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During an extreme event, having accurate inflow forecasting with enough lead time helps reservoir operators decrease the impact
of floods downstream. Furthermore, being able to efficiently operate reservoirs could help maximize flood protection while saving
water for drier times of the year. This study combines ensemble quantitative precipitation forecasts and a hydrological model
to provide a 3-day reservoir inflow in the Shihmen Reservoir, Taiwan. A total of six historical typhoons were used for model
calibration, validation, and application. An understanding of cascaded uncertainties from the numerical weather model through the
hydrological model is necessary for a better use for forecasting. This study thus conducted an assessment of forecast uncertainty on
magnitude and timing of peak and cumulative inflows. It found that using the ensemble-mean had less uncertainty than randomly
selecting individual member. The inflow forecasts with shorter length of cumulative time had a higher uncertainty. The results
showed that using the ensemble precipitation forecasts with the hydrological model would have the advantage of extra lead time
and serve as a valuable reference for operating reservoirs.

1. Introduction
The available records from 1958 to 2010 show that on average
29.2 typhoons form per year, but only 3.4 affect Taiwan.
Taiwan experiences multiple typhoons annually because the
island is located in the path of northwest Pacific typhoons
[1]. Typhoon-induced rainfall causes severe casualties and
an annual average loss of more than 500 million US dollars
[2]. To mitigate the typhoon impacts, reservoirs serve as
an important hydraulic structure to manage flood water
release at opportune times to decrease the downstream flood
risk. Although Taiwan’s average annual rainfall is 2.5 times
more than the world’s average, but the available rain water
is only one-seventh of the world average. Eighty percent of
precipitation is because of typhoons and storms from May
to October [3]. Storing reservoir inflows during a typhoon
period for future uses is imperative due to limited water
resources in Taiwan.
The average impact duration of a typhoon is 73.68 h in
Taiwan based on 38 historical typhoon durations from 2000
to 2009 [4]. Three days (72 h) of reservoir inflow forecasting

