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Abstract Probabilistic inflow forecasts can quantify the
uncertainty involved in the forecasting process and provide
useful risk information for reservoir management. This
study proposed a probabilistic inflow forecasting scheme
for the Three Gorges Reservoir (TGR) at 1–3 d lead times.
The post-processing method Ensemble Model Output
Statistics (EMOS) is used to derive probabilistic inflow
forecasts from ensemble inflow forecasts. Considering the
inherent skew feature of the inflow series, lognormal and
gamma distributions are used as EMOS predictive
distributions in addition to conventional normal distribu-
tion. Results show that TGR’s ensemble inflow forecasts at
1–3 d lead times perform well with high model efficiency
and small mean absolute error. Underestimation of
forecasting uncertainty is observed for the raw ensemble
inflow forecasts with biased probability integral transform
(PIT) histograms. The three EMOS probabilistic forecasts
outperform the raw ensemble forecasts in terms of both
deterministic and probabilistic performance at 1–3 d lead
times. The EMOS results are more reliable with much
flatter PIT histograms, coverage rates approximate to the
nominal coverage 89.47% and satisfactory sharpness.
Results also show that EMOS with gamma distribution is
superior to normal and lognormal distributions. This
research can provide reliable probabilistic inflow forecasts
without much variation of TGR’s operational inflow
forecasting procedure.

Keywords ensemble forecast, probabilistic forecast,
numeric weather prediction, EMOS, Three Gorges Reser-
voir

1 Introduction

Real-time flood forecast plays an important role in water
resources management, flood control, and environmental
protection activities (Chen et al., 2015). The World
Meteorological Organization defines flood forecasting as
an important tool for reducing vulnerabilities and flood risk
and form an important ingredient of the strategy to “live
with floods,” thereby contributing to national sustainable
development (WMO, 2010). Considering the uncertainty
involved in flood forecasting processes, people nowadays
prefer probabilistic forecasts, which take the form of a
predictive probability density function (PDF) rather than
the conventional deterministic or single-value forecast
(Gneiting and Katzfuss, 2014; Huang et al., 2018; Liu
et al., 2018). Previous literature has shown that probabil-
istic forecasts have the following advantages (Bourdin et
al., 2014; Hardy et al., 2016; Liu et al., 2016; Todini,
2017): 1) the PDF provided by probabilistic flood forecasts
enables the decision makers to quantify uncertainty and
therefore better trade off risks and benefits; 2) probabilistic
flood forecasts usually have longer lead time and thus
provide more timely flood information; and 3) probabilistic
flood forecasts usually outperform deterministic flood
forecasts on forecasting skills. Therefore, probabilistic
forecasts can better serve stakeholders and reservoir
management with the ability to quantify the prediction
uncertainty, and have thus become an essential ingredient
of optimal decision making.
Probabilistic forecasts are usually generated by post-

processing ensemble forecasts (Cloke and Pappenberger,
2009; Gneiting and Katzfuss, 2014). Ensemble forecasts
are regarded as random samples of the future status. An
instinct innovation is to use the ensemble forecasts to
estimate the parameters of the PDFs. However, the
ensemble forecasts are more or less biased and dispersive,
statistical post-processing methods are therefore necessary
for generating calibrated probabilistic forecasts (Bröcker
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and Smith, 2007; Wilks and Hamill, 2007; Bourdin et al.,
2014; Zhong et al., 2018a). Two statistical post-processing
methods are most popular nowadays, i.e., Bayesian model
averaging (BMA) (Raftery et al., 2005) and ensemble
model output statistics (EMOS) (Gneiting et al., 2005).
The BMA method is a weighted average of the individual
posterior conditional PDFs between the ensemble mem-
bers and the observations, while the EMOS method post-
processes the ensemble forecasts with a single parametric
distribution. Previous literature shows that BMA and
EMOS have comparable performance in post-processing
hydro-meteorological variables, such as wind speed,
temperature, atmospheric pressure, precipitation, flood,
etc. (Raftery et al., 2005; Duan et al., 2007; Sloughter et al.,
2007; Liu and Xie, 2014; Baran and Nemoda, 2016). In
this study we employ the EMOS method for ensemble
post-processing, which is flexible and has successful
applications in many relevant studies (Gneiting and
Raftery, 2005; Bourdin et al., 2014; Hemri et al., 2015).
The objective of probabilistic forecasting is to maximize

