described the procedures used to estimate storm total
and maximum rainfall rate for every river link, across
multiple spatial scales. It is important to note that the
spatial resolution of the rainfall products investigated in
this study are different: 4 3 4 km2 for Stage IV, 1 3
1 km2 for Merged-DP, and 0.5 3 0.5 km2 for IFC-SP.
These differences in resolution affect the estimation of
storm total and maximum rainfall rate for small watersheds. However, the effect of resolution decreases as
basin drainage area increases, especially for storm totals.
In Fig. 11, we presented absolute storm total maps
estimates based on Stage IV, IFC-SP, and Merged-DP
for the four rainfall events. Based on Stage IV, events 1
(m 5 60 mm) and 2 (m 5 68 mm) present lower storm
total basin averages than events 3 (m 5 79 mm) and 4
(m 5 92 mm) over the Turkey River basin. In Figs. 13
and 14, we use the river network to characterize storm
total and maximum rainfall rate relative differences for
the Turkey River basin for scales varying from 0.01
(hillslope) to 4370 km2 (basin outlet). To facilitate the
visual evaluation of multiscale rainfall, we plot it using
the river network as reference. The hillslope areas are
represented by a gray background. In Fig. 13, we show
the relative difference between storm total estimated
based on IFC-SP and Merged-DP rainfall products with
Stage IV. These maps allow us to identify regions and
scales for which IFC-SP and Merged-DP underestimates
(from light to dark blue) or overestimates (from yellow
to red) storm total compared to the bias-corrected
product, Stage IV. IFC-SP underestimates the storm
total for event 1 with an average difference in the basin
mb equal to 39% and for event 2 with average difference
equal to 47%. This confirms the results presented
in previous analyses. However, IFC-SP presents very
similar storm totals for events 3 (mb 5 1% underestimation) and 4 (mb 5 9% underestimation). IFC-SP
underestimation is caused by the inaccurate estimation
of rainfall during snow or for events that are not well
developed vertically, as previously discussed. Errors for
the same product and event are not homogeneous in
space. For example, for IFC-SP event 4, we see regions
where rainfall is underestimated (blue, and minimum
value of 36% for a link) and others where it is overestimated (yellow, and maximum of 113% for a link).
However, the river network filters out these uncertainties and differences as basin scale increases, approaching zero for the main channel. Merged-DP does a
better job in the estimation of storm total for event 1
(mb 5 18% overestimation) and 2 (mb 5 13% underestimation), but overestimates storm total for events
3 (mb 5 47%) and 4 (mb 5 53%). The absolute value of
the bias is an important feature, but more important is to
evaluate how bias changes in space and across events. If
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bias is constant and computable, we can correct the
rainfall fields. Note that although bias varies significantly in space for both datasets, Merged-DP exhibits
higher variability. For example, Merged-DP storm total
differences for a link for event 1 can be as high as 283%
overestimation and as low as 31% underestimation.
Another important variable that controls flood generation, especially at small scales, is maximum rainfall rate
(Fig. 14). We generated this figure using the same procedure adopted in Fig. 13, where we used the river network
to spatially characterized multiscale rainfall estimates.
When we evaluated storm total, we averaged out errors
in space and in time. Maximum rainfall rate is an instantaneous value; consequently, errors are averaged out
in space but not in time. Therefore, we expect higher differences and more spatial heterogeneities for maximum
rainfall rate than for storm total. For IFC-SP, there is no
clear tendency to over- or underestimate maximum rainfall rate. For event 2, IFC-SP underestimates maximum
rainfall rate for the upper part of the basin and overestimates it in the lower part of the basin. As with storm
total, IFC-SP performs better for events 3 and 4 (also see
Fig. 12), but differences for a link are as large as 328%
overestimation (event 2) and as low as 80% underestimation (event 1). Basin-average Merged-DP values
are 38% (event 1) to 80% (event 4) higher than the ones
observed by Stage IV, but locally we observed differences
as high as 570% (event 2) and as low as 64% (event 3).
Results presented in Figs. 13 and 14 demonstrate that
even with the advance of radar QPE methods, radar
rainfall estimates still contain significant errors, and applying this information to hydrological simulation or prediction, especially at small scales, requires careful
attention. The information provided in Figs. 13 and 14 can
support the validation of hydrological simulations. If those
datasets are used as input to hydrological models, the figures allow the identification of regions for which uncertainties in model results are likely to be caused by high
uncertainties in rainfall estimation. Those maps highlight
parts of the basins for which rainfall estimation is less (or
more) certain and the type of uncertainty expected in each
basin region (under- or overestimation) for simulations
based on different rainfall products. These maps can be
used to flag regions for which we should question (or trust)
model results. For example, when storm total differences
for the outlet of the basin are as high as 53% (Merged-DP
event 4) or as low as 80% underestimation (IFC-SP event
2), we should question our ability to provide good predictions for these events based on this rainfall forcing.
The diagnostic evaluation presented in this study is only
possible when we have different datasets for comparison.
It is common practice in hydrology to use one of those
datasets as ground reference and manipulate model
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FIG. 13. Multiscale relative difference in storm totals estimated based on (left) IFC-SP and (right) Merged-DP
using Stage IV as reference. Storm totals are plotted using the network as reference, and hillslope areas are denoted
by a gray background.