would help decision makers optimally operate reservoirs
to achieve the following purposes: first is to mitigate the
downstream flood risk and second is to store available water
for drier times. Applying observations from rainfall gauges
can provide 0 to 3 h lead time which is insufficient for
reservoir operators to take preventive measures. In addition,
the failure of onsite instrumentation is always a concern
during an extreme event. Other techniques, the so-called
data-driven models such as artificial neural network (ANN)
and autoregressive models, are also used for rainfall-runoff
estimations and forecasts (e.g., [5–7]). Cheng et al. [5]
concluded that the ANN model can give good prediction
performance in the long-term flow discharge to a reservoir.
However, the quantity and quality of data are important
for these models’ performance [6]. The forecast uncertainty
increases if data-driven models without good data are used.
High quality and quantity data are not easily collected and
thus data-driven models are not considered in this study.
As an operational system, coupling numerical weather
predictions (NWP) with a hydrological model at catchment
scale is a straightforward strategy to provide reservoir inflow
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forecasts with enough lead time. However, there are significant uncertainties associated with a hydrometeorological
forecast system, including uncertainties in boundary and
initial conditions and hydrological model parameters [8–10].
Rainfall forecasts as input to a hydrometeorological forecast
system are the main one among all sources of uncertainty
[10, 11]. Because of incomplete observations, approximate
forecast models due to unavoidable simplifications, random
errors from initial atmospheric conditions perturbing, and
model parameterizations, the NWP model would generate
different rainfall forecasts at the same location and time
[9, 12]. Wilks [13] explained that different rainfall forecasts
are not unpredictable or void of information, but rather not
precisely predictable. The abovementioned studies confirm
that the atmosphere is a nonlinear and complex system
and accurate prediction is impossible [14]. The ensemble
predicting system (EPS), a collection of two or more NWP
forecasts at the same time, is frequently used instead of
a single deterministic model to capture rainfall forecasting
uncertainties [15]. It consists of an adequate number of
equally likely (equiprobable) NWP models and provides
probabilistic precipitation forecasts. Most weather services,
such as the European Centre for Medium Range Weather
(ECMWF), Swedish Hydro-Meteorological Service, and US
National Weather Service (NOAA), routinely use ensemble
weather predictions as inputs to operational and preoperational forecasting systems [15]. Van Steenbergen and Willems
[16] addressed that EPS can cover the uncertainty produced
from the rainfall forecasts of NWP models, which is one part
of the integral uncertainty. It implied that the uncertainty
of rainfall forecast is inevitable and the length of lead time
is another cause. Other than the uncertainty from NWP
models, a few studies assessed the impact of uncertainty
in hydrological simulations. For example, Knighton et al.
[17] used a Monte Carlo analysis to evaluate the parameters’
impacts in model results’ sensitivity. The uncertainty can
be quantified by generating a large number of possible
outcomes under given constraints. However, some studies
indicated that there is less uncertainty in hydrological models
parameterization than in climate models (e.g., [18–20]).
This paper intends to provide valuable information for
decision makers during typhoons by considering the integral
uncertainty and the length of lead time. The integral uncertainty is a combined result of all sources of uncertainty that
are occurring and propagating in the forecasting process [10].
This study coupled HEC-HMS with Taiwan cooperative precipitation ensemble forecast experiment (TAPEX) to provide
three days of reservoir inflow forecasts. TAPEX is a collective
effort among academic institutes and government agencies
in Taiwan since 2010. It aims to provide typhoon track and
rainfall forecasts [1, 21] using EPS. The Shihmen Reservoir
in northern Taiwan was selected as the study area. Figure 1
shows that all typhoon tracks affected Taiwan according to the
historical data [4]. Among ten categories, type 2 has the most
impact on the reservoir. In addition, a type 3 typhoon in 2009,
named Morakot, caused Taiwan huge losses. To consider the
biggest impact on the reservoir, a total of six typhoons of
types 2 and 3 were selected to calibrate the system and test the
performance. All the members of TAPEX produced rainfall
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Figure 1: Schematic diagram of typhoon tracks invading Taiwan.
The percentages in the figure were the statistic results from 1958
through 2006 by the Central Weather Bureau (CWB). The dark
grey polygon located in the northern Taiwan indicates the Shihmen
Reservoir catchment. Typhoons in type 2 would pass through the
Shihmen Reservoir catchment and bring heavy rainfall, such as
Typhoon Saola in 2012 or Typhoon Soulik in 2013.

forecasts and the ground observations model calculated the
rainfalls to reservoir inflows. The integral uncertainties for
magnitude and timing of peak flow and cumulative reservoir
inflow were assessed and discussed.

2. Study Area
The Shihmen Reservoir catchment, located at the upstream
of the Tanshui River in northern Taiwan, was selected as the
study area (Figure 2). The Shihmen Reservoir is a multiplepurpose reservoir, including irrigation, water supply, flood
control, hydropower, and recreation. It has a 761.05 square
kilometers (km2 ) catchment area and 233 million cubic
meters (m3 ) of effective storage capacity, which ranks the first
and third among all reservoirs in Taiwan, respectively. More
than two million households across 27 villages and towns
in three counties rely on its water supply. In addition, onethird of the total population of the Taipei metropolitan area,
the largest one in Taiwan, is downstream. It is also a part of
the Taipei Flood Prevention System, a project that took 37
years to complete starting in 1963 to mitigate downstream
flood risks. However, Shih et al. [22] mentioned that the
vulnerability to 200-year flooding still exists due to urban
development and natural alteration over time [22]. Therefore,
flood control through reservoir operations is very important for downstream flood mitigation during typhoons. To
achieve these two goals of water supply and flood mitigation
at the same time, the operator must be precise when releasing
flood waters.
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National Taiwan Normal University, Chinese Culture University, Central Weather Bureau (CWB), National Center for
High-Performance Computing, Taiwan Typhoon and Flood
Research Institute, and National Science and Technology
Center for Disaster Reduction, started in 2010 and is the
first attempt to design a high-resolution numerical ensemble
model in Taiwan. The TAPEX applied various models, including the weather research and forecasting (WRF), model, the
fifth-generation Penn State/NCAR mesoscale model (MM5),
and cloud-resolving storm simulator (CReSS), and initial
conditions for precipitation forecast. The observed data gathered worldwide from satellites, radar, atmospheric sounding,
and ground observations are used in these numerical weather
models (members). The experiment aims to provide 24, 48,
and 72 h ensemble quantitative precipitation forecasts and
generate four runs a day at a 5 km resolution. The ensemble
statistical method and probabilistic forecast concept are used
to analyze the typhoon path and precipitation distribution.
The average (or weighted combination) of all members was
used as the final precipitation forecast. For further details,
please see Hsiao et al. [21] and Lee et al. [1].
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Figure 2: Study area and location of streamflow and precipitation
gauges.

