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Abstract. To our knowledge, this study presents the first im-
plementation of an observationally-constrained Generalized
Double-Moment scaling Normalization (GDMN)-based rain
Drop Size Distribution (DSD) representation within Weather
Research and Forecasting (WRF) Double-Moment 6-class
(WDM6) scheme and evaluates its impacts in a convection-
permitting real-case simulation. The modified scheme, re-
ferred to as WDM6-GDMN, is evaluated through simula-
tions of an isolated summer convection case over the Ko-
rean Peninsula, using the universal double-moment normal-
ized DSD function, h(x), derived from rain DSDs observed
in the Boseong region during the summers of 2018 and 2019.
WDM6-GDMN provides a more realistic spatial distribution
of surface precipitation by better simulating convection-cell
movement. Although none of the cloud microphysics param-
eterizations, including the bin-type scheme, reproduce the
observed convection that developed in the southeast of the
analysis domain, only WDM6-GDMN successfully captures
this feature. Microphysical analysis demonstrates that, in
WDM6-GDMN, enhanced cloud production due to stronger
upward motion leads to the formation of more raindrops and,
consequently, greater surface precipitation over southeastern
region. Furthermore, the contoured frequency by altitude di-
agrams of radar reflectivity for the WDM6-GDMN reveals
slower particle growth and weaker reflectivity in the lower

atmosphere compared with the original scheme, in better
agreement with observations.

1 Introduction

Bulk-type cloud microphysics schemes adopt a specific func-
tional form of the Drop Size Distribution (DSD) for each
hydrometeor type (e.g., cloud water, rain, cloud ice, snow,
and graupel/hail), rather than calculating the evolution of
the DSD at each diameter bin (Lin et al., 1983; Rutledge
and Hobbs, 1983; Schoenberg Ferrier, 1994; Meyers et al.,
1997; Reisner et al., 1998; Morrison et al., 2005; Morri-
son and Milbrandt 2015; Thompson et al., 2008; Milbrandt
and Yau, 2005). This approach to representing DSD evo-
lution is computationally efficient, meaning that bulk-type
cloud microphysics schemes can be applied to operational
numerical weather or climate models. Among several mi-
crophysics schemes, the Weather Research and Forecasting
(WRF) Double-moment 6-class (WDM6) bulk microphysics
scheme (Lim and Hong, 2010) has been widely used across
regions for research and operational purposes (Byun et al.,
2011; Gao et al., 2011; Morrison et al., 2015; Lim et al.,
2020).
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Previous studies have shown that the WDM6 scheme
tends to overestimate reflectivity, as demonstrated by con-
toured frequency by altitude diagram (CFAD) analyses (Min
et al., 2015; Chakraborty et al., 2021). Min et al. (2015)
evaluated the performance of the WRF Single-Moment 6-
class (WSM6) and WDM6 cloud microphysics schemes us-
ing radar observations during summer season. They reported
that although the WDM6 agrees better with radar observa-
tions than WSM6, both schemes overestimate the height of
the melting level and the bright band relative to observa-
tions, as revealed by CFAD analysis. Additionally, WDM6
tends to overestimate reflectivity below the melting layer
during summer monsoon cases. Chakraborty et al. (2021)
compared WDM6 with other microphysics schemes, includ-
ing the WSM6, Milbrandt, and Thompson Aerosol-aware
schemes. They found that WDM6 tends to retain precip-
itation hydrometeors rather than precipitating them imme-
diately, leading to greater accumulation of frozen hydrom-
eteors in the upper layers. In the same study, CFAD anal-
ysis revealed that WDM6 produces the strongest reflectiv-
ity in the upper and middle levels among the microphysics
schemes. This suggests unrealistic precipitation growth in the
ice-phase region above the melting layer.

The WDM6 scheme adopts a rain DSD in the form of a
generalized gamma distribution with a fixed shape param-
eter (µ), following the study by Cohard and Pinty (2000).
Although most bulk microphysics schemes employ a fixed
shape parameter, several observational studies have reported
that the rain DSD shape parameter varies considerably (Yang
et al., 2019; Uijlenhoet et al., 2003; Dolan et al., 2018; Cha
et al., 2023; Lee et al., 2023). Yang et al. (2019) showed
that the rain DSD shape parameter proposed by Testud et
al. (2001) ranges from−2.3 to 60 over southern England dur-
ing 2013–2017. Furthermore, they found that increasing the
shape parameter initially leads to an underestimation of rain-
fall, followed by an overestimation. Uijlenhoet et al. (2003)
noted that the rain DSD shape parameter varies depending on
the stage of precipitation development and the type of cloud
(e.g., stratiform or convective). Dolan et al. (2018) anal-
ysed 12 disdrometer datasets spanning three latitude bands –
high (≥ 45° N), middle (23–45° N), and low (≤ 23° N) – and
various precipitation types, including light rain, orographic
precipitation, deep convection, organized midlatitude sys-
tems, and tropical oceanic rainfall. They found that the
mean shape parameter values of rain observed using a two-
dimensional video disdrometer (2DVD), Joss-Waldvogel dis-
drometer (JWD), and automated particle size velocity (PAR-
SIVEL) units (APU) vary by region, ranging from −1.20 to
7.26. Similarly, Cha et al. (2023) compared DSD parame-
ters observed with JWD and PARSIVEL across nine regions
in Korea and East Asia and reported mean shape parameter
values ranging from −0.158 to 8.37. These findings indicate
that using a fixed shape parameter in the gamma DSD model
is not optimal and that more representative values should be
applied.