parameters to compensate errors and obtain results that
match observed streamflow at the outlet of the basin.
Results shown in this section highlight the importance of
understanding rainfall error in a hydrological context before using this dataset as input for hydrological models.
Moreover, it demonstrates the importance of ground instrumentation to evaluate and correct remote sensing

rainfall measurements since none of the radar-only products provided accurate estimates for all four events.

4. Conclusions and discussion
The NEXRAD program recently upgraded the
NEXRAD observational capability with dual polarization,
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FIG. 14. As in Fig. 11, but for multiscale max rainfall rate (mm h21).

and NOAA has added a system to ingest, process, and
distribute dual-polarization radar data and derived products, including instantaneous rain-rate fields and hybrid
hydrometeor types to the operational NEXRAD product
stream. In this study, we evaluate DP radar rainfall estimates provided by the current version of the WSR-88D
systems using a dense rain gauge network and two singlepolarization rainfall products: the National Weather Service Stage IV and the Iowa Flood Center product. We

investigate DP uncertainties for different flood events,
radars, and hydrometeor types and show how these uncertainties propagate across hydrologically relevant scales.
The principal conclusions of the paper are summarized as follows.
1) Based on the comparison of radar and rain gauge
data, the current version of the NWS DP rainfall
estimation algorithm produces higher correlation
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than the SP rainfall algorithm products, suggesting
that the hydrometeor classification improves the
spatial and temporal characterization of rainfall.
However, NWS DP QPEs are not superior to SP
QPEs in terms of bias and mean-square error.
Radar rainfall uncertainties are a function of hydrometeor type. DP rainfall estimates have higher correlation with rain gauge than Stage IV for light–moderate
rainfall and wet snow, but not for graupel and dry snow.
DP estimates for all hydrometeor types (graupel, dry
snow, and wet snow) are considerably biased.
Bias for DP rainfall estimates is range dependent,
reaching the maximum value at the range where both
light–moderate rain and dry snow occur with similar
frequency, demonstrating that DP measurements
are affected by brightband contamination.
At close range (,75 km), DP QPE presents a large
bias for a few gauges, which arises from bias on the
estimation of light–moderate rain. The bias is likely
caused by sensitivity of differential reflectivity to
radar calibration, attenuation in the presence of
large drops, and depolarization.
The hydrometeor classification algorithm was able
to identify the melting-layer position during the
1400 UTC 26 April rainfall event. However, hydrometeor types change abruptly with range among dry
snow, wet snow, graupel, and light–moderate rain.
Since different equations are used for different hydrometeor types, these abrupt transitions lead to
sudden changes in the radar rainfall error structure.
This type of error cannot be corrected using rain
gauge data, unless an extremely dense rain gauge
network is available.
The process of merging data from multiple radars
using inverse distance weighting considerably increases the DP estimate correlation with rain gauge,
but it did not have a strong effect on MSE. Merged SP
products are less biased than Merged-DP products. In
this study, we adopted the traditional inverse distance
weighting method, but future studies should focus on
developing methods that take advantage of multiple
DP measurements and hydrometeor type information.
DP QPE and Stage IV products have higher rainfall
detection probability than IFC-SP products. However, the low probability of detection from the
IFC-SP product seems to be related to inaccurate
precipitation estimates for snow at lower elevations
and stratiform events. The IFC-SP algorithm uses a
unique R–Z relationship that works better for heavy
or convective-type storms (event 2).
Storm total comparisons for four events demonstrate that DP products often overestimate rainfall
when compared to Stage IV and IFC-SP products.
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However, Stage IV and Merged-DP products present similar rainfall spatial patterns for the four
events analyzed in this study.
9) IFC-SP and Stage IV products present similar
spatial patterns for two of the events investigated
in this study (events 3 and 4). For events 1 and 2,
IFC-SP underestimates rainfall. The difference in
accumulation observed for IFC-SP events 1 and 2
occurs because the conventional R–Z equation does
not represent snow and stratiform cases well and
produces very low rain-rate values. This demonstrates the difficulty of detecting snow/mixed cases
using a single R–Z relationship in the SP algorithm
and the necessity of applying DP algorithms.
10) We investigate how rainfall uncertainties propagate
