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ABSTRACT

In this study, the Institute of Atmospheric Physics, Chinese Academy of Sciences - regional ensemble
forecast system (IAP-REFS) described in Part I was further validated through a 65-day experiment using the
summer season of 2010. The verification results show that IAP-REFS is skillful for quantitative precipitation
forecasts (QPF) and probabilistic QPF, but it has a systematic bias in forecasting near-surface variables.
Applying a 7-day running mean bias correction to the forecasts of near-surface variables remarkably improved
the reliability of the forecasts. In this study, the perturbation extraction and inflation method (proposed
with the single case study in Part I) was further applied to the full season with different inflation factors.
This method increased the ensemble spread and improved the accuracy of forecasts of precipitation and
near-surface variables. The seasonal mean profiles of the IAP-REFS ensemble indicate good spread among
ensemble members and some model biases at certain vertical levels.
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1. Introduction

In Zhu et al. (2012; hereafter Part I), a short-range
regional ensemble forecast system (called the Institute
of Atmospheric Physics, Chinese Academy of Sciences-
Regional Ensemble Forecast System, IAP-REFS) was
developed to predict summer stratiform precipitation
events in northern China (defined in this paper as part
of North China and all of Northeast China, as shown
in Fig. 1). One of the purposes of the development of
IAP-REFS was to support a broader research project
which aims to develop a novel cloud-seeding operation
system for rain enhancement in northern China. In
this cloud-seeding operation system, real-time prob-
abilistic determination of the rain enhancement po-
tential of a cloud-seeding operation is predicted from

a two-tier ensemble forecasting system that consists
of a regional ensemble forecasting subsystem, IAP-
REFS, and a 1D cloud-seeding model ensemble sub-
system. The 1D cloud-seeding model is driven by en-
semble model soundings from IAP-REFSa. Thus IAP-
REFS serves two purposes: (1) to provide ensemble-
based probabilistic forecasts of stratiform precipitation
weather systems; and (2) to provide ensemble model
soundings for the 1D cloud-seeding ensemble subsys-
tem.

IAP-REFS was validated in Part I through a sin-
gle rainfall case that occurred on 5–7 June 2009 (Zhu
et al., 2012). In this study, IAP-REFS was further
validated through a summer forecast experiment con-
sisting of 65 days from 9 June to 18 August 2010b,
which aimed to assess the stability and performance

∗Corresponding author: ZHU Jiangshan, zhujiangshan@mail.iap.ac.cn
aThe cloud-seeding model ensemble is not discussed in the present paper, but in a separate paper: Jin, L., F. Kong, H. Lei, and

Z. Hu, 2012: A new method of using WRF to drive a 1D cloud-seeding model. Submitted to Adv. Atmos. Sci..
bSix days (7–8 July, 3–5 August, and 8 August) are omitted because of failure to properly archive the data.
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Fig. 1. The domain of IAP-REFS.

of IAP-REFS in an operational setting. Specifically,
the statistical consistency (with or without the ensem-
ble members and observations from the same distri-
bution) of IAP-REFS was examined using ensemble
spread and rank histograms of selected meteorological
fields at 500 hPa and at the near-surface level. Hori-
zontally averaged profiles of individual members over
the model domain throughout the entire season were
generated to depict the mean state of the ensemble
at all vertical levels. These profiles also provided a
glimpse of the reliability of the ensemble model sound-
ings that will be used to drive the 1D cloud-seeding
model. Quantitative precipitation forecasts (QPF),
probabilistic QPFs (PQPF), and forecasts of temper-
ature at 2-m above ground (T2) and wind speed at 10-
m above ground (WIND10) were examined to validate
IAP-REFS’s performance as a regional short-range en-
semble forecast system.

In the single case study in Part I, it was shown that
the National Centers for Environmental Prediction
(NCEP) Global Ensemble Forecast System (GEFS),
used as ensemble initial conditions (ICs) and lateral
boundary conditions (LBCs) for IAP-REFS, is under-
dispersive over the IAP-REFS domain, resulting in
underdispersion in IAP-REFS forecasts. To reduce
this underdispersion, the perturbations of GEFS fore-
casts were first extracted and then inflated by applying
a multiplicative inflation factor >1.0. This method,
hereafter termed the perturbation extraction and in-
flation (PEI) method, effectively improved the ensem-
ble spread and forecast accuracy of IAP-REFS. In this
study, the NCEP GEFS forecasts were examined over
the IAP-REFS domain through the entire summer sea-
son, and showed underdispersion statistically. There-
fore, the PEI method was applied in this seasonal ex-
periment as well. To investigate the effect of the PEI

method, three IAP-REFS ensembles were used, each
for the entire season, and each with a different inflation
factor.

The verification of the seasonal data shows a sys-
tematic bias for near-surface variables. Therefore, a 7-
day running mean bias correction (Stensrud and Yus-
souf, 2003) was applied individually to every IAP-
REFS member at each grid point to generate bias-
corrected forecasts of T2 and WIND10.

The remainder of the paper is organized as follows.
The experiment design is described in section 2, fol-
lowed by the results of the seasonal experiments in
section 3. The results are summarized in section 4.