Scaling normalization is commonly employed to repre-
sent the hydrometeor DSD and has been extensively stud-
ied since the 1990s (Sempere-Torres et al., 1994; Testud et
al., 2001; Lee et al., 2004; Szyrmer et al., 2005; Berne et
al., 2012; Morrison et al., 2019; Lee et al., 2023). Sempere-
Torres et al. (1994) performed the first scaling normaliza-
tion of DSDs based on a single reference variable, the rain-
fall rate (R). Later, Testud et al. (2001) extended this sin-
gle normalization to a double-moment normalization using
the third and fourth moments of the DSD. They showed that
the mean raindrop volume diameter (Dm) exhibits signifi-
cant variability, while the intercept parameter (N∗0 ) shows no
correlation with R. Lee et al. (2004) demonstrated that the
normalization approach of Testud et al. (2001) was for the
particular cases of the normalization in Lee et al. (2004) us-
ing the third and fourth moments. To address this limitation,
Lee et al. (2004) generalized the normalization concept and
proposed a general form of double-moment scaling normal-
ization, N(D)/N ′0 = h(D/D

′
m), where the generalized char-

acteristic number density (N ′0) and generalized characteristic
diameter (D′m) can be defined using any combination of two
moments. The Generalized Double-Moment scaling Normal-
ization (GDMN) significantly reduces the scatter in the nor-
malized DSD compared to single-moment normalization and
decreases the standard deviation of the fractional error in es-
timations of the other moments not used in the normalization,
leading to a more accurate representation of the DSD.

Berne et al. (2012) compared the temporal and spa-
tial variability of DSDs using the single-moment normal-
ization method of Sempere-Torres et al. (1994) and the
GDMN method of Lee et al. (2004) over the École Poly-
technique Fédérale de Lausanne (EPFL) during March 2009
and July 2010. They showed that GDMN better represents
the temporal and spatial variability of DSDs. The GDMN
method can be also successfully applied to the retrieval of
spatiotemporally varying DSDs from dual-polarimetric radar
measurement (Kwon et al., 2020; Lee et al., 2023; Shin et
al., 2024). Meanwhile, Morrison et al. (2019) extended the
GDMN analysis by developing a generalized nth moment
normalization using three or more moments with single- and
double-moment normalization using disdrometer data ob-
tained from the U.S. Department of Energy (DOE) Atmo-
spheric Radiation (ARM) program sites worldwide. They
noted that increasing the number of reference moments can
reduce variability in the DSD parameters.

To evaluate the applicability of the GDMN method for
representing the DSD in a bulk-type cloud microphysics
scheme, this study develops a new version of WDM6, termed
WDM6-GDMN, by incorporating the GDMN approach to
represent the rain DSD, following Lee et al. (2004). The per-
formance of WDM6-GDMN is examined through simula-
tions of an isolated summer convection event using observed
normalized DSD functions. Section 2 outlines the proposed
method, Sect. 3 describes the experimental setup, case study,
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and observational data, and Sects. 4 and 5 present the results
and the summary and conclusions, respectively.

2 Generalized Double-Moment scaling Normalization
(GDMN) method

2.1 Original Rain Drop Size Distribution (DSD) in
WDM6

The original WDM6 scheme adopts the gamma form of the
DSD for rain with a static shape parameter of c and µ, as
shown in Eq. (1):

NR(DR)=N0R(DR)
cµ−1exp

{
−(λRDR)

c
}
. (1)

Where c and µ have values of 1 and 2, respectively;NR(DR),
with units of m−4, is the number concentration correspond-
ing to the rain diameter (DR), which has units of meters;
and N0R and λR denote the intercept and slope parameters
of the rain DSD, which have units of m−3−cµ and m−1, re-
spectively, and can be expressed by the following equations:

N0R =NR
c

0 (µ)
(λR)

cµ, (2)

λR =

[
πρRNR0(µ+

dR
c
)

6ρaq
2
R0(µ)

] 1
dR

, (3)

where qR and NR represent the rain mixing ratio and num-
ber concentration, respectively, with units of kgkg−1 and
m−3; ρR and ρa are the densities of the rain and air, respec-
tively, with units of kgm−3; and dR is the parameter used
in the calculation of the mass (M)–diameter (D) relation-
ship (M = cRD

dR ). The diameter of rain, D, is an equivalent
sphere diameter, which implies dR equals 3. It is noteworthy
that the units of N0R depend on the two shape parameters, c
and µ, expressed as m−3−cµ.

2.2 New DSD adopting the GDMN method

The DSD can be formulated as the product of the zeroth
moment and a probability density function, and the follow-
ing GDMN is then derived from the assumption of multiple
power-law relationships among moments (Lee et al., 2004).

N (D)=N ′0h(D/D
′
m), (4)

where N ′0 and D′m are the generalized characteristic num-
ber density and the generalized characteristic diameter, with
units of m−4 and m, respectively. They can be defined using
any combination of two moments, as follows:

N ′0 =M
(j+1)/(j−i)
i M

(i+1)/(i−j)
j , (5)

D′m = (Mj/Mi)
1
j−i , (6)

where i and j denote the moment order, andMi andMj rep-
resent the ith and j th moments of the DSD, respectively,

which are calculated as Mi =
∫
N (D)DidD. The h(x) in

Eq. (4) is the normalized DSD based on the two moments,
Mi andMj , where x =D/D′m. It should be noted that no as-
sumption on the functional form of h(x) is applied. Thus, this
GDMN can be applied to any observed DSD if the multiple
power-law relationship is satisfied.

When the GDMN method is applied to the general-
ized gamma DSD, the normalized DSD takes the non-
dimensional form h(x).

hGG(i,j,µ,c) (x)= c0
(j+cµ)/(i−j)
i

·0
(−i−cµ)/(i−j)
j xcµ−1exp

[
−

(
0i

0j

)c/(i−j)
xc

]
, (7)

where 0i = 0(µ+ i/c) and 0j = 0(µ+ j/c). The subscript
GG(i, j , µ,c) in h(x) denotes the generalized gamma DSD,
and i, j , µ, and c in the parenthesis indicate the ith and j th
moments and shape parameters. The advantage of expressing
the DSD as h(x) (Eq. 4) is that it provides a comprehensive
framework to represent any naturally occurring DSD, while
h(x) remains relatively stable and less variable because most
of significant variability is explained by the two reference
moments (Lee et al., 2004).