across hydrologically relevant spatial scales using a
diagnostic approach. The method proposed in this
study provides valuable uncertainty information to
support the use of rainfall datasets on hydrological
studies and hydrological simulations. Based on the
hydrological analyses presented in this study, we
verified that the river network filters out random
rainfall uncertainties, but as expected, bias remains.
DP products overestimate storm total and maximum rainfall rate for all scales and events, while
IFC-SP products do a good job estimating storm
total and maximum rainfall rate for events 3 and 4,
but fail to represent events 1 and 2 well.
11) No radar-only product (Merged-DP or IFC-SP) was
efficient in estimating rainfall intensity and spatial
distribution for the four events. While DP products
perform better in representing events 1 and 2, IFCSP products perform similarly (event 3) or better
than Stage IV (event 4). Even with the current
advance on radar QPE methods, ground data are
still essential for validation and for bias removal.
In conclusion, previous studies have shown the potential of DP radars to improve QPE, but additional research
is required before we understand how DP measurements
can effectively be used to mitigate known SP radar QPE
uncertainties for all possible hydrometeor types, ranges,
and climatological conditions. In this study, we identified
several points that should be further evaluated and explored. Should we continue adopting different equations
for different hydrometeor types? Should we focus on
identifying the DP measurements that provide better
QPE for each hydrometeor type? For example, at the
moment, differential reflectivity is used for QPE for
light–moderate rain even though it is known to be sensitive to miscalibration, attenuation, and depolarization.
Ryzhkov et al. (2014) recently proposed a methodology
based on specific attenuation that is less susceptible to the
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variability of drop size distributions than QPE algorithms
based on radar reflectivity, differential reflectivity, and
specific differential phase. Once we understand the
weakness and strengths of each DP measurement, we have
to work on estimating optimal parameters for QPE
equations under different hydrometeorological conditions.
A second important point is how to improve hydrometeor
classification algorithm to avoid abrupt/artificial transition
among different hydrometeor types. These abrupt changes
in hydrometeor types introduce sudden changes in QPE
error structures that cannot be easily corrected using current bias-correction methods and rain gauge data.
Acknowledgments. Funding for this work was provided
by NASA Grants NNX13AD83G and NNX13AG94G,
the Willis Research Network, the Iowa Flood Center, and
the NOAA Cooperative Institute for Climate Science.
REFERENCES
Austin, P. M., 1987: Relation between measured radar reflectivity and
surface rainfall. Mon. Wea. Rev., 115, 1053–1070, doi:10.1175/
1520-0493(1987)115,1053:RBMRRA.2.0.CO;2.
Ayalew, T. B., W. F. Krajewski, and R. Mantilla, 2014: Connecting
the power-law scaling structure of peak-discharges to spatially
variable rainfall and catchment physical properties. Adv.
Water Resour., 71, 32–43, doi:10.1016/j.advwatres.2014.05.009.
Baeck, M. L., and J. A. Smith, 1998: Estimation of heavy rainfall by
the WSR-88D. Wea. Forecasting, 13, 416–436, doi:10.1175/
1520-0434(1998)013,0416:REBTWF.2.0.CO;2.
Berne, A., and W. F. Krajewski, 2013: Radar for hydrology: Unfulfilled promise or unrecognized potential? Adv. Water Resour., 51, 357–366, doi:10.1016/j.advwatres.2012.05.005.
Borga, M., 2002: Accuracy of radar rainfall estimates for
streamflow simulation. J. Hydrol., 267, 26–39, doi:10.1016/
S0022-1694(02)00137-3.
Breidenbach, J., and J. Bradberry, 2001: Multisensor precipitation
estimates produced by National Weather Service forecast
centers for hydrologic applications. Proc. 2001 Georgia Water
Resources Conf., Athens, GA, University of Georgia, 179–182.
[Available online at http://hdl.handle.net/1853/43760.]
——, D.-J. Seo, P. Tilles, and K. Roy, 1999: Accounting for radar
beam blockage patterns in radar-derived precipitation mosaics
for River Forecast Centers. Proc. 15th Conf. on Interactive Information Processing Systems, Dallas, TX, Amer. Meteor. Soc.,
5.22. [Available online at https://ams.confex.com/ams/99annual/
abstracts/1699.htm.]
Brun, J., and A. P. Barros, 2014: Mapping the role of tropical cyclones on the hydroclimate of the southeast United States:
2002–2011. Int. J. Climatol., 34, 494–517, doi:10.1002/joc.3703.
Carpenter, T. M., and K. P. Georgakakos, 2004: Impacts of parametric and radar rainfall uncertainty on the ensemble streamflow simulations of a distributed hydrologic model. J. Hydrol.,
298, 202–221, doi:10.1016/j.jhydrol.2004.03.036.
Chandrasekar, V., V. N. Bringi, N. Balakrishnan, and D. S. Zrnic,
1990: Error structure of multiparameter radar and surface
measurements of rainfall. Part III: Specific differential
phase. J. Atmos. Oceanic Technol., 7, 621–629, doi:10.1175/
1520-0426(1990)007,0621:ESOMRA.2.0.CO;2.

