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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 su-

perior to that from SPmainly becauseDPQPEequations 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 inQPEwith 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 quantifyQPEuncertainties 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 esti-

mate precipitation quantities for several decades (e.g.,

Wilson andBrandes 1979).During this period, the research

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 Zrni�c

1987; Seliga and Bringi 1976; Chandrasekar et al. 2008;

Giangrande and Ryzhkov 2008; Cifelli et al. 2011). Al-

though some studies demonstrate improvements in

QPEbased onDP 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 op-

erational 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 in-

gest, 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 theWSR-88D

systems using a dense rain gauge network and twoother 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 sys-

tem 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

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 com-

paring it with rain gauge observations and twooperational

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 pa-

per 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 net-

work. 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)

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.
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field campaign site [for more details on the campaign,

see Petersen and Krajewski (2013)] because of its uni-

form land cover, relatively flat topography, absence of

coastal effects, the high frequency of floods fromMay to

June, and the availability of preexisting rainfall mea-

surement instruments, including seven NEXRAD ra-

dars that collectively cover the state. The site also

enables studies of floods across a wide range of spatial

scales. During the campaign, several additional in-

struments that measure rainfall, including the NASA

polarimetric S-band radar (NPOL), NASA dis-

drometers, and four X-band radars (XPOL), were in-

stalled in the area. In this study, we evaluate QPE for

three of the seven radars: Des Moines (KDMX), Dav-

enport (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

FloodCenterX-band polarimetricmobile weather radars

weredeployed in this basin during the campaign [seeMishra

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
250m) level II SP radar volume data (Torres and Curtis

2007; Seo and Krajewski 2010) obtained from the Uni-

data Local Data Manager (LDM) delivery software

(Sherretz and Fulker 1988; Fulker et al. 1997). The sys-

tem 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 in-

dividual volume scan data from one or more of the

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 re-

processed after the IFloodS campaign using the same al-

gorithms as the real-time system and includingmissing files.

The product covers the entire state and is based on re-

flectivity 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 per-

formed at the reflectivity level. Details about each pro-

cedure are presented in Krajewski et al. (2013). The final

product is rainfall rate (mmh21) at 5-min temporal res-

olution and is accumulated over different time intervals

(e.g., 15min 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 1.59mmh21 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 multi-

sensor 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 single-

radar, 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 mo-

saicking of the Stage II radar–gauge products with in-

teractive quality-control procedures performed at the

NWSRiver Forecast Centers (RFCs). In 2002 this system

was replaced by the Multisensor Precipitation Estimator

1678 JOURNAL OF HYDROMETEOROLOGY VOLUME 16



(MPE) algorithm, which incorporated significant im-

provements 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 er-

rors 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 Hy-

drologic Rainfall Analysis Project (HRAP) grid (Reed

and Maidment 1999) of approximately 4km 3 4km

generated and maintained by the National Centers for

Environmental Prediction (NCEP) that is produced by

combining Stage III products from the regional multi-

sensor analyses obtained from the 12 RFCs in the con-

tiguous 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 esti-

mates 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 com-

munication), the upgrade of the Advanced Weather

Interactive Processing System (AWIPS) MPE software

to ingest, bias adjust, and incorporate DPQPE 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 pro-

duced 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 bottommelting-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 de-

fined: 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,

and 10) hail mixed with rain. Once the hydrometeor type

and themelting-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 re-

flectivityZ and differential reflectivityZdr. For wet snow,

graupel, and dry snow, rainfall is estimated based on the

conventional R(Z) relationship multiplied by an empiri-

cal factor selected to remove average bias. Giangrande

and Ryzhkov (2008) empirically estimated the equation

and parameters for each hydrometeor type and its pa-

rameters using JPOLE data.

We evaluate two NEXRAD DP products: 1) the hy-

brid 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 4–5min. 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

(mmh21) and most frequent hydrometeor class. The

NEXRAD DP information is provided for a maximum

radar range of 230km (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 1km 3 1km. NEXRAD ra-

dars typically collect a volume scan every 4–5min in a

precipitation mode, and in the case of level III products,

the dataset consists of IPRwith 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 in-

formation by associating a specific hydrometeor type to an

hour if it is present for at least 70% of that hour (48min).