the sharpness of predictive PDFs subject to calibration or
reliability (Gneiting et al., 2007). Sharpness refers to the
concentration of the predictive distributions in absolute
terms and is a property exclusive to the forecasts and
calibration or reliability refers to the statistical compat-
ibility of probabilistic forecasts and observations (Gneiting
and Katzfuss, 2014). Accurate ensemble forecasts which
sample different uncertainty sources are needed before
applying a post-processing method. Zhao et al. (2012)
generated ensemble flood forecasts with different numeric
weather prediction (NWP) products and post-processed the
ensemble forecasts with BMA method. Naiafi and
Moradkhani (2014) improved the BMA method with
Copula functions and applied it to multi-model flood
simulations to generate probabilistic forecasts. Hemri et al.
(2015) used EMOS method to post-process hydrologic
ensemble forecasts that consider input uncertainty and
applied empirical copula coupling to reconstruct the
temporal structure of the multistep probabilistic forecasts.
Wu et al. (2016) conducted atmospheric-hydrological
modeling based on ensemble precipitation forecasting
and obtained ensemble hydrographs for a flood event.
Najafi and Moradkhani (2016) tested multi-model ensem-
ble averaging techniques over several basins and revealed
that the BMA expectations performed best. Previous
literature shows that raw ensemble forecasts are usually
probabilistically biased and post-processing is needed.
Moreover, the predictive PDFs describe the inherent nature
of the prediction variables and should thus be selected
specifically for different variables. For instance, Gaussian
distribution for temperature and sea level pressure
(Gneiting and Rafrery, 2005; Liu and Xie, 2013),
lognormal and generalized extreme value distribution for
wind speed (Lerch and Thorarinsdottir, 2013; Baran and
Lerch, 2015), lognormal for reservoir inflow (Bourdin

et al., 2014), mixed logistic-Gamma distribution for
precipitation (Sloughter et al., 2007). Thus, the predictive
distribution for generating probabilistic inflow forecasts
should be carefully selected.
The main purpose of this research is to generate reliable

probabilistic forecasts from ensemble forecasts for reser-
voir inflow. Different distributions are used for conducting
EMOS post-processing. The EMOS probabilistic forecasts
are evaluated and compared with the raw ensemble
forecasts in terms of both deterministic and probabilistic
performance. Three Gorges Reservoir (TGR) in China is
selected as a case study to illustrate our approach. The
remainder of this paper is organized as follows. Section 2
displays the basic information of the study area and data
used. Section 3 explains methodologies and evaluation
criteria. Section 4 presents and discusses the main results
of this study. Finally, conclusions are illustrated in Section
5.

2 Study area and data

2.1 Study area

Three Gorges Reservoir (TGR) is the largest hydroelectric
project located on the world’s third longest river, the
Yangtze River, which protects millions of people from
flood disasters and produces about 100 billion kW/h
hydropower annually (Zhong et al., 2018b). TGR has
comprehensive benefits of flood control, hydropower
generation, navigation, environmental protection, among
other benefits. The drainage area of TGR is about 1 million
km2 and its interval basin is about 59100 km2, which is
displayed in Fig. 1. The inflow of TGR interval basin
consists of three parts: 1) the mainstream inflow gauged by
Cuntan hydrologic station, 2) the tributary inflow gauged
by Wulong hydrologic station and 3) the rainfall-runoff of
the uncontrolled interval basin, which accounts for about
6% of the TGR basin. The operational inflow forecasting
system of TGR has been run since 2003 by the Changjiang
Water Resources Commission (CWRC) and can provide
short-term deterministic forecasts of TGR inflow as well as
flood forecasts of upstream hydrologic stations.

2.2 Hydrological data

To implement inflow forecasting of TGR with 1–3 d lead
times, the following hydrological data are collected from
CWRC, including 1) gauged daily discharges at Cuntan
and Wulong stations; 2) 1–2 d daily flood forecasts at
Cuntan and Wulong stations; 3) mean daily precipitation
records and 4) precipitation predictions over TGR’s
interval basin. Inflow observations of TGR are also
collected for model calibration purposes. The period of
the data sets is from 2010 to 2015.
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2.3 NWP data