3. Method and Materials
This study’s process consisted of three steps: data acquisition, hydrological model establishment, and error estimation
(Figure 3). The observed information was used for model
calibration and validation. Using TAPEX’s ensemble rainfall
forecasts as input, the hydrological model was calibrated
using three typhoons and simulated reservoir inflows against
the remaining three typhoons’ observations. The error estimations of peak flow and cumulative inflow were applied to
evaluate model performance. The details of the study process
are described as follows.

3.1.2. Observed Precipitation Information. Among ten categories of typhoon invading Taiwan (Figure 1), types 1 through
5 are west-moving path typhoons, types 6 and 7 are northmoving path typhoons, type 8 is the recurving northeastward
typhoon, and type 9 is the typhoon which invades Taiwan in
a straight line after forming in the South China Sea. Other
special typhoon tracks/paths that do not belong to any of
above are called type 10. Among all the types, type 2 would
pass through the Shihmen Reservoir and bring heavy rainfall
on the reservoir catchment. For examples, Typhoon Saola in
2012 and Soulik in 2013 pulled down approximately 300 mm
in 24 h and the observed peak inflow to the reservoir was over
5,300 cubic meters per second (m3 /s).
To characterize the biggest impact on the Shihmen Reservoir, the typhoons in type 2 were studied. This study applied
the most recent typhoons, Saola (2012) and Soulik (2013),
to test the system performance. Typhoon Morakot in 2009
(Type 3), causing enormous damages in Taiwan, was also
selected as an extra test. The model establishment used three
typhoons, Sinlaku (Type 2), Jangmi (Type 2), and Fungwong
(Type 3), consistent with the abovementioned types. Table 1
lists the details of the six historical typhoons used in this
study. Because of the advantages of fast computation and high
calculation accuracy, Thiessen’s polygon method has been
widely applied [23] and was used to calculate the average
rainfall (𝑃ave ) as follows:
𝑛

𝑃ave = ∑𝑤𝑖 𝑃𝑖 ,
𝑖=1

𝑛

3.1. Data Acquisition
3.1.1. Taiwan Cooperative Precipitation Ensemble Forecast
Experiment (TAPEX). TAPEX, a collective effort among
academic institutes and government agencies, such as
National Taiwan University, National Central University,

(1)

∑𝑤𝑖 = 1,
𝑖=1

where 𝑃𝑖 and 𝑤𝑖 are the observed rainfall information and
weighting factor for the 𝑖th rainfall station, respectively, and
𝑛 represents a total of rainfall gaging stations. Observations
with an hourly resolution provided from ten rainfall gauge
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Figure 3: Flow chart of this study in terms of data processing and performance evaluation.
Table 1: Collected six typhoons’ historical data. The first three typhoons’ observed data, namely, Typhoon Fungwong, Typhoon Sinlaku, and
Typhoon Jangmi, were used for model calibration and validation. The second three typhoons’ TAPEX ensemble quantitative precipitation
forecasts, namely, Typhoon Morakot, Typhoon Saola, and Typhoon Soulik, were used for model application to provide the reservoir inflow
forecast for the Shihmen Reservoir.
Year

TAPEX period
(land warning period∗ )

Fungwong

2008

Sinlaku

2008

Jangmi

2008

Morakot

2009

Saola

2012

Soulik

2013

—
(7/27 2:30∼7/29 11:30)
—
(9/12 5:30∼9/15 20:30)
—
(9/27 8:30∼9/29 17:30)
8/6 8:00–8/8 2:00
(8/6 8:30∼8/10 5:30)
7/31 8:00–8/1 20:00
(7/31 20:30∼8/3 14:30)
7/11 8:00–7/12 20:00
(7/11 20:30∼7/13 23:30)

