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Abstract: In real-time operations, the minutely/hourly updated high-resolution rapid refresh (HRRR) system is one of the
most expensive numerical weather prediction (NWP) models. Based on a twenty-member HRRR-time-lagged-ensemble
(HRRR-TLE) system developed from two real-time convection-permitting HRRR models, CMA-GD(R3) and CMA-SH3,
from the China Meteorological Administration (CMA), this study proposes an optimized probability-matching (OPM)
technique to improve 0—12 h quantitative precipitation forecasts (QPFs) based on the correlation and error relationships
between ensemble forecasts and observations during the training window. Then, a series of sensitivity experiments using
different cost functions and optimized ratios was conducted to further improve OPM predictions. The results indicate that:
(1) In the HRRR-TLE system, there is no always optimal member in both weak rain and severe rain forecasts, as measured
by the equitable threat score (ETS) and bias extent (BE) at four thresholds (1+, 5+, 10+, and 20+ mm h™'; e.g., “1+” means
= 1). (2) Compared with the HRRR-TLE system, the QPFs generated by the traditional PM technique showed a notable
increase in ETS and a decrease in BE at all of the above thresholds. Compared with the traditional probability-matching
method (PM), OPM can generate more skillful forecasts on both spatial representations and rain rates by using the sliding-
weight method and optimized ensembles, respectively. (3) In particular, in the 20+ mm h™' forecasts, which are often
difficult to predict, the ETS of the optimal OPM test, with a 20% optimization ratio and symmetric mean absolute
percentage error cost function, increased by 64.6%, and the BE decreased by 5.7%, relative to PM. Moreover, OPM shows
good stability in both daytime and nighttime periods.
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1 INTRODUCTION

The development of numerical weather prediction (NWP)
is guided by the goal of generating forecasts with greater
accuracy (Palmer U Bauer et al. ; Swinbank et al. ! Powers
et al. [4]; Wong et al. [5]; Cafaro et al. [6]; Wolff et al. [7]).
The minutely/hourly updated convection-permitting high-
resolution rapid refresh (HRRR) system aims to achieve
this goal by swiftly assimilating a more significant number
of the latest weather observations (Benjamin et al. !;
Bytheway et al. ; Slivinski et al. !""). In the United
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States, the National Centers for Environmental Prediction
(NCEP), an arm of the NOAAs National Weather Service,
released the first convection-permitting HRRR version (3-
km grid spacing and 1-h cycling) in 2014 (https:/
rapidrefresh.noaa.gov/hrrr/), and the latest version
HRRRv4 was released in late 2020 (Dowell et al. !
James et al. !). In China, a series of HRRR forecasts are
currently operational at the China Meteorological
Administration (CMA), such as CMA-BJ, CMA-GD(R3),
and CMA-SH3 (Li et al. !); Chen et al. !; Liu et al. ('),
These HRRR systems have become increasingly vital for
short-range weather guidance and early warning, especially
for rapidly developing severe convective weather events
with short lead time (Turner et al. 0% pinto et al. [,
Dougherty et al. ['*)).

However, such high-frequency HRRR systems face
limitations in realistic applications. One challenge is that
the latest model outputs are not always the optimal
predictions among massive outputs from different run
times because of the models’ initial spin-up problem
(Short and Petch !"); Warner et al. *"; Khatiwala ).
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Another issue is that due to the rapid error growth at the
convection-permitting scale in HRRR, their forecasts are
usually limited to a very short duration, making long-term
predictions unpredictable. Therefore, effectively maximizing
the use of HRRR outputs remains a challenge.

In recent years, the time-lagged ensemble (TLE) has
emerged as a competitive approach in attempts to address
the above issues at a low computational cost (Jie et al. 1*;
Raynaud and Bouttier **!; DelSole et al. **). Each HRRR-
TLE member originates from a series of model’s earlier
runs with different initial conditions (ICs) in the same or
different HRRR model. The simplest ensemble mean (EM)
could correct forecast errors resulting from the model’s
initial spin-up and convective-scale rapid error growth
thanks to its smoothing effect, which tends to reduce
intense model features and reduce the model’s random
errors (Lu et al. *; Porson et al. **). However, whether
the TLE approach improves the skill of HRRR forecasts is
not always clear. Given the high computational cost and
the long-term unpredictability, their forecasts are usually
within 24 hours. Therefore, the membership size of TLE is
not too large. Thus, if no sufficient assimilation data is
added in each HRRR run, the TLE members will be
similar, and any weighting method will fail to improve
QPFs relative to a single member. For instance, Raynaud
et al. ™1 demonstrated that the use of the flow-dependent
Bayesian weighting of TLE forecasts does not lead to a
noticeable gain in the forecast quality.