2.3 Incorporation of GDMN method for rain DSD in
WDM6

The WDM6-GDMN allows the observed shape parameters,
c and µ, to be applied to the rain DSD. To calculate c
and µ from observed rain DSDs over the Korean Peninsula,
data from a 2DVD are utilized. The 2DVD is widely rec-
ognized as a reference instrument for the large end of the
DSD but has been shown to underestimate the concentrations
of small drops (Raupach et al., 2019), which significantly
affects M0. Consequently, it is not appropriate to derive
hGG(0,3,µ,c) (x) directly from observed DSDs by normaliz-
ing with the zeroth and third moments. Therefore, this study
follows two steps to obtain hGG(0,3,µ,c) (x). Normalization
is first performed using N ′0 and D′m, defined with the third
and fourth moments, M3 and M4, for the observed rainfall
events (threshold: R ≥ 0.1 mm h−1) at the Boseong standard
weather observatory during 2018 and 2019 (Fig. 3b). Then,
hGG(3,4,µ,c) (x) is derived from the mean h(x) by minimiz-

ing
i=20∑
i=1

(loghmean(3,4,µ,c)(xi)− loghGG(3,4,µ,c) (xi))
2 (Bang

et al., 2020), where hmean(x) is the bin-wise mean of the nor-
malized DSDs and the bin interval is 0.2. The derived param-
eters of hGG(3,4,µ,c) (x) are c=2.70 and µ= 0.24. Then, the
theoretical DSDs, NR(D), are derived from hGG(3,4,µ,c)(x),
N ′0(M3,M4), and D′m(M3,M4):

NR(D)=N
′

0(M3,M4)hGG(3,4,µ,c)(D/D
′
m(M3,M4)). (8)

The theoretical NR(D) is then normalized by N ′0(M0,M3)

and D′m(M0,M3), where M0 and M3 are derived from
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Figure 1. Normalized DSDs derived from N ′0(M0,M3) and
D′m (M0,M3), along with the hmean(0,3,µ,c)(x) from the theoretical
NR(D) in Eq. (8) over the Boseong area. Colors indicate the nor-
malized frequency of the normalized DSDs withM0 andM3 and the
solid line represents hmean(0,3,µ,c)(x) while the dotted line repre-
sents its best fit obtained using with hGG(0,3,µ,c)(x) with c = 2.60
and µ= 0.29.

NR(D). The normalized DSDs, h(0,3,µ,c)(x), are pre-
sented as a frequency distribution in Fig. 1. Finally,
hGG(0,3,µ,c) (x) is obtained by minimizing the value of∑
(loghmean(0,3,µ,c)(x)− loghGG(0,3,µ,c) (x))

2. The derived
shape parameters c and µ of hGG(0,3,µ,c) (x) are 2.60 and
0.29, respectively. Previous research by Bang et al. (2020)
demonstrated that the normalized DSD function h(x), de-
rived from observations over South Korea (2011–2015) and
Oklahoma (1998–2006), USA, exhibits no substantial dif-
ferences despite the distinct geographical characteristics of
the two regions. These findings support the robustness of the
observation-derived h(x) representation and suggest that it is
sufficiently general for the intended modeling application in
this study.

Recognizing the importance of rain-related microphys-
ical processes such as collision–coalescence and raindrop
breakup in precipitation initiation, storm intensity, and cold-
pool dynamics (Lim and Hong, 2012; Morrison, 2012; Hagos
et al., 2015), this study introduces the first application of the
GDMN method to the rain DSD in the WDM6 scheme. To
apply the GDMN method of Lee et al. (2004) in WDM6 us-
ing the zeroth (i = 0) and third (j = 3) moments, which are
the prognostic variables of rain in WDM6, the original rain
DSD (NR(DR)) and rain diameter (DR) must be normalized

by N ′0 =
(
M4

0/M3
) 1

3 and D′m = (M3/M0)
1
3 (Eqs. 5 and 6).

With this normalization, the rain DSD can be rewritten as
Eq. (9):

NR (DR)=N
′

0hGG(0,3,µ,c)(DR/D
′
m), (9)

where hGG(0,3,µ,c)(xR) with xR =DR/D
′
m can be expressed

as Eq. (10):

hGG(0,3,µ,c) (xR)=
c

0 (µ)

0
(
µ+ 3

c

)
0(µ)


cµ
3

· x
cµ−1
R exp

−

0

(
µ+ 3

c

)
0(µ)


1
3

(xR)


c . (10)

The original WDM6 scheme adopts a single parameter,µR =

cµ− 1, instead of treating c and µ separately. This is equiv-
alent to employing fixed shape parameters, c = 1 and µ=
2, for the gamma DSD in Eq. (1), resulting in the form
N(D)=N0Dexp {−λD}. This implies that µR remains un-
changed whether c = 1, µ= 2 or c = 2, µ= 1. As shown by
Lee et al. (2004, 2023), the variability of DSDs, arising from
changes in number concentration, mean diameter, and shape,
can be substantially reduced through scaling normalization.
Variations in the shape parameters c and µ have only a mi-
nor effect on the normalized DSD, h(x), which therefore be-
comes stable and nearly universal. The universal h(x) func-
tion provides a more effective representation of DSD vari-
ability, as implemented in WDM6-GDMN.

2.4 Microphysics

The WDM6 cloud microphysics parameterization scheme
predicts the mixing ratios of six hydrometeor types (water
vapor, cloud water, cloud ice, rain, snow, and graupel) as
well as the total number concentrations of cloud water, rain,
and cloud condensation nuclei. Figure 2 presents a flowchart
of the WDM6 scheme, illustrating the various microphysi-
cal processes among hydrometeors. By applying the GDMN
method, NR (DR) is expressed in terms of hGG(0,3,µ,c) (xR),
as shown in Eq. (9). Consequently, the parameterization of 16
rain-related microphysical processes must to be re-derived:
nine associated with mixing-ratio predictions and seven with
total number concentration predictions. Fourteen of these
processes are indicated by green boxes in Fig. 2, excluding
the two processes related to sedimentation of the rain mixing
ratio and its number concentration. A list of the symbols used
in this study is provided in Appendix A.