Typhoon

Track

Max. cumulative rainfall∗∗ (mm)
24 h

48 h

72 h

3

235.8

280.4

282.1

2

412.0

711.1

899.0

2

317.2

369.2

404.4

3

265.0

413.3

466.7

2

397.7

398.6

422.6

2

494.3

672.7

798.9

∗

The land waning period of typhoons was based on the Typhoon Database of Central Weather Bureau, Taiwan (http://rdc28.cwb.gov.tw/). Periods are MM/DD
notation.
∗∗
Data from the Shihmen Reservoir Management Center (http://www.wranb.gov.tw/). Thiessen’s polygon method was used to calculate the average rainfall
and maximum cumulative rainfall. Selected precipitation gauges and the corresponding weights of Thiessen’s polygon were listed in Table 3.

stations were used to calculate the average rainfall as hydrological input (𝑖 = 1, 2, . . . , 10). The TAPEX generated the
ten stations’ rainfall forecasts to replace observations in this
study. Figure 2 shows the location of these gaging stations.

3.1.3. Observed Inflow Information. The observed inflow data
were collected from the Shihmen Reservoir Management
Office at the Hsiayun flow gauge station (1140H054 in
Figure 2). The station is located at the upstream of Shihmen
Reservoir and is not affected by backwater. The data for reservoir inflow estimated by the Shihmen Reservoir Management

Office during the last three typhoons in Table 1 were collected
for model applications.
3.2. Rainfall-Runoff Model. HEC-HMS is a well-known
hydrologic modeling software developed by the US Army
Corps of Engineers (USACE) Hydrologic Engineering Center
(HEC). It aims to simulate the precipitation runoff processes
of watershed systems and includes different components such
as runoff volume, baseflow, and channel flow. Storage and
movement of water vertically within the soil layer are not
included. Many studies have applied HEC-HMS for rainfallrunoff at watershed scale (e.g., [24, 25]). It is appropriate in
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this study since the movements within soil are assumed to be
negligible during typhoons. For each component, HEC-HMS
includes many different modules. The details of HEC-HMS
are given in the Technical Reference Manual [26] and User’s
Manual [27]. The loss is subtracted from the precipitation
depth and the remaining depth is referred to as precipitation
excess. In the study, soil conservation service curve number
(SCS-CN) loss method was selected to estimate cumulative
losses. This method estimates precipitation excess as a function of cumulative precipitation, soil cover, land use, and
antecedent moisture using the following equation [26]:
𝑃𝑒 =

(𝑃 − 0.2𝑆)2
,
𝑃 + 0.8𝑆

(2)

where 𝑃𝑒 and 𝑃 are cumulative precipitation excess and
rainfall depth at time 𝑡; 𝑆 is potential maximum retention, a
measure of the ability of a watershed to abstract and retain
storm precipitation. The maximum retention 𝑆 is determined
using the following equation (SI unit):
25400 − 254CN
(3)
,
𝑆=
CN
where CN is the SCS curve number which can be estimated
as a function of land use, soil type, and antecedent watershed
moisture.
The value of CN is an empirical index which ranges from
100 (for water bodies) to 30 for permeable soils with high
infiltration rates. In the study, the value of CN was initially
based on the soil type and land use of the catchment and
refinements were made during the calibration and validation
process. HEC-HMS transforms the rainfall excess (𝑃𝑒 ) to
direct surface runoff through an empirical model (unit
hydrograph) or a conceptual model (kinematic wave). In
the study, the SCS unit hydrograph (SCS-UH) method was
applied for estimating direct runoff. Research by the SCS
suggests that the UH peak (𝑈𝑃 ) and time of UH peak (𝑇𝑃 )
are related as
𝐴
𝑈𝑃 = 𝐶 ,
(4)
𝑇𝑃
where 𝐴 is the watershed area; 𝐶 is a conversion constant
(2.08 in SI); 𝑇𝑃 is related to the duration of the unit of excess
precipitation as follows:
Δ𝑡
(5)
+ 𝑡lag ,
2
where Δ𝑡 is the excess precipitation duration (which is also
the computational interval in HEC-HMS) and 𝑡lag is the basin
lag, defined as the time difference between the center of mass
of rainfall excess and the peak of the UH.
When the lag time (𝑡lag ) which is an empirical parameter is specified, HEC-HMS solves (4) and (5) to find the
magnitude and time of UH peak. Given 𝑈𝑃 and 𝑇𝑃 , the
UH can be found from the SCS-UH dimensionless, singlepeaked UH. The recession model explains the drainage from
natural storage in a watershed. It defines the relationship of
the baseflow 𝑄𝑡 at any time 𝑡 to an initial value 𝑄0 as
𝑇𝑃 =