NWP data are necessary for accurate inflow forecasting
(Khan et al., 2015). The NWP data used in this study are
obtained from the European Center for Medium-range
Weather Forecast (ECMWF), the National Center for
Environmental Prediction (NCEP) and the China Meteor-
ological Administration (CMA) of The Interactive Grand
Global Ensemble (TIGGE, WMO, 2005) project, which
can be downloaded from its official website. The three
NWP suites each has 51, 21, and 15 members. The raw
NWP data are grid-based. To fit the hydrologic models,
NWP data are first downscaled to basin scale by
arithmetically averaging the NWP values at all grids
within TGR’s interval basin following Duan et al. (2007),
and then averaged within each data suite (ECMWF, CMA
and NCEP). Eventually, three-member NWP daily pre-
cipitation predictions at 1–3 d lead times are used as
hydrologic model input to obtain forecast inflows of the
interval basin. The NWP data are not post-processed
before driving the hydrologic models. As revealed by
Mascaro et al. (2011), although further correction of end
forecast is required, only adjustment of the final hydrologic
forecast is strictly necessary from the operation point of
view, which can be implemented by the EMOS method.

3 Methodologies

The flowchart of establishing a probabilistic inflow
forecasting scheme based on ensemble forecasts is
displayed in Fig. 2. The main methodologies employed
are introduced as follows:

3.1 Ensemble inflow forecasting scheme of TGR

According to the operational inflow forecasting procedure
of TGR, the floods in the mainstream gauged by the
Cuntan hydrologic station and the Wu River gauged by the
Wulong hydrologic station are routed to the reservoir using
the Muskingum-Cunge propagation method (Cunge,

1969). The areal mean precipitation is transformed into
runoff with hydrologic models to estimate the interval
basin inflow. Then TGR inflow is estimated with the
summation of the three flow components.
To sample the forecasting uncertainty, an ensemble

inflow forecasting scheme is developed on the basis of
TGR’s operational inflow forecasting system in this study.
Three major sources of hydrologic uncertainty are
considered (Emam et al., 2018), i.e., 1) input data,
including the NWP data errors and upstream inflow
forecasting errors; 2) model structure, which is subject to
the inability of a single model to coincide with all kinds of
hydrologic processes and 3) model parameter, which
comes from the equifinality for different parameters and
estimation methods. The outcomes of this ensemble
forecasting scheme are 18 inflow forecasts of TGR (3
inputs� 2 models� 3 parameter sets = 18 members) at 1–
3 d lead times. The schematic of TGR ensemble
forecasting scheme is displayed in Fig. 3.

3.1.1 Hydrologic models

Two lumped conceptual models, i.e., the Xinanjiang (XAJ)
model (Zhao, 1992) and GR4J model (Perrin et al., 2003)
are used to model the interval basin inflow of TGR. Inflows
of the Cuntan and Wulong hydrologic stations are routed
using the Muskingum-Cunge method. Thus, the inflow
forecast of TGR at time t can be expressed as:

Qinf lowðtÞ ¼ QintervalðtÞ þ C1Qctðt – 1Þ
þ C2Qwlðt – 1Þ, (1)

where Qinflow(t), Qct(t) Qwl(t) and Qinterval(t) denote the

Fig. 1 Sketch map of the TGR interval basin.

Fig. 2 Flowchart of probabilistic inflow forecasting scheme
based on ensemble NWP and EMOS method.
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inflow of TGR, the discharges at Cuntan and Wulong
stations and the inflow of TGR interval basin at time t,
respectively; C1 and C2 are the propagation parameters for
Qct and Qwl, respectively. Since this research focuses on
real-time inflow forecasting, flood forecasts at the Cuntan
and Wulong hydrologic stations are needed for lead times
longer than 1 d and the interval basin flow is estimated by
coupling NWP data with the calibrated hydrologic models.
The XAJ model is a lumped rainfall-runoff model for

streamflow modeling in humid and semi-humid regions
based on the concept of the saturation excess runoff
mechanism (Dunne, 1978). The XAJ model performs well
in humid and semi-humid regions with many successful
applications (Hu et al., 2005; Tian et al., 2013; Jiang et al.,
2014; Lin et al., 2014; Jie et al., 2018). The state-of-the-art
version of XAJ model is the three-component one, which
has 14 uniform parameters. A detailed illustration of the
XAJ model is beyond the scope of this research; readers
can refer to Zhao (1992) for more information.
The GR4J model is a lumped rainfall-runoff model with

four parameters. Conceptually, the river basin can be
represented by two reservoirs, i.e. a soil reservoir and a
routing reservoir. After subtracting potential evapotran-
spiration from the precipitation, the net precipitation is
divided into two portions. One portion goes into the soil
reservoir, which will later be drained by either evapo-
transpiration or percolation toward deep flow. The other
portion is routed directly to the outlet. The two flow
components meet together and 90% of which is routed by a
unit hydrograph and then a nonlinear routing store. The last
10% is routed just by another unit hydrograph. The total
runoff is eventually derived by gathering these two parts.
Previous research proved that the GR4J model is as
effective as more complex models with case studies of 429
basins all over the world (Perrin et al., 2001).