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 ismosaicked 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 re-

gions are covered by two or three radars. Note that the

TurkeyRiver basin is where the three radars overlap, but it

is at a relatively far range fromall 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 all-

weather 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/

forAWOS,ASOS, and ISUAG; at http://iowafloodcenter.

org/projects/ifloods/ for IFC–NASA and NASA dis-

drometers; 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 prod-

ucts. However, the measurements provided by these in-

struments 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 dis-

drometers 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 pro-

cedure eliminates data from sites in which rain gauges

were malfunctioning (e.g., clogged) or were fully or par-

tially inoperative over the study period.We then checked if

temporal correlation, at an hourly time scale, with Stage IV

and IFC-SP is larger than 0.5. The goal of this pro-

cedure 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 dis-

drometers 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 biasB5 (R2G)/G (dimensionless), correlation

r5Cov(R, G)/(sRsG) (dimensionless), and mean-square

error MSE5 n21�(R2G)2 (mm2h22), where R de-

notes radar data,G is gauge data, Cov is covariance, s is

standard deviation. To better understand the contribu-

tion of bias and random errors, we decompose themean-

square error following the methodology proposed by

Nelson et al. (2010), where

MSE5 (R2G)21 (sR 1sG)
21 2sRsG(12 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 al-

lows us to better understand how uncertainties change

with rain-rate intensity. To avoid the inclusion of periods

for which the rain gaugewas not operational, which cannot

be easily detected since somenetworks donot present flags

for missing data, we apply the minimum threshold of

0.01mmh21. Thresholds vary from 0.01 to 10mmh21.

We investigate the ability of radar products to cor-

rectly 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:

POD5
�jG. 0 � R. 0j

�jG. rtj
,

POFD5
�jG5 0 � R. rtj

�jG5 0j ,

MB5
2�GjG. rt � R5 0j

�GjG. 0j ,
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and

FB5
�RjR. rt �G5 0j

�GjG. 0j .

2) MULTISCALE RAINFALL ANALYSES

One of the goals of the IFloodS campaign is to un-

derstand 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 un-

certainties propagate through the river network. Although

radar versus rain gauge comparisons are commonly ap-

plied to assess the accuracy of radar rainfall estimates, this

type of analysis does not address how the spatial distri-

bution of QPE uncertainties affect the estimation of im-

portant hydrological variables across multiple scales. To

better understand the implication of radar error on hy-

drological studies, we apply a diagnostic framework.We

refer to themethod 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 ofQPEuncertainty

for different rainfall events. This information can guide the

use ofQPE 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

(4370km2). 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. Themethod to estimatemultiscale 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 in-

formation system developed for river network anal-

yses (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 da-

tabase to support GPM validation and flood studies

(Petersen and Krajewski 2013). In Fig. 2, we present

streamflow measured at Turkey River at the Garber

FIG. 2. Daily mean average rainfall and streamflow (mmday21) for the Turkey River at the Garber USGS gauge

(USGS ID 05412500, drainage area 5 4001 km2).
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USGS streamflow gauge station (USGS 05412500) with

drainage area of 4001km2 (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 685mm of rainfall was

observed in this basin during that period (based on Stage

IV data), and rain (.1mmday21) was observed for ap-

proximately 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

59.5mm), 2) from 29 April to 4 May (70.3mm), 3) from 26

to 31May (97.6mm), and 4) from 20 to 25 June (82.0mm).

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 theNWS 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 ob-

serve 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 parame-

ters (exponent and coefficient) using the least squares

nonlinear fitting technique, andwe include the parameters

in Fig. 3. To avoid bias toward small rain-rate values, we

estimated the equation for rain rates larger than 1.0mmh21.

The power-law exponent describes the degree of non-

linearity 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, es-

pecially 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 es-

timator. Since this method performs a local fit, results

are not affected by the higher frequency of small pre-

cipitation values. Note that, on average, all products

FIG. 3. Binned scatterplots (bin width5 1mmh21) showing the comparison of hourly rain rate (mmh21) 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.
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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 thresh-

olds.DP products (single radars andMerged-DP) present

the highest correlation among all products and thresh-

olds, 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 , 1mmh21), 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 no-

ticeable for thresholds larger than 5mmh21. The low

bias for Stage IV product for small threshold values is

expected since this dataset has been bias corrected using

gauge data andmanually 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

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.
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in terms of correlation, it performs similarly to Stage

IV, a bias-corrected product, in terms of bias in themean

and in the variance.

We also observe large discrepancies among the three

single radars, with KDVN showing the best perfor-

mance 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 re-

lation 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 themerging

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 andmultiple 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

FIG. 5. Radar vs rain gauge QPE comparison for SP (IFC-SP and Stage IV) and DP (Merged-DP, KDMX,

KDVN, andKARX) radar rainfall products: (a) POD, (b) POFD, (c) relativemissed rain bias, and (d) relative false

rain bias.
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rain or gaugemalfunction (clogging); or 2) problems with

the radar rainfall estimates (difficulties on identifying rain

vs no-rain periods). The comparative evaluation of dif-

ferent 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 3mmh21.

