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ABSTRACT: A polarimetric radar quantitative precipitation estimation (QPE) to estimate the rain rate R from specific
attenuation A has been applied in Taiwan’s operational Quantitative Precipitation Estimation and Segregation Using Mul-
tiple Sensors (QPESUMS) system since 2016. A 3-yr (2016-18) drop size distribution (DSD) dataset from an operational
Particle Size and Velocity (Parsivel) network was used to derive a localized coefficient as well as the a(K) function in the
R(A) scheme for S-band radar, where « is a key parameter in the estimation of A and K is the linear fitted slope of differ-
ential reflectivity Zpgr versus reflectivity Z. The local drop size distribution data were also used to derive the localized
R(Z) and R(Kpp) relationships, and the relationships were evaluated using radar observations in heavy rain cases. A syn-
thetic quantitative precipitation estimate combining the localized R(A), R(Z), and R(Kpp) relationships is compared to its
operational counterpart and showed about 8% reduction in the normalized mean error for the mei-yu cases. Typhoon
cases exhibited similar improvements by the localized QPE relationships but showed higher uncertainties than in the mei-
yu cases. The higher uncertainties in the typhoon QPE verification were likely due to the stronger winds in typhoons than
in the mei-yu events that caused greater mismatches between the radar observations at an altitude and the gauges at the
ground. Overall, the results demonstrated advantages of localized radar rainfall relationships derived from the disdrometer
data to improve the accuracy of the operational rainfall estimation products.

SIGNIFICANCE STATEMENT: A 3-yr (2016-18) drop size distribution (DSD) dataset from the operational Parsivel
network in Taiwan was utilized to localize parameters in the QPE relationships for S-band dual-polarimetric radar. These
relationships were evaluated using radar observations in the mei-yu front and typhoon events in Taiwan. The results
show that using localized radar rainfall relationships derived from the disdrometer data can enhance the accuracy of the
operational rainfall products.
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1. Introduction (QPE) and severe weather products are generated to support
the Central Weather Administration (CWA) operations and
many other government agencies in Taiwan. The operational
radar QPE product was based on a synthetic technique merg-
ing precipitation rates derived from R(Z), R(A), and R(Kpp)
relationships (Chang et al. 2021).

Before polarimetric weather radars become available for
operations, Z-R relationships [hereafter “R(Z)”] are widely
used to calculate the QPE. Previous studies showed that the
R(Z) relations are sensitive to drop size distributions (DSDs)
affected by precipitation types and geographical regions
(Fulton et al. 1998; Marshall et al. 1955; Xin et al. 1997; Chen
et al. 2021). Further, attenuation, wet radome, partial beam
blockage, etc., can significantly affect the reflectivity data quality,
causing large uncertainties in the R(Z)-based QPE.

Polarimetric radar can observe several variables in addition
to Z, which include differential reflectivity (Zpr, dB), differen-
tial phase (®pp, °), specific differential phase (Kpp, © km™'),
ton {a)se;]];);relsaz(c):stsm that is immediately available upon publica- 41 correlation coefficient (prrv). Seliga et al. (1981) indicated

’ that using Z and Zpg can reduce the effect of DSD variability
in the radar QPE. The Zpp is helpful to reveal the DSD vari-

Corresponding author: Pao-Liang Chang, larkdi@cwa.gov.tw ability in different weather systems (Zrni¢ and Ryzhkov 1999).

Taiwan is a mountainous island situated in the western
Pacific Ocean that is primarily characterized by the Central
Mountain Range (CMR), which spans most of Taiwan in a
north-northeast to south-southwest direction. To improve the
monitoring and prediction of flash floods, debris flows, and se-
vere storms over the complex terrain of Taiwan, a radar net-
work was installed in 2002 (Chang et al. 2021), which has
been continuously enhanced and upgraded. As of September
2023, the network consists of four S-band and six C-band
dual-polarization radars. With the dense radar network, an
operational radar data integration system called Quantitative
Precipitation Estimation and Segregation Using Multiple
Sensors (QPESUMS) was developed and a suite of high-
resolution (1 km, 10 min) quantitative precipitation estimate
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Moreover, both ®pp and Kpp are immune to radar calibration,
attenuation, and less sensitive to variations of DSDs (Bringi and
Chandrasekar 2001; Testud et al. 2000). Consequently, many
studies have shown that applying dual-polarimetric radar pa-
rameters can significantly improve the performance of radar
rainfall estimation (Ryzhkov and Zrni¢ 2005; Chen et al.
2021; Ryzhkov et al. 2022). Ryzhkov et al. (2014) used 7-yr
disdrometer data in the United States to derive relationships
between rain rate R and radar variables Z, Kpp, and specific
attenuation A. When comparing Z, Kpp, and A, we found
that the R(Kpp) relationship is less sensitive to DSD variabil-
ities than R(A) and R(Z) for very high rain rates for both C
and X bands, and the R(A) relationship is less sensitive to
DSD variabilities for the S band. The results reflect that Kpp
and A are nearly immune to radar miscalibration, partial
beam blockage, and wet radome effects. However, there are
still some challenges to apply radar variables for specific rela-
tionships to estimate rainfall because of some pros and cons
for each variable. For example, Zpr and Kpp observation
data were relatively noisy in light rain; the Zpgr-based QPE
can be too sensitive to the Zpg calibration and attenuation is-
sues (Ryzhkov and Zrni¢ 2005; Zrni¢ et al. 2006; Kumjian
2013). As for R(Kpp), it performs better in heavy rain QPE
than R(Z) but at a lower resolution due to certain filtering pro-
cesses required for a robust Kpp estimation (Ryzhkov et al.
2014). Therefore, rainfall retrievals using a combination of rela-
tionships between R and Z, Zpg, and Kpp according to different
hydrometeor types are desired to accurately capture the DSD
conditions (Cifelli et al. 2011).

Ryzhkov et al. (2014) showed that the R(A) relation better cap-
tured the variability of DSDs than traditional rainfall algorithms
based on Z, Zpg, and Kpp in a wide range of rain intensity for S-
band radar. However, the attenuation cannot be observed by ra-
dar directly and was computed from the ZPHI formula (Bringi
et al. 1990; Testud et al. 2000). The ZPHI method had combined
Z and ®pp measurement to compute attenuation. The value of
attenuation is given to the optimization of the factor « used for
computation of a path-integrated attenuation (PIA) from a total
span of ®pp along the propagation path in rain (Wang et al.
2019). Wang et al. (2017) indicated that « in R(A) algorithm plays
an important role in the A field estimation for S band. The value
of a was related to the normalized concentration of raindrops
(Nw), temperature, and radar wavelength. The a parameter can
be derived using a Zpr—Z slope in real time (Wang et al. 2019;
Zhang et al. 2020) and can vary with time. The usage of relative
quantities (i.e., the ®pp span and Zpr—Z slope) made R(A)-
based QPE more immune to Z and Zpg calibration errors. Cocks
et al. (2019) indicated 26% lower errors and a 26% better bias ra-
tio, with the QPE utilizing a real-time estimated « as opposed to
using a fixed value of « as was done in previous studies. Chen at
al. (2021) optimized « according to Nw and Zpg slopes and con-
ducted the regime-adapted rainfall retrievals to a C-band radar
network in Europe. The rainfall retrievals significantly reduce the
effects of partial beam blockage compared to all algorithms based
on Z, but still some challenges result from the inhomogeneity of
the precipitation regimes within the scan.