𝑄𝑡 = 𝑄0 𝑘𝑡 ,

(6)

where Q0 is the initial baseflow (𝑡 = 0) and k is an exponential
decay constant. The total flow is the sum of the direct runoff
and the baseflow. 𝑄0 and 𝑘 were all parameters identified by
the historical events.
3.3. Error Estimation. The mean absolute error (MAE) was
suggested by Willmott and Matsuura [28] to replace the root
mean square error (RMSE) since it is a more natural definition of an average error and is unambiguous. The MAE measures the average magnitude of the errors in a set of forecasts,
without considering their direction. It measures accuracy for
continuous variables. The reservoir inflow directly affects the
safety and the operation of a reservoir. It is thus applied in
the performance measure. The difference between measured
and modeled inflow is instinctively defined by the difference
and the average describes the overall performance. The MAE,
which ranges from zero to infinity, is defined as follows:
𝑇



MAE = [𝑇−1 ∑ 𝐼𝑖 − 𝑂𝑖 ] ,

(7)

𝑖=1

where 𝑂𝑖 is the observed inflow (m3 /s); 𝐼𝑖 is the predicted
inflow (m3 /s); 𝑖 is time (hour); 𝑇 is the entire evaluation time
period (hour). The closer a MAE is to zero, the better the value
agrees with what was observed.
The peak and cumulative inflow are important factors to
evaluate the system performance. The percent error (PE) is
used and defined as follows:
PE =

Simulated − Observed
× 100,
Observed

(8)

where Simulated and Observed = the simulated and observed
peak inflow or cumulative inflow (m3 /s).

4. Model Calibration and Validation
As mentioned earlier, this study used three methods in the
HEC-HMS to simulate reservoir inflow. Three methods were
SCS-CN to estimate precipitation excess, SCS-UH to calculate direct runoff, and recession to identify base flow. Therefore, the process involved tuning of CN value, percentage
of impervious surface, lag time, initial discharge, recession
constant, and ratio-to-peak. For the model calibration and
validation, three typhoons in 2008, namely Jangmi (type 2),
Sinlaku (type 2), and Fungwong (type 3), were used. The
observed peak flows were 2,532, 3,260, and 1,555 m3 /s. The
comparison of the temporal distribution with the observation
is shown in Figure 4 (the parameter set is listed in Table 2).
The MAEs were 101 m3 /s for Jangmi (model calibration),
225 m3 /s for Sinlaku (model validation), and 85 m3 /s for
Fungwong (model validation). The PEs were −5.2, −7.4, and
4.9 percent in the peak inflow and −14.4, −4.4, and −14.1
percent in cumulative inflow. These results prove that the calibrated HEC-HMS model provides confident estimations for
the timing and value of the peak flow and for the cumulative
water volume into the reservoir. There is always a concern
that the single event-based parameters are not applicable
to different events. However, the calibration and validation
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Figure 4: Observed and simulated hydrographs during (a) Typhoon Jangmi, (b) Typhoon Sinlaku, and (c) Typhoon Fungwong. The MAEs of
model calibration and validation were 101.0, 224.8, and 84.8 m3 /s. The result proves that the calibrated HEC-HMS model provides confident
estimations for the timing and value of the peak flow and for the cumulative water volume into the reservoir. The SCS-CN method was
selected to estimate rainfall loss, including interception, depression storage, infiltration, evaporation, and transpiration. This method estimates
precipitation excess as a function of cumulative precipitation, soil cover, land use, and antecedent moisture.

