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Abstract: The forecast of typhoon tracks remains uncertain and is positively related to the accuracy
of the storm surge forecast. The storm surge prediction error increases dramatically when the forecast
track error is larger than 100 km. This study aims to develop an ensemble storm surge prediction
system using parametric weather models to account for the uncertainty in typhoon track prediction.
The storm surge model adopted in this study is COMCOT-SS storm surge forecast system. Two
methods are introduced and analyzed to generate the ensemble members in this study. One is from
the weather ensemble prediction system (WEPS), and the other is from the error distribution of the
deterministic forecasts (EDF). The ensemble prediction results show that the ensemble mean of WEPS
performs similarly to the deterministic forecast. However, the maximum surge height of WEPS is
often lower than one from EDF. The verification results suggest that, for disaster prevention, EDF
provides stronger warnings to the coastal region than WEPS. However, it may provide overestimated
forecasts in some cases.

Keywords: storm surge; ensemble prediction; operational forecast; COMCOT-SS; CWB Taiwan;
weather ensemble prediction system (WEPS); error distribution of the deterministic forecasts (EDF)

1. Introduction

A storm surge is the abnormal rise of water caused by a storm above the predicted
astronomical tide and is often the most damaging component of a tropical cyclone. Accurate
prediction of storm surge height and coastal inundation can help prevent the effects of
significant flooding, damage to infrastructure, and loss of life, especially in low-lying
areas. The accuracy of storm surge prediction is highly dependent on the accuracy of
tropical cyclone prediction [1]. It is critical in coastal regions such as Taiwan, where densely
populated areas and critical infrastructure are at risk [2,3].

The official atmospheric model in CWB is still striving to improve the accuracy of the
deterministic forecast [4]. However, tropical cyclones are mesoscale weather phenomena
with a high degree of forecast uncertainty. Therefore, a small error can lead to significant
differences in the resulting storm surge. The operational storm surge forecast system
produces a deterministic result that may differ from the observed data if the weather forecast
error is significant. As for the storm surge forecast in Taiwan, the existing deterministic
storm surge models have limitations in their ability to capture the uncertainties in the
estimates, especially when tropical cyclones cross the 4 km high Central Mountain Range
in Taiwan. Their track and intensity are difficult to predict accurately, which can lead to
potentially dangerous situations. This difference means that more than the deterministic
forecast predicted by adopting a specific meteorological model may be required to meet
the requirements of disaster prevention. Ensemble forecasting systems, however, provide a
range of possible outcomes and their associated probabilities, allowing decision-makers to
make informed decisions and take necessary precautions.
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In storm surge ensemble forecasting, generating the ensemble members is essential.
The members can either be artificially generated from deterministic forecasts or follow the
products of the weather models resulting from their calculated dynamical processes and
environmental conditions.

Regarding the atmospheric modeling ensemble members, European countries typically
use the ECMWF EPS [5] as input [6,7] to account for atmospheric uncertainties due to its
accessibility and reliability. However, some would instead use their operational regional
atmospheric models as input for finer grid resolution, parameterized physics, and data
assimilation to fit regional characteristics [8,9]. Using the atmospheric models as input
to simulate storm surges has double-edged implications. It can account for atmospheric
uncertainties but limits flexibility in the choice of constituents. In addition, some have
suggested that the coarse grid resolution may lead to an underestimation of winds near the
inner core of the tropical cyclone [10,11].

For the method of artificially generating members, the P-Surge model operated by
NWS, USA, which takes five-year error statistics, including track, size, and intensity, accord-
ing to the normal distribution [12], and determines the weight of each member by simply
taking the product of the weight of each error sample. This method is straightforward
and provides more flexibility in choosing the combination of ensemble members than
atmospheric models for storm surge modelers. In addition, by taking advantage of the
idealized wind models, they can effectively and efficiently provide storm structure with
limited information provided by the agencies. Although they may underestimate the wind
field far from the cyclone track, they usually perform well within a certain distance from
the center [13].

To take advantage of the atmospheric model and the ideal wind ensemble, the Japan
Meteorological Agency (JMA) selects representative ensemble members from the global
EPS by cluster analysis and inserts an idealized typhoon into the selected atmospheric mem-
bers [14]. The computational cost spent on hybrid winds improves the overall atmospheric
conditions, which significantly improves the storm surge simulation. However, it results
in a limited number of ensemble composites compared to other operational ensemble
forecasting systems. This study focuses on developing a storm surge ensemble prediction
system for Taiwan, prone to typhoons and associated storm surges. Despite the availability
of similar systems in other regions, there is a knowledge gap regarding applying ensemble
prediction systems for storm surges in Taiwan. Since both the error distribution of historical
parametric forecasts and the atmospheric ensemble forecast model can be obtained from
CWB to generate the ensemble typhoon tracks, it raises a topic worthy of in-depth study
on which method is more compatible for this region. Section 2 introduces the operational
model and available materials for building an ensemble forecast. Section 3 presents the
2018 Typhoon Maria event for deterministic model validation, comparison of ensemble
member generation methods, and further analysis, including the statistical evaluation and
computational efficiency. Finally, the conclusions are presented in Section 4.

2. Materials and Methods
2.1. COMCOT-SS (Cornell Multi-Grid Coupled Tsunami Model—Storm Surge)

The storm surge can be described by the shallow water equations [15] and the
COMCOT-SS storm surge model [16,17], which solves the nonlinear shallow water equa-
tions with the Coriolis effect and includes bottom friction. The governing equations are
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where η is the free surface elevation, H is the total water column (H = η + h), h is the
bathymetric depth, P and Q denote the momentum flux at ψ longitude and ϕ latitude,
respectively. g is the acceleration due to gravity, ρw is the water density, Fb is the bottom
friction, Fs is the wind shear stress, and f is the Coriolis parameter (f = 2ω sinϕ).