1697

——, ——, S. A. Rutledge, A. Hou, E. Smith, G. S. Jackson,
E. Gorgucci, and W. A. Petersen, 2008: Potential role of dualpolarization radar in the validation of satellite precipitation
measurements: Rationale and opportunities. Bull. Amer.
Meteor. Soc., 89, 1127–1145, doi:10.1175/2008BAMS2177.1.
——, R. Keranen, S. Lim, and D. Moisseev, 2013: Recent advances
in classification of observations from dual polarization
weather radars. Atmos. Res., 119, 97–111, doi:10.1016/
j.atmosres.2011.08.014.
Ciach, G. J., 2003: Local random errors in tipping-bucket rain
gauge measurements. J. Atmos. Oceanic Technol., 20, 752–759,
doi:10.1175/1520-0426(2003)20,752:LREITB.2.0.CO;2.
——, W. F. Krajewski, and G. Villarini, 2007: Product-error-driven
uncertainty model for probabilistic quantitative precipitation
estimation with NEXRAD data. J. Hydrometeor., 8, 1325–
1347, doi:10.1175/2007JHM814.1.
Cifelli, R., V. Chandrasekar, S. Lim, P. C. Kennedy, Y. Wang,
and S. A. Rutledge, 2011: A new dual-polarization radar
rainfall algorithm: Application in Colorado precipitation
events. J. Atmos. Oceanic Technol., 28, 352–364, doi:10.1175/
2010JTECHA1488.1.
Crosson, W. L., C. E. Duchon, R. Raghavan, and S. J. Goodman,
1996: Assessment of rainfall estimates using a standard
Z–R relationship and the probability matching method
applied to composite radar data in central Florida. J. Appl.
Meteor., 35, 1203–1219, doi:10.1175/1520-0450(1996)035,1203:
AOREUA.2.0.CO;2.
Cunha, L. K., W. F. Krajewski, R. Mantilla, and L. Cunha, 2011: A
framework for flood risk assessment under nonstationary
conditions or in the absence of historical data. J. Flood Risk
Manage., 4, 3–22, doi:10.1111/j.1753-318X.2010.01085.x.
——, P. V. Mandapaka, W. F. Krajewski, R. Mantilla, and
A. A. Bradley, 2012: Impact of radar-rainfall error structure on estimated flood magnitude across scales: An investigation based on a parsimonious distributed hydrological
model. Water Resour. Res., 48, W10515, doi:10.1029/
2012WR012138.
——, J. A. Smith, M. L. Baeck, and W. F. Krajewski, 2013: An early
performance evaluation of the NEXRAD dual-polarization
radar rainfall estimates for urban flood applications. Wea.
Forecasting, 28, 1478–1497, doi:10.1175/WAF-D-13-00046.1.
D’Adderio, L. P., F. Porcù, and A. Tokay, 2015: Identification and
analysis of collisional break-up in natural rain. J. Atmos. Sci.,
doi:10.1175/JAS-D-14-0304.1, in press.
Frasson, R. P. de M., L. K. da Cunha, and W. F. Krajewski, 2011:
Assessment of the Thies optical disdrometer performance.
Atmos. Res., 101, 237–255, doi:10.1016/j.atmosres.2011.02.014.
Fulker, D., S. Bates, and C. Jacobs, 1997: Unidata: A virtual community
sharing resources via technological infrastructure. Bull. Amer.
Meteor. Soc., 78, 457–468, doi:10.1175/1520-0477(1997)078,0457:
UAVCSR.2.0.CO;2.
Fulton, R. A., J. P. Breidenbach, D.-J. Seo, D. A. Miller, and
T. O’Bannon, 1998: The WSR-88D rainfall algorithm. Wea.
Forecasting, 13, 377–395, doi:10.1175/1520-0434(1998)013,0377:
TWRA.2.0.CO;2.
——, F. Ding, and D. Miller, 2003: Truncation errors in historical
WSR-88D rainfall products. Preprints, 31st Conf. on Radar
Meteorology, Amer. Meteor. Soc., Seattle, WA, P2B.7.
[Available online at https://ams.confex.com/ams/32BC31R5C/
techprogram/paper_63261.htm.]
Giangrande, S. E., and A. V. Ryzhkov, 2008: Estimation of rainfall
based on the results of polarimetric echo classification. J. Appl.
Meteor., 47, 2445–2460, doi:10.1175/2008JAMC1753.1.