3.1.2 Evaluation metrics

To consider and emphasize different parts of inflow
simulations (Oudin et al., 2006; Duan et al., 2007; Bourdin
et al., 2014), three evaluation metrics are selected for
model parameter calibration.
1) Root mean square error (RMSE)

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

n

Xn

t¼1

�
QobsðtÞ –QsimðtÞ

�2
r

, (2)

where QobsðtÞ and QsimðtÞ denote the observed and
simulated inflows at time t, respectively; n is the data
length. This metric is sensitive to the differences between
the observation and simulation, and is considered as an
overall evaluation metric. A lower RMSE value indicates a
better simulation performance.
2) Root mean error of square transformed (RMEST)

RMEST ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

n

Xn

t¼1

�
Q2

obsðtÞ –Q2
simðtÞ

�2
r

: (3)

By transforming the observations and simulations into
square form, this metric puts great emphasis on the peak
flow discharges.
3) Mean error of logarithmic transformed (MELT)

MELT ¼ 1

n

Xn

t¼1

�
lnQobsðtÞ – lnQsimðtÞ

�2
: (4)

A small MELT value emphasizes good fit of low flow
discharges.
Genetic Algorithm (GA, Goldberg, 1989), which is

robust and reliable even when there are many model
parameters (Wu and Chau, 2006; Parasuraman and
Elshorbagy, 2007; Kang et al., 2017), is used to calibrate
model parameters.

Fig. 3 Schematic of the TGR ensemble inflow forecasting scheme
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3.2 Ensemble Model Output Statistics (EMOS)

The EMOS method proposed by Gneiting and Raftery
(2005) is used to post-process the ensemble inflow
forecasts, in which the normal distribution is assumed as
the predictive PDF. The probabilistic forecasts can be
expressed as follows.

gðyjx1,x2,:::,xmÞ ¼ Nðaþ
Xm

i¼1
bixi,cþ dS2Þ, (5)

where Nð⋅Þ denotes normal PDF; aþ
Xm

i¼1
bixi is the

affine function of the m ensemble forecasts (½x1,x2,:::,xm�);
cþ dS2 is the affine function of the ensemble variance S2;
a, bi, c and d are the EMOS parameters.
By adopting other distributions (e.g. lognormal, P-III,

gamma) as predictive distribution, the EMOS method can
be generalized and applied to different variables (Wilks
and Hamill, 2007). In addition to the normal distribution,
lognormal and gamma distributions are also employed as
EMOS predictive distributions in this study. The reason for
choosing these two non-Gaussian distributions is that they
have a long history as well as many successful cases in
hydrologic application (Fernandez and Salas, 1986; Lewis
et al., 2000; Yue et al., 2001; Steinschneider and Brown,
2011; Bourdin et al., 2014; Xiong et al., 2018). For
instance, Bourdin et al. (2014) used Gaussian and log-
normal distributions to conduct EMOS post-processing
and obtained reliable probabilistic inflow forecasts. Also,
the EMOS based on log-normal and gamma distributions
are left-truncated at zero like the one proposed by
Thorarinsdottir and Gneiting (2010), which can ensure
the post-processed inflow forecasts are positive.
The lognormal PDF is expressed as:

gðxj�,�Þ ¼ 1

x�
ffiffiffiffiffi
2π

p exp –
ðlnx –�Þ2

2�2

� �
, (6)

where � and � denote the mean and standard deviation of
the log-transformed x.
The gamma PDF is expressed as:

gk, �ðyÞ ¼
xk – 1exp –

x

�

� �
�kΓðkÞ , x>0, (7)

where Γð Þ denotes the gamma function; k and � are the
distribution parameters, which are related with the
population mean � and standard deviation � by:

k ¼ �2

�2 , (8)

� ¼ �2

�
: (9)

The EMOS method using ensemble forecasts as inputs,
the � and � can be estimated by the following equations:

� ¼ aþ
Xm

i¼1
bixi, (10)

�2 ¼ cþ dS2, (11)

where S2 denotes the variance of the ensemble forecasts, a,
bi, c and d are the EMOS parameters.
The EMOS parameters are optimized by the genetic

algorithm (GA) method with minimizing the continuous
ranked probability score (CRPS) as objective function
during calibration period. The EMOS parameters are
adaptively updated with sliding window method, in which
the previous nw data samples are utilized for parameter
optimization for each time step as illustrated by Fig. 4. The
underlying assumption of sliding window method is that
the most recent samples can best represent the forecasting
feature at present. When using sliding window method, the
window length nw must be carefully specified. If the value
of nw is too large, then the model may be overfitting; on the
contrary, the model may be underfitting. The CRPS values
of EMOS probabilistic forecasts with different nw from 20
to 120 are calculated and the nw corresponding to the
smallest CRPS value is selected in this study.