Based on two domestic real-time HRRR models,
CMA-GD(R3) and CMA-SH3, this study aims to optimize
the use of massive HRRR outputs to improve predictions
on both spatial representations and rain rates by employing
an optimized probability-matching (OPM) method.
Section 2 provides an overview of the data and
introduces the OPM technique. Section 3 discusses the
results of the experiments. The summary and conclusions
are presented in the final section.

2 DATA AND METHODOLOGY

2.1 Introduction to CMA-GD(R3) and CMA-SH3

The precipitation products from two real-time
convection-permitting HRRR models, CMA-GD(R3) and
CMA-SH3, provided by the CMA were used in this paper
(Fig. 1), with a horizontal grid spacing of 3 km from
March 1 to August 31, 2021. Note that only the data from
May 1 to August 31 were used for algorithm verification,
and the data from March 1 to April 28 were only used as a
training dataset.

The CMA-GD model was developed by the
Guangdong Meteorological Service based on the Global/
Regional Assimilation and Prediction System (GRAPES),
with horizontal resolutions of 1 km (official name: CMA-
GD(R1)) and 3 km (official name: CMA-GD(R3)),
respectively (Zhong et al. ®!; Chen et al. *)). The 3-km
version is used in this study because the 1-km version is
only for Guangdong (18°-27°N, 107°-119°E) and does
not include our study area.

The Shanghai Meteorological Service has been
running the CMA-SH model for more than 10 years,
based on the Weather Research and Forecasting (WRF)
model. It has horizontal resolutions of 9 km (official name:
CMA-SH9) and 3 km (official name: CMA-SH3),
respectively (Zhang et al. B”). The 3-km version is used
in this study because the 9-km version only provides
twice-daily products and does not meet our short-range
forecasting needs.

Table 1 shows the configurations of these two HRRR
models. They have different microphysics, planetary
boundary layers, initial conditions, and lateral boundary
conditions, as well as different numbers of vertical levels
and forecast hours.

Stational observations were used as the “truth” in this
study. The HRRR gridded data were interpolated to 420
selected stations in Hunan Province (24.5°-30.1°N, 108.7°—
114.5°E) with the nearest neighborhood method, which is

(a) Domain (b) Gauge stations
40°N A
29°N
30°N 4 .
o4 .. ..
‘. L]
oN 4 o o o
20°N 27°N e
LRI
e o °
) .'
10°N 4
)
7 [ JCMA-SH3
R : 25°N
0°4 = [ |CMA-GD(R3)
90°E 100°E 110°E 120°E 130°E 110°E 112°E 114°E

Figure 1. (a) Domain of CMA-GD(R3) (blue box: 16.6°=30.76°N, 96.6°—122.76°E) and CMA-SH3 (pink box: 17.38°-43.41°N,
106.61°—136.03°E) in the Lambert map projection. The red line represents the location of Hunan Province (24.5°-30.1°N, 108.7°
—114.5°E). (b) Locations of 420 automatic rain gauge stations (black dots) in Hunan.
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Table 1. Model and physics configuration for convection-permitting HRRR models CMA-GD(R3) and CMA-SH3.

Configuration CMA-GD(R3) CMA-SH3
Microphysics WSM6 Thompson
Planetary boundary layer New-MRF Yonsei University (YSU)
Initial conditions ECMWF Global Forecasting System (GFS)
Lateral boundary conditions ECMWF Global Forecasting System (GFS)
Vertical levels 65 51
Grid spacing ~3 km ~3 km
Forecast duration 36 h 24 h
Operation frequency Per hour Per hour

Organization

Guangdong Meteorological Service

Shanghai Meteorological Service

applicable to HRRR (James et al. ') to be consistent with
the observations. This interpolation was performed before the
development of the HRRR-TLE system.