Unauthenticated | Downloaded 01/09/23 04:30 AM UTC

1698

JOURNAL OF HYDROMETEOROLOGY

——, J. M. Krause, and A. Ryzhkov, 2008: Automatic designation of
the melting layer with a polarimetric prototype of the WSR-88D
radar. J. Appl. Meteor. Climatol., 47, 1354–1364, doi:10.1175/
2007JAMC1634.1.
Glaudemans, M., B. Lawrence, and P. Tilles, 2009: Interactive
quality control and operational product generation of hourly
multi-sensor precipitation estimates in the NWS. 25th Conf. on
Int. Interactive Information and Processing Systems (IIPS) for
Meteorology, Oceanography, and Hydrology, Amer. Meteor.
Soc., New Orleans, LA, 5B.3. [Available online at https://ams.
confex.com/ams/89annual/techprogram/paper_143861.htm.]
Hou, A. Y., and Coauthors, 2014: The Global Precipitation Measurement (GPM) mission. Bull. Amer. Meteor. Soc., 95, 701–
722, doi:10.1175/BAMS-D-13-00164.1.
Illingworth, A. J., J. W. F. Goddard, and S. M. Cherry, 1986: Detection of hail by dual-polarization radar. Nature, 320, 431–
433, doi:10.1038/320431a0.
Istok, M. J., M. Fresch, Z. Jing, and S. Smith, 2009: WSR-88D dual
polarization initial operational capabilities. 25th Conf. on Int.
Interactive Information and Processing Systems (IIPS) for
Meteorology, Oceanography, and Hydrology, Amer. Meteor.
Soc., New Orleans, LA, 15.5. [Available online at https://ams.
confex.com/ams/89annual/techprogram/paper_148927.htm.]
Kim, D., B. Nelson, and D.-J. Seo, 2009: Characteristics of Reprocessed Hydrometeorological Automated Data System
(HADS) hourly precipitation data. Wea. Forecasting, 24, 1287–
1296, doi:10.1175/2009WAF2222227.1.
Kitzmiller, D., D. Miller, R. Fulton, and F. Ding, 2013: Radar and
multisensor precipitation estimation techniques in National
Weather Service hydrologic operations. J. Hydrol. Eng., 18,
133–142, doi:10.1061/(ASCE)HE.1943-5584.0000523.
Krajewski, W. F., and J. A. Smith, 2002: Radar hydrology: Rainfall
estimation. Adv. Water Resour., 25, 1387–1394, doi:10.1016/
S0309-1708(02)00062-3.
——, A. Kruger, J. A. Smith, R. Lawrence, and C. Gunyon, 2011:
Towards better utilization of NEXRAD data in hydrology: An
overview of Hydro-NEXRAD. J. Hydroinf., 13, 255–266,
doi:10.2166/hydro.2010.056.
——, ——, S. Singh, B.-C. Seo, and J. A. Smith, 2013: HydroNEXRAD-2: Real-time access to customized radar-rainfall for
hydrologic applications. J. Hydroinf., 15, 580–590, doi:10.2166/
hydro.2012.227.
Kruger, A., W. F. Krajewski, P. Domaszczynski, and J. A. Smith,
2011: Hydro-NEXRAD: Metadata computation and use.
J. Hydroinf., 13, 267–276, doi:10.2166/hydro.2010.057.
Lawrence, B., M. Shebsovich, M. Glaudeman, and P. Tilles, 2003:
Enhancing precipitation estimation capabilities at National
Weather Service field offices using multisensor precipitation
data mosaics. 19th Conf. on Interactive Information Processing
Systems, Long Beach, VA, Amer. Meteor. Soc., 15.1. [Available
online at https://ams.confex.com/ams/annual2003/techprogram/
paper_54867.htm.]
Lin, Y., and K. E. Mitchell, 2005: The NCEP Stage II/IV hourly
precipitation analyses: Development and applications. 19th
Conf. on Hydrology, San Diego, CA, Amer. Meteor. Soc., 1.2.
[Available online at https://ams.confex.com/ams/Annual2005/
techprogram/paper_83847.htm.]
Liu, H., and V. Chandrasekar, 2000: Classification of hydrometeors based on polarimetric radar measurements:
Development of fuzzy logic and neuro-fuzzy systems,
and in situ verification. J. Atmos. Oceanic Technol.,
17,
140–164,
doi:10.1175/1520-0426(2000)017,0140:
COHBOP.2.0.CO;2.

