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Abstract An experimental seasonal drought forecasting
system is developed based on 29-year (1982–2010) seasonal meteorological hindcasts generated by the climate
models from the North American Multi-Model Ensemble
(NMME) project. This system made use of a bias correction and spatial downscaling method, and a distributed
time-variant gain model (DTVGM) hydrologic model.
DTVGM was calibrated using observed daily hydrological
data and its streamflow simulations achieved Nash–Sutcliffe efficiency values of 0.727 and 0.724 during calibration (1978–1995) and validation (1996–2005) periods,
respectively, at the Danjiangkou reservoir station. The
experimental seasonal drought forecasting system (known
as NMME-DTVGM) is used to generate seasonal drought
forecasts. The forecasts were evaluated against the reference forecasts (i.e., persistence forecast and climatological
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forecast). The NMME-DTVGM drought forecasts have
higher detectability and accuracy and lower false alarm rate
than the reference forecasts at different lead times (from
1 to 4 months) during the cold-dry season. No apparent
advantage is shown in drought predictions during spring
and summer seasons because of a long memory of the
initial conditions in spring and a lower predictive skill for
precipitation in summer. Overall, the NMME-based seasonal drought forecasting system has meaningful skill in
predicting drought several months in advance, which can
provide critical information for drought preparedness and
response planning as well as the sustainable practice of
water resource conservation over the basin.
Keywords Seasonal drought forecasting system ·
NMME · DTVGM · Soil moisture · Han River basin