The bottom friction shear stress in the model is assumed by following Manning’s
formula, which can be expressed as:

Fx =
gn2

H
7
3

P
√(

P2+Q2
)

(4)
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7
3

Q
√(

P2+Q2
)

(5)

where n = 0.03 represents Manning’s Roughness Coefficient [18].
A quadric law calculates the storm surge component generated by the wind shear stress:

Fs= ρaCd

∣∣∣∣ ⇀Vw

∣∣∣∣ ⇀Vw (6)

where
⇀

Vw is the 10-m wind vector, ρa is the density of air, and Cd is the wind drag coefficient:

103Cd =



2.16,
∣∣∣∣ →Vw

∣∣∣∣ ≥ 26.0 ms−1

0.49 + 0.065
∣∣∣∣ →Vw

∣∣∣∣, 10.0 ms−1 ≤
∣∣∣∣ →Vw

∣∣∣∣ < 26.0 ms−1

1.14, 3.0 ms−1 ≤
∣∣∣∣ →Vw

∣∣∣∣ ≤ 10.0 ms−1

0.62 + 1.56∣∣∣∣ →Vw

∣∣∣∣ , 1.0 ms−1 ≤
∣∣∣∣ →Vw

∣∣∣∣ < 3.0 ms−1

2.18,
∣∣∣∣ →Vw

∣∣∣∣ < 1.0 ms−1

(7)

2.2. Parametric Wind and Pressure Fields

The parametric model supplies wind stress and atmospheric surface pressure [19,20].
Therefore, the idealized pressure distribution from the parametric wind model and the
radial wind profile with the Coriolis effect can be expressed as:

Pa(r) = Pc + (Pn − Pc) exp

[
−
(
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r

)B
]

(8)
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2
(9)

where Pa is air pressure, Pn is the ambient pressure, Pc is the pressure in the typhoon’s
center, Rmax is the radius of maximum wind, r is the distance from the typhoon center, Vw
is the wind velocity, ρa is the density of air. f is the Coriolis parameter. B is the peak value
parameter for scaling the pressure and wind profiles and is defined as [20]:

B = 2− Pc − 900
160

(10)
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The radius of maximum wind is calculated from the pressure at the center of a typhoon
and tuned by CWB, which is empirically obtained from tropical cyclones from 1995 to 2015:

Rmax =



42.6− 0.86·(Pc − 990), Pc ≥ 990
51.0− 0.84·(Pc − 980), 980 ≤ Pc< 990
58.4− 0.74·(Pc − 970), 970 ≤ Pc< 980
63.0− 0.46·(Pc − 960), 960 ≤ Pc< 970

70.0− 0.234·(Pc − 930), 930 ≤ Pc< 960
80.0− 0.167·(Pc − 870), 870 ≤ Pc< 930

80.0, Pc< 870

(11)

2.3. Computational Domain and Gauges

The two-layer nested staggered Arakawa C grid [21] is used for the operational
deterministic storm surge prediction system in CWB. The first layer, the mother layer,
ranges from 10 N~35 N to 110 E~134 E. The second layer and the sublayers cover Taiwan,
Penghu, Kinmen, and Matsu, as shown in Figure 1 and Table 1. The grid resolution of the
parent layer is four arc minutes with the bathymetry data from ETOPO1. The bathymetry
data for the sublayers are obtained from GEBCO, and the grid resolutions of the sublayers
are one arc minute for sublayer A and 0.5 arc minute for the rest. During the forecast,
34 numerical tide gauges are used to provide the time series of predicted pressure, wind,
and water level, as shown in Figure 2.

Water 2023, 15, x FOR PEER REVIEW 4 of 28 
 

 

The radius of maximum wind is calculated from the pressure at the center of a ty-
phoon and tuned by CWB, which is empirically obtained from tropical cyclones from 1995 
to 2015: 

Rmax=

⎩⎪⎪
⎨⎪
⎪⎧ 42.6 − 0.86· Pc − 990 ,          Pc≥990

51.0 − 0.84· Pc − 980 ,  980≤Pc<990
58.4 − 0.74· Pc − 970 ,  970≤Pc<980
63.0 − 0.46· Pc − 960 ,  960≤Pc<970
70.0 − 0.234· Pc − 930 , 930≤Pc<960
80.0 − 0.167· Pc − 870 , 870≤Pc<930

80.0,                                   Pc<870

 (11)

2.3. Computational Domain and Gauges 
The two-layer nested staggered Arakawa C grid [21] is used for the operational de-

terministic storm surge prediction system in CWB. The first layer, the mother layer, ranges 
from 10 N~35 N to 110 E~134 E. The second layer and the sublayers cover Taiwan, Penghu, 
Kinmen, and Matsu, as shown in Figure 1 and Table 1. The grid resolution of the parent 
layer is four arc minutes with the bathymetry data from ETOPO1. The bathymetry data 
for the sublayers are obtained from GEBCO, and the grid resolutions of the sublayers are 
one arc minute for sublayer A and 0.5 arc minute for the rest. During the forecast, 34 nu-
merical tide gauges are used to provide the time series of predicted pressure, wind, and 
water level, as shown in Figure 2. 

 
(a) (b) 

Figure 1. The numerical domain of the model of (a) the mother layer and (b) the sublayers A, B, C 
and D which details provided in Table 1. 

Figure 1. The numerical domain of the model of (a) the mother layer and (b) the sublayers A, B, C
and D which details provided in Table 1.

Table 1. The domain region, grid resolution, and the sources of the bathymetry data.

Layer ID Region Resolution Source

01 110.00 E–134.00 E
10.00 N–35.00 N

4 arc minute
(8 km) ETOPO1

02-A 119.80 E–122.25 E
21.40 N–25.50 N

0.5 arc minute
(1 km) GEBCO 2021

02-B 119.09 E–119.80 E
23.05 N–23.89 N

15 arc second
(0.5 km) GEBCO 2021

02-C 117.80 E–118.99 E
24.09 N–24.70 N

15 arc second
(0.5 km) GEBCO 2021

02-D 119.39 E–120.19 E
25.84 N–26.35 N

15 arc second
(0.5 km) GEBCO 2021
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2.4. The Boundary Condition for Tides

The TPXO Global Tidal Model [22] is used to compute the tidal components at the
domain boundary of the sublayers. This model fits altimetry data and Laplace’s tidal
equations with the least squares method to compute amplitudes of MSL-relative sea surface
heights and transports/currents for eight primaries (M2, S2, N2, K2, K1, O1, P1, Q1), two
long-period (Mf, Mm), and three nonlinear (M4, MS4, MN4) harmonic constituents. The
current version used in this study is TPXO9-atlas. It provides 1/30-degree resolution in the
computational domain.