2. Design of the seasonal experiment

2.1 Model configuration

As described in detail in Part I (Zhu et al., 2012),
IAP-REFS consists of 11 ensemble members, with one
control and 10 perturbed members. The Advanced
Research version of the Weather Research and Fore-
cast (WRF-ARW) Model version 3.2 (Skamarock et
al., 2008) was used; it has 132 (lon.)× 102 (lat.) hor-
izontal grid points at a grid spacing of 15 km and 50
vertical levels for all members. The model domain was
centered at 43◦N, 121◦E, covering part of North and all
of Northeast China (Fig. 1). Each IAP-REFS member
was configured using unique ICs, LBCs, and physics
options. The ICs and LBCs of the control member
were acquired by downscaling the NCEP Global Fore-
cast System (GFS) analyses/forecasts (T382L64, 3-h
intervals, horizontal resolution 0.5◦×0.5◦). The ICs
and LBCs of perturbed members were provided by the
selected perturbed members from the NCEP GEFS
analyses/forecasts (T126L28, 6-h intervals, horizontal
resolution 1.0◦ × 1.0◦). Because the GEFS has a total
of 21 members (one control and 20 perturbed), only
10 GEFS perturbed members were randomly chosen
to serve as ICs and LBCs for the perturbed members
of the IAP-REFS forecast in each case day. The PEI
method was applied both on the IC and LBC pertur-
bations.

The configuration of physics options for each IAP-
REFS member is displayed in Table 1. The differences
in physics options among the members allowed greater
diversity and represent model physics uncertainties in
the ensemble system.

The IAP-REFS was validated through 65 case days
from 9 June to 18 August 2010. In each case day, a
pre-generated random number array was used to pick
10 random perturbed members from the GEFS. The
random array was different from case to case. For all
case days, forecasts started at 0000 UTC and were in-
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Table 1. Physics options for each ensemble member. CN is the control member. P01-P10 are the perturbed members.
The longwave radiation in all members was set to RRTM. The surface layer scheme in all members was set to MO.

Member Microphysics Shortwave radiation PBL Land-surface Cumulus

CN Ferrier Goddard MYJ Noah KF
P01 Ferrier Dudhia YSU Noah BMJ
P02 WSM 6 Dudhia YSU RUC KF
P03 WSM 5 Dudhia YSU RUC GD
P04 WSM 6 Goddard MYJ Thermal BMJ
P05 Ferrier Dudhia MYJ Thermal KF
P06 WSM 3 Goddard YSU Thermal BMJ
P07 Ferrier Goddard YSU Noah GD
P08 Ferrier Dudhia MYJ Noah KF
P09 WSM 5 Goddard YSU Noah BMJ
P10 WSM 3 Dudhia MYJ RUC KF

Note: abbreviations are as follows: Betts–Miller–Janjic (BMJ), Grell–Devenyi ensemble scheme (GD), Kain–Fritsch (KF), Land-

Surface Model (LSM), Monin–Obukhov (MO), Mellor–Yamada–Janjic (MYJ), NCEP-Oregon State University-Air Force-Hydrologic

Research Lab Planet (NOAH), Planetary Boundary Layer (PBL), Rapid Radiative Transfer Model (RRTM), Rapid Update Cycle

(RUC), 5-layer thermal diffusion (Thermal), WRF Single-Moment 3/5/6-class (WSM3/5/6) and Yonsei University (YSU). For

details on the physical parameterization packages and references, see Skamarock et al. (2008).

tegrated for 48 hours.

2.2 PEI method

In Part I we demonstrated that the underdispersed
ICs and LBCs for 5–7 June 2009 precipitation from
the parent GEFS forecasts caused underdispersion in
the IAP-REFS ensemble forecasts. The same anal-
ysis was applied to all case days studied. Figure 2
shows the ensemble spread and the ensemble mean
root-mean-square error (RMSE) of 500-hPa geopoten-
tial height fields (GHT500) of the 10-member GEFS
subset over the IAP-REFS domain, averaged over all
seasonal experiment days. The RMSE was computed
against 6-h GFS analysis data. Over the IAP-REFS
domain, the ensemble spread of the GEFS subset was
only approximately half of its ensemble mean RMSE,
indicating that the GEFS subset was seasonally under-
dispersive in the first 48 hours over this limited region
domain. Using the full GEFS (21-member) data re-
veals very similar features as the 10-member GEFS
subset in Fig. 2. Therefore, the PEI method proposed
and tested in Part I was also applied in this seasonal
experiment.

The PEI method was applied in three steps: (1) the
ensemble perturbations were first extracted by sub-
tracting the ensemble mean (of the GEFS subset) from
the 10 selected GEFS perturbed members; (2) the ex-
tracted perturbations were inflated by applying a mul-
tiplicative inflation factor >1.0; and (3) the inflated
perturbations were added back to the ensemble mean
to construct the new perturbed ICs and LBCs.

