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Abstract: Accurate seasonal streamflow forecasting is important in reservoir operation, watershed
planning, and water resource management, and streamflow forecasting is often based on hydrological
models driven by coupled global climate models (CGCMs). To understand streamflow forecasting
predictability, this study considered the three largest rivers in China and explored deterministic and
probabilistic skill metrics on the monthly scale according to ensemble streamflow hindcasts from the
hydrological model Hydrologiska Byråns Vattenbalansavdelning (HBV) driven by multiple climate
forcings from the climate system model by the Beijing Climate Center (BCC_CSM1.1m). The effects
of initial conditions (ICs) and meteorological forcings (MFs) on skill were investigated using the
conventional ensemble streamflow prediction (ESP) and reverse-ESP (revESP). The results revealed
the following: (1) Skill declines as lead time increases, and forecasting is generally the most skillful
for lead month 1; (2) skill is higher for dry rivers than wet rivers, and higher for dry target months
than wet months for the Yellow and Yangtze Rivers, suggesting greater skill in potential drought
forecasting than flood forecasting; (3) the relative operating characteristic (ROC) area is greater
for abnormal terciles than the near-normal tercile for all three rivers, greater for the above-normal
tercile than the below-normal tercile for the Yellow and Yangtze Rivers, but slightly greater for the
below-normal tercile than the above-normal tercile for the Xijiang River; and (4) the influence of
ICs outweighs that of MFs in dry months, and the period of influence varies from 1 to 3 months;
however, the influence of MFs is dominant in wet target months. These findings will help improve the
understanding of both the seasonal streamflow forecasting predictability based on coupled climate
system/hydrological models and of streamflow forecasting for variable rivers and seasons.

Keywords: Pearl River; predictability; seasonal streamflow forecasting; Yangtze River; Yellow River

1. Introduction

Water is the resource affected most severely by climate change. Alterations of annual
water availability, seasonal discharge, and extreme flows in various river basins have been
observed and projected. The Yellow, Yangtze, and Pearl Rivers, which are the three most
important rivers in terms of China’s water supply, food production, and socioeconomic
development, have each experienced and will continue to face water-related issues. For
example, the Yellow River has experienced decreased annual runoff, low flow events, and
frequent periods of high flow [1,2] and water scarcity is predicted to continually threaten
the basin over the next 30 years [3]. The Yangtze River has experienced the decline of
annual runoff in its upper reaches [1] but increased flood events and higher frequency
of drought in its middle reaches [4]. It is predicted that the river will be threatened in
the future by higher risk of floods and uncertain changes in annual water availability
in its upstream area [5–7]. The Pearl River has experienced increased flood events since
1990 [8] and temporary water shortages in its delta region, and it is expected that it will
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face aggravated water stress and higher risk of flash floods over the coming years (Yan et al.
2015; Liu et al. 2018) [3,9].

In the context of climate change, accurate streamflow prediction plays an increasingly
important role in flood and drought control, reservoir operation, watershed planning,
water resource management, and mitigation of the impacts of climate change [10–14]
by providing critical information in advance on timescales that extend from minutes to
seasons, years, decades, and even centuries. To meet such requirements, the coupling of
physically based distributed hydrological models with CGCMs has been adopted widely
in many studies (e.g., Yuan et al. 2012 [15]; Liu et al. 2018 [3]; Liu et al. 2019 [16]).
Although numerous methods have been proposed and applied, obtaining accurate long-
term streamflow forecasts remains a challenge [17] owing to the various uncertainties
attributable to the initial conditions (ICs), meteorological forcings (MFs) (especially from
the CGCMs), hydrological structure, and parametrization.

In this study, we produced a set of 28-year (1991–2018) ensemble seasonal hydrologi-
cal hindcasts for the Yangtze, Yellow, and Pearl Rivers in China using the well-calibrated
hydrological model Hydrologiska Byråns Vattenbalansavdelning (HBV) driven by multiple
climate forcings from a moderate resolution version of the climate system model of Beijing
Climate Center (BCC_CSM1.1m) [18], and produced two sets of 27-year ensemble hydro-
logical hindcasts for the three rivers using conventional ensemble streamflow prediction
(ESP) and reverse-ESP (revESP) methods. The aim of this study was to understand how
hydrological forecasting skill varies with season, lead time, and river location, and how the
hydrological ICs and MFs might influence the forecasting skill.

