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ABSTRACT
This study pioneers the development of short-range (0–12 h) probabilistic quantitative precipitation
forecasts (PQPFs) in Taiwan and aims to produce the PQPFs from time-lagged multimodel ensembles using
the Local Analysis and Prediction System (LAPS). By doing so, the critical uncertainties in prediction processes can be captured and conveyed to the users. Since LAPS adopts diabatic data assimilation, it is utilized
to mitigate the ‘‘spinup’’ problem and produce more accurate precipitation forecasts during the early prediction stage (0–6 h).
The LAPS ensemble prediction system (EPS) has a good spread–skill relationship and good discriminating
ability. Therefore, though it is obviously wet biased, the forecast biases can be corrected to improve the skill of
PQPFs through a linear regression (LR) calibration procedure. Sensitivity experiments for two important
factors affecting calibration results are also conducted: the experiments on different training samples and the
experiments on the accuracy of observation data. The first point reveals that the calibration results vary with
training samples. Based on the statistical viewpoint, there should be enough samples for an effective calibration. Nevertheless, adopting more training samples does not necessarily produce better calibration results.
It is essential to adopt training samples with similar forecast biases as validation samples to achieve better
calibration results. The second factor indicates that as a result of the inconsistency of observation data accuracy in the sea and land areas, only separate calibration for these two areas can ensure better calibration
results of the PQPFs.

1. Introduction
Taiwan is noted for its distinctive geographic environment. Various weather systems such as spring rainfall,
mei-yu fronts, typhoons, and afternoon thunderstorms
constantly occur throughout the year. Among all weather
systems, mei-yu fronts and typhoons accompanied by
heavy rainfall often cause disasters and economic loss
to Taiwan. Therefore, the academic research and governmental organizations emphasize the importance of
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quantitative precipitation forecasts (QPFs), especially
on the short-range (0–12 h) QPFs of severe meso- and
convective-scale weather systems, as they could have the
most direct impact on people’s property and safety.
One of the primary difficulties in short-range QPFs is
the spinup problem (Heckley 1985; Donner 1988), because the processes of condensation and latent heat release are not easily predicted by traditional models. The
fundamental causes include the following: 1) the distribution of humidity and convergence fields of the atmosphere cannot be fully resolved by the observations, and
2) most models adopt adiabatic initializations, leading to
a situation that the hydrometeors’ information cannot
be provided by initial fields and should be driven gradually by the microphysical processes of mesoscale models
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(Mohanty et al. 1986). Therefore, accurate precipitation
forecasts are not easily obtained during the early stage
of model integration and the ability of short-range QPFs
is seriously affected for mesoscale models.
Early research indicates that if diabatic information
could be provided by initial fields, the performance of
numerical models during the early stage of model integration would be largely improved, and the ability of
short-range QPFs for mesoscale models would be enhanced. Krishnamurti et al. (1991) and Harms et al.
(1993) retrieved the vertical distribution of moisture and
latent heat by using observed rainfall rates and then
introduced them into the initial fields to enrich the diabatic information of numerical models. This showed that
the spinup time was reduced and the precipitation forecasts during the early stage of model integration were
improved.
The Local Analysis and Prediction System (LAPS)
used in this research can mitigate the spinup problem
because the diabatic effect has been included during the
atmospheric analysis and initialization processes. Therefore, more accurate precipitation forecasts can be obtained during the early stage of a forecast period (Jian
et al. 2003). This forecast system was developed by the
Central Weather Bureau (CWB) in partnership with the
National Oceanic and Atmospheric Administration/Earth
System Research Laboratory/Global Systems Division
(NOAA/ESRL/GSD), for the purpose of improving the
capability of short-range QPFs for severe weather systems.
At present, major forecast centers pay more and more
attention to advanced data assimilation schemes. The
three-dimensional variational data assimilation (3DVAR)
technique has been widely used in operational centers, and
several centers [e.g., the European Centre for MediumRange Weather Forecasts (ECMWF), France, United
Kingdom, Japan, and Canada] have switched to 4DVAR.
The ensemble Kalman filter (EnKF) is another data assimilation method, which is relatively new and has been
tested in some operational developments. Though LAPS
does not adopt similar advanced schemes, it does really
have stable and good performance of short-range precipitation forecasts from long-term verifications in the past 6
years at CWB. Refer to section 2 for a more detailed
description of LAPS.
In addition to improving data assimilation in the numerical weather prediction (NWP) system, in recent
years, increasing attention has been paid to ensemble
prediction system (EPS) to reduce the forecast biases,
especially in short-range QPFs. Rather than the deterministic viewpoint in traditional NWP models, there are
various uncertainties in all steps of the NWP system,
including observation, first-guess, data assimilation, and
prediction processes. The chaos theory states that a small
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change in the initial conditions can drastically change
the long-term behavior of a system through interactions.
EPS uses perturbed initial states or considers the physics
as stochastic processes, which reflects the chaotic nature
in the atmosphere. Averaging the ensemble forecasts
from slightly perturbed initial conditions can filter out
some unpredictable components of the forecast, and the
spread among the forecasts can provide some guidance
on the reliability of the forecasts (Toth and Kalnay
1993). This is a fundamental transition and revolutionary change in the NWP development.
The major question of EPS is how to generate ensemble perturbations that reflect the real initial uncertainty
(Toth and Kalnay 1993). Two operational ensemble
perturbation methods include the breeding of growing
modes (BGM) method at the National Centers for Environmental Prediction (NCEP), which contains fastgrowing modes corresponding to the evolving atmosphere,
and the singular vector method which involves the linear
tangent model at the ECMWF.
The early development of EPS focuses on capturing
the critical uncertainties in an ensemble system with the
final goal of achieving a single best forecast (e.g., adopting
the ensemble weighting). For example, several studies
investigated ensemble precipitation forecasts in the Taiwan
area (Chien et al. 2003; Chien and Jou 2004; Yang
et al. 2004) using the fifth-generation Pennsylvania
State University–National Center for Atmospheric Research (NCAR) Mesoscale Model (MM5; Grell et al.
1995). They discussed different weighting methods to
improve the skill of the ensemble QPFs, including the
weighted averaging method, multiple linear regression
technique, and the probability matching approach. In
some ensemble designs, the ensemble mean was not the
best forecast (e.g., Chien et al. 2003), while in other studies
the precipitation forecast from the ensemble mean was
superior to that of any single member (e.g., Chien et al.
2005). Chien et al. 2005 show that the best skill scores
were obtained when the ensemble configuration included
three uncertainty sources: initial fields, cumulus parameterizations, and microphysical schemes. Of all the three
uncertainty sources, the most advantageous method for
ensemble precipitation forecasts was to vary initial fields,
followed by varying cumulus parameterizations and
microphysical schemes.
As with other recent EPSs, the development of the
LAPS EPS emphasized on not only capturing the critical
uncertainties, but also conveying the uncertainties to the
forecasters and end users, which will help the users further understand the possibility and reliability of forecasts.
Some sensitivity experiments were conducted in this
study to identify the critical uncertainties in EPS and the
time-lagged multimodel ensemble was created. To convey
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the uncertainties in the prediction process to the users,
PQPFs were developed (see section 3).
Early research indicates that calibration is a critical
procedure to correct forecast biases and enhance forecast
skill in a biased forecast system (Mass 2003). Calibration
methods of PQPFs include model output statistics (MOS;
Glahn and Lowry 1972; Vislocky and Fritsch 1997), the
artificial neural network technique (ANN; Mullen and
Buizza 2004; Yuan et al. 2007a), and the linear regression
method (LR; Lu et al. 2007; Yuan et al. 2008) to name a
few. Calibration results are deeply affected by insufficient numbers (Atger 2003) and interdependence of the
samples (Eckel and Walters 1998). In addition, using the
long-term training samples with similar climatology characteristics could effectively improve bias correction (e.g.,
calibration was conducted using the training samples
classified by topography or climatology; Yuan et al. 2008).
In this study, the verification results showed that the
LAPS ensemble was apparently wet biased. Therefore,
the LR method (Yuan et al. 2008) was used to correct
forecast biases (see section 4).
This study focuses on the short-range PQPFs of typhoons or tropical cyclones (TC) using the time-lagged
multimodel ensembles. Since predictability usually decreases in subsynoptic and mesoscale systems, it is more
difficult to develop an effective short-range EPS, in particular the TC ensembles (e.g., Cheung 2001). An additional difficulty is the different error characteristics for
the tropics, which is mainly the result of the strong convection in the area and the air–sea interaction. In general,
skill improvement in forecasting TC motion is quite
promising when the uncertainties in the large-scale steering flow can be simulated by the perturbations, while the
ensembles for TC intensity are being developed, in part
because intensification is not yet fully understood.
The ensemble forecasts of TC precipitation using the
LAPS EPS are examined in this study. This report is organized as follows: LAPS and verified observation data are
introduced in section 2. The design of the LAPS EPS and
the PQPF products are presented in section 3. Sections 4
and 5 describe the calibration methodology of PQPFs and
the verification results of PQPFs before and after the LR
calibration, respectively. The sensitivity experiments on
calibration, including the training samples and accuracy of
observation data, are presented in section 6. A summary
and future works are given in the last section.