Due to the complex terrain, there are significant variations
in rainfall regimes across Taiwan throughout the year (Chen
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and Chen 2003). The DSDs associated with various regimes
are very localized and unique to Taiwan’s geography and cli-
matology (Lee et al. 2019). Chang et al. (2009) compared the
DSDs from the typhoon systems in Taiwan with the DSDs
from the United States in Bringi et al. (2003). It was found
that, over the ocean, the typhoon rainfall DSDs were similar
to the maritime convective type as defined in Bringi et al.
(2003). But over the land, the Taiwan DSDs tended to be
uniquely located in between the continental and maritime
clusters of the U.S. DSD. Lee et al. (2019) used Joss—Waldvogel
Disdrometer (JWD) observation and vertical profile of reflec-
tivity to compare microphysical features for the different pre-
cipitation types in the summer and winter seasons of northern
Taiwan. They found larger mass-weighted average diameter
(Dm, Ulbrich and Atlas 1984; Testud et al. 2000) in summer but
larger normalized intercept parameter (Nw, Testud et al. 2000)
in winter. The climatological distribution of Dm-Nw showed
that most of the rainfall types in northern Taiwan is maritime
(Bringi et al. 2003; Lee et al. 2019), which was different from
the Oklahoma, United States, DSD data, from which Ryzhkov
et al. (2014) derived their R(A) relations. The Ryzhkov et al.
(2014) R(A) relations are currently used in the Taiwan opera-
tional radar QPE (Chang et al. 2021).

Given the unique Taiwan DSDs found in the aforemen-
tioned studies, a study of the impact of such DSDs on the radar
QPE is warranted. The current study tries to analyze the local
DSDs and radar-rainfall relationships using an operational
disdrometer network consisting of 27 Particle Size and Velocity
(Parsivel) stations that was implemented in 2016. The network
provides long-period and island-wide observations in Taiwan.
With the disdrometer data, rain rates can be directly calculated
and near-ground radar variables, such as Z, Zpgr, Kpp, and A,
can be simulated by the T-matrix method (e.g., Waterman 1971;
Barber and Hill 1990). Relationships between the simulated
radar parameters and the rainfall intensity, such as R(Z),
R(Kpp), etc., can then be derived and their performances can
be compared to the previous relationships used in the Taiwan
operational radar QPE products. The results will provide in-
sights into the sensitivities of various radar-rain rate relation-
ships to the local Taiwan DSD regimes and guidance to the
improvement of the operation radar QPEs.

In the following section, the data and methodology are
described. The localization of radar-rainfall relationships
and a number of QPE experiments testing the impact of the
local relationships using DSD data are presented in section 3.
Section 4 presents additional QPE experiments using weather
radar observations during mei-yu front and typhoon cases.
Finally, a summary is provided in section 5.

2. Data and methodology
a. Radar and gauge observations

The radar data used in this study are from an S-band Weather
Surveillance Radar-1988 Doppler (WSR-88D) (Miller et al.
1998) located at the Wu-Fan San site (RCWF) in northeastern
Taiwan. The radar was installed in 1996 and upgraded to dual-
polarization in 2014. The radar data were quality controlled with
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TABLE 1. A list of cases for analyses in this study.

Periods Events

1-4 Jun 2017
13-18 Jun 2017
22-23 Jul 2014
20-22 Sep 2014
7-8 Aug 2015
29-30 Jul 2017

Mei-yu front

Mei-yu front

Typhoon Matmo

Typhoon Fung-wong
Typhoon Soudelor
Typhoon Haitang and Nesat

a physically based scheme (Tang et al. 2014) using Z, pyy, and
temperature data to identify and remove nonprecipitation ech-
oes. In this study, the mei-yu and typhoon cases (Table 1) are se-
lected to evaluate several QPEs including 1) a traditional R(Z),
2) a dual-pol radar synthetic QPE used in the current operational
QPESUMS, and 3) the new localized QPE algorithms developed
from the disdrometer observations in Taiwan.

The current study used rain gauge observations from
107 stations in northern Taiwan (Fig. 1) to verify the various
radar-derived QPEs. The gauge data are quality controlled
through procedures developed by Zheng et al. (2011) and
Kao and Lin (2023). The procedures include temporal and
spatial checks. Gauge values exceeding tipping-bucket rain
gauge limits or climatological upper bounds are flagged for re-
moval. Furthermore, radar data are used for the identification
and elimination of anomalous records. To reduce the radar
QPE uncertainties introduced by high radar beams, these
gauges were chosen from areas where the radar beam bottom
is below 2 km above the ground.

b. Disdrometer observations

The CWA implemented an operational disdrometer net-
work of 27 Parsivel stations island-wide in Taiwan since 2016.
The current study used 3 years (2016-18) of the data from 9
of the 27 stations in northern Taiwan (blue “O” symbols in
Fig. 1) to derive localized radar-rain rate relationships. Further,
a DSD dataset of Taipei station (green “O” in Fig. 1) from 2019
to 2021 was used in a number of sensitivity experiments.

The Parsivel disdrometer provides direct measurements of
raindrop size and fall velocity every 1 min that can be utilized
to calculate rain rate R, Dm, and Nw. The DSD data were
used to simulate radar-observed variables such as Z, Zpg,
and Kpp for wavelength set 10.48 cm at 20°C. For instance,
the specific attenuation A can be simulated by the T-matrix
method (e.g., Waterman 1971; Barber and Hill 1990). A qual-
ity control algorithm for Parsivels based on Lu et al. (2020) is
applied to remove unreasonable signals by comparing the
ideal diameter—fall velocity relation (Brandes et al. 2002).
This step is important since disdrometer data quality can be
affected by environmental conditions, such as wind speed and
wind direction (Friedrich et al. 2013a,b).