3.3 Evaluation Criteria

Nash-Sutcliff coefficient of efficiency (NSE, also defined
as model efficiency) and Mean Absolute Error (MAE) are
selected to evaluate the performance of deterministic
forecasts (Nash and Sutcliffe, 1970; Lan et al., 2018).

NSE ¼ 1 –

Xn

t¼1

�
QobsðtÞ –QsimðtÞ

�2

Xn

t¼1
QobsðtÞ –Qobs

� �2 , (12)

MAE ¼ 1

n

Xn

i¼1
jQobsðtÞ –QsimðtÞj, (13)

where Qobs denotes the mean observed discharge of the n
samples.
Probability integral transform (PIT) histogram, calibra-

tion deviation (CD), bandwidth (BD), and coverage rate
(CR) are selected to evaluate reliability and sharpness of
probabilistic forecasts. CRPS is used to make comprehen-
sive evaluation.
Perfect probabilistic forecasts are expected to have a flat

PIT histogram. The PIT value for the tth sample is:

PITt ¼ GtðOtÞ, (14)

where Ot denotes the tth observation; Gtð Þ denotes the
probabilistic cumulative distribution function (CDF) at
time t, which is the integration of Eqs. (6)–(7).
The PIT values are then assigned to different bins and

the frequency of each bin is calculated. The number of PIT
bins is usually selected arbitrarily from 10 to 20.
According to the shape of the PIT histogram, the problems
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of the probabilistic forecasts can be diagnosed. If the PIT
histogram is U-shaped, it usually indicates the probabilistic
forecasts have inadequate spread or under-dispersion. On
the contrary, if the PIT histogram is humpback-shaped,
then the probabilistic forecasts are recognized as over-
dispersive. However, it is noteworthy that a flat PIT
histogram is not a sufficient condition for perfect
calibration or reliability, since a combination of negatively
and positively biased forecasting distributions can also
yield a flat PIT histogram while being unreliable (Hamill,
2001). The CD derived from the PIT values can give a
more quantitative evaluation of reliability:

CD ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

h

Xh

i¼1
bini –

1

h

� �2
s

, (15)

where bini is the bin frequency of the ith bin; h is the
number of the bins. A small CD value is preferred, which
means the deviation from a flat PIT histogram is negligible.
BD assesses the sharpness of probabilistic forecasts. The

average BD for the probabilistic forecasts can be computed
as:

BD ¼ 1

n

Xn

t¼1

�
G – 1

t ð1 – α=2Þ –G – 1
t ðα=2Þ

�
, (16)

where G – 1
t ð Þ denotes the inverse CDF of the tth sample; α

is the confidence degree. The mathematical meaning of BD
is apparent that this index represents the uncertainty range
of the probabilistic forecast. Since probabilistic forecasts
with similar BD values may have significant differences in
capturing the observations, coverage rate (CR) can help
further differentiate the results:

CR ¼ 1

n

Xn

t¼1

�
G – 1

t ð1 – α=2Þ£Ot£G – 1
t ðα=2Þ

�
, (17)

where ð Þ is 1 when the condition is satisfied and otherwise
0. CR is a positive oriented index with a range of [0, 1].
Theoretically, the CR value should be close to the
confidence degree α. Only in this context, the smaller the
BD is, the better.

CRPS characterizes both reliability and sharpness of
probabilistic forecasts (Gneiting et al., 2007):

CRPS ¼ 1

n

Xn

i¼1!
1

–1½GtðOtÞ –Hðx –OtÞ�
2

dx, (18)

where H is the Heaviside function. CRPS ranges in [0, 1)
with zero as the perfect value. A lower CRPS value
indicates a better probabilistic performance. Note that for
deterministic forecasts, the CRPS reduces to MAE and
make it possible to compare probabilistic forecasts with
deterministic forecasts.