2. Model and data
a. Short-range forecast system LAPS
LAPS has three main components: the observation
data ingestion, diabatic data assimilation, and mesoscale
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FIG. 1. Schematic diagram of short-range forecast system LAPS.

model forecast (Fig. 1). The ingested data include model
forecasts (used as the background field), surface observations, soundings, Aeronautical Radio Incorporated,
Communications, Addressing and Retrieval System
(ACARS), Doppler radar data (including reflectivity and
radial velocity fields from Wu–Fen–Shan, Ken–Ting, Hua–
Lian, and Chi–Gu radars; Fig. 2), satellite IR and visible
(VIS) data [from the geostationary multifunctional transport satellite (MTSAT)], and satellite-derived wind fields
provided by the University of Wisconsin Cooperative
Institute for Meteorological Studies (UW-CIMSS).
After data ingestion, LAPS performs diabatic data
assimilation, including wind analysis (Albers 1995), surface analysis, temperature analysis, cloud analysis (Albers
et al. 1996), moisture analysis (Birkenheuer 1999), and
a dynamical balance module. In the procedure of wind,
surface pressure, and temperature analysis, LAPS adopts
a two-pass successive correction method that can retrieve
resolvable information from conventional observations.
Cloud analysis is the key procedure to hot-start mesoscale models, and its products could provide the initial
fields with diabatic information, such as cloud liquid
water, cloud ice, and vertical motions in the cloud-covered
area. Therefore, the spinup problem could be mitigated,
more accurate precipitation forecasts could be obtained
during the early stage of model integration, and the ability
of short-range precipitation forecasts could be largely improved. The moisture analysis is achieved by using the
satellite data via a variational scheme.
After completing the atmospheric analysis procedures,
the dynamical balance module (Jian and Mcginley 2005)
is a crucial component to initialize a mesoscale model
diabatically, since it ensures that the momentum and
mass fields are consistent with the cloud-derived vertical
motions. This module is based on a variational formulation, and the adjustment is done by minimizing a functional containing two constraints. The first constraint is
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FIG. 3. Schematic diagram of LAPS ensemble system.

FIG. 2. QPESUMS domain. The radar coverage is indicated by
the shaded area, and the four radar sites are indicated by closed
triangles, including Wu–Fen–Shan (RCWF), Ken–Ting (RCKT),
Hua–Lian (RCHL), and Chi–Gu (RCCG) radars.

mass continuity equation (strong constraint), which forces
mass continuity everywhere in the domain. Therefore, the
horizontal winds are adjusted to balance with cloudderived vertical motions to reduce the model shock in
the first few time steps. The second constraint (weak
constraint) is to reduce the Eulerian time tendencies of
the horizontal motion components (u and y), which
couple the mass to momentum fields. The net effect is an
instant spinup or precipitation. At the final step of the
LAPS forecast system, better initial fields from the LAPS
data assimilation system are provided to conduct numerical forecasts and produce nowcasting products.
The scheme of TC bogussing was used in this study for
short-range PQPFs of TCs. Since the structure of TCs
contained in the background is relatively broad and weak,
the LAPS analyzed vortex is also too weak as there is not
enough observation data over sea areas to support the
analysis of typhoon structure. For this reason, a vortex at
a location confirmed by the observations (satellite, radar, etc.) is inserted into the background field before
data ingestion in LAPS, by using the NCAR–Air Force
Weather Agency (AFWA) typhoon bogussing scheme

(Davis and Low-Nam 2001). Therefore, the track errors of typhoons are usually small for 0–6-h short-range
forecasts.
The sea surface temperature data are provided by
NCEP. The initial atmospheric fields come from the
LAPS analyses. In LAPS, the background fields in the
LAPS analysis and lateral boundary conditions are from
the same sources, including the model forecasts of 1) the
nonhydrostatic forecast system (NFS) at CWB, with 15-km
horizontal resolution, and 2) the Global Forecast System
(GFS) at NCEP, with 0.58 horizontal resolution. There
are two mesoscale numerical models associated with
LAPS, including the MM5 model and the Weather Research and Forecasting (WRF) model with the Advanced
Research WRF (WRF-ARW) dynamic core. Therefore,
totally four different forecast models (Fig. 3) are used by
LAPS, including 1) LAPS-MM5: NFS (refers to LAPSMM5 model with the background field from CWB NFS,
and similar for other notations), 2) LAPS-MM5: GFS, 3)
LAPS-WRF-ARW: NFS, and 4) LAPS-WRF-ARW: GFS.
Both the MM5 and WRF-ARW models have been
widely implemented by international operational and
research centers. They are nonhydrostatic mesoscale
models, which use the terrain-following vertical coordinate, and possess flexible and multiple nesting capability. The LAPS domain has 141 by 151 grid points
(left column of Fig. 5) with 9-km horizontal resolution