The PEI method was applied to geopotential
height, temperature (T ), horizontal winds (U , V ), and
specific humidity for all perturbed members at all ver-

tical levels. GHT500 was used as the scale variable
to determine the value of the inflation factor for all
variables at all levels.

Several IAP-REFS ensemble experiments were per-
formed using different inflation factors through the
whole season to evaluate the effectiveness of the PEI
method. Because the ensemble spread was only ap-
proximately half the ensemble mean RMSE in Fig. 2,
and because an inflation factor with a value of 2.0 was
tested in Part I and found to be suitable, a value of 2.0
was retained in this study (giving rise to experiment
INF 2.0). Sensitivity tests of the forecast consistency
to the value of this factor were conducted using values
of 1.5, 2.5, and 3.0 as well, but only the experiment
with the factor value of 2.5 (INF2.5) is shown in this
paper because, together with the INF2.0, it gives a

Fig. 2. Seasonally and area-averaged 500-hPa geopoten-
tial height ensemble spread and ensemble mean RMSE
from 10-member GEFS subset (SPREAD and MEAN
RMSE, respectively), calculated over the IAP-REFS do-
main and verified against GFS 6-hourly analyses.



18 A REGIONAL ENSEMBLE FORECAST SYSTEM FOR PRECIPITATION FORECAST VOL. 30

narrow range for the optimal inflation factor. A non-
inflation experiment (NOINF) was conducted as a con-
trol experiment, in which all members were directly
driven by the GFS analyses/forecasts (for the IAP-
REFS control member) and by 10 selected GEFS (for
the perturbed members) members’ analyses/forecasts
(i.e., the inflation factor takes a value of 1.0). These
three IAP-REFS experiments (each comprised of its
own ensemble) differed only in the ICs and LBCs used
to force the perturbed members. They had the same
control member, consisted of the same 65 case days
from 9 June to 18 August 2010, and used the same
pregenerated random number list to select members
from the GEFS in each case day. Both INF2.0 and
INF2.5 are referred to as “PEI experiments” in the
following text, while the NOINF is referred to as the
“non-PEI experiment.”

2.3 Verification data

The GFS analysis (resolution of 0.5◦×0.5◦), avail-
able at 0000, 0600, 1200, and 1800 UTC, was used as
verification data for all meteorological variables except
precipitation. To verify QPF and PQPF, the daily
24-h rainfall analysis data (0000 UTC to 0000 UTC)
were used. The data, issued by Chinese Meteorological
Administration, were generated using the optimal in-
terpolation (based on the background climate field) of
rain gauge data from over 2400 rain gauge stations in
China, covering all of mainland China at a horizontal
resolution of 0.25◦ (Shen et al., 2010). All verification
data were remapped to the 15-km IAP-REFS domain
prior to verification.

3. Results

The ensemble spread and rank histograms of the
meteorological fields at 500 hPa and near-surface level
were first verified to display the statistical consistency
of the IAP-REFS. Then the horizontally averaged pro-
files over the entire domain through the whole season
were verified against GFS analyses to depict the mean
state of the ensemble at all vertical levels and to show
the reliability of the ensemble model soundings gen-
erated by IAP-REFS in a seasonal mean perspective.
Finally, the forecast skill scores of precipitation and
near-surface variables were examined to demonstrate
the IAP-REFS performance in a regional short-range
ensemble forecasting application.

3.1 Time evolution of the ensemble spread

The ensemble spread (root-mean-square difference
of all the ensemble members from the ensemble mean)
is a convenient criterion to measure the dispersion of
the ensemble forecast system. In a good ensemble fore-

cast system, the ensemble spread should match the
ensemble mean forecast error (Hou et al., 2001). Fig-
ure 3 shows the domain-averaged ensemble spread and
RMSE of the ensemble mean and of the control mem-
ber for GHT500, T , and U at 500 hPa (T500 and
U500, respectively), for T2 and relative humidity at
2 m above the ground (RH2), and for WIND10 from
all three experiments. The ensemble means in all three
experiments had a lower RMSE (more accurate) than
their own control forecasts for all variables, in agree-
ment with other works in the literature that the en-
semble mean outperformed the control member (e.g.,
Toth and Kalnay, 1997). The three ensembles showed
little difference in the mean RMSEs, indicating that
the inflation factors had an insignificant impact on the
RMSE of the ensemble mean. This can be attributed
to the fact that the perturbation inflation increased
the ensemble spread and may thus have improved the
reliability of the probabilistic forecast, but it has little
impact on the ensemble mean RMSE.

In contrast, the three experiments yielded very
different ensemble spreads; the two PEI experiments
showed higher spreads. At the 500-hPa level, the two
PEI experiments showed a larger spread than the non-
PEI experiment, with approximately twice the am-
plitude during the second half of the forecast. How-
ever, this effect was less pronounced in the near-surface
variables. The ensemble spreads of the PEI exper-
iments were elevated only slightly in T2 and RH2.
The increase in spread was somewhat more obvious
in WIND10, but still not as pronounced as that in the
500-hPa fields. This result probably reflects the less
diversified surface layer process, because there are only
three land surface models (LSMs) used in IAP-REFS
(Zhu et al., 2012). In addition, the soil property and
initial soil state were identical in all ensemble mem-
bers, which may have contributed to significant under-
dispersion in near surface variables (e.g., Hamill and
Colucci, 1998).