3 Experimental setup

3.1 Case description and model setup

Song and Sohn (2015) classified summer rainfall events over
the Korean Peninsula into two types: cold-type and warm-
type. Cold-type events, driven by convective instability, are
typically locally developed and short-lived, making them dif-
ficult to accurately simulate in numerical models. Compared
with warm-type events, cold-type rainfall exhibits stronger
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Figure 2. Flowchart of the microphysical processes for the prediction of (a) mixing ratios and (b) number concentrations in the WDM6
scheme (Lim and Hong, 2010). The terms in red (blue) are activated when the temperature is above (below) 0 °C, whereas the terms in black
occur across the entire temperature range. The green rectangles represent newly re-derived microphysics processes.

convective instability, allowing clouds to develop to higher
altitudes and producing more intense rainfall. In this study,
one cold-type summer rainfall event that occurred on 6 Au-
gust 2013 is analyzed to test the impact of applying the
GDMN method to the rain DSD within WDM6 scheme. The
selected event exhibited the highest frequency of lightning
strikes over the heavy precipitation area during summer of
2013–2018.

The model forecast spans the period from 23:00 UTC on
5 August 2013 to 17:00 UTC on 6 August 2013, with the
analysis period from 02:00–17:00 UTC on 6 August 2013.
Version 4.3.1 of the WRF model (Skamarock et al., 2019)
is employed, with three nested domains using a horizontal
grid spacing of 9, 3, and 1 km, as shown in Fig. 4. All do-
mains have 65 vertical levels, with time steps of 45, 15, and
5 s for domains 1 (d01), 2 (d02), and 3 (d03), respectively.
The physics parameterizations include the Kain–Fritsch cu-
mulus scheme for D01 only (Kain and Fritsch, 1990; Kain,
2004), the Revised MM5 Monin–Obukhov surface layer
scheme (Jiménez et al., 2012), the Unified Noah land surface
scheme (Chen and Dudhia, 2001), the Rapid Radiative Trans-
fer Model for General Circulation Models (RRTMG) for
both longwave and shortwave radiation (Iacono et al., 2008;
Morcrette et al., 2008), and the Yonsei University planetary
boundary layer scheme (Hong et al., 2006). The European
Centre for Medium-Range Weather Forecasts (ECMWF) Re-
analysis 5 (ERA5) dataset (Hersbach et al., 2020) provides
the initial and boundary conditions. The model configuration
and physical parameterizations for each domain are summa-
rized in Table 1.

3.2 Observation Data and Numerical Experiments

Radar reflectivity observed from two the Kwanaksan (KWK)
and Gwangdeuksan (GDK) sites was analysed using Con-
toured Frequency by Altitude Diagrams (CFADs; Fig. 3),
which illustrate the frequency of occurrence of reflectivity

values at various heights. The CFAD analysis is used to eval-
uate the impact of incorporating the GDMN method into the
WDM6 scheme on the vertical structure of reflectivity. Re-
flectivity is examined using all model grid points located
within a 100 km radius of each radar site, where observa-
tional data available. The KWK and GDK radars provide
data at 10 min intervals, whereas both the original WDM6
and the modified WDM6-GDMN schemes produce outputs
at 1 h intervals. To enable a direct one-to-one temporal com-
parison between the radar and model results, radar data col-
lected within 30 min before and after each hour were com-
pared with the corresponding hourly model outputs.

To examine the effect of the GDMN method on the
rain DSD in simulated convection, two experiments, named
WDM6 and GDMN, are conducted for the selected case.
WDM6 uses the shape parameters c = 1 and µ= 2 in the
rain DSD, expressed by the gamma function as in the orig-
inal WDM6 scheme. GDMN applies the WDM6-GDMN
(see Sect. 2) with the observed shape parameters of c = 2.60
and µ= 0.29 (Fig. 1). The differences in microphysical pro-
cesses, particularly rain evaporation and near-surface cooling
between WDM6 and GDMN, are not sensitive to the pre-
scribed c and µ parameters in GDMN, as these parameters
do not vary substantially within the generalized DSD func-
tion. To further evaluate simulated precipitation across differ-
ent cloud microphysics schemes, additional experiments are
conducted using three other double-moment bulk-type mi-
crophysics schemes – Morrison, Thompson, Predicted Parti-
cle Properties (P3) – as well as the simplified Spectral Bin-
type Microphysics (SBM) scheme.

4 Results

Figure 5 shows the observed radar reflectivity at 06:00,
07:00, and 08:00 UTC on 6 August 2013, along with the
simulated radar reflectivity from the WDM6 and GDMN ex-
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Figure 3. (a) Surface synoptic chart at 03:00 UTC on 6 August 2013, and (b) 15 h accumulated surface precipitation (mm) during the analysis
period (02:00–17:00 UTC on 6 August 2013), obtained from the Korea Meteorological Administration (KMA) Automatic Weather Station
(AWS) network. The red dots in (b) indicate the locations of the Kwanaksan (KWK) and Gwangdeuksan (GDK) radar sites used to validate
simulated radar reflectivity. The red solid line from A to B denotes the transect for cross-sectional analysis, while the red dashed box indicates
the area used for microphysical process analysis. The red triangle marks the Boseong standard weather observatory, where a two-dimensional
video disdrometer (2DVD) was installed to observe rain drop size distributions (DSDs).

Table 1. A summary of the Weather Research and Forecasting (WRF) model configuration and references for all physics schemes except for
the cloud microphysics scheme.