2.5. Ensemble Generation of Typhoon Tracks

Both the error distribution of historical parametric forecasts and the atmospheric
ensemble forecasting model can be obtained from CWB to generate the ensemble typhoon
tracks. One is the official deterministic forecast known as land/sea warnings. The other is
the Taiwan mesoscale ensemble prediction system [23,24] developed by CWB, which will
be called WEPS for WRF Ensemble Prediction System.

For the deterministic forecast, CWB issues the forecast and warning when the typhoon
moves into the area of 10 N~30 N and 105 E~180 E. The land/sea warnings are terminated
when the radius of near gale winds (Beaufort scale 7) leaves the land or the nearby waters
of Taiwan or when the typhoon dissipates or is downgraded to a tropical depression [25].

WEPS is developed using the Advanced Research WRF dynamic solver [26]. The
domain of the model covers the East-Asian region from 5 S~43 N and 78 E~180 E with a
grid spacing of 15 km [24]. The initial conditions of WEPS are obtained by downscaling
the results of the NCEP Global Forecast System (GFS) and adding perturbations from
the Ensemble Adjustment Kalman Filter (EAKF [27]). The perturbations are computed as
the difference between members of the EAKF and the ensemble mean after a 6-h forecast
period. WEPS uses 20 combinations of physics packages to parameterize the microphysics,
cumulus parameterization, planetary boundary layer, and surface layer. This configura-
tion was chosen by combining a total of 6 different cumulus parameterization schemes
(Betts–Miller–Janjic, Grell-3 Scheme, Kain–Fritsch, Modified Tiedtke Scheme, New GFS Sim-
plified Arakawa–Schubert Scheme, and Simplified Arakawa–Schubert Scheme), 4 planetary
boundary layer schemes (Yonsei University scheme, Mellor–Yamada–Janjic Scheme, ACM2
Scheme and Mellor–Yamada–Nakanishi–Niino 2.5 level TKE Scheme), two microphysics
schemes (WSM5 and NASA Goddard 5-class Scheme) and four surface layer schemes
(Mesoscale Model System version V, Monin–Obukhov similarity theory, Pleim–Xiu Scheme
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and Mellor–Yamada Nakanishi Niino Scheme) [24]. For all members, the Rapid Radiative
Transfer Model (RRTMG) is used for both long and short-wave radiation schemes, and the
Noah land surface model is coupled with WRF.

Depending on the capabilities of the computing hardware resources and the abundance
of data from CWB, there are three methods for generating ensemble members. The first is
to directly use 20 sets of the two-dimensional 10-m wind and pressure fields produced by
WEPS as the metrological input to COMCOT-SS. Since WEPS uses the Lambert conformal
map projection, a transformation is required to reproject the results into the spherical
coordinate system. Finally, cubic spline interpolation is used to interpolate the wind and
pressure data from WEPS to the grid points of COMCOT-SS [28].

The second method is to substitute the typhoon tracks and their modeled intensities
for parametric wind models to generate idealized meteorological fields. This method has
the advantage of accounting for the uncertainty in the typhoon tracks and intensities and
reduces computational resources.

The third method is the error distribution of deterministic forecasts (EDF), inspired by
P-Surge. P-Surge takes the NHC hurricane forecast and uses the error statistics from the
forecast database to generate the statistically likely hurricanes. For example, the averaged
24/48/72 h T.C. track forecast errors of the CWB official forecast track from 2011 to 2015
are 100/171/259, 69/175/253, 83/148/205, 94/155/228, 80/132/187 km [29], while those
of the TWRF (Typhoon WRF) model and the operational tropical cyclone forecast model
are 74/127/215, 64/122/202, 70/120/194, 70/122/180, 68/114/149 km in 2016, 2017, 2018,
2019, 2020, respectively [30]. However, none of the above track errors regarding cross-track
error (CTE) and along-track error (ATE) are presented.

Figure 3 shows the CTEs and ATEs between the CWB forecast and the best tracks from
2016 to 2021. The CWB issued 737 warnings during these years, and the available data
points at the 12th, 24th, 36th, and 48th forecast hours are 737/643/545/469 in this time
window. The gray histograms in Figure 3 show the distribution of the samples obtained.
The horizontal axis is the error value with the unit in kilometers. The vertical axis is the
distribution according to the probability density function. The top row shows the CTE. The
bottom row is the ATE from left to right according to the forecast time. The direction to
the right and forward is defined as positive. Three probability density functions (PDFs) of
bell-shaped normal distribution, logistic distribution, and t-location scale distribution are
selected to fit the samples and shown as red, magenta, and blue curves, respectively. The
normal distribution is widely used [31], while the logistic distribution has a longer tail and
higher kurtosis than the normal distribution [32], and the t-location scale distribution is
usually more appropriate for a small and non-uniform data set [33]. The equations for the
PDFs are as follows. The parameters used to generate the PDFs are listed in Table 2:

f(x) =
1

σ
√

2π
e
(x−µ)2

2σ2 (12)

f(x; µ,σ) =
e(

x−µ
σ )

σ
(

1 + e(
x−µ
σ )
)2 ,


−∞< x <∞
−∞< µ <∞
σ ≥ 0

(13)

f(x; µ, σ, ν)
Γ
(
ν+1

2

)
σ
√
νπΓ

(
ν
2
)[ν+( x−µ

σ

)2

ν

]−(ν+1
2 )

,


Γ(x) =

∫ ∞
0 tx−1e−tdt

−∞< µ <∞
σ > 0
ν > 0

(14)

where Γ( ) is the gamma function, µ is the location parameter, σ is the scale parameter, and
ν is the shape parameter.
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Table 2. The required parameters to recreate the PDF in Figure 3.