FIG. 4. Schematic diagram of LAPS time-lagged multimodel
ensemble.
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FIG. 5. Distribution of (left) LAPS 0–6-h PQPFs and (right) QPESUMS precipitation (used as
truth) probabilities at thresholds (a) 50, (b) 100, and (c) 200 mm (6 h)21 ending at 1200 UTC 19
Sep 2010. (right) The orange shaded area denotes pixels where QPESUMS precipitation estimations
exceed the indicated threshold, and pink shaded area indicates QPESUMS radar coverage.
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validation times
2008

2009
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Kalmaegi: 11
(TY 1)
Fung-wong: 24
(TY 2)
Sinlaku: 27 (TY 3)
Hagupit: 11 (TY 4)
Jangmi: 17 (TY 5)

Start–end
0900 UTC 16 Jul–1500 UTC 18 Jul
0300 UTC 26 Jul–1200 UTC 29 Jul
0000 UTC 11 Sep–1200 UTC 15 Sep
0000 UTC 22 Sep–0600 UTC 23 Sep
1800 UTC 27 Sep–1800 UTC 29 Sep

Tot: 5 typhoons 90 6-h PQPFs
Linfa: 12 (TY 6)
0600 UTC 20 Jun–0300 UTC 22 Jun
Molave: 7 (TY 7)
0000 UTC 17 Jul–1800 UTC 17 Jul
Morakot: 39 (TY 8) 1800 UTC 5 Aug–0200 UTC 10 Aug
Tot: 3 typhoons 58 6-h PQPFs

Multiple Sensors (QPESUMS; Gourley et al. 2001), a
system which was developed by CWB and the Water Resources Agency (WRA) in Taiwan cooperating with the
National Severe Storm Laboratory (NSSL) in the United
States, were used as observation data (i.e., ground truth).
The QPESUMS uses the radar data (Fig. 2), covering the
island of Taiwan and its nearby sea areas with 1.25-km
horizontal resolution. Note that the precipitation estimation in land in Taiwan is calibrated with rainfall observations from rain gauges, but is not calibrated over the
sea areas.

3. LAPS ensemble configuration and PQPF
products
a. Time-lagged multimodel ensemble configuration

and 30 sigma levels vertically with 100 hPa at the vertical top level. For microphysical parameterization, the
Schultz scheme (Schultz 1995) is used in the MM5
model and the WRF Single-Moment 5-Class Microphysics scheme (WSM5) in the WRF-ARW model. For
planetary boundary layer process parameterizations,
the MRF scheme is used in the MM5 model and Yonsei
University (YSU) scheme is used in the WRF-ARW
model. Cumulus parameterization schemes are deactivated, which is acceptable for orographically forced
precipitation in the typhoon cases with 9-km horizontal
resolution.

b. Observation data for forecast verification
Regarding the observation data needed for precipitation verification, since the conventional automatic rainfall stations are located over the land areas in Taiwan and
the land area is only a small part of the LAPS domain, the
verification results cannot represent the performance of
the LAPS precipitation forecasts as a whole. Therefore,
the radar-estimated rainfall data from the quantitative
precipitation estimation (QPE) and Segregation Using

Expanded from the single model LAPS-MM5: NFS,
we developed the LAPS EPS in order to capture more
uncertainties. However, limited by computer resources
and real-time operation, critical uncertainty factors such
as microphysical parameterizations, background fields,
and mesoscale models must be traded off. In the sensitivity experiments, we chose two typhoon and four
mei-yu front cases, and performed simulations using five
microphysical parameterizations from WRF-ARW (the
Lin et al. scheme, the WSM three-class simple ice scheme,
the WSM five-class scheme, the Ferrier microphysics
scheme, and the WSM six-class graupel scheme), two different background fields (GFS from NCEP and NFS
from CWB), and two mesoscale models (MM5 and WRFARW). For the 0–6- or 0–12-h QPFs of LAPS, there are
only marginal differences when using different microphysical schemes, while different background fields or
mesoscale models cause significant differences and become more important uncertainty factors than microphysical parameterizations. As a result, four members
with different backgrounds or mesoscale models were
chosen as the basis of the LAPS EPS (see section 2; Fig. 3).

TABLE 2. Summary of the difference of statistical samples in the sensitivity experiments.
Expt
SMP-T
SMP-T(LR)

SMP-T8S(LR)
SMP-L
SMP-L(LR)

Description
Statistical samples were adopted from all radar coverage area within the QPESUMS domain (including sea
and land areas), before LR calibration. This experiment was used as a reference one in this study.
Statistical samples were the same as in the experiment SMP-T, but after LR calibration. The statistical
samples were divided into two groups (cases in 2008 and 2009, respectively) when performing the
cross-validation procedure.
As in the experiment SMP-T(LR), but the statistical samples were divided into eight groups (eight different
typhoon cases in 2008 and 2009) when performing the cross-validation procedure.
As in the experiment SMP-T, but the statistical samples were only adopted from the land area within the
QPESUMS domain.
As in the experiment SMP-T(LR), but the statistical samples were only adopted from the land area within
the QPESUMS domain.
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FIG. 6. Rank histograms for LAPS 0–6-h QPFs from the experiments (a) SMP-T and (b) SMP-L. The horizontal
dashed line denotes the frequency for a uniform rank distribution.

In addition, time-lagged configurations were adopted
to increase the ensemble members by using previous
forecasts without additional computational cost. The advantage of time-lagged multimodel ensemble forecasts
against simple multimodel ensemble forecasts is discussed
in section 5e. The LAPS time-lagged multimodel ensemble (Fig. 4) uses multimodel forecasts initialized at
different times to construct ensemble members for the
same verification period. The LAPS EPS has four models,
and each model is initialized once every 3 h with the
forecast length of 12 h. Thus, for the 0–6-h ensemble
precipitation forecasts, 3 time-lagged members (the 0–6,
3–9, and 6–12-h QPFs) are available for each model and
4 models in total build up the EPS of 12 members.
In brief, a time-lagged multimodel ensemble system
was designed using different background fields, mesoscale
models, and initialization times, so as to capture more important uncertainties in the LAPS EPS.