1 Introduction
Under the influence of climate changes and intense anthropogenic activities, the frequencies and severities of climatic extremes (e.g., droughts and floods) are projected to
increase in the future, which can lead to severe food and
water security concerns in many regions of the world.
China has been experiencing increased droughts over the
past few decades and is especially vulnerable to increased
drought risks under climate change (Wang et al. 2011, Su
et al. 2008; Zhai et al. 2010). Unlike other natural disasters (e.g., floods), droughts often develop slowly, making
it difficult to detect them until they have become severe
and caused a large amount of damages. If droughts can be
predicted a month or more ahead of time, then the impact
may be mitigated. Well-planned drought preparations cannot be made without reliable predictions of likely future
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droughts. Therefore, accurate predictions of future drought
conditions are critical for drought preparedness and water
resource management.
There exists an extensive body of research on seasonal
hydrological forecasting and applications to drought monitoring and predictions over the last five decades. Traditional
seasonal hydrological forecasting is primarily based on
empirical methods such as linear regression, which relates
basin initial conditions and/or large-scale climate anomalies
[e.g., Pacific decadal Oscillation (PDO), El Niño-Southern
Oscillation (ENSO) and Pacific/North American (PNA)]
to hydrologic variables (Garen 1992; Pagano et al. 2004;
Yuan et al. 2015a). Since the emergence of conceptual and
distributed hydrologic models, seasonal hydrological forecasting using physically-based models has become popular.
An Ensemble Streamflow Prediction (ESP) system that utilizes a hydrologic modeling system to simulate the future
hydrologic conditions, was put forward by Day (1985),
which could overcome some limitations of the regressionbased method. However, the ESP system relies on land surface memory, and the premise is that historical records are
representative of the possible future climatic conditions. In
general, the skill of the ESP system decreases significantly
after 1 month (Shukla et al. 2013). More recently, there is
a trend in developing climate-model-based seasonal hydrological forecasting systems, which aims to benefit from the
predictive knowledge of the coupled atmosphere-oceanland general circulation models (CGCMs) and land surface
hydrologic models (Yuan et al. 2015b). Those systems have
also shown meaningful predictive skill over many regions,
where seasonal hydrologic forecasts and extreme predictions were generated by driving hydrological models with
bias-corrected meteorological forecasts from CGCMs and
refined initial land surface hydrologic conditions (Yuan
et al. 2013). In addition, seasonal hydrological forecasting
system based on multi-CGCMs has also been getting attention, which provided more accurate evaluation of hydrologic predictability (Mo and Lettenmaier 2014; Yuan et al.
2015b).
To date, a number of seasonal hydrological forecasting
systems for drought predictions have been established and
operated globally at many scientific research institutions
and operational agencies. For instance, Princeton University developed a Drought Monitoring and Hydrologic
Forecasting system to provide seasonal soil moisture and
drought probability forecasts over the United States (Luo
and Wood 2008; Yuan et al. 2013). The system (http://
hydrology.princeton.edu/forecast) is based on climate prediction products from the National Centers for Environmental Prediction (NCEP) Climate Forecast System version 2 (CFSv2) and VIC hydrological model. The system
was modified to form an African Drought Monitor system
(ADM; Sheffield et al. 2014), which provides drought
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predictions out to 6 months by combining the VIC hydrological modeling, satellite remote sensing products and
CFS seasonal climate forecasts. The system with multiple
CGCMs (e.g., North American Multi-model Ensemble
(NMME) project) also provides seasonal hydrological forecasting of droughts and wet spells for major global river
basins (Yuan et al. 2015a). A recently launched European
research project, IMPREX, is built to improve predictions
and management of hydrological extremes through climate
services (van den Hurk et al. 2016; http://www.imprex.
eu). In addition, more organizations and projects have
been initiated to focus on drought forecasting and warning,
including the Hydrologic Ensemble Prediction Experiment
(HEPEX) and Hydrology and Water Resources Programme
(HWRP).
There are a few operational and experimental seasonal
hydrological forecasting systems for drought prediction in
China. For instance, Xiao et al. (2016) built a probabilistic
seasonal drought forecasting model based on copula functions in the Huai River basin. Yuan et al. (2016) and Yuan
(2016) developed an experimental seasonal hydrological
forecasting system over the Yellow River basin by using
NMME climate forecast models and the VIC land surface
hydrological model.
However, most seasonal drought forecasting systems are
built from large-scale land surface hydrological models,
which need to be improved given the small-scale catchment
features and changes in land use and land covers in basins
with intense human activities (Wood et al. 2011). Further,
regardless of the great progress in seasonal drought forecasting, a great challenge still remains in terms of how to
effectively disseminate the information from the system to
the decision makers, which requires cross-disciplinary dialogue and collaboration (Yuan et al. 2015b).
The Han River is the largest tributary of the Yangtze
River of China, flows through the China’s heart, linking
the Yangtze and Yellow River basins. Because of its clear
water quality and convenient location, the upper Han River
is the water source of the Middle Route of China’s SouthNorth Water Transfer Project (Zhang 2005), which supplies
water from the Danjiangkou reservoir into North China,
including Beijing and Tianjin, to relieve water shortages in
the region (Li et al. 2009). During the last half century, precipitation has obviously dropped, and drought frequencies
showed an increasing trend in the Han River (Meng and
Yin 2012). Under the influence of climate change, precipitation, terrain factors and intensive anthropogenic activities, drought disasters have occurred more frequently in the
upper Han River basin (Ren et al. 2013).
Therefore, in this paper, we present and evaluate an
experimental seasonal drought forecasting system for soil
moisture drought prediction over the upper Han River
Basin in China using climate prediction products from
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multiple CGCMs participating in the NMME project (Kirtman et al. 2014). The next section briefly describes the data
and methodology for the seasonal hydrological forecasting
system, and the assessment of the predictions for soil moisture hindcasts and realistic drought events is presented in
Sect. 3. The conclusions and discussion are then summarized in Sect. 4.