Type Forecast
Hour

Normal
Distribution

Logistic
Distribution

T Location-Scale
Distribution

parameter µ σ µ σ µ σ ν

CTE

12 2.461 44.978 1.440 23.782 1.094 33.849 4.473

24 −0.998 61.019 −2.623 32.543 −3.050 47.108 4.804

36 −1.654 76.908 −4.215 42.352 −3.877 66.239 7.583

48 2.964 99.601 −0.658 54.746 −0.571 84.932 7.200

ATE

12 −0.463 48.625 −2.643 26.388 −2.988 39.572 5.772

24 −2.666 75.400 −3.811 40.407 −4.109 58.929 4.984

36 −6.588 97.913 −4.555 53.688 −4.369 82.476 6.703

48 −8.483 143.738 −1.692 77.997 −0.682 117.505 5.997

In Figure 3, the histograms of the data set are nearly symmetrical for all distributions.
For the curves, the kurtosis of the normal distribution is usually lower and flatter than
that of the logistic distribution and the T Location-Scale distribution. The shape of the
logistic and T Location-Scale distributions is similar. The kurtosis of the T Location-Scale
distribution is usually higher in most situations, except for the 48-h CTE data set. The
probability distributions with higher kurtosis should improve their ability to describe the
probability distribution of the data set. This phenomenon implies that the T Location-Scale
distribution is better than the others.

Each PDF has a location parameter, which can be thought of as the location of the
peak of the curve after fitting the data set. For the CTE, the location parameter gradually
increases to a more significant negative value. On the other hand, the location parameter of
the ATEs tends to increase positively. This indicates that the predicted typhoon position
tends to be on the left and front sides of the best track. The result also shows that t µ and σ
increase with increasing forecast time.
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The following studies on the error distribution of deterministic forecasts will all adopt
the t-location scale distribution to standardize the method of generating the ensemble
tracks. By evenly dividing the area under the probability density distribution function
curve, the corresponding points on the horizontal axis can be obtained as the reference
members of the error distribution, and the schematic diagram is shown in Figure 4. The
area is divided into even numbers, the peak of the PDF will be kept as one of the members.
If the area under the PDF is divided into N equal parts, N + 1 members can be obtained
from the curve. The corresponding errors can then be obtained as ensemble members. The
repeated member simulation of the EDF method is skipped in the ensemble prediction.
However, when calculating the weight of each member, it is given a higher weight value
than the non-repeated members according to the count. The weight of the member is
as follows:

W =
N
2

N/2

∑
n=1

(
1

2n + 1

)
, if duplicated (15)

W =
N
2

(
1

2N + 1

)
, if not duplicated (16)

where W indicates the members’ weight, N indicates the cut number of equal areas. For
the WEPS, members are carrying weights equally. Using Figure 4d as a demonstration to
calculate the weight of each member, the results show 71/315 for blue members, 1/15 for
purple members, and 1/21 for yellow members.
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Figure 4. A schematic diagram of the generation of ensemble tracks from a PDF. The figure shows
the area under the curve is divided into (a) two, (b) four, and (c) six equal parts in sequence with blue,
purple and orange lines, respectively. (d) shows the distribution of members of the cluster without
duplication from (a–c).

The area under the PDF curve can be sliced to obtain the error elements as many times
as needed. Table 3 lists the error elements obtained from the curve when the area under the
curve is sliced into 2, 4, and 6 parts, respectively. The table’s positive and negative signs
indicate the errors’ direction relative to the observed position. For example, for CTE, the
right side of the observation position is positive, and the left side is negative. For ATE, the
front of the observation position is positive, and the back is negative. Taking the CTE curve
at the 12th forecast hour as an example, when the area is divided into two parts, three
elements can be obtained as 1.1, −118.6, 120.8, that is, in the ensemble member located
1.1 km to the right of the reference point, 120.8 km to the right of the reference point, and
118.6 km to the left of the reference point, respectively.

After obtaining the error members from the PDFs, the subsequent prediction operation
can produce multiple combinations of trace members. This method provides more flexibility
than WEPS because the composition of the CTE and ATE components can be considered
separately or simultaneously, and the number of members can be freely determined. Using
the EDF method, which multiplies the error elements of the CTE and ATE components,
81 unique track members can be generated when their PDF is divided into six equal areas.
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Table 3. The error members obtained by cutting the area under the T location-scale distribution curve
from Figure 4.

Type Forecast Hour
Number of Areas

2 4 6

CTE (km)

12 1.1 −118.6 120.8 −23.7 25.9 −35.6 −14.5 16.7 37.8

24 −3 −164.3 158.2 −37.4 31.3 −53.7 −24.6 18.5 47.6

36 −3.9 −198.3 190.5 −50.8 43 −72.3 −33.6 25.8 64.6

48 −5.2 −253.2 252.1 −60.9 59.7 −88.6 −38.7 37.6 87.5

ATE (km)

12 3 −129 123 −31.5 25.5 −44.8 −20.9 15 38.8

24 4.1 −202.6 194.5 −46.9 38.7 −67.2 −31.1 22.8 59

36 4.4 −254.7 246 −63.2 54.4 −90.3 −41.5 32.8 81.6

48 6.8 −369.3 369.3 −85 83.7 −124.3 −53.9 52.5 123

3. Results and Discussion

Typhoon Maria of 2018 is chosen to investigate the ensemble method in this study.
Figure 5 shows the observed track and intensity. It can be seen that the intensity reached
category five on the Saffir–Simpson hurricane wind scale on 7 July 2018. As a result, the
sea warning was issued at 14:30 local time, and the land warning was issued at 23:30 local
time. Both warnings were canceled at 14:30 on 11 July 2018 [34].
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Figure 5. The best track and intensity of typhoon Maria from the typhoon database of the CWB.
The color shows the intensity category defined by CWB with tropical depression in magenta, light
intensity in blue, medium in green, and strong in red, respectively. The time is shown in local time
(UTC+8).