4 Results and discussion

4.1 Ensemble inflow forecasting performance

The performance of inflow simulations with different
hydrologic models and objective functions during calibra-
tion period (2010–2013) is shown in Table 1. Results show
that the six inflow forecasting schemes yield comparable
performances with all the NSE values larger than 0.99.
Since the Cuntan and Wulong hydrologic stations control
about 94% of the basin area, and the TGR is a type of river
channel reservoir, the satisfactory modeling performance
of inflow is expected and reasonable. The RMSE, RMEST
and MELT values are different from each other, showing a
good ability for sampling uncertainty. Duan et al. (2007)
and Bourdin et al. (2014) have likewise conducted multi-
model and multi-objective function approaches to generate
ensemble flood forecasts.
Subsequently, the NWP data from the three TIGGE

center are used as forces for the six inflow forecasting
schemes to generate ensemble inflow forecasts at 1–3 d
lead times. Subject to the available flood forecasts of the
Cuntan and Wulong stations, real-time ensemble inflow
forecasts of TGR range fromMay, 11st, 2012 to December,
31st, 2015 (1330 days in total). The evaluation metrics for
the ensemble flow forecasts are shown in Fig. 5 with Box-
Whisker plots. Generally speaking, the ensemble inflow

Fig. 4 Illustration of sliding window method for adaptive parameter optimization.
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forecasts yield satisfactory results with NSE medians 0.98,
0.94 and 0.89 at 1–3 d lead times, respectively. The RMSE,
RMEST, and MELT values are also satisfactory while
slightly increasing with increase of lead time. Figure 5
reveals that forecasting uncertainty increases with the lead
time as indicated by the more dispersive metric values.

4.2 Optimization of window length nw

The EMOS parameters are updated adaptively via a sliding
window training method, of which the window length nw is
a vital parameter. If nw is too small, the estimated model
parameters may converge prematurely. On the other hand,
the parameters may be overfitting with a large nw value.
Figure 6 shows the relationship of CRPS values with
different nw values. It can be seen from Fig. 6 that for
different EMOS schemes, the CRPS values generally
decrease as nw increases. The curves turned to be flat after
70–80 days for the three lead times. Results indicate that
when nw is larger than 80 days, the CRPS values have
stabilized. Thus, the nw is set to be 80 days hereafter for all
three EMOS methods at 1-3d lead times.

4.3 Evaluation of deterministic forecasts

The EMOS methods with normal (NOR-EMOS), lognor-
mal (LN-EMOS) and gamma distributions (GM-EMOS)
are used to post-process the 18-member ensemble inflow
forecasts of TGR, respectively. Deterministic inflow
forecasts are defined as arithmetic mean values of the
raw ensemble forecasts and expectations of the EMOS
PDFs, respectively. Table 2 compares the deterministic
evaluation results of the raw ensemble inflow forecasts
with the EMOS probabilistic inflow forecasts in terms of
NSE and MAE. After EMOS post-processing, the MAE at
1–3 d lead times has been efficiently reduced, while the
improvement is slight in terms of NSE.
The reductions of deterministic bias are mainly due to

that the EMOS method ensures ensemble members that
have better performance be allocated with larger weights.
As can be seen from Table 2, the MAE and NSE values of
the three EMOS deterministic inflow are quite close to
each other. Results indicate that different predictive
distributions can obtain similar deterministic performance.
The explanation is that deterministic performance of

Table 1 Performances of the inflow forecasting schemes during calibration period

Hydrologic model XAJ GR4J

Optimization function RMSE RMEST MELT RMSE RMEST MELT

Evaluation metrics RMSE
RMEST
MELT
NSE

935.6
3.00�106

0.0046
0.9909

944.4
1.31�106

0.0048
0.9907

945.0
3.56�106

0.0045
0.9907

888.2
4.53�106

0.0049
0.9918

893.8
3.00�106

0.0049
0.9917

937.4
4.63�106

0.0046
0.9909

Note: * The BOLD values indicate the best results for each evaluation metrics.