VOLUME 16

Mandapaka, P. V., W. F. Krajewski, R. Mantilla, and V. K. Gupta,
2009: Dissecting the effect of rainfall variability on the statistical structure of peak flows. Adv. Water Resour., 32, 1508–
1525, doi:10.1016/j.advwatres.2009.07.005.
Mantilla, R., and V. K. Gupta, 2005: A GIS numerical framework
to study the process basis of scaling statistics in river networks.
IEEE Geosci. Remote Sens. Lett., 2, 404–408, doi:10.1109/
LGRS.2005.853571.
McKee, T. B., N. J. Doesken, C. A. Davey, and R. A. Pielke Sr., 2000:
Climate data continuity with ASOS: Report for period April
1996 through June 2000. Climatology Rep. 00-3, Colorado State
University, Fort Collins, CO, 82 pp. [Available online at http://
climate.atmos.colostate.edu/pdfs/climatologyreport-00-3.pdf.]
Milewska, E., and W. D. Hogg, 2002: Continuity of climatological
observations with automation-temperature and precipitation
amounts from AWOS (Automated Weather Observing System). Atmos.–Ocean, 40, 333–359, doi:10.3137/ao.400304.
Miller, D. A., S. Wu, and D. Kitzmiller, 2013: Spatial and temporal
resolution considerations in evaluating and utilizing radar
quantitative precipitation estimates. J. Oper. Meteor., 1, 168–
184, doi:10.15191/nwajom.2013.0115.
Nelson, B., D.-J. Seo, and D. Kim, 2010: Multisensor precipitation
reanalysis. J. Hydrometeor., 11, 666–682, doi:10.1175/
2010JHM1210.1.
O’Bannon, T., and F. Ding, 2003: Continuing enhancement of the
WSR-88D precipitation pre-processing subsystem. Preprints,
31st Int. Conf. on Radar Meteorology, Seattle, WA, Amer.
Meteor. Soc., P3C.10. [Available online at https://ams.confex.
com/ams/32BC31R5C/techprogram/paper_63158.htm.]
Park, H. S., A. V. Ryzhkov, and D. S. Zrnic, 2009: The hydrometeor classification algorithm for the polarimetric WSR-88D:
Description and application to an MCS. Wea. Forecasting, 24,
730–748, doi:10.1175/2008WAF2222205.1.
Pereira Fo., A. J., K. C. Crawford, and C. L. Hartzell, 1998: Improving WSR-88D hourly rainfall estimates. Wea. Forecasting, 13, 1016–1028, doi:10.1175/1520-0434(1998)013,1016:
IWHRE.2.0.CO;2.
Petersen, W. A., and W. Krajewski, 2013: Status update on the
GPM Ground Validation Iowa Flood Studies (IFloodS) field
experiment. Geophysical Research Abstracts, Vol. 15,
Abstract 13345. [Available online at http://meetingorganizer.
copernicus.org/EGU2013/EGU2013-13345.pdf.]
Price, K., S. T. Purucker, and S. R. Kraemer, 2014: Comparison of
radar and gauge precipitation data in watershed models across
varying spatial and temporal scales. Hydrol. Processes, 28,
3505–3520, doi:10.1002/hyp.9890.
Reed, S. M., and D. R. Maidment, 1999: Coordinate transformations for using NEXRAD data in GIS-based hydrologic modeling. J. Hydrol. Eng., 4, 174–182, doi:10.1061/
(ASCE)1084-0699(1999)4:2(174).
Ryzhkov, A. V., and D. S. Zrnic, 1996: Polarimetric method for ice
water content determination. Proc. 1996 Int. Geoscience and
Remove Sensing Symp., Vol. 1, Lincoln, NE, IEEE, 557–559,
doi:10.1109/IGARSS.1996.516402.
——, S. E. Giangrande, V. M. Melnikov, and T. J. Schuur, 2005a: Calibration issues of dual-polarization radar measurements. J. Atmos.
Oceanic Technol., 22, 1138–1155, doi:10.1175/JTECH1772.1.
——, ——, and T. J. Schuur, 2005b: Rainfall estimation with a
polarimetric prototype of WSR-88D. J. Appl. Meteor., 44,
502–515, doi:10.1175/JAM2213.1.
——, T. J. Schuur, D. W. Burgess, P. L. Heinselman, S. E.
Giangrande, and D. S. Zrnic, 2005c: The Joint Polarization Experiment: Polarimetric rainfall measurements and