2. Materials and Methods
2.1. Study Basins
2.1.1. Yellow River

The Yellow River is the second largest river in China in terms of length and drainage
area, and its basin covers a region of approximately 752,443 km2 (excluding an isolated
inflow area of approximately 42,000 km2). Although accounting for approximately 2%
of China’s national water resource, it irrigates 15% of the cultivated area and supports
12% of the population [19]. The river has been and will continue to be threatened by
the effects of severe water scarcity [3]. Most areas of the basin are subject to semiarid
or arid climatic conditions. During 1961–2019, the areal annual mean temperature and
precipitation varied in the range of 8.1–10.5 ◦C and 341–703 mm, respectively. Precipitation
during the summer flood period (June–September) accounts for approximately 68% of
the annual total. However, the observed runoff during this period accounts for 48% of
the annual total due to the effects of the climate and human activities, especially reservoir
regulation. This study focused on the watershed located upstream of the Huayuankou
hydrological station, which marks the division between the middle and lower reaches of
the Yellow River (Figure 1). The area of the studied watershed accounts for 97% of the
entire area of the Yellow River Basin. Its natural discharge through the station generally
accounts for more than 95% of the total runoff of the basin in the recent decade. However,
it is influenced considerably by anthropogenic activities such as reservoir operation and
diversion for irrigation.
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Figure 1. Locations of the study areas and hydrological stations.

2.1.2. Yangtze River

In terms of length and mean annual discharge, the Yangtze River is the largest river
in China and the third largest river in the world. It covers an area of approximately
1.8 million km2 and supports a population of over 440 million people [1]. The water resource
of the basin (approximately 975.5 billion m3) accounts for 36% of the national river runoff.
It supports more than 40% of China’s population and gross domestic product (GDP). Its
tributaries belong to high-cold, subtropical, and temperate climatic zones. During 1961–2019,
the areal annual mean temperature and precipitation varied in the range of 15.1–16.8 ◦C
and 964–1411 mm, respectively. Annual precipitation in the basin varies from 324 to 500
mm in northwestern regions to 1600–2618 mm in southeastern parts. In addition, 80% of the
annual precipitation falls during the rainy season (April–October) and approximately 43%
of the annual precipitation falls in summer (June–August). The spatiotemporal variation of
precipitation often leads to drought/flood hazards. This study focused on the upper reaches
located upstream of the Cuntan hydrological station (Figure 1), which covers approximately
867,000 km2 and provides more than 80% of the river flow to the Three Gorges Project.

2.1.3. Pearl River

The Pearl River is the third largest river in China in terms of length and the second
largest in terms of mean annual discharge. Its drainage basin covers an area of approxi-
mately 453,700 km2. Its water resources, which account for approximately 16% of China’s
national total [20], are used to irrigate approximately 3% of the national cropland and to
support 14% of the national population [21]. This study focused on the Xijiang River, which
is the largest tributary of the Pearl River. It extends for 2214 km and drains western and
central parts of the Pearl River Basin, accounting for 78% of the total area of the Pearl River
Basin. The watershed area upstream of its outlet hydrological station (Gaoyao station)
accounts for 99% of the area of the Xijiang River Basin. The locations of the Xijiang River
Basin and the Gaoyao hydrological station are shown in Figure 1. During 1961–2019, the
areal annual mean temperature and precipitation varied in the range of 18.7–20.4 ◦C and
1071–1786 mm, respectively. Dominated by the East Asian summer monsoon, 78% of the
annual precipitation falls during the flood season (April–September) when runoff accounts
for 74% of the annual total [3].
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2.2. Climate Date

The observed daily precipitation and mean air temperature from 1958 to 2018, ob-
tained from the National Meteorological Information Center of the China Meteorological
Administration, were used to calibrate and validate the hydrological model, and then
used to generate a reference run and to provide ICs for the hydrological hindcasts as
meteorological forcings.

Meteorological hindcasts were derived from BCC_CSM1.1m, which is an operational
seasonal forecast system of the Beijing Climate Center of the China Meteorological Ad-
ministration. Its atmospheric circulation component model is a spectral model with about
100 km horizontal resolution (~1.0◦ × 1.0◦) at the middle latitude region and 26 vertical
levels [18], which has operated monthly since January 2016. It produces 13-month climate
forecasts for 24 ensemble members using a lagged average forecasting strategy with 6-h
intervals of atmospheric ICs of the final 6 days in a month. As CGCMs inevitably have
biases and their spatial resolutions are usually too coarse for hydrological applications [22],
monthly hindcasts are obtained only if the forecasting period exceeds 2 months. Therefore,
anomaly bias correction and temporal disaggregation were applied to obtain the daily
forcing at each grid of the hydrological hindcasts during 1991–2018.