With respect to the statistical consistency of the
ensemble (i.e., whether the ensemble spread was equal
to the ensemble mean RMSE), the non-PEI experi-
ment showed clear under-dispersion for all variables
at 500 hPa and in WIND10. This underdispersion was
largely remedied in the PEI experiments, in which the
ensemble spread curves were elevated toward the en-
semble mean RMSE for all those underdispersed vari-
ables in NOINF. The three experiments all showed a
generally suitable ensemble spread in T2 and RH2,
with the T2 spread showing a diurnal shift from
overdispersion during the day to underdispersion in
the night.

Of the 500-hPa variables, INF2.0 was slightly
underdispersive, while INF2.5 was slightly overdis-
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Fig. 3. Time evolution of the ensemble spread and RMSE of the ensemble mean and of the
control forecast for 500-hPa geopotential height (HGT500, gpm), temperature (T500, K), u-
wind (U500, m s−1), 2-m relative humidity (RH2, %), temperature (T2, K), and 10-m wind
speed (WIND10, m s−1) in three experiments. RMSEs are colored dash lines, and ensemble
spreads are colored solid lines. The red, blue, green, and black lines indicate experiments
NOINF, INF2.0, INF2.5, and the control forecast of the three experiments, respectively.

persive, suggesting that the optimal inflation factor
should take a value between 2.0 and 2.5.

3.2 Rank distribution

Rank histograms (also known as a verification rank
histogram) were used to assess whether the observa-
tion was a plausible member of the ensemble fore-
casts, or more specifically, whether the verification
data were sampled from the same probability distribu-
tion as the ensemble forecasts (Anderson, 1996; Hamill
and Colucci, 1997). In a perfect ensemble system, all
of the verification data should fall equally into all the
forecast ranks, producing a flat histogram. A sloping
histogram may suggest a bias; a U-shaped histogram
may indicate underdispersion; and an A-shaped his-
togram may indicate overdispersion. It is important
to populate the rank distribution with large spatial

and temporal intervals (e.g., hundreds of kilometers,
one week apart) among samples to guarantee their in-
dependence (Hamill, 2001). However, such a sample
interval was not possible for the IAP-REFS dataset
because of the limited number of days in the season
and the relatively small domain. The rank histograms
produced in this study used samples from all available
grid points for GHT500, T500, U500, T2, WIND10,
and RH2. Thus, the resulting histograms can pro-
vide an indication of the ensemble rank distribution,
but their statistical significance should be interpreted
with caution. Figure 4 shows the rank histograms at
36 and 48 h (the rank histograms at 12 and 24 h are
similar to those at 36 and 48 h, respectively, and are
therefore omitted).

At 500 hPa, the non-PEI experiment shows evi-
dence of underdispersion and bias, with asymmetric
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Fig. 4. Rank histograms for 500-hPa geopotential heights (GHT500), temperature (T500), u-wind (U500), 2-m
above ground temperature (T2), 10-m wind speed (WIND10) and 2-m relative humidity (RH2) forecasts at 36
and 48 h, and 24 h accumulated precipitation (APCP24) forecasts at 24 and 48 h in three experiments, where
the dashed bars indicate NOINF, open bars indicate INF2.0, and shaded bars indicate INF2.5.

U-shaped rank histograms. For the PEI experiments,
the degree of underdispersion was significantly reduced
as fewer sample points were located outside the enve-
lope of the ensemble. Nevertheless, INF2.0 still showed
a slight underdispersion in the first 24 h of the fore-
cast (not shown), while INF2.5 began to show a slight
overdispersion in the second 24-h period, which was
consistent with the ensemble spread analysis presented
in section 3.1, suggesting that the optimal inflation

factor was between 2 and 2.5. The bias in the PEI
experiments also weakened to some extent as a result
of the increased spread.

At the near-surface level, all of the experiments
showed similar biases. More specifically, WIND10
and RH2 showed a bias toward higher ranks, while
T2 showed a diurnally shifting bias that ranged from
warmer at ∼36 h (2000 local time, hereafter LST) to
colder at ∼48 h (0800 LST). Again, the PEI experi-



NO. 1 ZHU ET AL. 21

Fig. 5. Seasonal domain mean bias profiles for temperature (T ), u-wind (U), v-wind (V ),
and RH at 30 h (1400 LST) from INF2.5. The blue, red, and green lines indicate the land
surface model members Noah, RUC, and thermal, respectively. Lines with diamonds are
YSU planetary boundary layer members; those without are MYJ.

ments showed less bias than the non-PEI experiment
because of their greater dispersion.