2 Data and methodology
2.1 Study area
The Han River has a total length of 1530 kilometers and
its drainage basin covers a total area of approximately
159 × 103 km2 (Li and Zhang 2012; Shen and Liu 1998;
Yang et al. 1997). Its upper river basin (105°29′–112°E,
31°20′–34°10′N; approximately 95,200 km2 in area)
extends from the head of the basin to Danjiangkou reservoir and lies in the north sub-tropic monsoon climatic
zone (Li et al. 2008). The average precipitation is ranges
between 700 and 1800 mm/year, of which approximately
80% falls during the rainy season of May to October period
(Yang et al. 1997). The average runoff is 41.1 × 109 m3/year
and has large inter-annual and intra-annual variability (Jin
and Guo 1993; Yang et al. 1997). Based on a 500 m DEM,
the upper Han River basin has been divided into 380 subbasins (418 km2 on average) using a Geographic Information System (GIS). The hydrologic process was performed
on each sub-basin, which is the minimum hydrologic unit
of the hydrological model.
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2.2 Observed data and NMME hindcasts
Station-based daily meteorological observations were bilinearly interpolated to 0.5-degree resolution, and temperature was first adjusted to the corresponding elevation based on a constant lapse rate (6 °C/km). Figure 1
exhibits the geographical locations of the meteorological stations and Danjiangkou reservoir. The latitude and
longitude of the Danjiangkou reservoir are 32.56°N and
111.49°E, respectively.
Hindcasts and forecasts from the NMME project (Kirtman et al. 2014), in support of intraseasonal to seasonal to
interannual predictions, have been widely used for hydroclimate forecasting (Becker et al. 2014; Delsole et al.
2014; Mo and Lettenmaier 2014; Tian et al. 2014; Yuan
and Wood 2012, 2013). The predictive skills of precipitation and meteorological drought based on the NMME
hindcasts have been investigated in China, where most of
the models perform well (Ma et al. 2015, 2016). In this
study, climate hindcasts (including monthly precipitation
and temperature) with total 71 ensemble members during
the period 1982–2010 from six models (Ma et al. 2015)
were used as inputs to drive the hydrological model. For
any of these models, the lead-0 month refers to forecasts
with a 0.5-month lead time, lead-1 month refers to 1.5month lead time, and so on. The hindcasts are interpolated into 68 grids at a 0.5 degree resolution, and then
bias-corrected and downscaled to 380 sub-basins using a
bias correction and spatial downscaling approach (Wood
et al. 2002) and the inverse quadratic distance weighing
method.

Fig. 1  Locations of the meteorological and hydrological
stations in the upper Han River
basin, China. Blue represents
the lowest elevation whereas red
represents the highest elevation
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2.3 Experiment design
A schematic diagram of the seasonal forecasting system
for drought prediction in the upper Han River Basin is
provided in Fig. 2. The central element is the distributed
time-variant gain model (DTVGM) hydrological model
that converts meteorological information into land surface
states such as soil moisture conditions. For each month,
the monthly soil moisture is converted into percentiles to
produce soil moisture index, and the 20th percentile is used
as the threshold to determine if a region is in drought. The
validation datasets for soil moisture are soil moisture from
the DTVGM offline simulation forced by observed precipitation (Yuan et al. 2015a).
2.4 Hydrologic models
The DTVGM, which takes advantage of both nonlinear
and distributed hydrological models, is proposed to simulate diverse hydrologic processes under changing climatic
conditions (Xia et al. 2005; Ye et al. 2014). The DTVGM
model (Xia et al. 2005) includes the following major parts.
(1) Preprocessor for land surface parameters and hydrological condition, including the spatial distribution of the
drainage characteristics and hydrometeorological forcing
variables. In this process, the potential evapotranspiration can be simulated by Hargreaves method (Arnold et al.
1997; Pereira et al. 1999), and then the actual evapotranspiration is obtained based on the energy balance. (2) Runoff

Fig. 2  Schematic diagram for
seasonal drought predictions
in the upper Han River Basin,
China

13

F. Ma et al.

generation simulation. There are three runoff components
on each hydrologic unit (sub-basin in this paper), including surface runoff on land surfaces, sub-surface runoff from
surface soil layers, and base flows from deep soil layers.
The DTVGM model is designed based on water balance
and calculated as:
(1)
where P is precipitation, W is soil moisture, E is evaporation, Rs is surface runoff, Rss is sub-surface runoff, Rg is
base flow, and i is a period of time. (3) Flow routing simulation. The routing model used in this process is the kinematic wave model. The flow route can be treated as the
river stream network, which is ranked from the outlet of the
sub-basin to upstream according to the flow direction (Ye
et al. 2005), and the flow routing is undertaken inversely. A
detailed description of the DTVGM model can be found in
Xia et al. (2003). The DTVGM model has performed well
in simulating hydrological processes and the complex relations between land surface change and runoff variation over
different basins (Xia et al. 2005; Ye et al. 2010). The calibration of the DTVGM model is described in Sect. 2.5.