WRF V4.3.1
References

Domain 1 Domain 2 Domain 3

Grid number (x× y× y) 180× 180× 65 295× 349× 65 532× 691× 65
Horizontal grid spacing 9 km 3 km 1 km
Cumulus parameterization Kain-Fritsch No cumulus No cumulus Kain and Fritsch (1990), Kain (2004)
Surface layer Revised MM5 Monin–Obukhov scheme Jiménez et al. (2012)
Land surface Unified Noah land surface model Chen and Dudhia (2001)
Longwave and shortwave radiation Rapid Radiative Transfer Model for General Circulation Models Iacono et al. (2008)
Planetary Boundary Layer Yonsei University scheme Hong et al. (2006)
Initial/boundary data ERA5 (fifth generation ECMWF reanalysis product) Hersbach et al. (2020)

periments. The Column Maximum (CMAX) observations at
06:00 UTC reveal two distinct regions of strong reflectivity
(Fig. 5a): one over the northwestern Korean Peninsula, which
moves south-eastward over time, and another, consisting of a
smaller convection cell, in the south of the peninsula, moving
eastward (Fig. 5a–c). By 08:00 UTC, these two convection
cells converge, producing strong reflectivity over the south-
eastern Korean Peninsula (Fig. 5c). The WDM6 scheme does
not reproduce this movement accurately, especially for the
northwestern system. Although the initial stages of the two
precipitation cells in WDM6 are similar to the observations
(Fig. 5a and d), the stronger northwestern cell fails to move

south-eastward, shifting mostly eastward instead (Fig. 5d–
f). As a result, the two precipitation cells move eastward
independently and do not merge, as observed. Conversely,
GDMN reproduces the movement of the two precipitation
cells more realistically (Fig. 5g–i). Although weak reflectiv-
ity signals remain over the western Korean Peninsula, the two
cells merge in GDMN, producing intense reflectivity over the
southeastern peninsula at 08:00 UTC, consistent with obser-
vations (Fig. 5g–i).

The spatial distribution of cumulative surface precipitation
on 6 August 2013 is shown in Fig. 6a and b. Compared with
AWS observations, WDM6 overestimates precipitation over
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Figure 4. The model domain, consisting of three nested domains
with resolutions of 9 km (d01), 3 km (d02), and 1 km (d03). Shading
indicates the terrain height in meters above sea level. The analysis
domain is denoted by the black dotted line within the innermost
domain (d03).

Table 2. Statistical skill scores for the simulated precipitation over
the analysis domain during the analysis period: Root Mean Square
Error (RMSE), Bias, Probability of Detection (POD), False Alarm
Ratio (FAR), Equivalent Threat Score (ETS) and Fractions Skill
Score (FSS).

RMSE BIAS POD FAR ETS FSS

WDM6 6.72 2.0 0.16 0.70 0.05 0.13
GDMN 5.03 1.39 0.18 0.68 0.07 0.14

the northeastern Korean Peninsula and underestimates it in
the west and south (Fig. 6c). In WDM6, precipitation cells
approaching from the northwest move eastward, leading to
excessive surface precipitation in the northeast. In contrast,
GDMN produces more precipitation in the southeast due to
the merging of two precipitation cells in that area, thereby
reducing the bias of WDM6 relative to AWS (Fig. 6d). This
reduction in bias is attributed to GDMN’s more accurate sim-
ulation of the movement of precipitation cells initially lo-
cated in the northwest. To quantify the spatial distribution
of accumulated surface precipitation, statistical skill scores –
including Root Mean Square Error (RMSE), Bias, Probabil-
ity of Detection (POD), False Alarm Ratio (FAR), Equivalent
Threat Score (ETS) and Fractions Skill Score (FSS) – are cal-
culated for WDM6 and GDMN (Table 2). Although GDMN
underestimates total surface precipitation relative to observa-
tions, all statistical skill scores show improvement compared
with WDM6. The calculated FSS also indicates that GDMN
outperforms WDM6.

To further evaluate the performance of GDMN method,
CFADs from the KWK and GDK sites are analysed for two
simulations (Fig. 7). The location of the two sites used in
the CFAD analysis are shown in Fig. 3b. The highest pre-
cipitation during the analysis period was recorded at KWK,
whereas only a small amount was observed at GDK, despite
the model simulations indicating substantial precipitation at
this site. In Fig. 7, the x axis represents reflectivity, the y axis
represents altitude, and the colour scale indicates the fre-
quency ratios (%) at specific altitudes and reflectivity val-
ues. The reflectivity values range from 0 to 60 dBZ. Black
solid lines denote the cumulative reflectivity frequencies at
the 25th, 50th, and 75th percentiles. The simulated radar re-
flectivity is calculated following the methodologies of Koch
et al. (2005), Stoelinga (2005), and Park et al. (2025). The
model incorporates a simple water coating method for melt-
ing solid-phase particles to represent the bright band.

At KWK, between 10 and 12 km in altitude, weak reflec-
tivity values of approximately 6–7 dBZ are frequently ob-
served, gradually increasing toward 4 km, where precipita-
tion particles grow. The median reflectivity below 4 km is
about 20 dBZ. In WDM6, the reflectivity is generally over-
estimated relative to radar observations. No distinct melting
layer is simulated, and the increase in reflectivity with de-
creasing altitude down to the 4 km is similar to observations.
However, between 6 and 10 km, the increase occurs more
rapidly than in the observations. WDM6 produces a me-
dian reflectivity of 30 dBZ below 4 km, about 10 dBZ higher
than radar observations, and frequently reproduces strong re-
flectivity exceeding 40 dBZ. In contrast, GDMN exhibits a
slower increase in reflectivity with decreasing altitude com-
pared with WDM6 above 6 km, making it closer to observa-
tions. Although GDMN does not reproduce the narrow, dis-
tinct bright band observed near the melting layer likely due to
the forward operator within WRF, it well reproduces reflec-
tivity intensity below 4 km, bringing it into better agreement
with the observations. GDMN also shows a decrease in re-
flectivity toward the surface, indicating possible substantial
evaporation in the lower layers.

For the GDK site, peak reflectivity is observed at 4 km,
indicating the presence of a distinct melting layer at this alti-
tude. Radar observations also show gradually increasing re-
flectivity from 12 to 4 km, similar to the KWK site, followed
by a decrease from 4 km to the surface. In WDM6, reflec-
tivity increases rapidly from the top to 4 km, and the bright
band is not distinctly simulated. This rapid increase in re-
flectivity, inconsistent with observations, was also noted in
Min et al. (2015), indicating improper growth of solid par-
ticles in the WDM6 scheme. Additionally, WDM6 overes-
timates reflectivity below 4 km by about 10 dBZ compared
with radar observations. Particle growth in GDMN is slower
than in WDM6 over the upper layers, consistent with ob-
servations. GDMN also reproduces a clear trend of decreas-
ing reflectivity below the melting layer at GDK. Although
discrepancies with the observations still remain after apply-
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Figure 5. The spatial distribution of maximum reflectivity (dBZ) at 06:00 UTC (left), 07:00 UTC (middle), and 08:00 UTC (right) on 6 Au-
gust 2013 from (a–c) the Column Maximum (CMAX) radar observations, (d–f) WDM6, and (g–i) GDMN.

ing the GDMN approach, particularly above approximately
6 km, GDMN overall reduces the overestimation of reflectiv-
ity compared with WDM6.