3.3 Domain-averaged profiles

As the first part of a broader research project to
develop a novel cloud-seeding operation system in a
probabilistic framework, one major role of IAP-REFS
was to provide reliable model ensemble soundings to
drive a 1D cloud-seeding model ensemblec (Zhu et al.,
2012). The reliability and accuracy of IAP-REFS fore-
cast model soundings, therefore, are the key to the suc-
cess of a 1D cloud-seeding ensemble system. Moreover,
model mean profiles are commonly used to validate
numerical weather prediction systems. Therefore, bias
profiles of individual members, horizontally averaged
throughout the entire domain for the whole season, for

T , U , V , and RH from 1000 hPa upward to 200 hPa,
were verified against the corresponding profiles of the
GFS analysis.

The bias profiles at forecast time of 30 h (day-
time, 1400 LST) and 42 h (nighttime, 0200 LST)
from INF2.5 are presented in Figs. 5 and 6, respec-
tively. The ensemble shows the smallest bias in the
mid-atmosphere, and greater bias and dispersion can
be seen at lower levels and at the near-surface level for
T , V , and RH. For T , a warm bias existed between 850
and 500 hPa. Below 850 hPa, there was a cold bias at
30 h and a warm bias for most members at 42 h. The
domain-mean RH profiles showed similar patterns for
the two forecast times: a wet bias from the surface to
800 hPa and a dry bias above 800 hPa, with maxima
at 650 and 300 hPa, and a minimum at 500 hPa. The

cThe cloud-seeding model ensemble is not discussed in the present paper, but in a separate paper: Jin, L., F. Kong, H. Lei, and
Z. Hu, 2012: A new method of using WRF to drive a 1D cloud-seeding model. Submitted to Adv. Atmos. Sci..
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Fig. 6. As for Fig. 5, but at 42 h (0200 LST).

U wind profiles had a consistently negative bias from
the surface to ∼250 hPa, with relatively small ampli-
tude of 0.7 m s−1 at 30 h and 1.1 m s−1 at 42 h. The
V wind profiles also showed small biases at some lev-
els, between ±0.8 m s−1 during the day and between
±0.6 m s−1 at night. In general, the seasonally av-
eraged ensemble profiles showed good dispersion, but
they contained some slight biases in some variables at
certain levels.

The domain-mean profiles also provided informa-
tion regarding the sensitivity to the physics options.
Although the differences among ensemble members
were not solely attributed to the physics options (be-
cause each member also had different IC and LBC
perturbations), the biases that arose from randomly
selected ICs and LBCs were reduced as a result of
averaging over the season. We found that the LSM

physics and the PBL physics strongly influenced the
temperature profiles from 1000 to 850 hPa (Figs. 5 and
6). During the daytime, the members with the Noahd

LSM option were mainly located in the warmer part
of the ensemble, while the members with the Rapid
Update Cycle (RUC) and thermal LSM options were
mainly located in the colder part. At night, two sub-
sets formed: thermal LSM members in the colder
part, and RUC and Noah members in the warmer
part. Moreover, in each subset, members with the
same PBL scheme showed similar features: Yonsei
University (YSU) members lie in the relatively warmer
part, while the Mellor–Yamada–Janjic (MYJ) mem-
bers were located in the colder part. The RH pro-
files showed sensitivity to the PBL scheme from the
near-surface level to 850 hPa, through which most of
the YSU members were drier than MYJ members and

dThe Noah, RUC, and Thermal LSMs are types of Land-Surface-Model, and YSU and MYJ are types of PBL schemes available
in the WRF model (Skamarock et al., 2008). Physics options for IAP-REFS members are described in table 1 and Part I (Zhu et
al., 2012)
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Table 2. Ensemble spread and ensemble mean (EM) RMSE and the control forecast RMSE of APCP24 forecasts in
three experiments.

RMSE SPREAD

Control NOINF EM INF2.0 EM INF2.5 EM NOINF INF2.0 INF2.5

24 h 9.0 7.0 6.8 6.7 4.6 5.5 6.0
48 h 11.1 7.6 7.2 7.3 6.0 7.7 8.7

showed smaller absolute biases. This sensitivity of T
and RH on PBL physics was similar to the results in
Hu et al. (2010).

3.4 Precipitation forecast

QPFs were verified using the Equitable Threat
Score (ETS), and the frequency bias score (BIAS) for
individual ensemble members and the ensemble mean,
and PQPFs were verified using the Brier score and the
relative operational characteristic (ROC). For details
about these scores and their definitions, see Part I and
Wilks (1995). Six forecast events were defined for light
to heavy rainfall events: 24-hour accumulated precip-
itation (APCP24) exceeded 0.1, 1, 5, 10, 20, and 50
mm. The scores were computed at 24 h and 48 h.
We also examined the ensemble spread, the RMSE of
the ensemble mean and the control member, and rank
histograms for the three experiments.