Moreover, given that the HRRR model needs some
spatial spin-up to simulate realistic precipitation, at least
150 km grid spacing on the lateral boundary needs to be
removed in the application (Brisson et al. P"), as the
driving model did not consider the morphogenesis of
hydrometeors. Therefore, data from CMA-GD(R3) on the
northern edge of Hunan was slightly affected by the spatial
spin-up, but the overall dataset for most areas of Hunan is
reliable.

2.2 Development of the time-lagged ensemble and the
HRRR-TLE system

The TLE is developed from a series of high-
frequency runs with different initial conditions, which
uses the most recent model outputs to forecast the next 0
—12 h. For example, Fig. 2 shows a typical TLE structure
with ten members from a lag time of 1 h to 10 h. Given
that the latency of the model is about 40 minutes, if the
current time is T+0 h, then the latest updated run and the
farthest run were thus generated by the previous hour
(T—1 h model run, namely T1) and the previous 10th hour
(T—10 h model run, namely T10), respectively.

The HRRR-TLE system used in this study is a
twenty-member size system, including ten members from
CMA-GD(R3) and ten members from CMA-SH3. The
details of each member are shown in Table 2; for each lag
time, members come from these two models. After the
system was constructed, four initial times, at 0000, 0600,
1200, and 1800 UTC, were used for the calculation and
verification of the algorithm.

Lag time Current time Forecast time
o s
¢ —>
—10 h run —lhrun Oh 1h 12h
(T10) (T1)

Figure 2. Illustration of a typical time-lagged ensemble (TLE)
with a size of ten members (T1-T10). Taking a single model
CMA-GD(R3) as an example, if the current time is T+0 h, then
the latest outputs are generated by the T—1 h model run (namely
T1) since the latency of this model is about 40 minutes, and the
farthest run is the T—10 h model run (namely T10).

2.3 Optimized probability-matching method and sensi-
tivity experiments

The traditional probability-matching method (PM) is
an equal-weight bias-correction technique based on EM.
Technically, it uses the ensemble average as the
precipitation spatial distribution and the median of
ranked ensemble predictions as precipitation intensity
(Fig. 3a).

Compared with PM, OPM aims to improve
precipitation predictions on both distribution and
intensity based on the performance of each ensemble
member during the training window (Fig. 3b). In order to
have enough samples for heavy rain, this study adopted the
previous 60 days as the training window.

In rainfall distributions, a dynamic sliding-weight
average method that is demonstrated as effective for multi-
model bias correction (Liu et al. ")) was employed to

Table 2. Details of two latest and two farthest HRRR-TLE members from CMA-GD(R3) and CMA-SH3, respectively, taking the hourly

precipitation from 1200 to 1300 UTC as an example of prediction.

HRRR-TLE members Description Model initial time Lag time Forecast hour
TI(GD") Latest outputs of CMA-GD(R3) 1100 UTC lh 1-2h
TI1(SH™) Latest outputs of CMA-SH3 1100 UTC 1h 1-2h
T10(GD) Farthest outputs of CMA-GD(R3) 0200 UTC 10 h 10-11 h
T10(SH) Farthest outputs of CMA-SH3 0200 UTC 10 h 10—-11 h

*CMA-GD(R3) based on GRAPES model
“CMA-SH3 based on WRF model



364 Journal of Tropical Meteorology Vol.30
HEN [ | EEN
N (., , HENE
EEN g | - EEE
BEEL O -
@PM Vo> HEl > B 5~ ha
amd . : Rank_2
: + :
11 EEN
NN 1/n Rank n 1]
L] ] | - L] ]
Ensemble Equal-weight Value ascending ~ Value ascending Ensemble
| 777777777777777777777 =
| PM |
./, 'EEE g T
| ] B w, x 1/n HER
Rank_1
EEE | HEE [« W - EEE : EEE
| EEL O
Cost
(b) OPM x W, | Vied | N Ed |:| \ < | os.
Ol : | function
| [ ] Rank 2
: + | : + : [ :
EEE A EEN | EEE
HEE.;, AR e, HEE EEE
EEE C L u - HEE (1]
Ensemble Ensemble Equal-weight Value ascending  Value ascending Ensemble | Ensemble

Figure 3. An illustration of (a) PM and (b) OPM. OPM has two upgrades relative to PM: one is the weight of the ensemble used for
precipitation distribution, and the other is the selection of ensembles used for precipitation intensity.

replace the equal-weight EM of PM. The weight of each
HRRR-TLE member is calculated as follows.