Fig. 5 Box-whisker plots for the evaluation metrics of TGR ensemble inflow forecasts at 1–3 d lead time.
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Fig. 6 CRPS values with different window length nw for 1–3 d EMOS probabilistic inflow forecasts

Table 2 Comparison of raw ensemble and EMOS probabilistic forecasts at 1–3 d lead time in terms of deterministic and probabilistic performance

Method Lead time
Deterministic metrics Probabilistic metrics

MAE (m3/s) NSE CRPS (m3/s) BD (m3/s) CR*(%)

Raw ensemble 1d 675 0.98 675 837 34.44

2d 1126 0.94 1126 1002 27.59

3d 1597 0.89 1597 1105 26.77

NOR-EMOS 1d 628 0.98 511 3423 86.58

2d 1036 0.96 834 4858 85.20

3d 1407 0.90 1174 6368 83.83

GM-EMOS 1d 628 0.99 469 3064 89.68

2d 1048 0.96 776 4276 86.96

3d 1399 0.91 1065 5160 86.68

LN-EMOS 1d 624 0.99 465 3341 90.56

2d 1034 0.95 783 4879 88.64

3d 1388 0.91 1063 6908 89.61

Note: * The nominal coverage is (18 – 1)/(18+ 1)= 89.47% according to the size of ensemble forecasts.
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EMOS probabilistic forecasts is only attributed to the
estimation of distribution expectations, which is essentially
first moment of the sample series and its estimation is
robust and easy, thus the selection of predictive distribution
seems of no consequence.

4.4 Evaluation of probabilistic forecasts

The PIT histograms are used to illustrate the probabilistic
calibration or reliability as shown in Fig. 7. As stated
previously, reliable probabilistic forecasts should have a
flat PIT histogram. The raw ensemble inflow forecasts
show bad reliability with the inflow observation concen-
trates in the first and last bins. The badly-shaped PIT
histograms indicate that the raw ensemble is biased and
have severely underestimated the forecasting uncertainty,

which indicates potential risk. The concentration of PIT
values in high percentile indicates that the risk of flood
occurrence is significantly underestimated by the raw
ensemble spreads, which may lead to wrong operation
decisions. After EMOS post-processing, the PIT histo-
grams are much flatter at 1–3 d lead times. Under-
dispersion of the raw ensemble inflow forecasts has been
efficiently ameliorated by the EMOS method. NOR-
EMOS results are less reliable than the other two EMOS
results, indicating that skewed distributions can better
describe the uncertainty spreads of inflow forecasts. This
has clearly illustrated that selecting an appropriate
predictive distribution can yield probabilistic forecasts
with good calibration and vice versa. Despite the three
EMOS results have approximate deterministic perfor-
mance, the NOR-EMOS fails to produce reliable prob-

Fig. 7 Calibration evaluation using Verification Ranked Histogram for (a) raw ensemble forecasts and PIT histograms for (b) NOR-
EMOS, (c) LN-EMOS and (d) GM-EMOS probabilistic forecasts at 1–3 d lead times. The horizontal line indicates the ideal uniform
distribution. The corresponding CD values are displayed in the legends.
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abilistic forecasts since inflow series of TGR are skewed or
non-Gaussian (Zhong et al., 2018b).
Table 2 displays the probabilistic evaluation results of

the raw ensemble forecasts and the three EMOS
probabilistic forecasts in terms of BD, CR and CRPS.
Recall that sharpness is only meaningful when calibration
is satisfied, the raw ensemble forecasts are regarded as the
worst with CR values much smaller than the nominal
coverage 89.47% even though they also have the smallest
BD values or best sharpness. NOR-EMOS have CR values
slightly smaller than the nominal coverage while the CR
values of LN-EMOS and GM-EMOS are approximately
89.47%, indicating the latter two are more reliable in
accordance with the PIT histograms andCD values. In fact,
the CR values are stable with different lead times, but the
BD values increase obviously with the lead time. This has
added difficulty for stakeholders to make decision for long

lead times since uncertainty is large. We argue that GM-
EMOS have better probabilistic performance than LN-
EMOS when both results are reliable. Similar conclusions
can be drawn from the CRPS results, which show that the
GM-EMOS and LN-EMOS have smaller CRPS values
than the raw ensemble forecasts and NOR-EMOS.
To better distinguish the three EMOS results, their

probabilistic inflow forecasts at 1–3 d lead times for annual
maximum daily discharge in 2012 are shown in Fig. 8. The
raw ensemble forecasts at 1 d lead time can well capture
the inflow observation, but underestimate the inflow
observation at 2 d and 3 d lead times. The EMOS
probabilistic forecasts have wider spreads than the raw
ensemble forecasts, while the inflow observation can be
captured by the probabilistic intervals. Comparing the
PDFs of the NOR-EMOS, LN-EMOS and GM-EMOS, it
is found that forecasting PDFs of GM-EMOS have the

Fig. 8 Probabilistic PDFs issued at 1–3 d lead time for daily inflow on 2012, July, 25th. The vertical solid lines indicate the inflow
observation (64700 m3/s).