Unauthenticated | Downloaded 01/09/23 04:30 AM UTC

AUGUST 2015

CUNHA ET AL.

hydrometeor classification. Bull. Amer. Meteor. Soc., 86, 809–
824, doi:10.1175/BAMS-86-6-809.
——, M. Diederich, P. Zhang, and C. Simmer, 2014: Potential utilization of specific attenuation for rainfall estimation, mitigation of
partial beam blockage, and radar networking. J. Atmos. Oceanic
Technol., 31, 599–619, doi:10.1175/JTECH-D-13-00038.1.
Sachidananda, M., and D. S. Zrnic, 1987: Rain rate estimates from
differential polarization measurements. J. Atmos. Oceanic
Technol., 4, 588–598, doi:10.1175/1520-0426(1987)004,0588:
RREFDP.2.0.CO;2.
Seliga, T. A., and V. N. Bringi, 1976: Potential use of radar
differential reflectivity measurements at orthogonal
polarizations for measuring precipitation. J. Appl. Meteor., 15, 69–76, doi:10.1175/1520-0450(1976)015,0069:
PUORDR.2.0.CO;2.
Seo, B.-C., and W. F. Krajewski, 2010: Scale dependence of radar
rainfall uncertainty: Initial evaluation of NEXRAD’s new
super-resolution data for hydrologic applications. J. Hydrometeor., 11, 1191–1198, doi:10.1175/2010JHM1265.1.
——, ——, A. Kruger, P. Domaszczynski, J. A. Smith, and
M. Steiner, 2011: Radar-rainfall estimation algorithms of
Hydro-NEXRAD. J. Hydroinf., 13, 277–291, doi:10.2166/
hydro.2010.003.
——, L. K. Cunha, and W. F. Krajewski, 2013: Uncertainty in
radar-rainfall composite and its impact on hydrologic prediction for the eastern Iowa flood of 2008. Water Resour. Res.,
49, 2747–2764, doi:10.1002/wrcr.20244.
——, W. F. Krajewski, L. K. Cunha, B. Dolan, J. A. Smith,
S. Rutledge, and W. Petersen, 2014: Comprehensive evaluation of the IFloodS precipitation datasets for hydrologic applications. Ninth Int. Symp. on Weather Radar and Hydrology,
Washington, D.C., Environmental and Water Resources
Institute, 1.49.
Seo, D.-J., A. Seed, and G. Delrieu, 2010: Radar and multisensor
rainfall estimation for hydrologic applications. Rainfall: State
of the Science, Geophys. Monogr., Vol. 191, Amer. Geophys.
Union, 79–104, doi:110.1029/2010GM000952.
Sherretz, L. A., and D. W. Fulker, 1988: Unidata: Enabling universities to acquire and analyze scientific data. Bull. Amer. Meteor. Soc., 69, 373–376, doi:10.1175/1520-0477(1988)069,0373:
UEUTAA.2.0.CO;2.
Smith, J. A., D.-J. Seo, M. L. Baeck, and M. D. Hudlow, 1996:
An intercomparison study of NEXRAD precipitation estimates. Water Resour. Res., 32, 2035–2045, doi:10.1029/
96WR00270.