¢. R(A) algorithm

The utilization of specific attenuation for rainfall estimation
R(A) can greatly benefit from the preservation of the higher
spatial resolution observed in radar reflectivity data than R(Kpp),
avoiding Zpr noise, and reducing effects of wet radome,
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FIG. 1. The disdrometer and gauge stations in northern Taiwan
are indicated in blue circles and red crosses, respectively. The
Taipei station is indicated in green circle. The radar site is indicated
in green “X.” The shading indicates the terrain height.

attenuation, and partial beam blockage. While the R(A) relation
is much less sensitive to DSD variations than the R(Z) and
R(Kpp) algorithms, errors existed and were caused by uncer-
tainty of DSD variability when calculated A in Ryzhkov et al.
(2014). Therefore, the localization for R(A) formula is still impor-
tant to improve the accuracy of rainfall estimation.

The rain rate R can be estimated from A (Ryzhkov et al.
2014) as follows:

R(A) = yA™. (2.1)

Based on disdrometer observations in Oklahoma (RAUS),
the values of y and A were determined as 4120 and 1.03, re-
spectively, for S-band radar. The variable A is estimated from
the radial profile of the measured Z and the total span of the
differential phase using the ZPHI method (Testud et al.
2000). The value of A along radar beams can be calculated us-
ing the following formula:

[Z,(N]°C(b, PIA)

Al = 1(ry. 1y + C(b, PIA(r. 1)’ (2.2)
where
I(r,. 1)) = 0.4617[’2 [Z,(s)]"ds, 2.3)
I(r,r)) = 0.46br [Z,(s)]"ds, 2.4)
C(b, PIA) = exp(0.23bPIA) — 1. 2.5)

Here, Z,(r) is the reflectivity observation along the radar beam
and b is 0.62. According to the definition in Bringi et al. (1990),
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the PIA passed through weather system can be expressed as
follows:

PIA(r, ry) = a[®pp(r,) — Ppp(r))] = aAD,. (2.6)

While the R(A) method is generally immune to partial
beam blockage (Ryzhkov et al. 2014), there is a challenge
when the beam blockage varies significantly along the integra-
tion path. The varying blockages in a radial cause uneven ef-
fects on the reflectivity Z, resulting in biases in specific A
calculations [(Eq. (2.2)]. In this study, the path integration is
divided into two sections for nonuniformly blocked radials
and the dividing point is at the closest gate where the beam
blockage reaches 30%. The two segments and 30% blockage
were chosen subjectively based on a number of case analyses.
While using more segments may reduce the blockage varia-
tions in each section, the smaller size of the segments can in-
troduce more noises in the local ®pp span. The two-section
approach seems to strike a balance between assuring the qual-
ity of the local ®pp span and mitigating severe biases in the
R(A) estimates due to the nonuniform blockages. Further re-
finement of the R(A) QPE in areas of nonuniform beam
blockages is planned for future work.

Wang et al. (2019) showed that the factor « is a function of
DSD, temperature, and radar wavelength; it requires optimi-
zation for a particular rain type. For S-band radar, the value of
a is directly linked to the DSD in rainfall (Wang et al. 2014,
2019; Loh et al. 2022). In contrast, Zpg is a parameter that de-
pends on the axis ratio of raindrops and infer the mean size of
DSD. This sensitivity of Zpr to DSD variations is useful in
calculating «. By conducting long-term disdrometer analysis, it
is straightforward to obtain the value of «, which provides in-
sights into the distribution of raindrop sizes. According to
Ryzhkov et al. (2014), it is recommended to use an « value of
0.015 dB per degree for S-band radar. Wang et al. (2019),
through disdrometer analysis, have found that the average «
value in continental rain regions is approximately 0.014 dB per
degree, while in tropical rain regions, the average « value is
around 0.026 dB per degree. These fixed « values represent
the climatology averages for different precipitation regimes. In
the operational QPESUMS (Chang et al. 2021) and the U.S.
Multi-Radar Multi-Sensor (MRMS) (Zhang et al. 2020) sys-
tems, a dynamic « can be derived for each volume scan when
there are enough data samples. This dynamic « is more repre-
sentative of the real-time precipitation DSDs. Specifically,
Wang et al. (2019) derived the following relationship (hereaf-
ter “LLUS”) with the U.S. disdrometer data for a:

a = 0.049 — 0.75K, if K = 0.045;

a = 0.015, if K> 0.045. 2.7
Here, K is the so-called “Zpg slope,” which is the slope of a
linear line fitted to the median Zpgr values within each 2-dBZ
reflectivity interval between 20 and 50 dBZ. Because of the
derivative nature of K, « is independent of absolute biases in
Z and Zpg observations making it less sensitive to potential
calibration biases and partial beam blockages.
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In this study, the 2016-18 disdrometer data are utilized to
determine the local climatological « value and to derive the
coefficients of R-A and o-K relationships. The localized
radar-rainfall relationships are applied to a new QPE, which
are then compared with several reference radar QPEs. One of
the reference QPEs is a traditional R(Z) QPE (hereafter
“RZOP”) using the S-band R(Z) relationship in the opera-
tional QPESUMS (Chang et al. 2021). The relationship is cop-
ied below for easy reference as follows:

R(Z) = 0.122°°". (2.8)
Another reference QPE is a dual-pol radar synthetic QPE
used by the RCWF radar that combines R(A), R(Kpp), and
R(Z). Ryzhkov et al. (2022) analyzed the relative advantages of
the three relationships for a wide range of rain intensities. It
was found that R(A) typically performs better for low to moder-
ate rain rates. In contrast, Ryzhkov et al. (2014) showed that
R(Kpp) was more reliable than R(A) in hail cases. The synthetic
QPE from RCWF takes the maximum R (rain rates) from
R(A) and R(Z) from Eq. (2.8) for light rain (light rain is defined
by Adpp < 5°) and uses R(A) for moderate to heavy rain.
When the reflectivity exceeds 50 dBZ, the following R(Kpp)
relationship is utilized (hereafter “RKOP,” Chen et al. 2021):

R(Kpp) = 47.60K%7. (2.9)

This study aims to compare RZOP, RAOP, and RKOP
with the localized radar QPEs using the metrics presented
next. The description of the QPE localization efforts is pro-
vided in section 3.

d. Skill scores for performance evaluation

The QPE performances were evaluated using three scoring
metrics in this study: normalized mean error (NME), relative
root-mean-square error (RRMSE), and correlation coefficient
(CC). These metrics provide a quantitative assessment of how
well the curve fitting algorithms perform in terms of accuracy,
precision, and the relationship between predicted and ob-
served values

NME = (2.10)

RRMSE = (2.11)
Z(Q, - Qi)(G,' - G,‘)

C =1 — — , (2.12)

C =
\/E(Q,- -0V %G - G
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FIG. 2. Frequency distribution of Dm and log(Nw) in northern
Taiwan. The pink boxes represent the marine (left box) and conti-
nental (right box) regimes based on Bringi et al. (2003). The
dashed line denotes the rain rate.

where Q, G, and N are the values of the QPE estimation, rain
gauge observation, and sample number, respectively. The pos-
itive value of NME indicates the radar QPE overestimation
and vice versa. The larger absolute values of NME indicate
worse performance for the estimation. On the other hand, a
smaller RRMSE value indicates better performance. If the
CC value is close to 1, it indicates a high level of agreement or
similarity between the observation and estimation.