b. PQPF products
The advantage of ensemble PQPFs lies in that the
probabilities are determined by the actual data distribution from ensemble members and display the possibility
of precipitation over a certain threshold. Therefore, this
plays an important part in the development of EPS. In
other words, the ultimate goal of ensemble forecasts is to
provide more possibility and probability information to
the end users instead of a single best forecast. The limitation of PQPFs is that we cannot take all uncertainties
into account because of the limited ensemble members.
The PQPFs were created based upon the precipitation
forecasts from 12 members of the LAPS time-lagged
multimodel ensemble system at different thresholds. For
example, at the threshold of 10 mm (6 h)21, if 9 of the
12 members predict 6-h accumulated precipitation over
10 mm, then the precipitation probability is 75%
(9/ 12 5 0:75). Figure 5 shows the PQPF products and

corresponding observed probabilities of Typhoon Fanapi, which was the most powerful typhoon to hit Taiwan
in 2010 and caused a flash flood over areas of southern
Taiwan on 19 September 2010. If the estimated rainfall
from the QPESUMS is less than the selected threshold,
the observed precipitation probability is zero; otherwise,
it is one. At the threshold of 100 mm (6 h)21, the LAPS
PQPFs show the precipitation probabilities in southern Taiwan are above 90%. There are still 9 of 12 models
predicting 6-h accumulated precipitation over 200 mm.
These large probabilities imply a high possibility of heavy
precipitation.

4. Calibration methodology
In short, calibration is bias correction. In this study, we
adopted the LR method (Yuan et al. 2008) to calibrate
PQPFs. Before calibration, a series of thresholds [0.25,
0.5, 1.0, 1.5, 2.5, 3.5, 5.0, 7.5, 10.0, 12.5, 15.0, 20.0, 30.0,
40.0, 50.0, and 60.0 mm (6 h)21] were selected based on
the distribution of 6-h accumulated precipitation from
all of the typhoon cases in 2008. Note that calibration
was conducted separately for each selected threshold,
including the training and validation processes. During
the training process, each record of training samples consisted of one observed precipitation probability P(x, t)
and the closet seven ensemble precipitation probabilities fi(x, t) centered at the selected calibration threshold,
which were used to represent the critical part of the
probability distribution function (PDF) for the calibration
threshold. The LR relationship was obtained by minimizing the errors between the forecasted precipitation
probabilities and the observed ones. Then during the
validation process another set of data (i.e., validation
samples) were applied to the derived LR relationship to
obtain the calibrated precipitation probabilities for later
verifications.
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FIG. 7. (left) Reliability diagrams for LAPS 0–6-h PQPFs at thresholds (a) 1, (b) 5, and (c) 20 mm
(6 h)21. Reliability curves from the experiments SMP-T (before LR calibration, dashed line with solid
dots) and SMP-T(LR) (after LR calibration, solid line with hollow circles) are shown. The horizontal
dashed line indicates the sample climatology frequency. (right) Histograms indicate the corresponding
sample ratio (%) of each forecast probability subrange for the experiments SMP-T (before LR, gray) and
SMP-T(LR) (after LR, blank).

Because of insufficient statistical samples (eight typhoon cases in 2008 and 2009, Table 1), the calibration
was performed via a cross-validation procedure, with the
purpose of increasing validation samples to consolidate
the representativeness of statistical verification results.
For example, in the experiment SMP-T (LR) (Table 2),
the five typhoon cases in 2008 were used as the training samples to calibrate the three typhoon cases in 2009,

and in turn the 2009 cases were used as the training
samples.
After the calibration for all selected thresholds, a
checking step was needed to ensure that the distribution
of probabilities at each grid point would be monotonic
(i.e., the probabilities at lower thresholds were not smaller
than those at higher thresholds because the precipitation events reaching higher thresholds implies the events
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FIG. 8. (a) ROC curves from the experiment SMP-T and (b) the area under the ROC from the experiments SMP-T (line with circles) and SMP-L (line with squares) for LAPS 0–6-h PQPFs at different
thresholds [1, 5, 10, 15, 20, and 30 mm (6 h)21].

reaching lower thresholds). Precipitation probabilities
with correct monotonic distribution were the final calibrated precipitation probabilities.
The LR method is expressed as the LR equation:
M

P(x, t) 5 a 1

å bi fi (x, t),

(1)

i51

where M 5 7, fi(x, t), i 5 1, 2, . . . , 7 are the seven ordinal
input probabilities (i.e., seven ordinal ensemble precipitation probabilities centered at the calibration threshold
described earlier), P(x, t) is the corresponding observed
precipitation probability, and a is a constant interpreted
as error residual. The coefficients a and bi are estimated
by minimizing the errors between the observed probaM
bilities and the derived ones [a 1 åi51 bi fi (x, t)] in the LR
equation using N training samples. The regression coefficients are derived by using the least squares method:
8
2
<
P(x, t) 2 4a 1
min
j51:
N

å

392
=
bi fi (x, t)5 .
;
i51
M

å

(2)

By applying the ensemble precipitation probabilities
fi(x, t) from validation samples into the LR in Eq. (1)
after obtaining the regression coefficients a and bi, new
forecasted precipitation probabilities P(x, t) (i.e., calibrated probabilities) are obtained. For negative values
(or .1), new probabilities are reset to 0 (or 1).

5. Verification and results
Some verification methods were used to evaluate the
forecast bias, the discriminating ability, the skill of PQPFs,
the spread–skill relationship, as well as the advantage of
a time-lagged multimodel EPS against simple multimodel

EPSs. Regarding the experiments in this study, please
refer to Tables 2 and 3 for a detailed description.

a. Forecast bias
The rank histogram (RH; Hamill 2001), also known as
a Talagrand diagram, can be used to evaluate whether or
not the ensemble spread of the forecast adequately
represents the true variability of the observations. The
reference experiment SMP-T (Fig. 6a) from eight typhoon cases in 2008 and 2009 shows an ‘‘L’’ shape of RH
distribution, which indicates that the LAPS EPS has
significant wet biases.
The reliability diagram (Hsu and Murphy 1986; Hamill
1997) can be used to determine how well the forecast
probabilities of an event correspond to their observed
frequencies. Reliability is reflected by the proximity of the
reliability curve (Fig. 7) to the diagonal line, which depicts
a perfect forecast. The closer the reliability curve to the
diagonal line, the smaller the probabilistic forecast bias
and the higher the reliability. Except for the slightly dry
bias in lower forecast probabilities at smaller thresholds
[below 5 mm (6 h)21] from the experiment SMP-T (before calibration; Fig. 7), all reliability curves indicate wet
biases (i.e., the reliability curve lies below the diagonal
line), and the higher the threshold, the more significant
the wet bias. The wet bias is apparently corrected after
the LR calibration [SMP-T(LR)].
The corresponding histogram (Fig. 7) shows the sample ratio in each forecast probability bin. Regarding the
higher thresholds [.20 mm (6 h)21], the sample ratios
in high forecast probability bins were small, which indicates that the consistency of the forecasts of 12 ensemble members was worse when predicting heavy
rainfall; and the wet biases were corrected by adjusting
the higher probabilities (less reliable) to the lower ones
(the highest calibrated probabilities were 83.37%). In
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general, the dry and wet biases were corrected by adjusting the lowest and highest probabilities to the midrange ones via the calibration procedure.