Pi + Wi = Wi+1 + Rsi + Ei + Rssi + Rgi

2.5 Calibration of the DTVGM model
The DTVGM model was run from 1967 to 2010, and the
simulations in the first twelve years were dropped for spinup. Eighteen years (1978–1995) of daily hydrological data
for the Danjiangkou station were selected to calibrate the

Seasonal drought ensemble predictions based on multiple climate models in the upper Han River…

model and data for the last ten years (1996–2005) were
used for validation. The five major parameters of the
DTVGM runoff model selected for calibration were the
runoff coefficient when soil is saturated (g1, 0 < g1 < 1),
the soil water parameter (g2, g2 > 0), the infiltration rate
(fc, 0–30 mm/h), the sub-surface runoff coefficient (Kr,
0 < Kr < 1), and the groundwater runoff coefficient (Kg,
0 < Kg < 1). The optimized DTVGM runoff parameters
were then used to generate simulated runoff to calibrate the
DTVGM routing model, and the Manning roughness coefficient (n, 0.001 < n < 0.15; Huggins and Monke 1966) was
selected for calibration.
Figures 3 and 4 show the comparison results between the
simulated and observed streamflows during the calibration
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and validation periods, respectively. A Nash–Sutcliffe efficiency (NSE) value of one corresponds to a perfect match
between the simulated and reference streamflows, and
a value of less than zero occurs when the climatology is
better than the model simulated streamflow. The averaged
NSE during the calibration and validation periods were
0.727 and 0.724, respectively. The values of correlation
coefficient (R) during the calibration and validation periods were 0.89 and 0.86. The simulated and observed total
water volumes were similar, with a balance coefficient of
0.905 during the calibration period and 1.039 during the
validation period, both values being close to one. Furthermore, the simulated streamflows matched the observations reasonably well (Figs. 3, 4) during the calibration

Fig. 3  Observed (red) and DTVGM simulated (black) daily streamflow datasets during the calibration period (1978–1995) at Danjiangkou reservoir on the upper Han River

Fig. 4  Observed (red) and DTVGM simulated (black) daily streamflow datasets during the validation period (1996–2005) at Danjiangkou reservoir on the upper Han River
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and validation periods. The aforementioned fitting statistics
demonstrates that the DTVGM model is reasonably accurate for long-term simulations of hydrological conditions in
the upper Han River Basin.
2.6 Bias Correction of the NMME climate hindcasts
The Bias Correction approach (Wood et al. 2002), which
originally was developed to process monthly datasets, was
adopted in this study to correct the biases in the NMME
climate model precipitation forecasts. In this study, the
bias correction was based on two datasets: observed meteorological datasets (1957–2011) and hindcasts from a
given NMME model member (1982–2010). First, both the
observed data and hindcasts were interpolated to a resolution of 0.5 × 0.5. For each grid cell, given month, and variable (precipitation, average temperature, maximum temperature, and minimum temperature), Cumulative Distribution
Function (CDF) curves for both observed datasets and
model hindcasts were then constructed in a leave-one-out
(i.e., the target year) cross validation mode. For low precipitation, an Extreme Value Type III (Weibull) distribution
where a lower bound is known to be zero was employed.
For high precipitation, an Extreme Value Type I (Gumbel)
function was applied. For temperature, a normal distribution was employed. The paired CDFs were related to form
a ‘quantile map’ through a probability threshold, which can
be used to assess the bias between the observed data and
model hindcasts. The adjustment for bias removal involved
the following steps: (1) identifying the hindcast value at any
time step and finding the related rank probability from the
‘quantile map’; (2) identifying the corresponding observed
value having the same rank probability in the ‘quantile
map’; (3) the bias correction is then carried out by replacing the hindcasts value with the observed value. Finally, the
bias-corrected hindcasts are expressed as anomalies (shift
for temperature and percentage for precipitation) regarding
the monthly averaged observed values for the 55-yr climatology period.
With the downscaled and bias-corrected monthly variables, daily time series were generated by randomly sampling the observed daily series and rescaling to match the
monthly hindcasts (Luo and Wood 2008) for each member.
Both the daily meteorological hindcasts and observations
were then downscaled to 380 sub-basins in the upper Han
River Basin to force the DTVGM model to produce soil
moisture hindcasts and references, using the inverse quadratic distance weighing method.
In this paper, soil moisture indexes for each sub-basin
are defined as percentile values of the current soil moisture
versus the 29-year soil moisture climatology at each calendar month (Sheffield et al. 2004), which were obtained from
running the DTVGM model using observed atmospheric
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forcings during the period 1982–2010. The soil moisture
percentile-based drought index can be used in drought forecasting because of its quantitative nature as a spatially continuous field (Luo and Wood 2007). Hit rate, False alarm
rate, bias score and brier score (Wilks 2011) were used to
assess the forecast skill of soil moisture drought from different aspects. The soil moisture index maps from the references and NMME models’ ensemble means (EMs) were
then compared and drawn to show the skills in predicting
specific droughts in the upper Han River Basin.