3. Localization of QPE relationships
a. Characteristic of DSD in Taiwan

The characteristics of the 201618 Parsivel DSD data from
the nine stations in northern Taiwan were analyzed following
several previous studies (Chang et al. 2009; Lee et al. 2019;
Chen et al. 2021) of similar efforts. Figure 2 shows the fre-
quency distribution of the Dm and the logarithm of Nw in

(num)
7 100
6l
80
5 |-
T34 60
<
(2]
S 37 40
ol
20
1 . -
(a) MY
0 0
0 2 4 6

Dm

TANG ET AL.

1701

northern Taiwan, in which the two pink boxes represent the
marine and continental rainfall types as defined in Bringi et al.
(2003). For the continental (marine) type, Dm values are typi-
cally between 2 and 2.75 (1.5 and 1.75) and log(Nw) ranges
from 3 to 3.5 (4 and 4.5). In the Taiwan DSD dataset, a major-
ity population (frequency > 0.01 in Fig. 2) is centered at Dm
below 1.5 mm and log(Nw) between 4 and 4.5, indicating a lot
of smaller raindrops in Taiwan than in the two regimes de-
fined in Bringi et al. (2003). And the majority of the rain rates
were mostly below 10 mm h™!. The DSD data were also
segregated for two specific rainfall regimes of mei-yu and
typhoons, which are two major contributors of the heavy rain-
falls in Taiwan (Lee et al. 2019). Mei-yu is a distinctive phe-
nomenon of East Asia and ranks among the most impactful
weather systems in China and its surrounding regions (Chen
2004). These quasi-stationary fronts typically precede the sea-
sonal transition in mid-June and are frequently associated
with the onset and progression of mesoscale convective sys-
tems (Chen 1992; Chen 1993; Zhang et al. 2019). The intense
convective storms often result in heavy rainfall, lightning, and
hail, leading to frequent and significant flood disasters in Taiwan.
The typhoon dataset corresponds to the period when the CWA
issued typhoon warnings from 2016 to 2018 and the mei-yu data-
set was extracted from the months of May and June. While the
mei-yu DSD (Fig. 3a) had many small raindrops below 1 mm
that was similar to the overall northern Taiwan DSD (Fig. 2),
there is another high-concentration cluster of Dm between 1 and
1.5 mm and log(Nw) between 3.5 and 4.5 (white “X,” Fig. 3a).
The typhoon season DSD (Fig. 3b) had much fewer samples
than those in the mei-yu season and a high-concentration cluster
with smaller drops of Dm between 1 and 1.2 mm and log(Nw)
between 3.8 and 4.3 (white “X,” Fig. 3b). Both the mei-yu and
typhoon DSDs are distinctly different from the two clusters in
Bringi et al. (2003), with higher concentrations of smaller drops
than the latter.

b. Localization of a(K)

As mentioned above, the R(A) QPE in the current
QPESUMS (Taiwan) and MRMS (United States) system
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FIG. 3. The number distributions between Dm (mm) and log(Nw) (mm > m™1), the dataset from (a) mei-yu and
(b) typhoon events. The white “x” symbols indicate the maximum number concentrations.
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FIG. 4. Histograms of « values derived from 3-yr (2016-18) DSD
data in northern Taiwan. The locations of the disdrometers are
shown in Fig. 1. Blue bars represent convective events and red bars
are stratiform.

derives the a parameter dynamically from a linear function of
the Zpg slope K in real time. To assure a robust and repre-
sentative Zpg slope, a large number of Z and Zpr data sam-
ples are required in the radar observation areas below the
melting layer. The data samples from areas where the radar
beam is within or above the melting layer are not used be-
cause the R(A) relation is only valid in a pure liquid environ-
ment. When there are not enough radar data samples below
the melting layer, such as in small isolated thunderstorms or
when the precipitation echoes are far away from the radar, a
predefined « value is needed for R(A) calculations. Zhang
et al. (2020) used a default convective (0.015) or stratiform
(0.035) « values for the R(A) QPE in the MRMS system de-
pending on the reflectivity intensities and areal coverage.

In the current study, « values were derived from the 3-yr
Parsivel data of nine stations in northern Taiwan. The DSD data
were used to simulate the radar variables of A and Kpp by the
T-matrix method. The value of o was calculated by the ratio of
A and Kpp and was segregated for convective and stratiform
precipitation. The precipitation segregation was based on three-
dimensional mosaic reflectivity data from the QPESUMS using
the method by Steiner et al. (1995). Figure 4 presents the histo-
gram of the disdrometer-derived o« values for convective and
stratiform precipitation types, indicating the median values of «
to be 0.024 for convective and 0.048 for stratiform. These are
clearly higher than the default values from the U.S. precipitation
systems and should be considered for the R(A) QPE in Taiwan.

Figure 5 shows the scatterplot between o and K derived
from 3-yr northern Taiwan disdrometer observations. Similar
to a, K was calculated from the Z and Zpgr values simulated
from the DSD data via the T-matrix method. The distribution
of the dataset numbers reveals that the majority of the data is
concentrated within the range of K values between 0.01 and
0.03, indicating that there were larger quantities of small rain
droplets within the precipitation system in northern Taiwan.
Subsequently, the following nonlinear northern Taiwan (NLNT)
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FIG. 5. Scatterplot between « and K derived from 3-yr (2016-18)
DSD dataset in northern Taiwan (see locations of the disdrometers
in Fig. 1). The shading represents the number ratio between the
data in a given a—K bin and the total data. The dashed line repre-
sents the relationship derived from the DSD data in northern
Taiwan, and the solid line indicates the relationship between « and
K derived from Wang et al. (2019).

a(K) relation is proposed to better represent the characteristic
of local DSD:

a = 0.0009K 990! if K < 0.0387;

a = 0.0187, if K > 0.0387. (2.13)

It is noted that the « value from LLUS [Eq. (2.7)] was limited
within the range of 0.049 and 0.015. This is a very narrow distri-
bution compared to the « values derived from the Taiwan local
disdrometer data (Fig. 5). The LLUS «(K) relation (solid line in
Fig. 5) appears to be lower than the disdrometer-simulated « val-
ues when K is less than 0.018 but higher for K = 0.02-0.04. This
difference implies that the R(A) scheme based on LLUS «(K)
relation will likely have a dry bias for very small K values (i.e.,
rainfall consists of mostly small drops) and a wet bias for me-
dium K values (ie., rainfall with mixed small and medium
drops). On the other hand, the NLNT relationship (dashed line,
Fig. 5) captures the « distribution much better than the LLUS.
Figure 6 shows the distribution of K in mei-yu fronts and
typhoon systems, which are two major contributors to heavy rain
in Taiwan, and associated QPE experiments with the LLUS and
NLNT will be presented next.