This is partially explained by the intended choice of a

fairly high rain intensity threshold (1.59mmh21) justi-

fied by the purpose of the IFC to provide flood-relevant

information to the Iowapublic. The threshold (1.59mmh21)

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 ap-

propriate 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 1mmh21 In Fig. 5, we also

present the relative contribution of missed and false rain-

fall 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 re-

sults 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 3mmh21.

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 themost 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 ac-

curacy 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

different rain-rate thresholds. Rain-rate values are sep-

arated 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 dif-

ferent radars: KDMX, KDVN, and KARX. We did not

include plots for the remaining hydrometeors (ice crys-

tal, 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 DPQPE estimates. However, in terms of

MSE, SP products (IFC-SP and Stage IV) perform better

than single-radar andMerged-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 convertDPmeasurements into rainfall.

The good performance of Stage IV compared to IFC-SP

and Merged-DP in terms of MSE and total bias demon-

strates the effectiveness of the bias correction and the

manual QC procedures. However, the manual QC pro-

cedure constrains the use of this dataset in real time.

For light–moderate rain, SP radars use the conven-

tional 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 re-

flectivity is a goodmeasure of themedian 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 re-

flectivity to estimate rainfall. However, this equation is

not immune to hail contamination and is not effective

in situations of melting-layer contamination and pre-

cipitation overshooting (e.g., Ryzhkov and Zrni�c 1996;

Ryzhkov et al. 2005b). Differential reflectivity is also

sensitive to radar calibration (vertical and horizontal),

attenuation, and depolarization (Zrni�c et al. 2010). For

light–moderate rain, DP products present higher cor-

relation 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 im-

provement 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 Zrni�c 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

0.38km21 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 con-

stant to correct for expected bias. In Fig. 6, we present

results for graupel, dry snow, and wet snow. For graupel,

the conventionalR(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

7mmh21. 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 conventionalR(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 demon-

strates 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 us-

ing 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. BothDP single- andmerged-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 fre-

quency for KDMX-DP, KDVN-DP, and KARX-DP,

respectively. Light–moderate rain dominates ranges up

to 100km, while dry snow dominates ranges greater than

175km. In the range of 100–175km 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 ra-

dar 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), cor-

relation, 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 arti-

ficial. However, this range definition allows us to directly

compare the merged- and single-radar products. We

calculate the statistics based on the period from 1April 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 . 1mmh21. We included gauges from all the net-

works, 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 over-

estimation for ranges of 50–230km. 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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with similar frequency. In general, single-radar DP bias

increases as the frequency of dry snow increases, demon-

strating that theQPE equation for dry snow has significant

bias. Note that overall Merged-DP exhibits statistics sim-

ilar 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,Merged-

DP 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.

However, KDMX-DP and KDVN-DP show a very low

correlation with some gauges located at relatively close

range (,75km). 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 over-

estimates 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, mis-

calibration, and depolarization (Zrni�c 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

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 re-

spect to the single-radar location (KDMX). We identify gauge

networks by colors (as in Fig. 1).

FIG. 8. As in Fig. 7, but for KDVN.
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dominated by KARX. IFC-SP rainfall estimates match

gauge values at ranges close to that of KDMX (around

100km). We also present the hybrid hydrometeor clas-

sification 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 70–100km. 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 2.5km.We include the height of

the radar beam in the left y axis for reference. For altitudes

larger than 2.5km, hydrometeors are classified as dry snow

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 fi-

nally 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 ex-

tremely 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

In this section, we evaluate the storm total rainfall

m spatial distribution for four major rainfall events based

on Stage IV, IFC-SP, andMerged-DP (Fig. 11). The Stage

IVdata 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 pat-

terns of the three products are quite similar, but the IFC-

SP andMerged-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. How-

ever, 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), theR–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 theCedar and IowaRiver basins) and proceeded toward

the north. This demonstrates the difficulty of detecting/

estimating snow/mixed cases using a single R–Z relation-

ship 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 theKDMXand

KDVN radar is detected.

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

pending 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 onQPE uncertainties at the local scale

are important to highlight data and instrument limitations

and to guide required improvements. However, for cer-

tain 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 ran-

dom rainfall uncertainties are filtered out by the aggre-

gative 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 ran-

dom errors at the point scale, can still be adequate for

medium- to large-scale hydrological applications. Conse-

quently, hydrologists should focus on evaluating rainfall

products at relevant scales (Berne and Krajewski 2013).