Step 1: For a given training window, we calculate the
Spearman correlation coefficient (SCC) of each ensemble
member at the same forecast time every day.

Step 2: For each forecast time, only the maximum
SCC (SCC-max) and corresponding ensemble members
are retained. Then, the sum of SCC-max (SSCC-max)
retained by each member during the entire training period
is calculated.

Step 3: The weight of each member is determined by
dividing its SSCC-max by the SSCC-max of all members.

After the above steps, the improved distribution is
obtained via a weighted average method.

With respect to rainfall intensity, a subset of
successful members with higher accuracy is selected as
the source of rain rates. Generally, there are many widely
used performance indicators for quantitative precipitation
forecasts (QPFs), such as the mean absolute error (MAE),
root mean square error (RMSE), equitable threat score
(ETS), and frequency bias. However, the scale-dependent
measures (MAE and MSE) are sensitive to forecasting
outliers and may produce extremely biased results when the
dataset includes outliers (Chen et al. %), while the
dichotomous metrics (ETS and bias) cannot simultaneously
assess the performance of different thresholds. Therefore,
here, two indicators that theoretically meet our
optimization requirements were used as the cost function
for selecting a subset of best-performing members. One is
the commonly used correlation coefficient (CC), and the

other is the symmetric mean absolute percentage error
(SMAPE, Armstrong %)), CC can effectively measure the
linear relationship between the observation and
predictions; while SMAPE is informative in representing
rainfall accuracy, is resistant to outliers, and is favored for
rainstorm forecasting. The equations for SMAPE and CC
are shown as follows.

SMAPE :zlvi
i1

£ 7)o 0)
EL e o o)

where O and F represent the observation and model
outputs, respectively, while i represents the ith sample, and
N represents the number of valid samples.

Theoretically, SMAPE has the following advantages:
(1) it is scale-independent and avoids being dominated by
a single outlier; (2) it has a bias favoring heavy rainfall
forecasting, which is effective in selecting predictions with
a higher ETS and lower bias.

Furthermore, a series of sensitivity experiments using
different optimized ratios were designed to test the
sensitivity of the prediction relative to the optimization
size. The steps of OPM tests are as follows.

Step 1: For a given training window, the cost function
of each ensemble member is calculated during the entire
training period.

’

Fi—0;
Fi+0;

CC=
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Step 2: Ranking the values of the cost function, we
obtain the sequence numbers of each ensemble member.
Then, a subset of optimized members is constructed by the
best N members (Table 3).

2.4 Verification methods

Common scores (Rossa et al. ) of the equitable
threat score (ETS), bias extent (BE), and precipitation
intensity (PI) were used to assess the skill in predicting
hourly precipitation at four given thresholds (1+, 5+, 10+,
and 20+ mm h’; e.g., “1+” means = 1). The evaluation
expressions are presented in Table 4, that ETS verifies the
prediction of precipitation distribution, BE verifies the
prediction of precipitation frequency, and PI verifies the
average intensity of those rainfall samples (0.1+ mm h™").
The perfect score for ETS and BE is 1 and 0, respectively,
while an ETS close to zero or negative indicates poor
location prediction skill, and a BE close to zero indicates
poor frequency prediction at a given threshold.