3.1. Calibration of the Storm Surge from the Deterministic Forecast and the Revised Track

To demonstrate the performance of this numerical model in simulating typhoon surges
at the current stage, we first compared the initial forecast results obtained in operation with
the observed data. Then, we showed the predictions from the track revised according to
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the historical forecast errors before considering the ensemble members to see if adjusting
the track during the forecast operation could improve the forecast.

Figure 6 compares the track distribution of the event, including the best track, the
official warning track issued at 02:00 local time (UTC+8) on 10 July 2018, and the track
revised from the official warning. The best track in black circles is obtained from the CWB
typhoon database and can only be retrieved after the event. Considering that there were
errors in the historical forecasts, adding statistical errors to the present forecasts should
be able to improve the accuracy of the track prediction. The revised track in red dots is
calculated by summing the official warning track (blue triangles) and the EDF adjustment
shown in Table 3. According to Table 3, both CTE and ATE are less than 10 km in 48 h,
indicating the adjustment to the official track is minor. It can be seen from Figure 6 that
the adjusted track locates the typhoon slightly faster than the official warning track as the
forecast hour increases and is also closer to the best track as the leap time increases over
24 h.
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Figure 6. The track distribution of the best track (black), official forecast (blue), and the adjusted track
(cyan).

Figure 7 compares the results of the official deterministic forecast track and the EDF-
based deterministic track at Longdong, Keelung, Fulung, and Hualien stations. The
definition of storm surge height is the astronomical tide height plus the storm surge height.
The observed storm surge height is obtained from the residual between the observed
storm surge height and the predicted astronomical tide height from harmonic analyses.
The expected storm surge height is calculated from the residual between the tide-driven
and tide-storm-driven modes. Figure 7 shows that the results from the official track are
very similar to those from the adjusted track. With a leap time within 24 h, results from
both tracks agree well with the observations when the tropical cyclone track is accurately
predicted. The observed storm surge height in northern Taiwan varies from −0.5 to 1.0 m,
and the peak surge height is 0.5 to 0.6 m. Both forecast results describe the astronomical
tide well. As for the storm surge, both forecast results agree with the observation at the
first surge peak at about 11 (02:00). However, both forecasts miss the second peak at about
11 (08:00).
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Figure 7. Time series storm tide and storm surge. Black circles are observations. Dark blue and light
blue lines indicate the results from the official track and the adjusted track, respectively.

This comparison of water levels shows that even considering the most common error
scenario, where the forecast track is revised based on historical errors, does not significantly
improve storm surge predictions. However, the difference between the best track and the
forecast tracks also indicates that considering a range of the track error distribution has
a chance of covering the actual location of the typhoon, showing that we can describe its
uncertainty by ensemble typhoon track prediction.

3.2. Surge Elevation from Ensemble Members at Gauges

The ensemble members from atmospheric models can represent the instability of
environmental perturbations, while the ensemble members from historical errors can be
relatively flexible in the number of members selected. However, the official forecasts usually
do not compare the difference between the two methods for the accuracy of the ensemble
forecast. Therefore, this study compares the differences in the track distribution with two
composition methods for the water level ensemble forecast results. In the comparison,
WEPS and EDF (0505) are selected for display, among which WEPS has 20 path members
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and EDF (0505) has 25 track members composed by using five error members in ATE/CTE
in the EDF method.

Figure 8 shows the ensemble tracks of WEPS and EDF. The forecast is initialized at
02:00 local time on 7 July 2018, about 24 h before the peak surge around northern Taiwan.
The time interval of the forecast location in WEPS is 6 h. In this study, the ensemble
composition of WEPS and EDF (0505) is selected to evaluate the performance.
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Figure 8. The track distributions of the ensemble members from (left) WEPS with 20 members in
colored lines [23]), and (right) EDF with 25 members in colored lines. The black dot lines in both
panels are the best tracks.

The statistical results of the storm surge and storm tide elevation presented in the
time series are shown in Figures 9 and 10. The left panels are from WEPS, and the right
is from EDF. The statistical results are the ensembles’ quartiles, minimum, maximum,
and mean. The red dashed line and the black circles indicate the official forecast and the
observation, respectively.

With a time series ensemble forecast covering the upper and lower bounds of the
observations, it is easy to determine the ensemble spread qualitatively. For example,
Figures 9 and 10 show that the maximum ensemble heights of storm surge and storm tide
from EDF are more variable than those from WEPS. It can also be seen that the maximum
heights of storm surge and storm tide from WEPS usually have similar values to the
official forecast but cannot capture the maximum value from the observation. On the
other hand, the maximum value from EDF is larger than the observations at all stations
shown, which fulfills one of the purposes of doing the ensemble forecast: To consider the
possibility and provide a reasonable range of variation. The results from storm tide are
similar to those from storm surge because the same astronomical tide heights are used in
all ensemble members.

3.3. Elevation Profiles from Ensemble Forecast System

The storm surge can be dangerous when a massive storm surge is combined with a
high astronomical tide. Therefore, we also compare two probabilistic analysis products
referencing the P-surge model [12] for storm surges computed by WEPS and EDF in the
developing ensemble prediction system.

One of the probabilistic products is the water level with a specific chance of being
exceeded. For example, Figure 11 shows the water surface elevation with a 10% chance of
being exceeded at the 30-h lead time. The product can be obtained by sorting the simulated
water levels of all members from highest to lowest and summing the weight of each member
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in that order until the value is greater than or equal to the specified exceedance probability
to obtain the corresponding water level.

The other product is the probability distribution of water levels above a specified
threshold. It is calculated by summing the weights of the elements that meet the thresh-
old criteria. For example, Figure 12 shows the probability of water elevation higher
than 0.1 m for storm surge and the threshold of 1.6 m for storm surge to illustrate the
product’s functionality.
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Figure 9. Time series of ensemble statistical results of storm surge. Black circles are observation. The
left shows the statistic results from WEPS, and the right is from EDF, including quartiles, minimum,
maximum, and mean of ensembles.