3 Results and discussion
Figure 5 shows the forecast skill of seasonal precipitation
hindcasts from the NMME ensemble mean, which were the
input data for soil moisture forecasting, at the first lead over
the upper Han River basin. Herein, spring is from March
to May, summer is from June to August, autumn is from
September to November, and winter is December to February in the next year. For each season, the hindcast period
is 1982–2010 (29-year), so a correlation of 0.21 (0.18) is
statistically significant at the 5% (10%) level. The precipitation forecasts at lead-0 shows the highest skill during the
spring and autumn, with an average correlation coefficient
of 0.71, and the forecast skill declines as the forecast lead
time increases. The high skills appear in the southern part
during spring, and in western part during autumn. For the
prediction forecasts during the summer, the grand NMME
has the lowest but moderate skill, with an averaged correlation higher than 0.24 (p < 0.05). However, the eastern part
of the upper Han River basin shows almost no skill during
summer. Until the lead-3 month, the precipitation hindcasts
also have high skill, with an averaged correlation higher
than 0.6, during the spring and autumn (not shown).
The differences in Pearson’s correlation for the seasonal
precipitation at lead-0 between NMME ensemble mean
forecasts and reference forecasts (i.e. climatological mean
forecasts during the period of 1967–1981) are shown in
Fig. 6. NMME shows generally higher predictive skill than
climatological forecasts except for the western and eastern
parts of the upper Han River basin during summer, indicating some challenges in predicting precipitation during summer over those regions. Most of the significant improvements appear in southeastern part of the upper Han River
basin during autumn, and much of the upper Han River
basin during winter.
The soil moisture hindcasts begin at the first of each
calendar month of every year, over the 29-year period
1982–2010 and run for 4 months, with 71 ensemble members for NMME-DTVDM. The predictions were very skillful at capturing the drought areas when a wide range of
regional droughts occurred over the upper Han River basin,
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0.8
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0.4
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0.18

Fig. 5  Pearson’s correlation of seasonal precipitation forecasts from the NMME ensemble averaged among 71 members at the first lead over the
upper Han River basin during the period of 1982–2010
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Fig. 6  Differences in Pearson’s correlation of seasonal precipitation between the NMME ensemble averaged among 71 members at the first lead
and climatological forecasts over the upper Han River basin during the period of 1982–2010
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but over-predicted them when the droughts were not severe
(not shown). The drought areas are defined as the total area
of subbasin where the monthly average soil moisture value
is less than the threshold at the 20th percentile. Over the
upper Han River basin, there are decreasing conformities
with lead times between the predicted soil moisture drought
and estimated soil moisture drought areas, with correlation
coefficient values of 0.72, 0.54, 0.45, and 0.33 from 0 to 3
lead months, respectively.
The NMME-DTVGM forecasts are then compared
with reference forecasts based on historical simulations
of 1967–1981. Figure 7 exhibits the differences in hit rate
for soil moisture drought between NMME ensemble mean
forecasts and reference forecast. The reference forecast is
persistent forecast, where the initial soil moisture (mean
states during the period of 1967–1981 in this study) is used
throughout the forecast horizon. The hit rate was calculated
as the ratio of correct drought predictions to the number
of times drought occurred (that is, the detectability; Wilks
2011). For example, a hit rate value of 0.5 indicates that
50% of the soil moisture droughts in the hindcast period
can be predicted by the seasonal drought forecasting system. The hit rate was more than 0.6 at shorter lead months,
which indicates that more than 60% of the soil moisture
droughts can be predicted by NMME-DTVGM at least
1 month ahead (not shown). Here, positive difference in hit
rate indicates that NMME-DTVGM forecast is better than
persistent forecast. NMME-DTVGM is generally more
skillful than persistent forecast over most regions, except for
eastern part of the upper Han River basin during summer.
Spring