3 RESULTS

3.1 Results of OPM

Figure 4 compares the performance of HRRR-TLE
members, PM, and OPM with different cost function. On
average, the ETS skills of the HRRR-TLE system are
0.118, 0.046, 0.019, and 0.005 at thresholds 1+, 5+, 10+,
and 20+ mm h™', respectively, and the BE skills are 0.501,
0.544, 0.542, and 0.550. Specifically, among all twenty
ensemble members, T1(GD), T6(GD), T7(GD), and T4
(GD) show the best performance at the above thresholds,
with ETS scores of 0.142, 0.058, 0.026, and 0.009; the
skills of T1(GD) rank 1st, 5th, 7th, and 4th at the above
four thresholds, respectively (Figs. 4a and 4b). With
respect to frequency bias, T10(GD) have the lowest BE
scores at all thresholds, with scores of 0.253, 0.293, 0.240,
and 0.056, respectively (Figs. 4c and 4d). Therefore, we

conclude that the two latest members T1(GD) and T1(SH)
are not always the best-performing members in the HRRR-
TLE system, and there is not a consistently best member
for different indicators. However, the traditional PM can
exceed the overall skill of the system, with an increase of
23.6%, 22.9%, 14.4%, and 4.8% in ETS, and a decrease of
0.1%, 0.7%, 1.3%, and 8.9% in BE (Table 5).

As shown in the OPM100% test, after changing the
distribution, the skills of all indicators are improved or
maintained compared with PM, indicating that the
dynamic sliding-weight method of OPM is effective for
the HRRR-TLE system. Furthermore, if both spatial
distribution and rain rates are changed at the same time
(eg., OPM10%—-90%), the improvement will be greater. In
sensitivity experiments with optimization rates between
10% and 90%, both OPM(SMAPE) and OPM(CC)
showed a notable advantage over PM in ETS and BE
skills. Additionally, the cost function SMAPE works better
than CC in increasing the ETS skill for the 20+ mm h™'
precipitation; therefore, OPM(SMAPE) tests are used in
the following discussion.

3.2 Results of sensitivity experiments

Figure 5 compares the performances of different
optimization ratios on the OPM(SMAPE) (Table 2). The
results reveal that all tests have a higher ETS than PM, but
only those with a ratio below 50% can decrease the BE
skills. Specifically, OPM20% with four members and
OPM10% with two members achieve the best ETS and BE
skills in 20+ mm h™' predictions. Given the operational
demand of severe convection forecasting, the OPM20%
test is selected as the optimal test in the following further
analysis. Its ETS and BE skills in 20+ mm h™' are 0.009
and 0.472, respectively, with a 64.6% and 5.7%
improvement relative to PM (Table 6). According to the
principle of the OPM method, it has been improved in

Table 3. Design of sensitivity experiments. N represents the optimization ratios for OPM, including 10%, 20%, 30%, 40%, 50%, 60%,
70%, 80%, 90%, and 100%, respectively. Note that when the optimization ratio is 100%, the OPMs with different cost functions are the
same, and the only difference between OPM and PM is the spatial distribution.

Experiment Distribution Intensity Training window Cost function
PM Equal-weight ensemble mean Median of ranked ensemble predictions None None
o . Same as PM, but using optimized ensembles
OPM(SMAPE) Sliding-weight average with the best N members Past 60 days SMAPE
OPM(CC) Same as OPM(SMAPE) Same as OPM(SMAPE) Past 60 days CC

Table 4. Metrics used in this study. a, b, ¢, and d represent the number of hits, false alarms, misses, and correct negatives, respectively;
Arandom TEPTesents the number of hits due to random chance; i represents the ith precipitation sample (0.1+ mm h'); Fand N represents the

intensity and number of valid precipitation samples, respectively.

Metrics Expression Perfect score Description
ETS __ 9 Qrndom 1 Equitable threat score
atb+c— @ random
BE atb _ 0 Bias extent
atc
| &
PI Precipitation intensity

N

i

FZ,
=
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Figure 4. Evaluation histograms of each HRRR-TLE member (red), the latest two members (yellow and blue), PM (black), OPM100%
(gray), and OPM20%—90% with different cost function (dark green and light green) from 1 April to 31 August 2021 for 0—-12 h
forecasts. (a, b) ETS; (¢, d) BE at given thresholds (1+, 5+, 10+, and 20+ mm h™"). The PM and OPM methods are shown in Fig. 3. Note
that the OPM100% tests with different cost functions are the same, and the only difference between OPM100% and PM is the spatial
distribution. The error bar represents the mean + standard error. The perfect score is 1 and 0 for ETS and BE, respectively.