1699

Super, A., and E. Holroyd, 1997: Snow accumulation algorithm for
the WSR-88D radar. Proc. 28th Conf. on Radar Meteorology,
Vail, CO, Amer. Meteor. Soc., 324–325.
Tabary, P., A.-A. Boumahmoud, H. Andrieu, R. J. Thompson,
A. J. Illingworth, E. L. Bouar, and J. Testud, 2011: Evaluation
of two ‘‘integrated’’ polarimetric Quantitative Precipitation
Estimation (QPE) algorithms at C-band. J. Hydrol., 405, 248–
260, doi:10.1016/j.jhydrol.2011.05.021.
Tapiador, F. J., and Coauthors, 2012: Global precipitation measurement: Methods, datasets and applications. Atmos. Res.,
104–105, 70–97, doi:10.1016/j.atmosres.2011.10.021.
Torres, S. M., and C. D. Curtis, 2007: Initial implementation of
super-resolution data on the NEXRAD network. 23rd Conf.
on Int. Interactive Information and Processing Systems (IIPS)
for Meteorology, Oceanography, and Hydrology, San Antonio,
TX, Amer. Meteor. Soc., 5B.10. [Available online at http://ams.
confex.com/ams/87ANNUAL/techprogram/paper_116240.htm.]
Villarini, G., and W. F. Krajewski, 2010: Review of the different
sources of uncertainty in single polarization radar-based estimates of rainfall. Surv. Geophys., 31, 107–129, doi:10.1007/
s10712-009-9079-x.
Vulpiani, G., and S. Giangrande, 2009: Rainfall estimation from
polarimetric S-band radar measurements: Validation of a
neural network approach. J. Appl. Meteor. Climatol., 48, 2022–
2036, doi:10.1175/2009JAMC2172.1.
Wilson, J. W., and E. A. Brandes, 1979: Radar measurement of
rainfall—A summary. Bull. Amer. Meteor. Soc., 60, 1048–1058,
doi:10.1175/1520-0477(1979)060,1048:RMORS.2.0.CO;2.
Wu, W., D. Kitzmiller, and S. Wu, 2012: Evaluation of radar precipitation estimates from the National Mosaic and Quantitative
Precipitation Estimation System and the WSR-88D precipitation
processing system over the conterminous United States.
J. Hydrometeor., 13, 1080–1093, doi:10.1175/JHM-D-11-064.1.
Zhang, J., K. Howard, and J. J. Gourley, 2005: Constructing threedimensional multiple-radar reflectivity mosaics: Examples of
convective storms and stratiform rain echoes. J. Atmos. Oceanic Technol., 22, 30–42, doi:10.1175/JTECH-1689.1.
Zhang, Y., S. Reed, and D. Kitzmiller, 2011: Effects of retrospective gauge-based readjustment of multi-sensor precipitation
estimates on hydrologic simulations. J. Hydrometeor., 12, 429–
443, doi:10.1175/2010JHM1200.1.
Zrnic, D., R. Doviak, G. Zhang, and A. Ryzhkov, 2010: Bias in
differential reflectivity due to cross coupling through the radiation patterns of polarimetric weather radars. J. Atmos. Oceanic Technol., 27, 1624–1637, doi:10.1175/2010JTECHA1350.1.

Unauthenticated | Downloaded 01/09/23 04:30 AM UTC