Figure 11 compares the distribution of the 10% exceedance storm surge from two
ensembles. The results from the EDF members show a higher elevation on Taiwan’s
northern and eastern coasts. With a 30-h forecast lead time, this higher surge elevation
varies from 0.3 to 0.5 m, while the peak surge from WEPS is 0.2 m in the nearshore region
along the northwest coast of Taiwan. In this case, the tidal height, about 1.0 to 1.5 m in
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northwest Taiwan, is the main component of the storm tide for both ensembles. We can
see that in the EDF ensemble products, the total water height is less than 0.3 m in the
worst case when the surge component exceeds 0.5 m. In contrast, the typhoon may not
affect northeastern Taiwan, but the total water height can reach 0.7 m in extreme scenarios,
showing that considering the tidal component is essential for assessing the impact of storm
surges in forecasting.
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Figure 12 shows the percent probability map of the water level reaching the threshold
with a 30-h forecast lead time. The threshold is 0.1 m for the storm surge and 1.6 m for
the storm tide. The 1.6 m threshold is the mean spring tide obtained from the CWB. It can
be seen in Figure 12 that the probability percentages of storm surges reaching the 1.6 m
threshold from both ensembles are mainly located on the northwest coast of Taiwan, and it
is directly related to the high astronomical tide level. The percentage of probability that the
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storm surge height reaches 0.1 m ranges from 10% to 50%, covering the north of central
Taiwan and the Matsu area in the WEPS forecasts. In Kinmen, the percentage of probability
of the storm surge reaching 0.1 m in both ensemble methods is less than 10%, indicating
that the impact of the storm on Kinmen is insignificant during this forecast period.
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Figure 11. The water elevation distribution of a 10% chance of being exceeded at the 30th forecast
hour. The upper panels show the storm surge distributions. The lower panels show the storm tide
distributions. The left panels show the results from WEPS. The right panels show the result from EDF.

Comparing the results between Figures 11 and 12, the 10% exceedance map from the
EDF method reaches a higher water level than WEPS, and the percentage probability map
of reaching the 0.1 m water level threshold is also more extended. More than 50% of the
EDF members affect the northeast and northwest of Taiwan, some will affect the water
level rise in the south. On the other hand, less than 50% of the WEPS members reach the
threshold in the north of Taiwan. In Figure 12, it can be seen that the water level of the
WEPS members can rise less than 0.3 m of water level in northwest Taiwan in more extreme
scenarios, which shows that the overall water level predicted by the WEPS ensemble is
lower than that of the EDF, which is consistent with the time series prediction.
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Figure 12. The percent probability distribution of water levels exceeding 0.1 m for storm surge and
1.6 m for storm tide at the 30th forecast hour. The top panels show the storm surge distributions,
while the bottom panels show the storm tide distributions. The left panels show results from WEPS,
and the right panels are from EDF.

3.4. Statistic Evaluation

Four methods are used to quantitatively evaluate the accuracy of the ensemble models,
including Probability of Detection (POD), Probability of False Detection (POFD), Threat
Score (T.S.), and Bias Score (B.S.). The evaluation objects are the ensemble mean, maximum
value of both storm surge and storm tide. The evaluation standard for the predicted storm
tide is the observed free surface elevation, while the evaluation standard corresponding
to the surge component is the residual obtained by subtracting the tidal component from
the observed water level. The horizontal axis indicates the threshold of the dichotomous
forecast verification method (Appendix A, [35]), which ranges from 0.0 to 0.5 m for storm
surge evaluation and 0.0 to 2.5 m for storm tide evaluation. The colored lines represent
the evaluated values of ensembles of different compositions. The 4-digit number indicates
the composition of an ensemble, where the first two digits indicate the number of CTE
members considered, the last two digits indicate the number of ATE members, and WEPS
stands for the 20-member WEPS ensemble. The number of members in the EDF ensembles
is the product of the number of CTEs and ATEs considered.

In the POD plot of all ensembles means of storm surge (Figure 13a), the EDF ensembles
perform similarly when the threshold is less than 0.1 m. The 0101 group has the best overall
performance thresholds. At the same time, WEPS shows the weakest performance, and
its POD reaches zero when the threshold is 0.15 m. The 0101 shows a non-zero value until
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the threshold reaches 0.45 m, meaning that there should be observations above 0.45 m.
Furthermore, it implies that the ensemble means of WEPS may underestimate the storm
surges during this forecast, causing the POD curve to be lower than the EDF ensembles.
The POD distribution of the ensemble maximum surges (Figure 13b) shows that the EDF
ensembles, considering more members, may have a chance to obtain a higher POD value,
and the ensembles with more than 45 members share good and similar performance in
this forecast. At the same time, the performance of WEPS and 0101 is relatively low.
These characteristics can also be found in the ensemble maximum of the storm tides
(Figure 13d). All ensembles perform similarly when evaluating the ensemble mean storm
tide (Figure 13c). Since the storm tide is mainly composed of tidal components, and
the tidal components do not change with the ensemble simulation, resulting in a similar
trend performance.
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Figure 13. The probability of detection of (a) ensemble mean of storm surge, (b) ensemble maximum
of storm surge, (c) ensemble mean of storm tide, (d) ensemble maximum value of storm tide. The
member ID indicates the composition of an ensemble, where the first two digits show the number
of CTE members, and the last two digits show the number of ATE members. WEPS stands for the
20-member WEPS ensemble.