2.3. Calibration and Validation of Hydrological Model and Streamflow Date

There are various versions of the HBV hydrological model. The original semi-
distributed conceptual hydrological model HBV was developed by the Swedish Mete-
orological and Hydrological Institute [23]. In this study, a derivative of the “Nordic” HBV
model, HBV-D was used to simulate streamflow. It is a semi-distributed basin-scale hydro-
logical model, which divides a basin into small hydrological units, and can simulate the
daily river flow and water balance. Compared to the original HBV, HBV-D results in an
improved description of land cover characteristics and more physically sound evapotran-
spiration schemes [24]. The model was ever calibrated for the upper reaches of the Yangtze
River [6], the Yellow River, and the Xijiang River [3] using the observed discharge and
simulated discharge forced by gridded re-analysis climate data. To reduce the uncertainty
associated with both hydrological parameterization and climate forcing, calibration and
validation of the hydrological model were repeated for the three studied basins using
climate observations other than the gridded re-analysis forcing as in previous studies,
as well as the longest available records of streamflow data. Information on the naturalized
monthly streamflow through the Huayuankou hydrological station during 1961–1998, ob-
served streamflow through the Gaoyao station during 1960–2006, and observed streamflow
through the Cuntan station during 1961–2006 was available and used.

The performance of HBV-D for the three river basins was evaluated using the following
indices: Nash—Sutcliffe efficiency (NSE), coefficient of determination (R2), and percent bias
(Pbias). They were calculated using Equations (1)–(3), respectively. An NSE efficiency of
1 corresponds to a perfect match of simulated discharge to the observed data. An efficiency
of 0 (NSE = 0) indicates that the model simulations are as accurate as the mean of the
observed data, whereas an efficiency less than 0 (NSE < 0) occurs when simulation is worse
than the observed mean. The value of R2 indicates the relationship between observation
and simulation. The greater R2 is, the higher the correlation is. Pbias can help identify the
average model simulation bias (over simulation vs. under simulation). In accordance with
the recommendation by Moriasi et al. (2015) [25], the performance of a watershed-scale
model can be judged “satisfactory” for flow simulations if the following criteria are met:
Monthly R2 > 0.60, NSE > 0.50, and |Pbias| < 15%. Furthermore, the monthly discharge
simulation was also compared with observations using matched curves of month-to-month
sequencing.

NSE = 1 − ∑n
i=1 (Qi − Pi)

2

∑n
i=1 (Qi − Q)

2 (1)
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R2 =

 ∑n
i=1
(
Qi − Q

)(
Pi − P

)√
∑n

i=1
(
Qi − Q

)2
√

∑n
i=1
(

Pi − P
)2

2

(2)

Pbias = ∑n
i=1 Qi − Pi

∑n
i=1 Qi

× 100% (3)

where Qi is the observed discharge for the record, i, Q is the observed mean of all the
observed discharge, Pi is the simulated discharge for record i driven by the observed
climate, and P is the mean of all the simulated discharge.

As listed in Table 1, the values of both NSE and R2 were >0.7 and the value of |Pbias|
was <15% during the calibration and validation periods for the three basins, i.e., within
the “satisfactory” range. Moreover, the monthly simulations matched the observations
well, as shown in Figure 2. Therefore, the performance was judged satisfactory and the
model was considered highly suitable for application to the three basins. Then, as in most
previous related research, the calibrated HBV model was used to simulate streamflow
without consideration of human interventions such as reservoir management.

Table 1. Performance of hydrologiska byråns vattenbalansavdelning (HBV) simulations for the
monthly streamflow in the study areas.

Basin Hydrological
Station

Calibration Validation

NSE R2 Pbias NSE R2 Pbias

Yellow River Huayuankou 0.76 0.77 3.7% 0.73 0.74 3.7%
Yangtze River Cuntan 0.86 0.86 −0.9% 0.71 0.74 9.8%
Xijiang River Gaoyao 0.94 0.96 −9.5% 0.93 0.94 −12.5%
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Figure 2. Observed and simulated monthly runoff during periods of calibration and validation at (a) Huayuankou station
along the Yellow River, (b) Cuntan station along the Yangtze River, and (c) Gaoyao station along the Xijiang River.
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2.4. Assessment of Hydrological Hindcast Skill
2.4.1. Skill Metrics

The performance of the hydrological hindcasts was determined using pseudo observa-
tions for 1991–2018, based on the simulation forced by the observed climate. The anomaly
percentage of streamflow other than streamflow was applied since anomaly forecasting is
more important and more skillful than that of the streamflow itself.