Summer

Lead−0

This is consistent with the phenomenon that almost no
predictive skill and little improvement in NMME precipitation forecast also happen in summer (Figs. 5b, 6b). The
biggest improvement occur in the winter, which may attribute to the biggest improvement of precipitation in winter (Fig. 6d). During cold season, more than 40% of soil
moisture droughts can even be predicted 4 months ahead
by NMME-DTVGM, in spite of low precipitation skill, due
to the long memory from the initial conditions (such as soil
moisture and snow, not shown). Other study (Shukla and
Lettenmaier 2011) also provided similar results, and demonstrated that the predictability of soil moisture had strong
seasonality. The improvement of NMME-DTVGM is still
significant until lead-3, however, the difference decreases
with lead time, which may be because of the influence of
initial conditions and the decreasing predictability of climate forecasts with leads.
Figure 8 shows the differences in False alarm rate (FAR)
for soil moisture drought as in Fig. 7. The FAR was the
fraction of drought predictions that fail to occur (Wilks
2011). The FAR was less than 0.5 at shorter lead time, and
increased with leads (not shown). The NMME-DTVGM
shows higher hit rate and lower FAR at the first two leads,
indicating more accurate drought predictions (not shown).
Here, negative difference in false alarm rate indicates that
NMME-DTVGM forecast is better than persistent forecast. Figure 8 shows that negative differences still last until
lead-3 month, indicating lower false alarm rate of NMMEDTVGM than persistent forecast. Unlike hit rate, the differences in false alarm rate between NMME-DTVGM and
Autumn

Winter

1

0.9

0.8

0.7

Lead−1

0.6

0.5

0.4

Lead−2

0.3

0.2

0.1

Lead−3

Fig. 7  Differences in hit rate for soil moisture drought between
the NMME and reference forecast, at different seasons and forecast
leads during the hindcast period (1982–2010). The NMME were the
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ensemble mean soil moisture from all of the models in the study, the
reference forecast is persistent forecast
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Winter
0

Lead−0

−0.1

−0.2

−0.3

Lead−1

−0.4

−0.5

Lead−2

−0.6

−0.7

−0.8

Lead−3

−0.9

−1

Fig. 8  Differences in false alarm rate for soil moisture drought as in Fig. 7

persistent forecast are small after lead-1, indicating fastincreasing false alarm rate in NMME-DTVGM. In addition, the bias score for soil moisture drought of NMMEDTVGM is shown in Fig. 9. The bias score represents
the ratio of predicted drought events to the actual drought
events, with unbiased forecasts of one. The NMMEDTVGM usually overforecasts the soil moisture drought
over the upper Han River basin, with the value of bias score
greater than one. The phenomenon of overforecasting is

Spring

Summer

more severe during spring and winter. During the winter,
there is underforecasting at the lead-3 month. The persistent forecast also overforecasts or underforecasts the soil
moisture drought irregularly (not shown).
Hit rate, false alarm rate, and bias score are just one
aspect of forecast skill, and the Brier Score (BS; Wilks
2011) is widely applied to assess the probabilistic drought
forecasting performance (Ma et al. 2015). A high accuracy rate receives a smaller BS, and a perfect forecast

Autumn

Winter

6

5

Lead−0

4

3.5

3

Lead−1

2.5

2

Lead−2

1.5

1

0.5

Lead−3

0

Fig. 9  Bias score for soil moisture drought of the NMME at different seasons and forecast leads during the hindcast period (1982–2010)
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has BS = 0. The BS is often converted to Brier skill score
(BSS), normalizing the score by that of a reference forecast,
for example, climatological forecast. A BSS of 1 indicates
a perfect forecast, a value of 0 indicates skill of reference
forecast, while the negative value should indicate lower
skill than reference forecast. Figure 10 shows the brier skill
score (BSS) of soil moisture drought predicted by NMMEDTVGM, using climatological forecast as reference forecast, which consists of the samples from historical simulation during 1957–1981. The biggest improvement occur in
autumn, while there is little improvement in spring despite
higher predictive skill for precipitation (Fig. 5c). The
effects of initial condition on soil moisture during spring
are expected to larger than other seasons. This is another
example of predicting uncertainty associated with both the
climate forecasts and the initial conditions.
The 1997 drought over the upper Han River basin was
one of the most severe seasonal droughts in the past 50
years (Tao et al. 2015; Xu 1998). Other than the drought
monitor (http://www.cma.gov.cn/tqyb/v2/product/), however, few studies predicted the 1997 drought over the
upper Han River basin. In this study, to further evaluate
the skill of the seasonal drought forecasting system, the
capability of NMME-DTVGM for predicting the 1997
soil moisture drought was tested. Comparison of the predicted soil moisture index from the ensemble mean of the
NMME-DTVGM forecasts and estimated soil moisture
index for August-October 1997 at different lead times is
shown in Fig. 11. Over the upper Han River basin, the soil
moisture drought extended to the entire river basin in September. Most droughts are associated with anomalies in
Spring