Figure 14a shows that in the POFD plot of all ensembles means of storm surges, WEPS
has the lowest POFD distribution, indicating the best performance. The POFD of the
EDF ensembles is similar. These characteristics also appear in the POFD distribution of
the ensemble mean storm surges of all ensemble sets (Figure 14c). For the POFD of the
maximum storm surge (Figure 14b), the performance of the 0101 and WEPS members is
comparable and better than other ensemble sets, where their POFD approaches zero when
the threshold is above 0.1 m. The POFD tends to be higher when the number of ensemble
members exceeds 20 due to more false alarm predictions from the members. For the set of
0909 members, the POFD distribution remains above 0.1 for all threshold ranges considered
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in this plot. The POFD distribution of the ensemble maximum storm surges of all ensemble
sets is divided into three groups (Figure 14d). The first group includes 0101 and WEPS,
which have the lowest POFD distribution and show the best performance among the others.
Another group consists of ensembles that consider only one CTE/ATE member in the EDF
method, and their POFD distributes between the other two groups. The other has the rest
of the ensemble sets.
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Figure 14. The probability of false detection of (a) ensemble mean of storm surge, (b) ensemble
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The distribution pattern of the T.S. plot of the storm surge ensemble mean (Figure 15a)
is roughly the same as the POD plot (Figure 13a), with the 0101 members performing best.
In contrast, the WEPS members could be more satisfactory. From the T.S. distribution of
the ensemble maximum storm surges (Figure 15b), it can be seen that most of the EDF
ensemble sets can achieve T.S. between 0.3 and 0.4 m when the threshold is between 0.2
and 0.4 m, except for some ensembles whose total number of members is less than ten,
or the ensemble sets consider only one member in ATE. When the threshold is above
0.4 m, the groups with more members are more likely to provide higher T.S.s than the
others. WEPS initially shows comparable T.S. to 0101 when the threshold is less than 0.3 m.
However, it approaches zero when the threshold is above 0.4 m, which will likely cause
WEPS to underestimate results, resulting in no sample being included. When evaluating
the ensemble mean of storm surges (Figure 15c), all ensembles have identical performance,
and the plot is almost the same as the corresponding POD plot. The false alarm distribution
is similar in all ensemble sets, so it does not make a significant difference in the calculation
of T.S. For the ensemble maximum storm surge, Figure 15d shows that all ensemble sets
have comparable performance when the threshold is less than 0.5 m. Once the threshold is
above 1.0 m, the ensemble with more members can get higher T.S.
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Regarding the biases of the ensemble mean, all ensembles tend to underpredict storm
surges (Figure 16a) and storm tides (Figure 16b). Regarding the ensemble maximum,
WEPS and 0101 give the lowest B.S. distributions in predicting surges and tides. The EDF
ensembles, which include only one member in the CTE/ATE, provide underestimated
forecasts in predicting surges. When the number of EDF ensembles exceeds ten, there is
generally an overprediction of storm surges, as shown in (Figure 16c,d).

From all the statistical evaluations mentioned above, the WEPS ensemble should have
an excellent ability to forecast storm surges since it has the advantage of considering not
only the perturbation of the atmospheric model, but also the uncertainty of both tracks
and intensities. Unfortunately, its performance could be better than the EDF ensembles
or comparable to the adjusted deterministic track. This situation may be understandable
because there are still challenges to overcome in the development of atmospheric models.
For example, a mesoscale meteorological model underestimates a typhoon’s maximum
sustained winds and pressure drop when a large grid size is used [36].
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Figure 16. The bias score of (a) ensemble mean of storm surge, (b) ensemble maximum of storm surge,
(c) ensemble mean of storm tide, (d) ensemble maximum of storm tide. The member ID indicates the
composition of an ensemble, the same as Figure 13.

3.5. Computational Efficiency

The computational time required for the different ensembles is recorded and shown
in Figure 17a. The horizontal axis is the ensemble composition, and the vertical axis is
the simulation time in seconds. The blue bars indicate the time required for the kernel
computation, the red bars indicate the time needed for the product output, and the red
dotted line marks the position of 3, 6, and 9 h, respectively, to facilitate graphical reading.
The computation time is mainly affected by the number of members of the ensembles,
and the influence of changing the tracks is relatively insignificant. For example, when the
ensemble set with 81 members is simulated, it takes about 9 h to complete the forecast
and product output. When the number of members is more than 40 sets in the ensemble,
the system prediction takes about 5 h, while the rest of the sets with several members
less than 30 can complete the forecast around or within 3 h. The system prediction takes
about 2 h when only a single ensemble member is simulated, the minimum requirement
for performing a prediction.

The original COMCOT model can simulate the coastal inundation induced by tsunamis
with the nonlinear shallow water wave equations and moving boundary schemes [37]. The
simulated inundation results are used to objectively evaluate whether the composition of
different members of the ensembles has fully considered the threat of inundation in the
coastal areas of Taiwan. The primary purpose of selecting the flood amount provided by
the model for the forecast completeness assessment is to evaluate the difference in results
produced by the different ensemble sets. Therefore, an assessment method that can only
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make judgments by relying on the model is adopted. The inundated volume ratio (IVR) in
this study is defined as follows:

V =
1

Vmax

N

∑
n=1

AnHn (17)

where V is the inundated volume ratio, and Vmax is the maximum inundated volume
during the forecast among all comparing ensembles, normalizing the inundated amount
from others. N is the number of inundated grids, An is the area of the inundated cell, and
Hn is the maximum inundation height the cell experienced during the ensemble forecast.

Figure 17b shows the distribution of the inundated volume ratio corresponding to the
ensembles. The horizontal axis indicates the composition of the ensembles, and the vertical
axis is the normalized inundated volume ratio during the forecast. When calculating the
ensemble forecast coastal inundation volume in the study, we assume that the forecast
result obtained by the ensemble with the most members has the chance to have complete
considerations. By normalizing the inundated volume, the ratio, which ranges from 0 to 1,
can then be used as a standard for evaluating the completeness of the ensemble forecast.
The figure shows that the inundated volume ratio of WEPS and 0101 is below 0.7, the lowest
of all the ensembles. The number of ensemble members and the inundated volume ratio
for the EDF ensembles are positively correlated but not directly related. When an ensemble
considers several CTE members and one ATE member, the inundated volume ratio will be
higher than those considering only one CTE member and several ATE members. When the
total number of members exceeds 20, the inundated volume ratio can reach 0.89 or more.