Figure 7 shows the ETS and BIAS for APCP24
forecasts of all the ensemble members from INF2.5,
along with the ensemble means from NOINF, INF2.0,
and INF2.5. The ETS provided a measure of how
well the forecast occurrence of events corresponded to
the actual (observed) occurrence of events, with val-
ues ranging from –1/3 to 1, where 1 indicates a per-

fect forecast, positive scores indicate a skillful forecast
against a random forecast, and negative scores indi-
cate no forecast skill (Stensrud et al., 2000; Hou et
al., 2001). BIAS measures whether the forecast sys-
tem has a tendency to under-forecast (BIAS <1) or
over-forecast (BIAS >1) events in terms of areal cov-
erage, but it does not measure how well the forecast
corresponds to the observations in terms of location.
The ETSs in Fig. 7 indicate that all of the APCP24
forecasts were able to predict all of the tested thresh-
olds. For thresholds above 1 mm, the three ensem-
ble mean forecasts had higher scores than those for
individual members, and the PEI experiments exhib-
ited a slight advantage over the non-PEI experiment
for most thresholds (>1 mm at 24 h and >5 mm at
48 h). The BIAS scores showed that the three en-
semble means tended to over-forecast low-threshold
events (0.1, 1, and 5 mm) and to under-forecast higher-
threshold events (50 mm). This result reflects the ef-
fect of ensemble averaging, which acted to enlarge the
rainfall area but even out the intensity. However, the
ensemble mean of the non-PEI experiment showed a
better BIAS value than did the ensemble means of the
two PEI experiments.

Table 2 lists the domain-averaged ensemble spread

Fig. 7. ETS and BIAS of APCP24 forecasts exceeding precipitation thresholds of 0.1, 1, 5, 10, 20,
and 50 mm in three experiments. The red, blue, green, black dashed, and gray dashed lines are
the ensemble means in NOINF, INF2.0, INF2.5, the control, and perturbed members in INF2.5,
respectively.
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Table 3. Reliability and resolution components of the Brier scores as well as the full Brier scores of the probabilistic
forecasts of APCP24 exceeding precipitation thresholds of 0.1, 1, 5, 10, 20, and 50 mm in three experiments.

Reliability Resolution Brier

mm NOINF INF2.0 INF2.5 NOINF INF2.0 INF2.5 NOINF INF2.0 INF2.5

24 h 0.1 0.027 0.025 0.026 0.075 0.079 0.081 0.173 0.166 0.165
1 0.016 0.012 0.010 0.066 0.071 0.072 0.154 0.145 0.142
5 0.010 0.008 0.007 0.036 0.038 0.039 0.103 0.099 0.097
10 0.006 0.004 0.003 0.020 0.022 0.022 0.067 0.064 0.063
20 0.003 0.002 0.002 0.007 0.008 0.008 0.032 0.031 0.030
50 0.0011 0.0009 0.0009 0.0006 0.0007 0.0007 0.0058 0.0055 0.0055

48 h 0.1 0.039 0.037 0.038 0.062 0.066 0.067 0.20 0.19 0.19
1 0.020 0.015 0.014 0.056 0.061 0.061 0.17 0.16 0.16
5 0.011 0.008 0.007 0.032 0.034 0.035 0.112 0.106 0.105
10 0.005 0.004 0.003 0.018 0.020 0.020 0.072 0.068 0.068
20 0.003 0.002 0.002 0.0065 0.0074 0.0073 0.035 0.033 0.033
50 0.0010 0.0009 0.0009 0.0006 0.0008 0.0007 0.0066 0.0063 0.0064

and ensemble mean RMSE of the APCP24 forecasts
at 24 and 48 h, along with the RMSE of the control
forecast. The three ensemble means showed similar
RMSEs, and all had lower RMSEs than their respec-
tive control forecasts (∼2 mm less at 24 h and 4 mm
less at 48 h). The PEI experiments had a smaller
ensemble mean RMSE and a larger ensemble spread
compared to the non-PEI experiment, which indicated
better statistical consistency for the ensembles using
the PEI method. NOINF was underdispersive at both
time levels, while INF2.0 was only underdispersive at
24 h and INF2.5 was overdispersive at 48 h. The rank
histograms of APCP24 (Fig. 4) show over-forecast bi-
ases at both forecast times for all experiments, and
the PEI experiments again had smaller biases than the
non-PEI experiment, due to their greater dispersion.

The probabilistic APCP24 forecasts for the six
thresholds at 24 and 48 h were calculated based on
the simple relative frequency of the members exceed-
ing the thresholds at each grid point. Table 3 lists the
Brier scores, which represent the root-mean-squared
error of the probabilistic forecasts. Brier scores range
from 0 to 1, with smaller values indicating a higher
probabilistic forecast skill. The Brier score can be
further divided into three terms: reliability, resolu-
tion, and uncertainty (Murphy, 1973). Table 3 shows
that all three experiments yielded similar values for all
components. The PEI experiments were slightly more
skillful than the non-PEI experiment for all compo-
nents of the Brier score. The reliability diagrams at
24 h (Fig. 8; similar results were obtained for 48 h and
are not shown) are largely consistent with the rank
histograms in which all three experiments tended to
over-forecast. The PEI experiments, however, showed
better reliability than the non-PEI experiment for all
thresholds except 0.1 mm.