processes minimized the uncertainty. The comparisons of
different events indicated that the parameter set is applicable
for different extreme typhoon events. For the typhoons of
application below, the observed inflow was at the reservoir,
instead of the Hsiayun station. The verified model parameters
obtained here were adopted for the applications below, but the
catchment area and the lag time were adjusted to 761.05 km2
and 250 minutes to match the difference of catchment area

between the Hsiayun catchment and the Shihmen catchment
(Table 2).

5. Applications
The one-way-coupling system, providing 72 h reservoir
inflow forecasts, was applied to three typhoons, namely,
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Table 3: Selected precipitation gauges with hourly data records and
the corresponding weights of Thiessen’s polygon, 𝑊𝑛 . The average
rainfall of the Shihmen Reservoir catchment was calculated using
Thiessen’s polygon method by (1).

Inﬂow (m3 /s)

15000

10000

ID
5000

0
7/11

7/12
Individual member
Ensemble-mean

7/13

7/14

7/15

Observation

Figure 5: Example of 72 h reservoir inflow ensemble forecast for the
Shihmen Reservoir from 20:00, July 11, 2013 to 19:00, July 14, 2013.
This result was based on the TAPEX 78 h precipitation ensemble
forecast from 14:00, July 11, 2013 to 19:00, July 14, 2013. The initial
six hours were set as the warm-up time of simulation and were
not included in the analysis. In addition, the gray lines represented
hourly inflow forecast by each individual member. The black line
represented the result by ensemble-mean of these 21 members.

Table 2: Calibrated parameter values. The same parameters set was
adopted in the HEC-HMS model, but the area and the lag time,
due to the difference of area between the Hsiayun catchment and
the Shihmen Reservoir catchment, were adjusted from 605.29 to
761.05 km2 and from 220 to 250 min, respectively.
Parameters

Value

Area (km2 )
Hsiayun (1140H054)
Shihmen Reservoir
CN
Percentage of impervious surface (in percent)

605.29
761.05
68.44
0%

Lag time (min)
Hsiayun (1140H054)
Shihmen Reservoir

220
250

Initial discharge (m3 /s)
Recession constant
Ratio-to-peak (m3 /s)

39.34
0.4
0.35

Morakot (2009), Saola (2012), and Soulik (2013). TAPEX
initially included ten plus ensemble members in 2010 and
continues to increase the number of members because of
advancing computer technology. To date, there are more than
20 ensemble members included in the run for precipitation
forecasting. Therefore, the number of members for applied
events varies. There were 13 members for Morakot, 16 members for Saola, and 22 members for Soulik applied in this
study. In addition, computing technology has allowed the
length of forecasts to increase. TAPEX provided only 72 h
ensemble quantitative precipitation forecast for Morakot, but
78 h for Saola and Soulik. The initial six hours were set as
the warm-up time of simulation and were not included in

21C050
21C070
21C080
21C090
21C140
21D150
21D160
21D170
21D350
21U110

Location
𝑋
𝑌
273451 2745098
289171
2731177
285756 2734043
289656 2726340
286070 2743033
279651 2728316
275537 2720438
280236 2718811
286024 2713155
297235 2727446

∗
Data
from
the
Shihmen
(http://www.wranb.gov.tw/).