Lead−0

Summer

precipitation. The precipitation anomalies for the antecedent 3 months of August–October 1997 from observations
over the upper Han River basin are shown in Fig. 12a–c.
During the 3 months, the negative precipitation anomalies resulted in soil moistures below the 20th percentile
(Fig. 11a–c). By comparing with the referenced soil moisture index, the predictions 1–2 months ahead over the south
were satisfactory for predicting the soil moisture drought
over the region during the 3 months (August–October,
1997). Meanwhile, the precipitation of antecedent 3 months
from the NMME mean hindcasts also shows negative
anomalies over the southern part (Fig. 12a0–a2, b0–b2,
c0–c2). The predicted soil moisture conditions 1 month
ahead matched well with the estimated soil moisture in
terms of the area of the drought in September. However, the
NMME-DTVGM under-predicted the area and severity of
drought in August and predictions at lead-2 month during
the 3 months. The under prediction may be attributed to the
positive precipitation anomalies in the NMME mean hindcasts (Fig. 12a0–a2, b0–b2, c0–c2). However, the inconformity between the dry soil moisture index (Fig. 11a0–a1,
b0–b1) and precipitation positive anomalies (Fig. 12a0–a1,
b0–b1), such as northern part, may attribute to the memory
of the initial soil moisture conditions. In fact, predictions
from the same initial conditions (ICs) produced similar soil
moisture conditions (Fig. 11a0, b2, c3), which also indicate that ICs are a major source of hydrologic predictability
(Yuan et al. 2015b). In addition, our system also can indicate the region where soil moisture is wetter than normal,
such as the northeastern part of the upper Han River basin
in August (Fig. 11a), but it over-predicted the severity. The
Autumn

Winter

1

0.9

0.8

0.7

Lead−1

0.6

0.5

0.4

Lead−2

0.3

0.2

0.1

Lead−3

0

Fig. 10  Brier skill scores (BSS) for seasonal soil moisture drought predicted by NMME-DTVGM during the hindcast period (1982–2010). The
reference forecast is climatological forecast

13

Seasonal drought ensemble predictions based on multiple climate models in the upper Han River…
Estimated SM
(a)

1 Month Lead Predicted SM
(a0)

7457

2 Month Lead Predicted SM
(a1)

3 Month Lead Predicted SM
100

(a2)

90

AUG
1997

80

70

(b)

(b0)

(b1)

(b2)

60

50

SEP
1997

40

30

(c)

(c0)

(c1)

(c2)

20

10

OCT
1997

0

Fig. 11  Predicted soil moisture index for the 199708, 199709, and 199710 forecasts at different forecast leads (1–3 months), compared with the
simulated soil moisture index obtained using the observed meteorological forcing

Lead−0

JJA 1997 P Anomaly

OBS
(a)

(a0)

Lead−2

Lead−1
(a1)

(a2)

mm/day
6

5

4

3

(b)

(b0)

(b1)

(b2)

2

JAS 1997

1

0

−1

−2

(c)

(c0)

(c1)

(c2)

ASO 1997

−3

−4

−5

−6

Fig. 12  Average precipitation anomalies for JJA (June–August), JAS (July–September), and ASO (August–October) 1997 from observations
(a–c) and the NMME mean hindcasts at different leads

precipitation anomalies in the northeastern part also are
positive during June–August 1997 (Fig. 12a). The precipitation anomaly patterns corresponded well with the soil
moisture conditions, which indicates the considerable contributions of the climate forecasts to hydrological predictability. In addition, the climatic factors that led to drought
during 1997 over the Han River basin have been presented
in Xu (1998).