b. Discriminating ability
The relative operating characteristic (ROC; Mason
and Graham 1999; Jolliffe and Stephenson 2003; Hamill
and Juras 2006; Wilks 2006) curve plots the hit rates
versus the false alarm rates using a set of increasing
probabilities as warning thresholds (i.e., precipitation
event is regarded as occurring when the forecast probability exceeds this warning threshold). The area under
the ROC curve (i.e., ROC area) measures the ability of
the forecast to discriminate between events and nonevents and it ranges from 0 to 1 (perfect score). A forecast
with skillful discriminating ability has the ROC area
greater than 0.5. The ROC curves (Fig. 8a) and the ROC
areas (.0.825; Fig. 8b) from the experiment SMP-T indicate good discriminating ability, which slightly decrease
with increasing threshold. Unlike reliability diagrams,
the ROC is conditioned on the observations and is not
sensitive to the forecast bias. Therefore, a biased forecast may still have good discriminating ability and possibly be improved through calibration, such as the LAPS
PQPFs for typhoons (Fig. 8).

c. Forecast skill
The Brier skill score (BSS; Wilks 2006) measures the
relative improvement of the probabilistic forecast over
a reference forecast in terms of selected thresholds. Sample climatology was used as the reference forecast in
this study. The BSS ranges from minus infinity to 1. The
positive BSS indicates skillful forecasts with the perfect
value of 1. The PQPFs (Fig. 9) from the experiment
SMP-T (before calibration) are skillful when compared
to climatology at the thresholds below 30 mm (6 h)21.
The BSS at each threshold increases significantly after
calibration [i.e., SMP-T vs SMP-T (LR) or SMP-T8S
(LR)], especially for higher thresholds.
Similar to the BSS, the rank probability skill score
(RPSS; Wilks 2006) measures relative improvement of
N

BS 5

2

K

3

FIG. 9. Brier skill scores at different thresholds for LAPS 0–6-h
PQPFs from the experiments SMP-T (dashed line with solid dots),
SMP-T (LR) (solid line with hollow circles), and SMP-T8S (LR)
(solid line with hollow squares).

the probabilistic forecast over climatology for a multicategory probabilistic forecast. The RPSS ranges from
minus infinity to 1 (perfect), and the positive RPSS indicates a skillful forecast. The spatial distribution of the
RPSS from the experiment SMP-T (Fig. 10a) shows that
the PQPFs are more skillful over the northeastern island
of Taiwan, high mountain areas, and the northeastern
sea areas, but less skillful over the eastern sea areas
along the coast line and the western sea areas. The black
sector area with an angle of 158 in the northwestern
direction of Taiwan (Figs. 10a,b) results from the lack of
observation data because the radar beams from the Wu–
Fen–Shan [Weather Surveillance Radar-1988 Doppler
(WSR-88D)] radar site are blocked by the Chi–Shin
Mountains. The black line’s area (about an angle of 308
with the tangential direction of the eastern coast line of
Taiwan), lack of observation data, arises from the blockage
of building on radar beams from the Hua–Lian radar site.
The Brier score (BS; Wilks 2006) is used to calculate
the magnitude of the probabilistic forecast errors and
can be partitioned into three terms: reliability, resolution, and uncertainty (Murphy 1973):
2

3

K

1
1
1
(P 2 Oj )2 5 4
n (P 2 Oi )2 5 2 4
n (O 2 Oavg )2 5 1 [Oavg (1 2 Oavg )],
N j51 j
N i51 i i
N i51 i i

å

å

(reliability)

where N is the number of verifying samples; K21 is the
number of forecast probability subranges (K equals 13 in
this study); ni, Pi, and Oi are the number of verifying
subsamples, the median value of the forecast probabilities,

å

(resolution)

(3)

(uncertainty)

and the conditional observed frequency at forecast probability subrange i, respectively; and Oavg is the sample
climatology frequency. The reliability term, which has
negative orientation (smaller scores is better), stands for

Unauthenticated | Downloaded 01/09/23 07:32 AM UTC

1506

MONTHLY WEATHER REVIEW

VOLUME 140

FIG. 10. The spatial distribution of the ranked probabilistic skill score for LAPS 0–6-h PQPFs from the experiments
(a) SMP-T (before LR calibration) and (b) SMP-T (LR) (after LR calibration) using four thresholds [1, 5, 10, and
20 mm (6 h)21] to define five categories.

the conditional forecast bias, and the resolution term
(positive orientation) represents the forecast ability to
discriminate occurrence–nonoccurrence of the events from
climatology. The uncertainty term represents for the variability of the observations and will not be altered during
the calibration process. For sample climatology, the BSS
can be expressed as
BSS 5 1 2

BS
resolution 2 reliability
.
5
BSref
uncertainty

SPRD and root-mean-square error (RMSE) of ensemble mean forecasts (Fig. 12) are highly correlated in the
LAPS EPS. Except for TY 3, the correlations are all
higher than 0.92 with a good regression (high coefficient
of determination). In addition, the LAPS EPS is slightly
overdispersive for each typhoon case [i.e., the SPRD is
slightly larger than the RMSE (almost all data points are
located below the diagonal)]. Similarly, the scatterplot

(4)

Figure 11 shows that at various thresholds the increases of the BSS values (Fig. 9) after calibration [SMPT(LR) or SMP-T8S(LR)] are achieved by decreasing
the reliability term via the calibration procedure, while
the resolution term is almost the same after calibration
[only slightly decreased in the experiment SMP-T8S (LR)
at the threshold of 30 mm (6 h)21]. This calibration result
is pretty positive, because sometimes the reduction of the
reliability term may be achieved at the cost of the decrease of the resolution term.

d. Spread–skill relationship in the LAPS EPS
In general, an ideal EPS will be expected to have the
same size of ensemble spread (SPRD) as their forecast
error at the same lead time in order to represent full
forecast uncertainty (Kalnay and Dalcher 1987; Whitaker
and Loughe 1998; Zhu 2005; Buizza et al. 2005). The

FIG. 11. Decomposition of the Brier score for LAPS 0–6-h
PQPFs from the experiments SMP-T (dashed line with circle
symbols), SMP-T(LR) (solid line with square symbols), and SMPT8S(LR) (solid line with triangle symbols). Solid symbols: reliability terms. Hollow symbols: resolution terms.
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FIG. 12. Scatterplots of the RMSE against the ensemble spread (SPRD) for eight
typhoon cases (TY 1–TY 8) from the experiment SMP-T. Each point in the scatterplot comes from one 0–6-h QPF (i.e., RMSE and SPRD are averaged over the
QPESUMS domain). The linear regression line, correlation coefficient (C), and the
coefficient of determination (R2) are shown.
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e. Advantage of a time-lagged configuration