Elevation
(m)
255
1220
620
1260
350
780
1620
1630
2000
1150
Reservoir

Weights by Thiessen’s
polygon∗
4.32
7.31
9.29
10.02
17.03
9.34
11.52
12.74
14.46
3.97
Management

Center

the analysis. It is noted that the forecasted length of reservoir
inflow then became 66 h for Morakot and 72 h for Saola
and Soulik. For example, Figure 5 shows an example of a
72 h reservoir inflow ensemble forecast from 20:00, July 11,
2013 to 19:00, July 14, 2013, based on a 78 h precipitation
ensemble forecast from 14:00, July 11, 2013 to 19:00, July 14,
2013. A member produced a forecast and is shown as a grey
line in the figure (individual member). The average of all
members’ inflows is the black line (ensemble-mean). It shall
be noted that the calculation of ensemble-mean is on the
hydrological part. Figure 5 shows that forecasted inflows of
all members vary and cover a wide range. The magnitude
and timing of the peak flows are from 2,122 to 10,395 m3 /s
and from 05:00 to 11:00, respectively. The observations are
shown as dots in the figure. The variation in forecasting
results shows the uncertainties of using individual member
and the observation is within the ensemble forecasts. Below
is the detailed description for the studied typhoons.
5.1. Type 2 Typhoons: Soulik (2013) and Saola (2012). The
CWB issued land warnings for Soulik from 20:30, July 11
to 23:30, July 13, 2013. A total of 409 mm rainfall was
observed and the peak inflow was 5,458 m3 /s at 08:00, July 12.
Figure 6(a) shows the error evaluation results using TAPEX’s
forecasts from 08:00, July 11 to 20:00, July 12. Each of
individual members has its own reservoir inflow forecast.
In addition, the ensemble-mean forecast was the mean of
all individual member inflow forecasts. The average MAE of
the ensemble-mean forecasts of seven TAPEX forecasts was
530 m3 /s. Two out of 23 members had better performances
than the ensemble-mean, namely, M01 and M12. Their average MAEs were 466 and 523 m3 /s, respectively. In terms of the
percentage of observed peak inflow, the MAEs of forecasted
inflow ranged from 8.5 to 19.4 percent. The land warnings
for Saola, a total of 66 h, were issued from 20:30, July 31
to 14:30, August 3. A total of 604 mm rainfall was reported
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Figure 6: The evaluation of MAE. The average MAEs of the ensemble-mean was 530, 985, and 503 m3 /s for Typhoon Soulik, Typhoon Saola,
and Typhoon Morakot, respectively. The performance of the ensemble-mean is probably not the best, but we cannot know which individual
member is the best before it actually occurs.

and the peak inflow was 5,385 m3 /s at 07:00, August 2. Due
to a longer length of land warning, nine TAPEX forecasts
from 20:00, July 30 to 20:00, August 1 were used and the
calculated MAEs are seen in Figure 6(b). The average MAE
of the ensemble-mean was 897 m3 /s. Only M09, 827 m3 /s,
had a better performance than the ensemble-mean forecast.
All MAEs ranged from 15.2 to 28.2 percent in terms of the
percentage of the observed peak inflow. Both Figures 6(a) and
6(b) show that the ensemble-means are located in the lower
part of the plots demonstrating that using the ensemble-mean
is less uncertain than randomly selecting a member’s inflow.

5.2. Type 3 Typhoon: Morakot (2009). An extra application
was done for Morakot, a type 3 typhoon. Morakot caused
severe damages in Taiwan, and most of them were in the
south. Land warnings for a total of 93 h were issued from
08:30, August 6 to 05:30, August 10. It brought a total of
398 mm rainfall on the Shihmen Reservoir catchment. The
typhoon duration was long (a total of five days) so the
intensity of rainfall was relatively small, leading to a low
peak inflow observed to be only 1,837 m3 /s (00:00, August
7). Seven TAPEX forecasts from 02:00, August 6 to 14:00,
August 7 were used and the error evaluation results are shown

in Figure 6(c). The average MAE of the ensemble-mean was
557 m3 /s. A total of six members had better performances
than the ensemble-mean, namely, M03, M06, M08, M09,
M10, and M11. Their average MAEs were 437, 535, 520, 548,
511, and 526 m3 /s. The average MAE of all ensemble members,
equal to the percentage of observed peak inflow, ranged from
23.7 to 53.5 percent. The observed peak flows of previous two
typhoons were three times larger than the one of Morakot.
These results show that there is higher uncertainty when
using the combination of EPS and hydrological model if
inflows are low. Regardless of this, using ensemble-mean,
as shown in Figure 6(c), is still less uncertain than using a
random member.