Figure 8 shows the 1 h accumulated surface precipita-
tion along the cross-section shown in Fig. 3b from 04:00 to

08:00 UTC on 6 August. The cross-section spans the path
of the precipitation cell, which AWS observations show was
initially located over the northwestern Korean Peninsula and
moved south-eastward over time (Fig. 3b). This movement
is well simulated in GDMN but not captured in WDM6
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Figure 6. Accumulated surface precipitation (mm) during the analysis period (from 02:00 to 17:00 UTC on 6 August 2013) for (a) WDM6,
(b) GDMN, and (c) the difference between WDM6 and Automatic Weather Station (AWS) observations (WDM6 minus AWS). (d) Same
as (c), but for the difference between GDMN and WDM6 (GDMN minus WDM6).

Figure 7. Contoured Frequency by Altitude Diagram percentiles at the KWK and GDK radar sites (location shown in Fig. 3b) for (a) radar
observations, (b) WDM6, and (c) GDMN at the KWK site during the analysis period. Panels (d)–(f) are the same as (a)–(c) but at the GDK
site. Solid lines denote the cumulative reflectivity frequencies at the 25th, 50th, and 75th percentiles.
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Figure 8. 1 h accumulated surface precipitation along the cross-sectional area indicated by the red solid line in Fig. 3b for (a) 04:00 to
05:00 UTC, (b) 05:00 to 06:00 UTC, (c) 06:00 to 07:00 UTC, and (d) 07:00 to 08:00 UTC on 6 August 2013. Black and blue lines represent
WDM6 and GDMN, respectively.

(Fig. 5d–i). In both WDM6 and GDMN, precipitation be-
gins to develop in the northwest (Location “A” in Fig. 8) af-
ter 04:00 UTC (Fig. 8a) and gradually shifts south-eastward
(Location “B” in Fig. 8) with time (Fig. 8b–d). WDM6 sim-
ulates a persistent precipitation peak near “A” from 04:00
to 06:00 UTC failing to capture the south-eastward move-
ment of precipitation cells (Fig. 5). By contrast, in GDMN,
the precipitation peak shifts from Area A to Area B be-
tween 04:00 to 08:00 UTC (Fig. 8a–d). Between 05:00 and
06:00 UTC, the maximum precipitation location in GDMN
is similar to that in WDM6; however, it subsequently shifts
markedly south-eastward. The difference between the two
schemes arises from GDMN’s more realistic representation
of precipitation cell movement.

To identify the main causes of the differences in simulated
precipitation and reflectivity between GDMN and WDM6,
thermodynamic fields and mixing ratios are further analysed
in Figs. 9 and 10, focusing on 07:00 and 08:00 UTC, when
two precipitation cells merged into a single cell. Figure 9
presents the vertical structures of temperature and wind along
the cross-sectional area shown in Fig. 3b. In WDM6, a strong
updraft develops near 37.3° N at 07:00 UTC and dissipates
by 08:00 UTC, producing intense precipitation at the same
location during this hour (Figs. 9a and 8d). As the precipi-
tation cells originating in the northwest move eastward, the
updraft driving the convection at 07:00 UTC is no longer
visible at 08:00 UTC. In contrast, GDMN simulates an up-
draft farther southeast, near 36.5° N at 07:00 UTC (Fig. 9a
and c). The south-eastward-moving precipitation cell merges
with the eastward-moving cells and continues moving south-

eastward, maintaining an updraft near 35.5° N at 08:00 UTC
(Fig. 9d). Additionally, GDMN produces a colder envi-
ronment below 1 km compared with WDM6 (Fig. 9). The
stronger and more extensive near-surface cooling in GDMN
drives the precipitation cells south-eastward, whereas the rel-
atively weak near-surface cold environment in WDM6 limits
the south-eastward propagation of the system.

At 07:00 and 08:00 UTC, compared to WDM6, GDMN
exhibits stronger cooling in the lower layer behind the pre-
cipitation cells (Fig. 10a and b). The differences in cloud and
rain mixing ratios between GDMN and WDM6 show a sim-
ilar trend. At 07:00 UTC, the cloud mixing ratio increases
significantly near 36.5° N in GDMN, coinciding with a re-
gion of strong updrafts and an enhanced rain mixing ratio
(Fig. 10c and e). A comparable pattern occurs around 35.5° N
at 08:00 UTC (Fig. 10d and f), where vigorous upward mo-
tion generates a supersaturated environment, leading to cloud
formation and, consequently, precipitation both aloft and at
the surface.

Figure 11 shows the differences (GDMN minus WDM6)
in the time-area averaged vertical distributions of prognostic
hydrometeor mixing ratios (cloud water (qC), cloud ice (qI),
rain (qR), snow (qS), and graupel (qG)) and number concen-
trations (cloud condensation nuclei (NN), cloud water (NC),
and rain (NR)). Below 9 km, both the rain mixing ratio and
the number concentration are significantly higher in GDMN
compared to WDM6. In addition, GDMN exhibits slightly
higher cloud water mixing ratios and number concentrations
below 6 km, as well as greater graupel mixing ratios above
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Figure 9. Temperature with terrain along the cross-section indicated by the red line in Fig. 3b at (a) 07:00 UTC, (b) 08:00 UTC on 6 Au-
gust 2013 for WDM6. Panels (c) and (d) are the same as (a) and (b), but for GDMN. The wind fields are overlaid at the corresponding times.
Red contour lines indicate 20 dBZ reflectivity.