Table 5. Improvement of PM relative to the average of HRRR-TLE system.

M ETS BE
1+ S5+ 10+ 20+ 1+ 5+ 10+ 20+

Score 0.145 0.056 0.021 0.006 0.501 0.540 0.535 0.501
Improvement 23.6% 22.9% 14.4% 4.8% 0.1% 0.7% 1.3% 8.9%
aspects distribution and intensity (Fig. 3). cost function in favor of heavy rainfall forecasting.
3.3 Diurnal variation Furthermore, during the daytime (0000—1100 UTC),

The above results indicate that OPM works better OPM improves PM during nine moments (75%), nine
than PM in long-term statistics. Here, we further explore moments (75%), and eleven moments (92%) in the ETS of

the time of day during which OPM performs well and the weak rain, ETS of heavy rain and SMAPE, respectively. In

times during which it performs poorly. Fig. 6 compares the contrast, during nighttime (1200—-2300 UTC), it works for

results for PM and OPM20% in 24-h forecasting. nine moments (75%), ten moments (83%), and eleven
Overall, OPM works better in most time periods of moments (92%) with respect to the above metrics. Briefly,

daily forecasting than PM, with higher ETS skills in both OPM can steadily improve PM in both daytime and

weak rain (Fig. 6a) and heavy rain (Fig. 6b), and it exhibits nighttime periods.

a lower SMAPE (Fig. 6d). In particular, the results also 3.4 Severe weather prediction examples

show that the rainfall intensity of OPM has a notable Figures 7 and 8 present two severe convective

increase relative to PM and observations (Fig. 6¢), which weather (SCW, =20mmh™') examples over Hunan

is consistent with the unique advantages of the SMAPE Province from 2021 to illustrate the effectiveness of
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Figure 5. Comparison of 0—12 h ETS (left panels) and BE (right panels) in the OPM(SMAPE) sensitivity experiments at thresholds of
of (a, b) 1+ mm h™", (¢, d) 5+ mm h™", (e, f) 10+ mm h™', and (g, h) 20+ mm h™" from April 1 to August 31, 2021. Note that OPM100%
only has a spatial distribution different from PM. The perfect score is 1 and 0 for ETS and BE, respectively. The details of the

experiments are shown in Table 3.

Table 6. Improvement of OPM20% relative to PM.

ETS BE
OPM20%
1+ 5+ 10+ 20+ 1+ 5+ 10+ 20+
Score 0.154 0.062 0.025 0.009 0.367 0.446 0.456 0.472
Improvement over PM 6.1% 10.1% 16.4% 64.6% 26.8% 17.4% 14.8% 5.7%

OPM, which is initially at 1800 UTC May 6 (Case I) and
1200 UTC May 2 (Case II), respectively. In these two

cases, the 0—12 h prediction trends of CMA-SH3 and
CMA-GD(R3) differ; that is, as time approaches,
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Figure 6. Diurnal variation for PM and OPM20% from April 1 to August 31, 2021. (a) ETS of weak rain 5+ mm h™', (b) ETS of heavy
rain 10+ mm h™', (c) PL, and (d) SMAPE. The black, blue, and pink lines represent the observation, PM, and OPM20%, respectively. The

dotted lines indicate the results of 1600 UTC.

precipitation weakens in one and strengthens in the other
(Figs. 8e—8x).

According to the observation, in Case I, there is
convective cloud growing in the middle of Hunan (Fig.
7¢), and the convective rain happens under the influence of
cold air and shear lines, with a divergence reaching
—1x107s™" on the 850 hPa weather chart (Fig. 7a) and a
maximum intensity of hourly precipitation of 36.6 mm h™'
(Fig. 8al). In Case II, a convective system is moving into
Hunan (Fig. 7c), and the convective rainfall occurs under
the influence of a developing southwest vortex in the
Sichuan Basin and strong low-level jet (=12 m s ') on the
850 hPa weather chart (Fig. 7b), with a maximum hourly
precipitation of 40.5 mm h™' (Fig. 8a).