6. Summary and Conclusions
6.1. Uncertainty in Magnitude and Timing of Peak Flow Forecast. Figure 7 compares all members and ensemble-mean in
percent between simulated and observed peak flows. Figure 8
compares the difference of timing in between simulated and
observed peak flows. Listed in order of greatest magnitude
and timing, the performances of peak flow forecasts were
as follows: typhoon Soulik (2013), typhoon Saola (2012),
and typhoon Morakot (2009). The average differences of the
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Figure 7: The error of peak flow forecast in magnitude. The averages of the ensemble-mean forecast error were 13.2, 17.8, and 28.2 percent.

ensemble-mean forecast were 13.2, 17.8, and 28.2 percent in
magnitude and 0.57, 6.78, and 18.71 h in time lag. Figure 9
shows all MAEs as a box-percentile plot. The full range of
variation decreases by time: the smaller the variation, the
more consistent the forecasts. Two reasons may explain that
(i) type 2 typhoons had heavier rainfall than type 3 typhoons
and the combination of EPS and HEC-HMS performed
better in heavier rainfall events and (ii) as mentioned earlier,
the number of members of TAPEX increased by time, and
this increased forecast accuracy. There are only limited data
available since TAPEX started in 2010. More events are
needed to confirm the findings when available. The MAEs
of ensemble-mean are added in Figure 9 as cross marks. For
the events of type 2, the cross marks are located between
the minimum value and 25th percentile. For the event of
type 3, the cross mark are located between the 25th and
50th percentiles. It was noted that the members with the best
performance were not constant during different typhoons:
M01 for Soulik, M02 for Saola, and M03 for Morakot. So far,
the rule to select the best member for corresponding tracks
is uncertain. This study found that the average performances
of ensemble-mean were consistently located at the lower part
of forecasts (Figures 6 and 8). For operational consideration,
it is recommended to use the more certain ensemble-mean
over the individual member.

6.2. Cumulative Length of Time. To operate a reservoir,
not only the magnitude and timing of the peak flow but
also the total inflow needs to be taken into account. The
operators can estimate the impact of the event and operate
the reservoir with precaution according to the forecasted
cumulative inflow. Since TAPEX provides 72 h of precipitation forecasts, this study calculated the cumulative inflow
in terms of a total of 6, 12, 18, . . . , 72 h and compared with
the observations shown in Figure 10. All model runs for
the three applications were included. The shaded area was
bounded by the largest and smallest difference among the
observations. The maximum difference between simulated
and observed inflows ranged from 179.1 percent (36 h) to 52.3
percent (48 h). The bounded area significantly shrunk after
42 h, as did the forecast uncertainty. The average maximum
differences were 125.4 percent before 42 h and 62.3 percent
after 42 h of forecast. When the length of cumulative time is
longer than 42 h, the uncertainty is half of the uncertainty
for less cumulative time. It is implied that the cumulative
time more than 42 h can cover the period of major typhoon
rainfall. In other words, the average impact duration of a
typhoon in Taiwan is 73.68 h [4], but major typhoon rainfall
may occur within 42 h before and after landfall. Furthermore,
if the major typhoon rainfall does not occur within the 36 h,
the total inflow is insignificant and consequently amplifies
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Figure 9: The box-percentile plots of MAE for the comparison of
ensemble-mean (cross make) and all members (box percentile).

the error. The high uncertainty caused the applicability of the
system to decrease with shorter length of cumulative time.
Thus it is recommended to use the combination of EPS and
HEC-HMS for inflow forecasts of longer cumulative time.
In conclusion, the results show that the proposed
hydrometeorological system including NWPs and a hydrological model at catchment-scale shows a promising potential to serve as a valuable reference for optimal reservoir
operations during extreme events. The system can provide
convinced forecasts if the uncertainty of rainfall forecast and

Figure 10: The error of total inflow forecast for three applications
in function of cumulative length of time. The maximum of the error
of total inflow varied from almost zero to 179 percent and can be
reduced significantly when the cumulative length of time is larger
than 42 h.

the length of lead time are well considered. More events
and different study areas to implement the system should be
included in the future works to test the findings in this study.
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