¢. Localization of radar variable-rain rate relationships

The 2016-18 disdrometer dataset from the nine stations in
northern Taiwan was used to fit the local R(Z), R(Kpp), and
R(A) relationships as follows:

RZNT : R(Z) = 0.0762%, (2.14)
RKNT : R(Kpyp) = 48.44K%7), (2.15)
RANT : R(A) = 3390492, (2.16)
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FIG. 6. Histogram of Zpgr slope K simulated from the 3-yr
(2016-18) DSD dataset in northern Taiwan (see locations of the
disdrometers in Fig. 1). Red bars represent mei-yu front, and blue
bars represent typhoon events.

Comparing Egs. (2.14)—(2.16) with Egs. (2.8), (2.9), and
(2.1), respectively, the R(A) relationships stayed very close to
linear for both United States [exponent = 1.03, Eq. (2.1)] and
Taiwan [exponent = 1.02, Eq. (2.16)]. The difference in the
multipliers [4120 in Eq. (2.1) versus 3390 in Eq. (2.16)] was
largely due to the difference in the wavelengths [11.0 cm for
Eq. (2.1) and 10.48 cm for Eq. (2.16)].

d. Synthetic OPE

For rainfall estimation, different radar variables have their
strengths and weaknesses. For example, deriving accurate
Kpp and A can be challenging in light rain conditions due to
the low attenuation signals. On the other hand, Z is generally
more stable and reliable. To account for these strengths and
weaknesses, the operational QPESUMS system in Taiwan
used a synthetic rainfall estimation that combines R(A), R(Kpp),
and R(Z) (hereafter “SYNOP”). This approach, initially pro-
posed by Zhang et al. (2020) and further refined by Chang et al.
(2021), improves the rainfall estimation across various weather
conditions over its predecessor that is based on R(Z) only. Figure
7 shows a flowchart of the synthetic QPE scheme. Due to the ap-
plicability of R(A) exclusively in the liquid precipitation region, a
melting layer delineation is necessary to segregate the radar ob-
servation into sections of pure liquid and otherwise. The determi-
nation of the melting layer height in QPESUMS was based on
the 3D temperature field from Space and Time Multiscale Anal-
ysis System (STMAS) (Xie et al. 2005, 2011). And R(A) is only
applied in the radar observation areas below the melting layer.
Further, R(A) application is constrained to areas of Adpp = 5°
and Z < 50 dBZ to avoid hail contamination and the potential
R(A) errors associated with very low attenuation signals. Within
and above the melting layer, R(Z) is utilized for the rainfall esti-
mation. For reflectivity values exceeding 50 dBZ, which often
suggest the existence of ice-phase particles like hail, R(Kpp) is
applied. When the precipitation intensity is weak and there are
minimal changes in the phase difference (Adpp < 5°), it
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FIG. 7. The flowchart of the dual-pol radar synthetic QPE. Detailed
descriptions can be found in the text.

becomes challenging to obtain accurate A and Kpp data. In such
cases, the maximum value from R(Z) and R(A) is selected for
analysis. Table 2 lists two sets of radar-rainfall relationships that
are used in the synthetic QPE scheme. The SYNOP set is the
current operational QPESUMS relationship, and SYNNT repre-
sents the synthetic QPE based on localized relationships derived
from disdrometer data in northern Taiwan. The two sets of rela-
tionships are applied in a series of QPE experiments, and the re-
sults are discussed in the following sections.

e. QPE experiments

1) INDIVIDUAL RADAR VARIABLE-RAIN RATE
RELATIONSHIPS

A set of QPE experiments were carried out using the local
R(Z), R(A), and R(Kpp) relationships versus their counter-
parts in the QPESUMS. The experiments derived rain rates
R using the A, Z, and Kpp data simulated from 3 years (2019-21)
of disdrometer data from the Taipei station using the given
relationships. These rain rates R are compared with the
rain rates directly calculated from the disdrometer observa-
tions. The localized relationships provided better perfor-
mance than the operational ones with smaller RRMSE and
higher CC (Table 3). Among the three localized relation-
ships, R(A) is superior to both R(Kpp) and R(Z) based on
CC (0.9899 vs 0.9673 and 0.9277). This is consistent with the
findings in Ryzhkov et al. (2014), where R(A) estimates
have the least uncertainty. The term R(Kpp) provided
~13% improvement over R(Z) in RRMSE (0.2214 vs
0.3551), and R(A) provided an additional 9.7% improve-
ment (0.1241 vs 0.2214).

Figure 8 shows the RRMSE values from various QPE ex-
periments as a function of the DSD precipitation intensities
every 5 mm h™!. RZOP consistently produced the highest
RRMSEs and largest overestimations across all rainfall inten-
sities, while the localized R(Z) relation (RZNT) performed
significantly better. The huge difference between the two
R(Z) QPEs may be largely related to the vertical variations of
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TABLE 2. Radar-rain rate relations and default « values in the operational (SYNOP) and new localized (SYNNT) synthetic QPEs.
The default « values were for three different weather regimes, i.e., convection, stratiform and mixed rain.

SYNNT

SYNOP
R(Kpp) R(Kpp) = 47.60K%T0
R(A) R(A) = 41204%
R(2) R(Z) = 0.122°%!
a(K) a = 0.049-0.75K, if K = 0.045

a = 0.015, if K > 0.045
Default « Geon = 0.015, amix = 0.025, agyy = 0.035

R(Kpp) = 48.44KYT!
R(A) = 3390492
R(Z) = 0.0762%
a = 0.0009K %% if K < 0.0387
a = 0.0187, if K > 0.0387
Ceon = 0.024, iy = 0.036, e = 0.048

reflectivities in orographically forced precipitation. RZOP
was derived from weather radar observations and gauge data
(Chang et al. 2021) and somewhat implicitly accounted for the
vertical variations of reflectivity. On the other hand, RZNT
was fit to the Z and R from the same DSD dataset at the
ground and vertical variation of reflectivity was not a factor,
thus the large differences between the RZNT and RZOP.
The effect of vertical variations of reflectivity is more pro-
nounced in the cold season because rain intensities in the win-
ter precipitation systems of Taiwan tend to be lighter than in
the warm season and R(Z) is used more often in the synthetic
QPE. The term R(Z) is more sensitive to DSD variabilities in
the vertical, and its performance degrades when the terrain
blockage forces the usage of Z data from higher altitudes.