In this section, we investigate how radar rainfall un-

certainties affect the estimation of flood-relevant

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.
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hydrological variables across multiple spatial scales.

Multiscale radar rainfall evaluations cannot be per-

formed in an absolute sense, since ground-based refer-

ence 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 rain-

fall 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

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.
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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 water-

sheds. 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 60mm) and 2 (m 5 68mm) present lower storm

total basin averages than events 3 (m 5 79mm) and 4

(m 5 92mm) 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 4370km2 (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 andMerged-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% under-

estimation) 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 over-

estimated (yellow, and maximum of 113% for a link).

However, the river network filters out these un-

certainties and differences as basin scale increases, ap-

proaching 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% un-

derestimation), 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

bias is constant and computable, we can correct the

rainfall fields. Note that although bias varies signifi-

cantly 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 genera-

tion, especially at small scales, is maximum rainfall rate

(Fig. 14). We generated this figure using the same pro-

cedure adopted in Fig. 13, whereweused 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 in-

stantaneous value; consequently, errors are averaged out

in space but not in time. Therefore, we expect higher dif-

ferences 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 rain-

fall rate. For event 2, IFC-SP underestimates maximum

rainfall rate for the upper part of the basin and over-

estimates 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% un-

derestimation (event 1). Basin-averageMerged-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 ap-

plying this information to hydrological simulation or pre-

diction, 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 fig-

ures allow the identification of regions for which un-

certainties 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 pre-

dictions 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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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 be-

fore using this dataset as input for hydrological models.

Moreover, it demonstrates the importance of ground in-

strumentation to evaluate and correct remote sensing

rainfall measurements since none of the radar-only prod-

ucts provided accurate estimates for all four events.

4. Conclusions and discussion

The NEXRAD program recently upgraded the

NEXRADobservational capabilitywith dual polarization,

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.
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and NOAA has added a system to ingest, process, and

distribute dual-polarization radar data and derived prod-

ucts, including instantaneous rain-rate fields and hybrid

hydrometeor types to the operational NEXRAD product

stream. In this study, we evaluate DP radar rainfall esti-

mates provided by the current version of the WSR-88D

systems using a dense rain gauge network and two single-

polarization rainfall products: the National Weather Ser-

vice Stage IV and the Iowa Flood Center product. We

investigate DP uncertainties for different flood events,

radars, and hydrometeor types and show how these un-

certainties propagate across hydrologically relevant scales.

The principal conclusions of the paper are summa-

rized 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

FIG. 14. As in Fig. 11, but for multiscale max rainfall rate (mmh21).
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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.

2) Radar rainfall uncertainties are a function of hydro-

meteor type. DP rainfall estimates have higher corre-

lationwith rain gauge thanStage IV for light–moderate

rainfall andwet snow, but not for graupel anddry snow.

DP estimates for all hydrometeor types (graupel, dry

snow, and wet snow) are considerably biased.

3) Bias for DP rainfall estimates is range dependent,

reaching themaximumvalue at the rangewhere both

light–moderate rain and dry snow occur with similar

frequency, demonstrating that DP measurements

are affected by brightband contamination.

4) At close range (,75km), 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.

5) The hydrometeor classification algorithm was able

to identify the melting-layer position during the

1400 UTC 26 April rainfall event. However, hydro-

meteor types change abruptly with range among dry

snow, wet snow, graupel, and light–moderate rain.

Since different equations are used for different hy-

drometeor 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.

6) The process of merging data from multiple radars

using inverse distance weighting considerably in-

creases the DP estimate correlation with rain gauge,

but it did not have a strong effect onMSE.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

DPmeasurements andhydrometeor type information.

7) DPQPE and Stage IV products have higher rainfall

detection probability than IFC-SP products. How-

ever, 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

uniqueR–Z relationship that works better for heavy

or convective-type storms (event 2).

8) Storm total comparisons for four events demon-

strate that DP products often overestimate rainfall

when compared to Stage IV and IFC-SP products.

However, Stage IV and Merged-DP products pres-

ent 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 conventionalR–Z equation does

not represent snow and stratiform cases well and

produces very low rain-rate values. This demon-

strates 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 maxi-

mum 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, IFC-

SP 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 poten-

tial ofDP radars to improveQPE, but additional research

is required before we understand howDPmeasurements

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 ex-

plored. 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 sen-

sitive 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 eachDPmeasurement, 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 cur-

rent bias-correction methods and rain gauge data.
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