4 Conclusions
In this study, a seasonal hydrological forecasting system
was established using high resolution and fine calibration
procedures. Its performance in predicting soil moisture
droughts was assessed over the upper Han River basin.
Based on 18 years (1978–1995) of observed streamflow
data at the Danjiangkou reservoir and an observed forcing
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dataset interpolated from meteorological stations. The
DTVGM land surface hydrological model was calibrated
over 380 sub-basins in the upper Han River basin. During the calibration and validation (1996–2005) periods,
the averaged Nash–Sutcliffe efficiency (NSE) were 0.727
and 0.724, respectively. For the predictions, the 29-year
(1982–2010) NMME climate hindcasts were bias corrected and downscaled to the river basin scale to drive the
DTVGM land surface hydrologic model, and the evaluation was based on the 29-year soil moisture hindcasts and
a realistic drought case. It was found that the model-based
seasonal drought forecasting system provided a reliable
prediction of soil moisture conditions, especially at shorter
lead times.
When soil moisture droughts widely occurred over the
upper Han River basin, the system was able to capture
the area of soil moisture below the 20th percentile threshold well. However, the system always over-predicted the
drought areas when the soil moisture droughts were not
severe. In terms of the hit rate (HR), False alarm rate, bias
score and brier score (BS), the system exhibited good predictive skill against reference forecast for predicting soil
moisture droughts in the upper Han River basin, especially
during the cold–dry season at shorter lead times. During
the cold-dry season, the system was even able to predict
droughts 4 months in advance. Because of great influence of initial conditions during spring and lower predictive skill for precipitation during summer, little improvements against reference forecast are found during these
seasons. The NMME-DTVGM generally overforecasts the
soil moisture drought events. A forecasting of the AugustOctober 1997 widespread drought shows that NMMEDTVGM was able to predict the spatial pattern and severity of the soil moisture drought quite well at the first two
lead months. The major cause of drought in August–October 1997 may have been the lack of precipitation before
the drought occurred, which was influenced by circulation
anomalies. In addition, wetter-than-normal soil moisture
conditions can also be captured by NMME-DTVGM. Both
initial land surface conditions (ICs) and climate forecast
skill influence hydrologic predictability.
Overall, the seasonal hydrological forecasting system
with NMME-DTVGM ensemble mean established in this
study demonstrated encouraging performance for predicting soil moisture drought hindcasts and well predictions
for the August-October 1997 drought. Other than previous
studies (e.g. Yuan et al. 2016; Yuan 2016), our study was
focused on the drought prediction ability in humid basins,
and also tried to use a different hydrological model, which
is proposed to simulate diverse hydrologic processes based
on the sub-basins, to predict droughts. A website will be
established to provide drought monitoring and real-time
drought forecasts (e.g., soil moisture and streamflow)
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several months in advance, using the seasonal hydrological forecasting system based on NMME real-time climate
forecasts (including the six models in this study and other
added models in NMME, such as COLA-RSMAS-CCSM4,
GFDL-CM2p5-FLOR-A06, and GFDL-CM2p5-FLORB01; http://iridl.ldeo.columbia.edu/SOURCES/.Models/.
NMME/) or/and extended NMME-II datasets with higher
temporal resolutions. Combining the seasonal drought forecasting system with impact models and application sectors
for drought mitigation planning will maximize the effectiveness of the system and minimize losses. This system
can also be applied to flood forecasting in the future to permit appropriate and timely flood precautions.
Although this study established a seasonal hydrological forecasting system for drought forecasts over the upper
Han River basin, many issues must be addressed in future
research: (1) more realistic drought cases are required to
demonstrate the stability of the results; (2) the estimated
soil moisture is not completely representative of reality,
and the observed soil moisture from in situ measurements,
data assimilation and remote sensing can provide more reliable assessments of the system; (3) multiple hydrological
models are necessary to reduce the uncertainties in drought
predictions, and a hydrological post-processor is essential
for a hydrological forecasting system, especially over river
basins that are seriously influenced by human activities;
and (4) for the headwater of the middle line of the Southto-North Water Diversion Project in the upper Han River
basin, more effort should be given to improve the understanding of the influences of water resources management
and human intervention on future hydrologic conditions
and how to incorporate them into the seasonal hydrological forecasting system. The real-time monitoring and prediction of the drought seasonal hydrological forecasting
system will provide critical information for drought preparation several months in advance and for water resources
management and sustainable practices for the South-toNorth Water Diversion Project in the basin.
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