Furthermore, the difference in predictions between
PM and OPM indicates that the new approach effectively
eliminates the false alarms of redundant precipitation in
the rain belt and decreases the number of missing rainfall
(Figs. 8b—8d). For example, in Case I, the redundant
precipitation of PM in western Hunan is weakened, and the
missing severe precipitation in eastern Hunan is enhanced
by the OPM (Figs. 8bl and 8c1). The results of Case II are
consistent with Case I in that the new method can also
strengthen the severe precipitation in the south and
eliminate the redundant precipitation in the northwest.
As a result, the ETS skill of the convective precipitation of
OPM increases by 31.6% and 112.2% relative to PM in
two cases, respectively, and the BE decreases by 99.4%
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Figure 7. Observation and forecasting performance for two severe convective weather cases (=20 mm h™) over Hunan Province. (a, b)
Synoptic situation by ERAS, including geopotential height (black contour, contour interval is 4, units: dagpm) at 500 hPa, wind (blue
barb, units: m s™'), divergence (red contour, units: 10~ s™), and specific humidity (shading, units: g kg™') at 850 hPa. (c, d) Brightness
temperature (units: K) at 10.8 um by FengYun-4A. (e, f) 0—12h ETS and BE skills of 20+ mm h™' by two latest HRRR-TLE members,
PM and OPM20%. The initial forecasting times are 1800 UTC May 6 (Case I) and 1200 UTC May 2, 2021 (Case II), respectively, and

the observed time is 6 h after the initial time.
and 66.7%, respectively (Figs. 7e and 7f).

4 CONCLUSIONS

Based on a twenty-member HRRR-TLE system
developed from two domestic real-time HRRR models, i.
e., CMA-GD(R3) and CMA-SH3, this study proposed an
OPM method to improve QPFs of both spatial
representations and rain rates, based on the relationship
between ensemble forecasts and the observations during
the training window. Furthermore, a series of sensitivity
experiments using different indicators and different

optimized ratios were conducted to test the sensitivity of
the OPM prediction relative to the cost function and
optimization size. The following is a summary of the
findings.

In the HRRR-TLE system, the latest two members T1
(GD) and T1(SH) were not always the best-performing
members in long-term statistical verification, as measured
by ETS and BE. The overall skills at thresholds of 1+, 5+,
10+, and 20+ mm h™! were 0.118, 0.046, 0.019, and 0.005
in ETS, respectively, and 0.501, 0.544, 0.542, and 0.550 in
BE. Specifically, T1(GD), T6(GD), T7(GD), and T4(GD)
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Figure 8. The 0—12 h maximum hourly precipitation valid for two severe convective weather cases (=20 mm h™') over Hunan Province,
showing (a) observation, (b) PM, (c) OPM20%, (d) difference between OPM20% and PM, and (e—x) each HRRR-TLE member. Case I
initiates at 1800 UTC May 6, 2021. Case II initiates at 1200 UTC May 2, 2021. The yellow upward and downward arrows represent
strong convective weather that increases and decreases as time approaches.

were the most skilled members at the above thresholds,
respectively. With respect to frequency bias, T10(GD)
worked best at all thresholds. Therefore, there is not
always the best ensemble member for different indicators,
but the traditional PM can exceed the overall skill of the
system.

In the sensitivity experiments, OPM was effective in
improving short-range forecasts on both the distribution
and rain rates for the HRRR-TLE system. The results of
the OPM100% test illustrated that the dynamic sliding-
weight method for ensemble members was effective in
improving rainfall spatial representations. The OPM10%
—90% tests showed that the optimization method by both
cost functions SMAPE and CC worked in selecting skilled
members with higher accuracy and can improve
predictions. This is because the new approach effectively
eliminated the false alarms of redundant precipitation and
decreased the number of missing rainstorms, which means
that the optimized HRRR-TLE members were closer to the
real prediction. Moreover, OPM showed good stability in
both daytime and nighttime periods.

In particular, in the 20+ mm h™' convective
precipitation forecasts, which are often difficult to

predict, SMAPE worked better than CC, and only those
with a ratio below 50% could improve ETS and BE skills
at the same time. Among them, OPM20% with four
optimized members performed the best, with a 64.6% and
5.7% improvement in ETS and BE, respectively, relative
to PM.

Data Availability Statement: Data and code for this work
is available in Zenodo (Liu ).
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