FIG. 13. As in Fig. 12., but for all typhoon cases (TY 1–TY 8)
in one plot.

for all typhoon cases (Fig. 13) indicates a high correlation
between SPRD and RMSE and slight overdispersion,
which becomes more obvious with increasing SPRD.
Table 4 is a contingency table of SPRD and RMSE for
0–6-h ensemble QPFs in the experiment SMP-T. The
entries in the table are the joint probability of obtaining
the SPRD and RMSE values in the indicated quartiles.
If there is no relationship between SPRD and RMSE
(i.e., the correlation is zero), all entries in the table will
be 0.0625 (51/16). If there is a perfect linear relationship
(i.e., the correlation is unity), all the diagonal entries will
be 0.25 and the off-diagonal ones will be zero. The diagonal entries in the table are much higher than 0.0625
and even up to 0.2225. In addition, the contingency table
forms a tridiagonal matrix, which indicates that a good
spread–skill relationship exists in the LAPS EPS and the
SPRD can be used as a predictor of skill, especially when
it is extreme (very large or very small).
The scatterplots of EPS-mmtl (Fig. 14a, see Tables 2
and 3 for different samples and ensemble configurations)
show that the correlation coefficient in the experiment
SMP-T is higher than that in SMP-L. In the experiment
SMP-T, TY 4, and TY 7 are the more predictable cases,
followed by TY 1 and TY 6. TY 3, TY 5, TY 2, and TY 8
are the less predictable ones. The BSS of eight typhoon
cases for the experiment SMP-T (Fig. 15) shows that TY
4 and TY 7 (the more predictable cases) have the highest
BSS, followed by TY 1 and TY 6, and then TY 3, TY 5,
TY 2, and TY 8 (the less predictable cases). Again, this
indicates that small-spread ensemble forecasts have higher
skill than large-spread forecasts in the LAPS EPS.

One reason to adopt the time-lagged ensemble technique to the short-range forecasting is because a shortrange forecast generally possesses a relatively strong
dependency on the initial conditions. The forecast errors
in the very short range may be strongly correlated to the
uncertainties in the initial analysis (Lu et al. 2007). The
time-lagged ensembles can be interpreted as the forecasts obtained from a set of perturbed initial conditions
(Van den Dool and Rukhovets 1994). In this study, the
advantage of time-lagged multimodel ensemble forecasts is compared with simple multimodel ones.
Figure 16 indicates that EPS-mmtl has the highest BSS
values among the four different configurations (EPSmmtl, EPS-m06h, EPS-m09h, and EPS-m12h in Table 3)
at all thresholds in the experiment SMP-L (Fig. 16b) and
at the thresholds below 15 mm (6 h)21 in the experiment
SMP-T (Fig. 16a). Figure 17 shows the relative RMSE
(RRMSE) and spatial correlation coefficient of 6-h QPFs
of 12 members and 4 ensembles, and EPS-mmtl has the
lowest RRMSE and the highest correlation coefficient in
both SMP-T and SMP-L.
Regarding the spread–skill relationship (Fig. 14), all
three EPSs without time-lagged configuration (EPSm06h, EPS-m09h, and EPS-m12h) are underdispersive
(i.e., the SPRD is smaller than the RMSE) in both
SMP-T and SMP-L. Such underdispersion becomes
more significant with increasing SPRD, and more severe
for shorter-range ensembles (EPS-m06h) and the land
samples (SMP-L vs SMP-T). As a time-lagged configuration (EPS-mmtl) is adopted, slight overdispersion
exhibits in the experiment SMP-T, and underdispersion
is mitigated in the experiment SMP-L but still exists for
larger SPRD (.6 mm, shown in the linear regression
line), which is consistent with the smaller spread in the
rank histogram (Fig. 6b). A time-lagged configuration,
which is much more important for the less predictable
cases (i.e., larger SPRD) and for the forecasts in the
land, can mitigate the underdispersion to better represent
the forecast uncertainty (SPRD comparable to RMSE).

6. Sensitivity experiments
In this section, two sets of sensitivity experiments
(Table 2) were carried out, including 1) the experiments
on different training samples to understand the influence of different training samples over the calibration
results, and 2) the experiments on the accuracy of observation data to understand how the inconsistency of observation data accuracy from the sea and land areas will
influence the calibration results. In fact, the QPESUMS
QPEs, used as the ground truth, have been calibrated
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FIG. 14. As in Fig. 13., but for the four different ensemble configurations (a) EPSmmtl, (b) EPS-m06h, (c) EPS-m09h, and (d) EPS-m12h, respectively. The results of
(left) experiment SMP-T and (right) experiment SMP-L. Each point in the scatterplot comes from one typhoon case. The ratio of SPRD over RMSE is also indicated on the plot of EPS-mmtl.
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TABLE 3. Summary of models and ensemble prediction systems.
Model 1
Model 2
Model 3
Model 4
Model 5
Model 6
EPS-mmtl
EPS-m06h
EPS-m09h
EPS-m12h

LAPS-MM5(NFS) 0–6-h QPFs
Model 7
LAPS-WRF(NFS) 0–6-h QPFs
LAPS-MM5(NFS) 3–9-h QPFs
Model 8
LAPS-WRF(NFS) 3–9-h QPFs
LAPS-MM5(NFS) 6–12-h QPFs
Model 9
LAPS-WRF(NFS) 6–12-h QPFs
LAPS-MM5(AVN) 0–6-h QPFs
Model 10
LAPS-WRF(AVN) 0–6-h QPFs
LAPS-MM5(AVN) 3–9-h QPFs
Model 11
LAPS-WRF(AVN) 3–9-h QPFs
LAPS-MM5(AVN) 6–12-h QPFs
Model 12
LAPS-WRF(AVN) 6–12-h QPFs
A 12-member ensemble prediction system with models 1–12
A 4-member ensemble prediction system with models 1, 4, 7, and 10
A 4-member ensemble prediction system with models 2, 5, 8, and 11
A 4-member ensemble prediction system with models 3, 6, 9, and 12

with the observed precipitation from rain gauges in the
land areas, while they have no calibration in the sea areas.
In a few cases, there was clear discontinuity in QPESUMS
QPEs along the costal line of Taiwan.