3 km. The enhanced graupel production in GDMN is likely a
consequence of stronger convective updrafts in the model.

To identify the microphysical processes responsible for the
increased generation of rain and cloud water in GDMN com-
pared to WDM6, the vertical profiles of the time-area av-
eraged major source and sink terms for the rain and cloud
mixing ratios are analysed in Fig. 12. In GDMN (solid
line), the condensation process of water vapor into cloud
water (Pcond) is enhanced below 9 km relative to WDM6
(dashed line) under saturated conditions, serving as the pri-
mary source of the cloud mixing ratio (Fig. 12a). The higher
cloud mixing ratio in GDMN also intensifies accretion with
rain (Pracw) (Fig. 12b), which acts not only the main sink of
cloud water but also the main source of rain (blue solid line in
Fig. 12c). Among the major sources of rain, Pracw produces
a greater rain mixing ratio in GDMN than in WDM6. More-
over, graupel melting (Pgmlt), the second-largest source of
the rain mixing ratio, is higher in GDMN owing to greater
graupel production. The larger rain content in GDMN further
increases ascending rain, which subsequently enhances grau-
pel formation through raindrop freezing (Pgfrz) and accre-
tion of rain by graupel (Pgacr) (Fig. 12d). Notably, rain evap-
oration (Prevp) is the primary sink of rain in the lower atmo-
sphere, particularly below 5 km. Enhanced Prevp in GDMN
compared to WDM6 leads to increased evaporation of rain
into water vapor, cooling the lower atmosphere. As a re-
sult, precipitation cells in GDMN tend to propagate south-
eastward, consistent with the observed behaviour.

5 Summary and Discussion

This study applies the Generalized Double-moment scal-
ing Normalization (GDMN) method to parameterize the rain
drop size distribution (DSD) in the WDM6 microphysics
scheme. The WDM6 and GDMN method employ the same
generalized gamma DSD, and therefore they produce iden-
tical simulation results when the same shape parameters are
used. The current version of WDM6 adopts fixed shape pa-
rameters (c = 1 and µ= 2) following the previous study
(Lim and Hong, 2010). The key advantage of GDMN method
is that it constrains the shape parameters using the normal-
ized DSD, which is considerably more stable than the raw
DSD. As a result, GDMN method provides a robust and ob-
servationally constrained normalized function, h(x), whereas
direct estimation of the generalized gamma shape parame-
ters from raw DSDs, as in WDM6, is subject to substantial
variability and often leads to unreliable parameter estimates.
This study utilizes the fitted generalized gamma function,
hGG(x), rather than the observed mean normalized func-
tion, hmean(x), because disdrometer measurements are sub-
ject to significant uncertainty for small drops. By adopting
the GDMN method, the variability of the DSD is more effec-
tively captured, thereby reducing uncertainties of DSD. The
0th and 3rd moments are used to represent the DSD within
GDMN, and sixteen microphysical processes related to rain
reformulated. Long-term observed rain shape parameter val-
ues (c = 2.6, µ= 0.29), calculated from 2DVD data col-
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Figure 10. Differences (GDMN – WDM6) in (a) temperature (°C), (c) cloud mixing ratio (g kg−1), and (e) rain mixing ratio (g kg−1),
shown with terrain (black color) along the cross-section indicated by the red line in Fig. 3b at 07:00 UTC, 6 August 2013. Panels (b), (d),
and (f) show the same fields as (a), (c), and (e), respectively, at 08:00 UTC.

Figure 11. Differences in the time-domain averaged vertical distri-
bution (GDMN minus WDM6) over the region denoted by the red
dashed box in Fig. 3b for (a) mixing ratio (g kg−1) and (b) num-
ber concentration (m−3) between 06:00 and 08:00 UTC on 6 Au-
gust 2013.

lected over the Boseong area during May–October of 2018
and 2019, are applied to the DSD through the GDMN method
in WDM6. Numerical experiments are conducted for a cold-
type summer rainfall event characterized by strong convec-
tion.

The results demonstrate that incorporating GDMN into
the WDM6 scheme alleviates some limitations of the orig-
inal WDM6 scheme, which misrepresents precipitation cell
propagation and produces accumulated precipitation patterns
that deviate from observations for this case. In the modified
scheme, precipitation cells move south-eastward and subse-
quently collide with another cell generated within the Korean
Peninsula, leading to increased precipitation in the southeast-
ern regions. Overall, the modified WDM6 reproduces a more
realistic propagation of precipitation cells and a more accu-
rate spatial distribution of accumulated surface precipitation
than the original scheme, achieving higher scores across all
statistical skill metrics for surface precipitation.

To evaluate the simulated vertical reflectivity structure,
CFAD analysis is performed using data from two radar sites,
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Figure 12. The vertical profiles of the time-domain averaged
(a) sources and (b) sinks of the cloud mixing ratios (g kg−1 s−1)
over the region indicated by the red dashed box in Fig. 3b between
06:00 and 08:00 UTC on 6 August 2013. Only the major microphys-
ical processes are represented. The solid and dashed lines represent
GDMN and WDM6, respectively. Panels (c) and (d) show the same
as (a) and (b) but for the rain mixing ratio (g kg−1 s−1).

KWK and GDK. The original WDM6 scheme exhibits ex-
cessively rapid particle growth between the upper and middle
layers (4–5 km) and consistently overestimates reflectivity at
all altitudes. In contrast, the modified WDM6 scheme pro-
duces more gradual particle growth from the top to the mid-
dle layers, with significantly reduced reflectivity, resulting in
better agreement with observed patterns. These results indi-
cate that the modified rain DSD influences not only warm-
rain microphysical processes but also mixed-phase ones, in-
cluding accretion between liquid- and solid-phase particles.
Consequently, the simulated reflectivity in the upper layer is
more realistically represented.