In terms of RRMSE (Fig. 8a), all polarimetric relations out-
performed the R(Z). The localized RANT relation performed
significantly better than the RAUS relation, while the two
R(Kpp) relationships, RKOP and RKNT, performed very
similarly (Fig. 8a). In terms of NME, both RZOP and RAUS
showed overestimation (Fig. 8b) across all rain rates, with
RZOP much worse. Among the localized relations, RZNT
had the largest biases and RANT had the smallest (below 7%
for all intensities). For the R(Kpp) experiments, RKOP and
RKNT performed similarly in RRMSE (pink lines, Fig. 8a),
but the localized RKNT had less biases for rainfall below
50 mm (Fig. 8b). Above 50 mm, both R(Kpp) relationships
performed similarly and had underestimation (Fig. 8b).

2) a(K)

A special experiment was designed to compare the United
States and the local «(K) relationships using the disdrometer
data from Taipei station. Time series of rain rate R and spe-
cific attenuation A were derived from Z, Zpr, and Kpp simu-
lated from the 3-yr disdrometer data using the T-matrix
method. The Z and Zpg values from every 10 min of DSD

TABLE 3. The verification scores are based on different radar—
rain rate relationships.

RRMSE CC NME
RANT 0.1241 0.9899 —0.0064
RAUS 0.2152 0.9894 0.1407
RKNT 0.2214 0.9673 0.0274
RKOP 0.2163 0.9702 —0.0873
RZNT 0.3551 0.9277 —0.0334
RZOP 1.2435 0.9307 1.0799

data were treated as a single gate, and every 144 gates were
combined into a single “radial.” Therefore, a total of 1096 sim-
ulated radar radials were composed from the 2019-21 dis-
drometer data. Figure 9 shows the experimental design for the
a(K) evaluations. First, the Zpgr-slope K was calculated from
the disdrometer retrieved Z and Zpg, and then, the parameter
a is calculated from K using LLUS and NLNT, respectively.
The « was then used to calculate A at each “gate” within the
simulated radials. Finally, rain rates were calculated using the
RAUS and RANT with different «(K) relationships and were
compared to the rate derived from the DSD data directly.

Table 4 shows the overall verification scores of rain rates
calculated by the operational and localized a(K) and R(A) re-
lationships with respect to the DSD-observed rain rates. The
localized «(K) function significantly improves the rainfall esti-
mation, with a 13% reduction in the NME. In contrast, the
difference between RAUS and RANT is less pronounced,
with a variation of less than 1% in NME.

Figure 10 shows the performance of the different combi-
nations of R(A) and «(K) relationships versus the DSD-
observed rain rate for categorized rain rate intensities. Both
the RANT (dark blue bars, Fig. 10) and RAUS (aqua blue
bars, Fig. 10) with the NLNT «(K) relationship yielded lower
RRMSE and NME than their counterparts with the LLUS
a(K) (green and yellow bars, respectively, Fig. 10) for all in-
tensities, except for a slightly lower RRMSE in RANT_LLUS
for the lightest rain rate category. These results are consistent
with the scores in Table 1 and indicate the critical role of «
in the R(A) QPE. In contrast, RAUS and RANT with the
same «(K) relations performed more similarly for most of the
intensity categories, with the localized RANT performing
moderately better in the 15 and 40+ mm h™! categories and
RAUS slightly better in the 20 mm h™' categories. Overall,
the localized RANT_NLNT QPE scheme showed the most
robust performance and the best scores among all experi-
ments based on the DSD data.

4. Case studies and discussion

In addition to the QPE experiments with the DSD data, the
operational and localized radar-rainfall relationships were
applied to the RCWF radar observations of mei-yu and ty-
phoon cases. A total of six events (Table 1) were selected to
compare three different rainfall estimation algorithms: R(Z),
R(A), and synthetic QPE.

Figure 11 shows scatterplots of hourly rainfalls from six
different QPE schemes versus gauge observations for mei-yu
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FIG. 8. (a) RRMSE and (b) NME scores of QPE experiments based on individual radar-rain rate relationships
from the operational system (RZOP, RKOP, and RAOP) and from the 3-yr (2019-21) DSD data from the Taipei

station (RZNT, RKNT, and RANT).

cases. The synthetic QPEs (SYNNT and SYNOP, Figs. 11a,d)
outperformed individual radar-rainfall relationships and the
localized scheme (SYNNT) improved upon the SYNOP by re-
ducing the overestimation at moderate amounts (20-50 mm).
Both R(A) schemes (Figs. 11b,e) showed relatively larger scat-
ters but lower biases than R(Z)-based schemes (Figs. 11c,f).
The lower biases are likely an indicator of the more linear cor-
relation between the specific attenuation and the total liquid
water content than other radar variables. The larger scatter may
be related to the uncertainties in the specific attenuation esti-
mates, especially in relatively light rain. The performances of
the two R(Z) schemes (Figs. 11c,f) were somewhat counterintu-
itive at first, with the localized R(Z) significantly underestimat-
ing the rainfall for nearly all intensities. The poor performance
of RZNT with RCWF radar data was most likely a vertical pro-
file of reflectivity (VPR) issue as discussed earlier in section 3d
and in Chang et al. (2021). Since RZNT was derived from
Z and R of the same DSD dataset, it does not account for
height differences between the reflectivity (i.e., RCWF ob-
servations aloft) and the gauge (at the ground). RZOP, on
the other hand, was chosen for the operational QPE to
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FIG. 9. Flowchart of the a(K) experiments. The dashed line
boxes indicate formula and functions, and solid line boxes repre-
sent the variables derived from disdrometer data.

account for this vertical variation of reflectivity. In mei-yu
events, such vertical variations can be significant with the coa-
lescence growth of rainfall near the ground that are undetected
by the radar observations aloft.

Figure 12 shows the performance of the six QPE schemes
segregated for different rainfall amount categories. The two
synthetic QPEs performed better than the other four individ-
ual radar-rain rate relationships (Figs. 12a,b). However, the
SYNOP had an apparent wet bias for light rain below 10 mm
(Fig. 12b) and a relatively high RRMSE (Fig. 12a), which
was mitigated by the localized synthetic QPE (SYNNT,
Figs. 12a,b). The two R(A) schemes performed similarly for
the light (<20 mm) and heavy (>60 mm) rainfalls, but in the
middle range (20-60 mm), RAUS had a wet bias (Fig. 12b)
and larger RRMSE (Fig. 12a). These midrange hourly rain-
falls may be dominated by DSDs that are specific to the
Taiwan areas and are not well represented by the R(A) rela-
tionship derived from the United States, thus demonstrating
the need to use localized radar—rainfall relationships for a
higher QPE accuracy. However, the localized R(Z) QPE
(RZNT) had the worst dry biases across all rainfall amounts
and the largest RRMSEs for rainfall amounts greater than
15 mm. As discussed earlier, this poor performance of RZNT
was likely due to the vertical variations of reflectivity.