Yixuan ZHONG et al. EMOS Probabilistic forecasting for TGR 197



narrowest spreads with the largest density allocated in the
vicinity of the inflow observation. Given an overall
consideration, the GM-EMOS method is recommended
for ensemble post-processing of TGR inflow. It is also
noted that the performance of probabilistic forecasts
greatly relies on the accuracy of raw ensemble forecasts.
As shown in Fig. 8, the PDFs of the three EMOS methods
at 3 d lead time appear to have expectations smaller than
the inflow observation since the raw ensemble forecasts are
underestimated, which highlights the importance of
improving ensemble forecasting skill.

4.5 Discussion

In this paper, we delivered a probabilistic inflow forecast-
ing scheme of TGR with EMOS post-processing method
based on ensemble forecasts. An 18-member ensemble
inflow forecasting scheme based on TIGGE NWP data and
different hydrologic models is developed and evaluated,
which considers the forecasting uncertainty of input,
model structure and parameter. Normal, lognormal, and
gamma distributions are used to implement the EMOS
post-processing. The raw ensemble inflow forecasts, NOR-
EMOS, LN-EMOS and GM-EMOS probabilistic inflow
forecasts are obtained and evaluated in terms of determi-
nistic and probabilistic performance. Results indicate the
raw ensemble forecasts of TGR inflow are severely under-
dispersive and underestimate uncertainty. After EMOS
post-processing, the probabilistic forecasts can improve
both the performance of deterministic and probabilistic
forecasting. The GM-EMOS is superior to NOR-EMOS
and LN-EMOS and can generate the best PDFs for TGR
inflow forecasting. Considering the complete inflow
forecasting procedure of TGR involves over one hundred
forecasting nodes and also great man-machine interaction,
it will cost a lot of time, manpower, and money to develop
a new forecasting scheme. This approach can fully utilize
the outcomes of the TGR’s operational inflow forecasting
system, and change the deterministic forecasts to prob-
abilistic forecasts easily.
Ensemble flow forecasting or probabilistic flow fore-

casting systems have been operated in many countries and
districts (Cloke and Pappenberger, 2009; Laiolo et al.,
2014). Arnal et al. (2016) carried out a risk-based decision-
making game on the topic of flood protection mitigation,
which is interesting and has contributed to communicate
the probabilistic forecasters and the end-users. Todini
(2017) made some progressive discussion on the applica-
tion of probabilistic forecasts on flood early warning,
adaptive reservoir management and the potential of
combining risk-benefit with probabilistic forecasts.
It should be noted that achieving reliable probabilistic

inflow forecasts is still far from end of the way. There is
lack of operational case in China to date to provide risk
information for stakeholders’ decision making. The gap
between forecasters and stakeholders on the knowledge of

probabilistic forecasting should be filled since the
conventional operation procedure based on deterministic
forecast is still deep-rooted throughout the practical work.
Therefore, continuous attention will be paid to improve the
probabilistic inflow forecasting and serve water resources
management of TGR.

5 Conclusions

The significance of probabilistic flow forecast for water
resources management and flood control operation is
widely acknowledged nowadays. A probabilistic forecast-
ing scheme for reservoir inflow is developed based on
ensemble forecasts and ensemble model output statistics
(EMOS) method. The main conclusions of this study are
summarized as follows:
1) Ensemble inflow forecasts of TGR at 1–3 d lead times

perform well with the high NSE and small MAE values.
They significantly underestimate forecasting uncertainty
despite the major uncertainty sources sampled during
ensemble generation process.
2) The EMOS probabilistic forecasts outperform the raw

ensemble forecasts in terms of both deterministic and
probabilistic evaluation criteria, and are more reliable with
much flatter PIT histograms and CR values approximate to
the nominal coverage.
3) LN-EMOS and GM-EMOS show better performance

than NOR-EMOS, which emphasize the importance of
using suitable predictive distributions for inflow series.
GM-EMOS is recommended for TGR since it can generate
calibrated or reliable probabilistic inflow forecasts with the
least uncertainty among the three EMOS results as verified
by the BD values.
4) The developed probabilistic inflow forecasting

scheme can generate satisfactory forecasting PDFs with
good reliability and sharpness and has potential value for
practical application since it does not need much variation
of the current inflow forecasting procedure of TGR.
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