a. Experiments on different training samples
The difference between the two calibration experiments SMP-T(LR) and SMP-T8S(LR) lies in that the
reference experiment SMP-T adopts different training
samples during the LR calibration process. All statistical
samples in the experiment SMP-T(LR) were divided
into two groups when performing the cross-validation
procedure, typhoon cases in 2008 (TY 1–TY 5) and 2009
(TY 6–TY 8), respectively, where one of these two groups
was used as the training samples to calibrate the other
(the validation samples). The experiment SMP-T8S(LR)
puts all statistical samples into eight groups, eight different typhoon cases (TY 1–TY 8) in 2008 and 2009,
where seven groups were used as the training samples to
calibrate the remaining one. In other words, each typhoon case serves as the validation samples in turn. All
the calibration results shown in this study have combined
all validation samples in one set of figures.
At various thresholds, the LR calibration [SMPT(LR) or SMP-T8S(LR)] can increase the BSS over the
experiment SMP-T (Fig. 9) and shows the improved skill
of PQPFs. In addition, the improvement grows with
increasing threshold. Only at 30 mm (6 h)21 threshold,
the BSS of SMP-T(LR) is much higher than that of
SMP-T8S(LR). At other thresholds lower than 30 mm
(6 h)21, the resolution values (Fig. 11) vary slightly among

these three experiments [SMP-T, SMP-T(LR), and SMPT8S(LR)], while the reliability values of SMP-T8S(LR)
decrease slightly more than those of SMP-T(LR). However, at the threshold of 30 mm (6 h)21, the reliability
value of SMP-T8S(LR) decreases far less than that of
SMP-T(LR). In addition, the resolution value of SMPT8S(LR) decreases after the LR calibration, which means
that the forecast ability to discriminate the extreme precipitation events from climatology has been lost during
the calibration process.
Figure 18 indicates that eight typhoon cases do not
show a very good precipitation similarity at 30 mm (6 h)21
threshold in the reliability. In other words, some inconsistency exists among the forecast biases of these
eight typhoon cases. Therefore, although the experiment
SMP-T8S(LR) used far more training samples than the
experiment SMP-T(LR), it does not necessarily produce
a better calibration result. Indeed, the calibration principle is constructed based on the consistent (or very
similar) distribution of the forecast biases between the
training and validation samples.
This sensitivity experiment shows that the calibration
results vary with the training samples, and adopting more
training samples does not necessarily produce better
calibration results. It is essential to apply data with
similar forecast biases as the training samples to achieve
better calibration results. In the future, the similar
typhoon types should be considered to establish various
LR relationships based on different typhoon classifications. In addition, individual calibration for the areas
with different precipitation characteristics (Yuan et al.

TABLE 4. Contingency table of ensemble spread (SPRD) and RMSE for LAPS 0–6-h ensemble QPFs in experiment SMP-T using the
configuration of EPS-mmtl. The entries in the table are the joint probability of obtaining the SPRD and RMSE values in the indicated
quartiles.
SPRD quartiles
(Joint probability)
RMSE quartiles

0%–25%
25%–50%
50%–75%
75%–100%

0%–25%

25%–50%

50%–75%

75%–100%

0.2225
0.0275
0
0

0. 0275
0.1950
0. 0275
0

0
0. 0275
0.1850
0. 0275

0
0
0. 0275
0.2225
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FIG. 15. Brier skill scores of eight typhoon cases (TY 1–TY 8)
for experiment SMP-T at different thresholds [1, 5, 10, and 20 mm
(6 h)21].

2007b) would also be the direction for further research
and study.

b. Experiments on the accuracy of
observation data
The forecast skill highly depends on verification/
observation data, especially precipitation analyses over
the mountainous areas (Yuan et al. 2005). In this study,
there are two designed experiments using statistical
samples from different radar coverage: the samples of
the experiments SMP-T and SMP-T(LR) are adopted
from all radar coverage (including the sea and land
areas) within the QPESUMS domain, while those of the
experiments SMP-L and SMP-L(LR) are only from the
land areas in Taiwan, accounting for 9.4% of all
samples. Thus, the performance of the experiment
SMP-T is almost dominated by the ocean samples.
The RH from the experiment SMP-T (Fig. 6a) shows
that the LAPS forecasts for typhoon cases have significant

wet biases. The experiment SMP-L (Fig. 6b) shows too
small LAPS ensemble spread in the land areas, with
about 35% of samples whose observations are outside
the extremes of the ensemble forecasts, about 23% (12%)
of samples with the observations ranked the lowest
(highest). The RH solely from the ocean samples is very
similar to that from the experiment SMP-T since more
than 90% of samples in the experiment SMP-T come
from the sea areas.
Similar to the experiments SMP-T and SMP-T(LR)
(Fig. 7), the reliability diagrams (Fig. 19) of SMP-L and
SMP-L(LR) show mixed biases at each threshold. Dry
(wet) biases come mainly from the samples with lower
(higher) forecast probabilities. The higher the threshold,
the smaller the sample percentage with higher forecast
probabilities. In addition, the experiments SMP-T and
SMP-L (Figs. 7 and 19) show that the wet biases become
more evident with increasing threshold, and the severe
wet biases in SMP-T result mainly from the ocean samples. This overestimation tendency for heavy precipitation
may be caused by deactivation of cumulus parameterization in LAPS with 9-km horizontal resolution during the
warm rain processes. Generally speaking, both experiments achieve the bias correction by adjusting the extreme forecast probabilities to the medium ones. Note
that the samples with higher forecast probabilities are
viewed as unreliable at higher thresholds [above 10 mm
(6 h)21, not shown] in the experiment SMP-T (Fig. 7),
and thus they are removed after calibration [SMPT(LR)]. Since the experiment SMP-L (Fig. 19) does not
have obvious biases before calibration, the LR calibration only makes a minimal bias correction. This indicates
that the LAPS EPS have better discrimination capabilities in the land areas.
The ROC area (Fig. 8b) indicates that at each threshold, the experiment SMP-L has better resolution than the
experiment SMP-T (i.e., a better ability to discriminate
between precipitation occurrence and nonoccurrence). In

FIG. 16. Brier skill scores at different thresholds for four different ensemble configurations (EPS-mmtl, EPS-m06h,
EPS-m09h, and EPS-m12h) for the experiments (a) SMP-T and (b) SMP-L.
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FIG. 18. Reliability diagram for LAPS 0–6-h PQPFs at the
threshold of 30 mm (6 h)21. Reliability curves from TY 1 to TY 8
are shown.

FIG. 17. (a) The RRMSE and (b) the correlation coefficient of
6-h accumulated precipitation forecasts of 12 members and four
ensemble configurations (EPS-mmtl, EPS-m06h, EPS-m09h, and
EPS-m12h) in Table 3 from the experiments SMP-T (line with
circles) and SMP-L (line with squares).

addition, the potential usefulness of both the experiments
SMP-T and SMP-L slightly reduces with increasing
threshold.
Figure 17 reveals that almost every ensemble member
has lower RRMSE and higher spatial correlation coefficients in the experiment SMP-L than that in SMP-T (i.e.,
the performance of QPFs is better in the land areas). In
addition, the performance of the ensemble mean in EPSmmtl excels that of individual ensemble members.
Compared with the experiments SMP-T and SMPT(LR), the experiments SMP-L and SMP-L(LR) have
higher BSS values (Fig. 20). In addition, the BSS values
reduce with increasing threshold, and the experiment
SMP-T is unskillful when compared to climatology at
the threshold of 30 mm (6 h)21. And the forecast skill is
improved after calibration at various thresholds [SMPT(LR) vs SMP-T; SMP-L(LR) vs SMP-L]. Except for
the threshold of 1 mm (6 h)21, the BSS values of the
experiment SMP-L are even higher than those of the
experiment SMP-T(LR) at all thresholds, and the gap
widens with increasing threshold.