The ROC assesses the ability of a probabilistic

forecast to discriminate between dichotomous events
(Swets, 1973). Given a probability threshold for a
YES/NO decision, the probabilistic forecast can be
converted to a dichotomous forecast by taking the fore-
casts above the decision probability as a YES forecast,
and below as a NO forecast. The skill of the proba-
bilistic forecast can be assessed from a ROC curve,
which connects scatter points (the “hit rate” is plot-
ted along the ordinate and the “false alarm rate” along
the abscissa) of different YES/NO decision probability
bins. The area under the ROC curve (ROC area, or
ROC AUC) is also frequently used as the ROC score.
A ROC area value <0.5 indicates no skill, whereas 0.7
is the lower limit of a useful forecast, 0.8 indicates a
good probabilistic forecast, and 1 is a perfect score
(Buizza et al., 1999).

Figure 9 shows that all three experiments exhib-
ited reasonable accuracy, with all of the ROC areas
surpassing or approaching 0.8 at 48 h (similar re-
sults were obtained for 24 h and consequently are not
shown). The PEI experiments again outperformed the
non-PEI experiment, but more prominently than for
the Brier scores. The ROC curves of the PEI exper-
iments lay above the curve for the non-PEI experi-
ment for all thresholds. The ROC areas of the PEI
experiments were larger than those of the non-PEI ex-
periment for all thresholds, with the difference being
more pronounced at higher thresholds. Notably, for
the 50-mm threshold at 48 h, INF2.5 was 0.07 higher
(∼9% higher) than NOINF in terms of ROC area, and
the hit rate of the lowest probability bin (1/11) was
∼70%, compared to 58% in NOINF. The ROC points
on the curves of the PEI experiments were more widely
scattered than those in NOINF, indicating that the
PEI experiments were more capable in terms of dis-
criminating between events with different probabilities
(which equates to better resolution).
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Fig. 8. Reliability diagram of the probabilistic forecasts of APCP24 exceeding precipitation thresholds of
0.1, 1, 5, 10, 20, and 50 mm in three experiments at 24 h, where red lines indicate NOINF, blue lines
indicate INF2.0, and green lines indicate INF2.5.

Fig. 9. ROC curves and ROC areas of the probabilistic forecasts of APCP24 exceeding precipitation
thresholds of 0.1, 1, 5, 10, 20, and 50 mm at 48 h, where the red lines indicate NOINF, blue indicate
INF2.0, and green indicate INF2.5. AUC: area under the curve.
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Generally speaking, IAP-REFS, with or without
the PEI method, performed reasonably well for both
QPF and PQPF. It is possible that this performance
not only applies to stratiform precipitation events but
also to convective precipitation, as indicated by the re-
sult for the heavy rain threshold (50 mm daily). The
PEI method, in addition to its ability to improve en-
semble dispersion in meteorological fields, has the ad-
vantage of introducing more diversity into APCP24
forecasts, thereby improving both ensemble mean fore-
casts and probabilistic forecasts in terms of reliability,
resolution, and ROC scores, especially for rare events
with a high threshold.

3.5 Bias correction of near-surface variables

As shown by the rank histograms in Fig. 4, the
three ensembles have notable biases for the near-
surface variables. We applied an n-day running mean
bias correction to the forecasts of near-surface vari-
ables on each grid point for every individual member
before verification (see Eckel and Mass, 2005). The
method involves using the n most recent days as a
training dataset to calculate the mean bias, then sub-
tracting the mean bias from the present forecasts. In
this study, n was set to 7, following Stensrud and Yus-
souf (2003). Additional days (1 June–8 June) were
added to the experiment to calculate the bias correc-
tion for the first several days of the seasonal experi-
ment (9 June–16 June). In the case of a missing date in
the training period (because of the six omitted cases),
the nearest former day was used instead.

Figure 10 shows the rank distribution for the T2,
WIND10, and RH2 forecasts at 36 h after bias cor-
rection (the results for 12, 24, and 48 h were similar
and therefore are not shown). Compared with Fig. 4,
the skewness in the histograms in Fig. 10 was cor-
rected reasonably well; however, the corrected dataset
showed a degree of underdispersion in three variables,
and the non-PEI experiment showed a more concave
histogram than those for the PEI experiments (also at
12 and 24 h; data not shown).

To calculate objective verification scores, specific
forecast events were needed. Though the ideal event
thresholds for verification should be based on the im-
portance of climate and user requirements, it was not
the focus in this study. Aiming for a preliminary inves-
tigation of the forecast accuracy of near-surface vari-
ables and the relative improvement achieved by bias
correction, three forecast events were selected with re-
gard to an adequate sample size and their relevance
to daily life: (1) T2 exceeding 15◦C, and (2) T2 ex-
ceeding 25◦C, and (3) WIND10 exceeding 5.5 m s−1

(Beaufort scale 4). The two thresholds of the T2 fore-
cast were based on the daily average T2 calculated

from GFS analysis over the entire domain and in all
cases, which was 22.32◦C. Beaufort scale 4 was chosen
because it was the largest threshold (in the Beaufort
scale) with a sufficient sample size in this study. The
ETS of the ensemble mean from the three experiments
in both the raw and bias-corrected data sets (Fig. 10)
showed that bias-removal results remarkably improved
forecast skill. The three experiments performed simi-
larly, but the PEI experiments showed slightly better
accuracy in ETS of T2 exceeding 15◦C and WIND10
exceeding 5.5 m s−1.