Thermodynamic analysis along the path of cell movement
reveals that the modified WDM6 scheme successfully trig-
gers convective updrafts over the southeastern Korean Penin-
sula, which are absent in the original WDM6 scheme. In
the modified WDM6, enhanced condensation of water va-
por into cloud water over the updraft region increases cloud
formation and promotes the production of numerous small
raindrops through collision–coalescence and graupel melt-
ing. Furthermore, the modified WDM6 simulates a relatively
cooler lower environment due to stronger rain evaporation,
which enhances near-surface cooling. This intensified cool-

ing drives the south-eastward propagation of precipitation
cells, consistent with observations.

None of the bulk or bin microphysics schemes analysed
in this study accurately reproduce the observed precipitation
distribution across the Korean Peninsula on 6 August 2013
(Figs. 13 and 3b). All simulations employing bulk-type cloud
microphysics schemes, which adopt a gamma DSD with con-
stant shape parameters, generate spatial precipitation patterns
similar to the original WDM6, with excessive precipitation
over the central–eastern Korean Peninsula compared to AWS
observations (Fig. 13a–c). The prescribed DSD function and
fixed shape parameters in bulk schemes and other parame-
terization assumption or introduced uncertainties in micro-
physics schemes constrain their ability to realistically simu-
late precipitation. Tapiador et al. (2026) emphasized that the
DSD strongly influences the physical properties of precipita-
tion systems, including total surface area and scattering char-
acteristics of drops, and highlighted the need for DSD mod-
elling to be grounded in a physically consistent framework
in which drop shapes follow an appropriate probability den-
sity function (PDF). Even the SBM scheme, which explic-
itly predicts the particle size distribution, fails to reproduce
the observed spatial distribution of accumulated precipitation
(Fig. 13d).

To address the limitations of the single-case analysis, we
additionally conduct a single month-long simulation over
East Asia for July 2023, encompassing a wide range of sum-
mertime convective systems. The model configuration, in-
cluding the physical parameterizations and initial and lat-
eral boundary conditions, is identical to that used in the
single-case simulation, except that a horizontal grid spac-
ing of 10 km and a model time step of 60 s are employed.
Sea surface temperature (SST) is prescribed using the Op-
timum Interpolation SST (OISST) dataset (Huang et al.,
2021). The performance of the original WDM6 and the mod-
ified WDM6 is evaluated against hourly precipitation from
the Integrated Multi-satellitE Retrievals for GPM (IMERG)
product (Huffman et al., 2015) (Fig. 14). Compared with the
original WDM6, the modified WDM6 scheme reduces the
precipitation over Northeastern China and increases the pre-
cipitation over the South Sea of Korea, resulting in better
agreement with the observations. The statistical skill scores
for surface precipitation also demonstrate the improved per-
formance of the modified WDM6, with the pattern correla-
tion (PC) increasing from 0.47 to 0.52 and the bias decreas-
ing from 1.04 to 1.02. These results indicate that the per-
formance improvements achieved by the GDMN approach
are maintained in a one-month simulation encompassing a
broad range of summertime convective systems, suggesting
that its benefits extend beyond the single convective case ex-
amined in this study. Our findings also highlight the poten-
tial of the GDMN approach for the examined case under the
specific model configuration used in this study, while recog-
nizing that further evaluation is required before its superior-
ity can be generalized to a broader range of convective con-
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Figure 13. The accumulated surface precipitation (mm) on 6 August 2013 using (a) Morrison, (b) Thompson, (c) P3, and (d) SBM cloud
microphysics schemes.

Figure 14. Spatial distribution of hourly precipitation [mm h−1] from (a) the IMERG observations and model simulations using (b) WDM6
and (c) GDMN for the one-month simulation conducted during July 2023.

ditions. Therefore, our study should be regarded primarily
as a proof-of-concept demonstration based on limited cases
simulations. Additional multi-case evaluations under diverse
meteorological conditions, along with the extension of the
GDMN framework to other hydrometeor types, are needed
in future work.
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Appendix A: List of symbols

Symbol Meaning Value SI unit
c Shape parameter of the rain
cR Empirical formula of MR πρR/6
D Diameter m

D′m Generalized characteristic diameter
(
Mj/Mi

) 1
j−i m

DR Rain diameter m
dR Empirical formula of MR 3
I The number of moment
j The number of moment
Mi ith moment
Mj j th moment
M0 0th moment m−3

M3 Third moment
MR(DR) Mass of rain of diameter DR kg
NR(DR) Number concentration corresponding to the diameter of rain (DR). m−3

N(D) Number concentration corresponding to the diameter (D). m−3

N0R Intercept parameter of rain 8× 106 m−4

N ′0 Generalized characteristic number concentration M
(
j+1
j−i

)

i M
( i+1
i−j

)

j m−4

NR Number concentration of rain m−3

qR Mixing ratio of rain
0 Gamma function
λR Slope of rain size distribution m−1

µ Shape parameter of the rain
π Pi 3.14
ρ0 Density of air at reference state 1.28 kg m−3

ρa Air density kg m−3

ρR Density of rain 1000 kg m−3
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Code and data availability. The WRF Model version 4.3.1 and
the input files required for model integration are available at
https://doi.org/10.5281/zenodo.18328177 (Jo, 2026a). Initial and
boundary conditions are provided from the ERA5 reanalysis data
at 6 h intervals, available at https://doi.org/10.24381/cds.adbb2d47
(Hersbach et al., 2023a) and https://doi.org/10.24381/cds.bd0915c6
(Hersbach et al., 2020, 2023b). ERA5 single-level and pressure-
level fields at 6 h intervals are used, with the initial time set to
23:00 UTC on 5 August 2013. For the pressure-level variables,
all vertical levels are included. The model codes for WDM6 and
GDMN experiments with the scripts for figures in this manuscript
can be found in https://doi.org/10.5281/zenodo.17194841 (Jo,
2025) and https://doi.org/10.5281/zenodo.18346989 (Jo, 2026b).
The AWS and radar data used for the analysis are available
at https://doi.org/10.5281/zenodo.18328177 (Jo, 2026a). The out-
put data for four additional microphysics schemes (Thomp-
son, Morrison, P3, and SBM) used for comparison with
the WDM6 and GDMN experiments are also available at
https://doi.org/10.5281/zenodo.18346989 (Jo, 2026b).
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