Figure 13 shows scatterplots of hourly rainfalls from six
different QPE schemes versus gauge observations for the
typhoon cases. All QPEs showed greater variability compared
to the mei-yu cases with larger RRMSE values (Fig. 13. vs
Fig. 11). Similar to the mei-yu cases, the synthetic QPEs out-
performed individual relationships with the lowest RRMSE

TABLE 4. The verification scores for a 10-min averaged rain rate

(mm h™Y).
RRMSE/NME RAUS RANT
LLUS 0.4646/—0.4299 0.4609/—0.4234
NLNT 0.3594/—-0.2947 0.3567/—-0.2893
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F1G. 10. (a) RRMSE and (b) NME scores of QPE experiments with different R(A) and a—K relationship combina-
tions. RANT (RAUS) represents the R(A) relationship derived from the Taiwan (central United States) disdrometer
data. And NLNT (LLUS) represents the nonlinear (linear) a—K relationship from the Taiwan (United States)
disdrometer data. Further details can be found in the text.

and highest CC (Figs. 13a,d), and the localized R(A) (RANT)
with the localized «(K) (NLNT) relationship outperformed
the operational R(A) (RAUS) and «(K) (LLUS) (Figs. 13b.e).
The relative R(Z) performances, however, are different from
those in the mei-yu cases. Both the operational (RZOP) and lo-
cal (RZNT) relationships had significant biases, with the former
an overestimation (NME = 0.3222, Fig. 13f) and the latter an
underestimation (NME = —0.3713, Fig. 13c). And the two R(Z)

schemes yielded mixed but similar performances in terms of
RRMSE (RZOP = 0.6100 vs RZNT = 0.6051) and CC scores
(RZOP = 0.7277 vs RZNT = 0.7075).

When segregated for different rainfall intensities (Fig. 14),
RZNT has the smallest RRMSE values for hourly rainfalls
below 15 mm where RZOP has the largest (Fig. 14a). As the
hourly rainfall increases, the RRMSE of RZNT increases,
while the RZOP decreases, resulting in a significant difference
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F1G. 11. Scatterplots of the hourly accumulated rainfall between gauge observations and radar estimation for mei-yu events from
(a) SYNNT, (b) RANT_NLNT, (c) RZNT, (d) SYNOP, (¢) RAUS_LLUS, and (f) RZOP.
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between the two for heavy rain (solid blue vs dashed cyan
lines, Fig. 14a). This is a result of the operational R(Z) being
chosen to better represent heavy typhoon rainfalls including
the vertical variations of reflectivity before the S-band radars
were upgraded to polarimetric. Further, both R(Z) relation-
ships showed an intensity-dependent bias trend (solid blue
and dashed cyan lines, Fig. 14b), especially the operational
R(Z) with large overestimation for light rain and underesti-
mation for heavy rain (dashed cyan line, Fig. 14b). With the
polarimetric capabilities, both R(A) relationships showed lit-
tle such dependency (solid and dashed red lines, Fig. 14b).

While the localized R(Z) shows better performance for light
rain with smaller RRMSE and NME (solid blue lines,
Figs. 14a,b), the localized R(A) shows a clear advantage for
heavy rain, reducing the RRMSE for rainfall over 30 mm
(solid red versus solid blue lines, Fig. 14a) and nearly elimi-
nated all the dry biases except for the category of 60+ mm
(Fig. 14b). These intensity-dependent performances of vari-
ous radar—rain rate relationships demonstrate the need for a
synthetic QPE. When R(Z), R(Kpp), and R(A) merged, the
localized synthetic QPE (SYNNT) reduced the RRMSE for
all ranges (solid vs dashed black lines, Fig. 14a) but introduced
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F1G. 13. Asin Fig. 11, but for typhoon cases.
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an underestimation bias for hourly rainfalls above 10 mm
(Fig. 14b). This bias difference was not seen in the mei-yu
events (Fig. 12b) and was potentially due to the local R(A)
relationship being dominated by the large mei-yu data
samples in the DSD data (Fig. 3) from which the local rela-
tionships were derived. Further studies may be needed to
refine these relationships.

It was speculated that the underestimation for 60+ mm
(Fig. 14b) might be related to very heavy rain and the current
R(Kpp) relationship, derived from large DSD data encom-
passing moderate and light rain, did not represent the very
heavy regime well. Smith et al. (2023) reported a 40% nega-
tive bias in the estimate of extreme rainfall if the multiplier 44
is used in R(Kpp). Li et al. (2023) also found a strong under-
estimation of extreme rainfall in China and found that the
multiplier in the R(Kpp) relation should be at least 70. To
examine such an impact, two additional synthetic QPEs with the
following high-multiplier R(Kpp) relationships from You et al.
(2014) and Li et al. (2023) were applied:

R(Kpyp) = 54K5Y7, (4.1)

R(Kpp) = 70K{1))'§=6- (42)
However, little difference (<1%) was found in the resultant NME
scores (not shown). This insensitivity to R(Kpp) may be due to the
limited areas of reflectivities above 50 dBZ in the typhoon events
used in the current study. Further, the severe blockages in the
study region may have reduced the reflectivity intensities, re-
sulting in the limited usage of R(Kpp). Therefore, the underes-
timation in Fig. 14b is mostly due to inaccuracies in R(A)
estimates and warrants further investigations. To examine the
full impact of high-multiplier R(Kpp) relationships, it may re-
quire lowering the reflectivity threshold (50 dBZ) for R(Kpp)
applications.

The larger variabilities in the typhoon QPEs were likely
due to strong winds in the corresponding atmospheric envi-
ronment. Due to the height differences between the RCWF

radar observations and the gauge sites, the strong winds can
cause significant drifts of raindrops while they fall from the ra-
dar observational height to the ground, causing discrepancies
between the single-pixel radar QPE and the gauge right
underneath. These discrepancies can result in unrepresenta-
tive verification results if a single radar pixel to gauge compar-
ison is applied. To mitigate the impact of such uncertainties,
a spatial relaxation technique is developed in the verification
where each gauge observation is compared to an averaged
radar QPE over the gauge’s neighborhood area instead of a
single radar QPE pixel right over the gauge.