Probabilistic forecasts for the same three forecast
events were generated using the relative frequencies
from both the raw and bias-removed data sets. The
Brier score and ROC area were employed to verify the
probabilistic forecasts (Fig. 10). For both scores, the
bias-removed probabilistic forecasts strongly outper-
formed the raw probabilistic forecasts. In the raw and
bias-corrected forecasts respectively, the three experi-
ments showed very similar results in terms of the Brier
score; only in WIND10 do the PEI experiments clearly
outperform the non-PEI experiment. The difference in
the ROC area was more prominent compared to that
of the Brier score, with the PEI experiments showing
higher skills than the non-PEI experiment in all fore-
casts.

4. Summary

The 11-member, Advanced Research version of the
Weather Research and Forecast (WRF-ARW) model
based, fine-scale regional ensemble forecast system
(IAP-REFS) was validated through a sample of 65
case days in the summer season from 9 June to 18
August 2010. The ensemble system used multi-ICs
and multi-LBCs derived from NCEP GFS and GEFS
global analyses/forecasts. A perturbation extraction
and inflation method was applied to the ICs and LBCs
to compensate for the underdispersive perturbations
inherited from the parent global analyses/forecasts in
the northern China regional domain. Unique combi-
nations of physics options were used in each ensemble
member. Three sensitivity experiments, two with per-
turbation inflation (inflation factors value of 2.0 and
2.5) and a control experiment without perturbation
inflation, were performed using the same case dates.

The domain-averaged ensemble spread and the
rank histograms of GHT500, T500, U500, T2,
WIND10, and RH2 indicate that IAP-REFS pro-
duced appropriate dispersion at 500 hPa when the PEI
method was applied, but they show underdispersion
when the PEI method was not used. However, IAP-
REFS showed a clear bias at the near-surface level
regardless of whether the PEI method was employed.



NO. 1 ZHU ET AL. 27

Fig. 10. Verification of the bias-corrected ensembles. (a–c) Rank histograms of bias-corrected T2,
WIND10, and RH2 forecasts at 36 h. Dashed bars indicate NOINF, open bars indicate INF2.0, and
shaded bars indicate INF2.5. (d–f) ETS of T2 exceeding 15◦C and 25◦C, and WIND10 exceeding
5.5 m s−1, respectively. (g–i) Brier scores of T2 exceeding 15◦C and 25◦C, and WIND10 exceeding
5.5 m s−1, respectively. (j)–(l) ROC of T2 exceeding 15◦C and 25◦C, and WIND10 exceeding 5.5
m s−1, respectively, where red, blue, and green lines are scores of the NOINF, INF2.0, and INF2.5
experiments, respectively. Dashed and solid lines indicate the raw and bias-corrected datasets,
respectively.

The profiles of T , U , V and RH (1000–200 hPa) for
each ensemble member averaged horizontally over the
model domain and over the entire season showed good
dispersion, but with biases at some levels for some
forecast variables. Future studies may explore more
efficient bias correction techniques to render more re-
liable model soundings. Also, the T and RH biases
at lower levels were highly sensitive to the physics pa-

rameterization options of LSM and PBL.
IAP-REFS performs well at six precipitation

thresholds (0.1, 1, 5, 10, 20, and 50 mm) in terms
of verifying QPF and PQPF. The ETS showed that
for each sensitivity experiment, all of the ensemble
members were skillful and that the ensemble mean
had a clear advantage over the individual members.
The Brier score and the ROC of probabilistic APCP24
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forecasts (relative frequency) also confirmed the skill
of all three experiments. However, the BIAS score,
rank distribution, and reliability diagrams indicate an
overforecast bias in each single member QPF and in
the PQPF, which may be corrected by post-processing
calibration in future research.

The verification of forecasts of near-surface vari-
ables showed that the raw ensemble forecasts had sys-
tematic biases; consequently, a 7-day running mean
bias correction was performed on each grid point for
each member. The rank histogram, ETS, BIAS, Brier
score, and ROC area of the bias-corrected data sets
showed a marked improvement, although a degree of
underdispersion remained. Future research should fo-
cus on appropriate perturbations of surface processes
to obtain better dispersion at the near-surface level.

The results of the seasonal experiment indicate the
PEI method is effective in compensating for the un-
derdispersion in the ICs and LBCs and is stable in an
operational setting. A comparison of the sensitivity
experiments shows the advantage of the PEI method.
Compared with the non-PEI experiment, the PEI ex-
periments have a more appropriate ensemble spread
at 500 hPa and at the near-surface level, less bias at
the near-surface level, and are superior in terms of
ETS for ensemble mean QPF, Brier score and ROC in
PQPF, and ROC in the probabilistic T2 and WIND10
forecasts. However, the PEI method contributes rel-
atively little in ensemble spread at the near-surface
level. INF2.0 and INF2.5 provide an approximate
range for the value of the inflation factor for IAP-
REFS, from 2.0 to 2.5.
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