The spatial distributions of the RPSS (Fig. 10) from
the experiments SMP-T and SMP-T(LR) show that the
skill of PQPFs was improved at most areas (the southwestern, northwestern, eastern, and southeastern sea
areas of Taiwan) after calibration. However, the RPSS
values in the northeastern oceanic and mountainous
areas of Taiwan apparently decrease after calibration.
This could be associated with the poor quality of the
QPESUMS QPEs used as the observation data in the
sea areas. Because of the inconsistency of the observation data accuracy between the sea and land areas and
more abundant ocean samples than the land ones (about
9 times), the RPSS values therefore, in some land areas,
obviously fall after calibration (i.e., the probabilistic
forecast skill in most sea areas is improved at the cost of
those in a few land areas during the calibration process).
Compared with the experiment SMP-L (not shown), the
RPSS values in the experiment SMP-L(LR) became
slightly higher in most coastal areas, with only a minimal
reduction in very small parts of mountainous areas.
In summary, there are severe wet biases in the LAPS
EPS in the sea areas. Therefore, the performance of
precipitation forecasts in the experiment SMP-L (land
samples) excels that in the experiment SMP-T (mainly
dominated by ocean samples). For typhoon cases, the
precipitation in the land areas affected by orographic
lifting may be easier to be predicted accurately, in
comparison with the forecasts of typhoon rainbands in
the sea areas. In addition, the relatively inferior forecast
performance in the sea areas probably results from the
underestimation of the QPESUMS QPEs. Currently,
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FIG. 19. As in Fig. 7, but from the experiments SMP-L (before LR calibration) and SMP-L (LR)
(after LR calibration).

the QPESUMS applies the same Z–R relationship for
various weather systems and geographic areas, while
previous verifications revealed that the QPEs derived
from this Z–R relationship showed a feature of underestimation in the land areas. In the sea areas far from
radars, the likelihood of underestimated QPEs is rather
high due to higher radar beams. It is not easy to verify
these two inferences because of the lack of precipitation

observations in the sea areas. To conclude, individual
calibration for the sea and land areas is needed to obtain
better calibrated PQPFs.

7. Summary and future work
This study pioneers the development of short-range
PQPFs in Taiwan. It aims mainly to provide more valuable
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FIG. 20. Brier skill scores at different thresholds for LAPS 0–6-h
PQPFs from the experiments SMP-T (dashed line with solid dots),
SMP-T(LR) (solid line with hollow circles), SMP-L (dashed line with
solid squares), and SMP-L(LR) (solid line with hollow squares).

0–12-h forecast products for severe weather systems seriously affecting general livelihood. Because the data
assimilation procedure of LAPS can provide the initial
fields of mesoscale models with diabatic information, it
can effectively mitigate the major problem of short-range
QPFs—the spinup problem during the early stage of
model integration. Therefore, this study applies LAPS as
a basic tool to develop the PQPFs from time-lagged
multimodel ensembles in order to capture the critical
uncertainties, and to convey the uncertainties in prediction processes to the forecasters and end users.
Based on the sensitivity experiments, for the 0–6- or
6–12-h QPFs of LAPS, background field and mesoscale
model are more critical uncertainty factors compared to
microphysical parameterizations. Therefore, we built a
multimodel EPS by using different background fields
and mesoscale models in order to enlarge the ensemble
spread. In addition, we also adopted the time-lagged
configuration to increase the ensemble members using
previous forecasts without additional computational cost.
A time-lagged configuration can make the LAPS EPS
have better forecast performance and skill–spread relationship, especially for the less predictable typhoon
cases and over the land areas. The PQPF products can
actually provide the users with the reliability of precipitation forecasts and the possibility for precipitation
exceeding a certain threshold, and can serve as the reference for policy decision makers to deal with disaster
prevention and relief.
Because the verification results show significant wet
biases in the LAPS EPS for typhoon cases, this study
applies the LR method to calibrate the PQPFs. The crossvalidation results based on eight typhoon cases in 2008
and 2009 indicate that forecast biases can be corrected

VOLUME 140

via the calibration procedure to improve the skill of
PQPFs.
In addition, this study carries out sensitivity experiments on two factors affecting the calibration results,
including the training sample size and the accuracy of
observation data. The LR calibration results vary with
the training samples, and adopting more training samples does not guarantee better calibration results. In
fact, the eight typhoon cases did not show a very good
precipitation similarity in terms of the reliability and
forecast biases (Fig. 18). Therefore, more training samples could cause the poor calibration performance [SMPT8S(LR) vs SMP-T(LR)]. Most important, the calibration principle is constructed based on the consistent (or
very similar) distribution of the forecast biases between
the training and validation samples.
In the future, with more collected typhoon cases, the
distributions of precipitation forecast biases can be analyzed for different typhoon paths, moving speeds, or
precipitation intensities. Then various LR relationships
can be established and applied to different distributions
of forecast biases in the typhoon cases, thus to produce
better calibration results.
The inconsistency of observation data accuracy from
the sea and land areas influences the calibration results.
This is due to the fact that the QPEs of QPESUMS (used
as the ground truth) have been calibrated with the observed precipitation in the land areas, while they have no
calibration in the sea areas, which results in slightly
worse accuracy. The verifications of PQPFs show that
the forecast skill of experiment SMP-T (including ocean
and land samples) is improved (such as higher BSS
values) after calibration. However, because of the inconsistency of the observation data accuracy in the sea
and land areas and more abundant ocean samples (about
9 times of land samples), the bias correction of most sea
samples is achieved at the sacrifice of the bias correction
of some land samples in the experiment SMP-T(LR).
Hence, separate calibration for the sea and land areas
may ensure better calibration results of PQPFs.
However, the result was not very positive using the
LR method to calibrate the PQPFs for mei-yu front
cases. The reason is that the phenomenon of the pattern
shift often exists in the LAPS forecasts for mei-yu front
cases, which results in incorrect correspondence between
the observation and forecast precipitation systems and
would seriously affect the calibration results. In the future, the pattern shift needs to be corrected for mei-yu
front cases before calibration of PQPFs. In addition,
forecast biases in the LAPS EPS vary with distinctive
geographic environment in Taiwan, thus performing individual calibration of PQPFs for different regional areas
should be considered.
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