Figure 15 illustrates the verification results of SYNNT after
applying a roughly 3 km X 3 km (“3 X 3”) and 5 km X 5 km
(“5 X 5”) neighborhood spatial relaxation. During mei-yu
events, the 3 X 3 (Fig. 15a) and 5 X 5 (Fig. 15b) averaged ra-
dar QPE showed better agreement with the gauges than the
pixel-to-pixel comparison (Fig. 11a), especially for heavy rain-
falls. The spatial relaxation also reduced the scatter between
the radar QPEs and gauge observations for typhoon events
(Figs. 15¢c,d vs Fig. 13a). However, significantly larger errors
still remain in the radar QPEs in typhoons than in mei-yu
events (Fig. 15d vs Fig. 15b) even with the spatial average.
To better understand these errors, the gauge locations with
high frequencies of large hourly QPE-gauge differences (i.e.,
>30 mm) are plotted in Fig. 16. The red “O” symbols indicate
locations with significant radar QPE overestimation, and the
blue “X” symbols underestimate. Most of these QPE—-gauge
data pairs were from the heavy rain of Typhoon Soudelor
(7-8 August 2015) and they are mostly in the complex terrain.
The errors were most likely due to an estimation error of A in
areas of highly nonuniform beam blockages. The uniformity
of blockages in a given radial is crucial, as the A estimation at
a given gate depends on the ratio of the reflectivity at the gate to
the integration of reflectivities over the path [Egs. (2.2)-(2.6)].
Regions with fewer blockages tend to yield higher A estima-
tion than heavily obstructed sections along the integration path
[Egs. (2.6)]. This result indicated that the radial segmentation
scheme in the current R(A) scheme requires further refinement
and will be a focus of our future work.
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2) The DSD-based QPE experiment also showed that the
R(A) algorithm benefits significantly from the use of local-
ized a(K) functions. These localized functions lead to an
improvement of ~13% in the NME over the nonlocalized
version. The localized R(A) coefficient, however, exhibited
a less pronounced difference when compared to the current
operational R(A). Therefore, the operational R(A) rela-
tionship with the local a(K) function performed compara-
bly well to the localized R(A) scheme.

The comparison of different radar—rain rate relationships
revealed distinct features for each radar variable. Among
them, the R(A) scheme exhibits the highest correlation co-
efficient when compared to R(Z) and R(Kpp). Among the
localized radar QPE relationships, R(Kpp) reduced the
RRMSE by 13.37% compared to R(Z), and R(A) provided
an additional improvement of 9.73% with respect to R(Kpp).
It was found that different radar variables provide different
QPE accuracies for different rainfall intensities. In the QPE
experiments based on DSD data, RZNT demonstrated the
best performance in terms of RRMSE for rainfall intensities

Other factors that may have contributed to the larger QPE-
gauge differences in typhoons than in the mei-yu events
include 1) gauge undercatch and 2) large drifting effects of
raindrops between the radar beam height and the surface;
both would be enhanced in strong winds.

5. Summary

Effectively utilizing dual-polarization radar observations
can enhance the performance of radar QPEs. The current
study tries to improve the Taiwan operational radar QPE
by developing localized radar-rain rate relationships using
3 years of disdrometer data from nine stations of an opera-
tional Parsivel network in northern Taiwan. The localized re-
lationships included R(Z), R(A), and R(Kpp). Further, a key
parameter in R(A) QPE, «, and its relationship to the Zpr—Z
slope, K, were investigated. The findings from our study are
as follows:

3)

4)

1) The precipitation systems in northern Taiwan exhibited

significant different drop size distributions than those in
the United States with larger quantities of small rain
droplets. The variation of DSDs highlights the need for
the localizations of radar QPE schemes, particularly R(Z)
relationships. The QPE outcome of the DSD experiment
demonstrated that the localized R(Z) relationships led to
a substantial reduction of NME from 1.08 to —0.03.

below 5 mm. RZOP significantly overestimated precipitation
in light to moderate rain (ie. 5-30 mm). In moderate to
heavy rain (i.e., 10+ mm), R(A) performed the best fol-
lowed closely by R(Kpp). These findings highlight the impor-
tance of combining different radar variables of Z, Kpp, and
A into a synthetic QPE such that an optimal QPE can be
obtained in a real-time operational system.

Brought to you by NOAA Library | Unauthenticated | Downloaded 04/01/25 06:14 PM UTC



1710

0O Q-G >30 mm, F > 30%0
O Q-G > 30 mm, 10 %o < F < 30 %o

Q-G >30mm, 0 %o < F < 10 %o
X G-Q > 30 mm, F> 30 %o
X G-Q > 30 mm, 10 %o < F <30 %o
G-Q > 30 mm, 0 %o < F < 10 %o
@ RCWF

255

>2000
>1500
>1250
>1000
>750
>500
> 250
>0

FIG. 16. The spatial distribution of the number frequency (F, %)
of the hourly QPE-gauge differences exceeds 30 mm. The circles
indicate the number frequency for QPE overestimation, and the X
symbols indicate the QPE was underestimated. The green dot indi-
cates the RCWF radar site. The gray shading represents the terrain
height (m).

5) The QPE experiments with the RCWF weather radar
showed that the localized synthetic QPE reduced the wet
biases in the operational synthetic QPE for the relatively
light rain (i.e., hourly rainfall < 10-15 mm) for both the
mei-yu and typhoon cases. This improvement is important
since the wet biases in light rain have been a persistent
issue in the Taiwan operational radar QPE. Further, the
local synthetic QPE reduced the random errors in the
typhoon QPE for hourly rainfalls below 50 mm. It is noted
that the localized synthetic QPE had a ~10% dry bias for
hourly typhoon rainfalls of 15-60 mm where the opera-
tional synthetic QPE had little bias, indicating that addi-
tional factors need to be considered to further improve the
localized QPE scheme.

6) A spatially relaxed QPE-gauge matching scheme was
tested for the verification of the radar QPE and was found to
effectively mitigate some uncertainties in the point-to-point
radar QPE—-gauge comparison. This experiment highlights
the impact of radar and gauge sampling differences on the
QPE verifications.

7) A significantly larger QPE uncertainties were found with
the typhoons than with mei-yu events even with the spa-
tial relaxed QPE—-gauge matching scheme. This was likely
related to an issue in the R(A) QPE in the highly nonuni-
form blockage area that requires further refinements in
the future.

In summary, the current study showed that the localized radar—
rain rate relationships based on the DSD data in northern Taiwan
provided improvements in the accuracy of operational QPEs.
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This study will be expanded island-wide to optimize the oper-
ational radar QPE algorithms for the C- and S-band weather
radars in Taiwan.
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