By cross-comparing the plots of model run time and inundation volume ratio of all
ensemble sets, we see that the 0505 and 0303 can have a relatively efficient performance in
both computational requirements and completeness of inundation assessment.
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4. Conclusions

This study aims to develop the operational probabilistic storm surge forecast system
with the parametric wind field, provide two methods for ensemble generation, and compare
their performance. The storm surge model solves nonlinear shallow water equations in
the nested-grid scheme. For the generation of ensemble members, one is derived from the
Weather Ensemble Prediction System (WEPS) operated by CWB, and the other is derived
from the calculation of the error distribution of the deterministic forecasts (EDF).

The simulated time-history free surface elevation of each gauge station obtained by
the ensembles shows that the envelope obtained by the EDF method (0505) is 80% to 150%
more significant in storm surge than the ones obtained by WEPS. For the time range where
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surge is significant, results from the EDF method extend from 33% to 100% longer than
WEPS. Similar results can be observed in the two-dimensional forecast products. This
result indicates that the ensemble produced by the EDF method covers the possibility of
typhoons hitting Taiwan.

From the statistical evaluation, the maximum forecast value of storm surges obtained
from the WEPS track performs similarly to the single-track members. However, it still
needs improvement compared to other ensemble sets from the EDF method.

The underestimated maximum sustained winds and pressure drop in the mesoscale
WRF model may be one of the reasons. The idealized wind model is used in the current
research, which may result in affecting the superiority of the WRF model, that supposed
to reflect the influence of the sea-land boundary or complex topography on the typhoon
structure. The above reasons may lead to the model’s limitations in predicting storm surges.
Initial verification results suggest that EDF could provide a more powerful reminder to the
coastal region for disaster prevention, even considering more than one track can perform
better in statistical evaluations than deterministic forecasts.

This study proposes a computational efficiency evaluation after analyzing different
sets to evaluate the composition of the best ensemble members of the ensemble forecasting
system to meet the forecast timeliness. The computational resources at this stage allow us
to perform the ensemble prediction under 45 members to operate four times a day, or less
than 20 members to operate eight times a day. The flooded volume ratio caused by the
storm surge in the model is used to consider the completeness of the ensemble forecasts.
From the case analysis, it can be seen that the flooded volume ratio of a single member
or WEPS member is equivalent and lower than 0.7. For the ensembles generated by the
EDF method, the flooded volume ratio also increases as the number of members increases.
However, the increased ratio is independent of the total number of ensemble members.
Therefore, when the total number of members reaches more than 20, the obtained model
prediction results have a certain degree of completeness that the flooded volume ratio
reaches 0.9 and more.

A single case analysis should not summarize the consistent features of the ensemble
generation method. Therefore, the two ensemble generation methods will be operated in
parallel to provide a complete reference for forecasters. In addition, further research and
comparison of ensemble forecasting methods will be conducted when more typhoon events
occur. Moreover, to improve the coupling between the storm surge ensemble forecast and
the mesoscale meteorological model, it will be essential to improve the meteorological field
input to make it more consistent with the actual strength or structure of a typhoon.

In addition to considering the ensembles of track divergence, the typhoon’s intensity
can also be applied to the EDF method by considering parameters, such as size, lowest
central pressure, and maximum wind speed. However, as more factors are considered,
the number of ensemble members at the power level increases. In addition, there is a
nonlinear relationship between the parameters related to the intensity, so how to determine
the parameter combination of the typhoon intensity is reasonable, or how to simplify the
typhoon intensity in the ensemble consideration, still needs further research and discussion.
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Appendix A

This study used the dichotomous (yes/no) forecasts verification method of the World
Weather Research Programme/Working Group on Numerical Experimentation (WWRP/WGNE)
Joint Working Group on Forecast Verification Research [35]. All pairs of predicted and
observed values are divided into four categories, as shown in Table A1, the joint distri-
bution are hits, false alarms, misses, and correct negatives, respectively. According to the
contingency tables, four evaluation standards or indices can be calculated to verify the
storm surge forecasts.

Table A1. Contingency table.

Observed

Yes No Total

Forecast

Yes Hits False alarms Forecast yes

No Misses Correct negatives Forecast no

Total Observed yes Observed no Total

1. Probability of Detection (POD)

The probability of detection describes the proportion of events that actually occurred
and how many events are correctly predicted. It can be calculated by the parameters of the
contingency table as follows:

POD = Hits/(Hits + Misses) (A1)

The value range is between 0 and 1, and the best value is 1. Since this value only
considers the hits and does not consider the false alarms, its forecast value will be higher
when applied to rare cases, so it must be combined with the false alarm rate and the threat
score as a reference.

2 Probability of false detection (POFD)

The probability of false detection is also known as a false alarm rate, which describes
what percentage of the events that did not occur in observation, yet the forecast provides
a prediction over the threshold value. It can be calculated using the parameters of the
contingency table as follows:

POFD = False alarms/(False alarms + Correct negatives) (A2)

The value range is between 0 and 1, and the perfect score should be zero.

3 Threat Score (T.S.)

The threat score excludes the correct negatives, so it can be regarded as the accuracy
of the model forecast, which only concerns the forecasts that count. The score can be
calculated by the parameters of the contingency table as follows:

TS = Hits/(Hits + Misses + False alarms) (A3)
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The value range is between 0 and 1. The larger value indicates the higher the accuracy
of the model, while 0 indicates no skill for the performance.

4 Bias Score (B.S.)

The bias score describes the ratio of forecast hits to observation hits, and can be
calculated using the parameters in the contingency table as follows:

BS = (Hits + False alarms)/(Hits + Misses) (A4)

The value range is between 0 and ∞. If it is greater than 1, it means over-forecasting,
less than one means under-forecasting, and the best value is 1. This value only represents
the relative relationship between forecast and observation and cannot be used to describe
how close the forecast result is to the observation.
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