The skill of deterministic streamflow forecasting was measured in terms of the anomaly
correlation coefficient (ACC), which was used to measure the phase errors. A forecast can
be considered perfect for a case with ACC = 1, whereas it is determined worse than the
reference situation for a case with ACC < 0. Correlation is considered significant at the 0.05
significance level for a case with ACC > 0.367.

Another performance metric, i.e., the relative operating characteristics (ROC) area,
was used to measure the skill of probabilistic forecasting. The areas of ROC_A, ROC_N,
and ROC_B represent the three categories of above normal, near normal, and below normal,
respectively. A forecast can be considered to have a certain skill for a case where the ROC
area is >0.5, whereas it has no valid information for a case where the ROC area is ≤0.5.
All metrics were measured at a monthly resolution rather than a seasonal resolution.

For convenience and ease in the investigation of the tendency of skill with the exten-
sion of lead time and the relationship between skill metrics and between rivers, the mean
skill score at the level of the lead time was calculated using Equation (4), and that of the
mean overall lead time and target months was calculated using Equation (5) based on
mathematical averaging:

Si = ∑12
j=1 Si,j (4)

ST =
6

∑
i=1

Si (5)

where Si is the mean skill score at the level of lead time i (i = 1, 2, . . . , 6), Si,j is the skill
score for lead time i and target month j (j = 1, 2, . . . , 12), and ST is the mean skill score
over all lead times and target months.

2.4.2. Skill from Hydrological Initial Conditions and Meteorological Forcings

The skill of CGCM-based seasonal hydrological forecasting can usually be attributed
to accurate hydrological ICs, advanced hydrological models, and accurately downscaled
or bias-corrected CGCM precipitation and temperature [26]. To investigate the relative
contributions to forecast skill from the hydrological ICs and MFs, conventional ESP and
revESP have been widely used since the 1970s. One early application of ESP was the
National Weather Service in the United States in the 1970s [27]. The theoretical framework
of revESP was proposed and used to evaluate the importance of ICs and MFs by Wood and
Lettenmaier (2008) [28]. Another two applications were Shukla and Lettenmaier (2011) [29],
and Yuan et al. (2016) [19], where the roles of ICs and MFs were invested in the United
States and in China, respectively. Usually, for the ESP method, a hydrological model with
realistic ICs is driven by an ensemble of MFs resampled from the history. For the revESP,
the hydrological model is driven by observed meteorological forcings with an ensemble of
ICs from history.

In this study, for the ESP method, HBV-D with ICs of the target year was driven by
an ensemble of MFs resampled from the history excluding the target year. For the revESP
method, HBV-D is driven by the observed climate of the target year with an ensemble
of ICs resampled from the history excluding the target year. ESP was used to isolate the
skill attributable to the considered hydrological ICs, whereas revESP was used to separate
the contributions of the MFs. The relative importance of the hydrological ICs and MFs in
streamflow forecasting was measured based on the RMSE ratio (RMSEESP/RMSErevESP).
The importance of the hydrological ICs was considered to outweigh that of the MFs for the
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target month if the variance ratio was <1. Conversely, the MFs were considered to prevail
over the ICs if the ratio was >1.

2.4.3. Experimental Design

Four experimental schemes were designed to assess the performance of the proposed
seasonal streamflow forecasting system, and to measure the relative importance of the ICs
and MFs in streamflow forecasting.

(1) Ref-sim: A continuous simulation from 1991 to 2018 driven by the observed climate
was used to generate the hydrological ICs at the beginning of each calendar month,
the reference streamflow, and soil moisture for the assessment of the naturalized
hydrological predictability over the three basins.

(2) ESP-sim: ESP simulations initialized at the beginning of each calendar month during
1991–2018, with annually varying hydrological ICs identical to experiment (1) and
with 27 realizations of 7-month MFs taken from the same period of the target year
while excluding the target year. For example, for an ESP simulation starting in
February 1991, the ICs were identical to experiment (1) in January 1991, and the
27 ensembles of the MFs were those in experiment (1) during February–July of
1992–2018 but without using the MFs in the target year (i.e., 1991).

(3) RevESP-sim: The revESP simulations were generated with annually varying MFs
identical to experiment (1) but with 27 ensembles of hydrological ICs taken from
different years excluding the target year. For example, for the revESP simulation
starting in January 1991, the MFs were those in experiment (1) during February–July
of 1991, while the 27 ensembles of ICs were taken from January of 1992–2018 but
without using the ICs in January of the target year (i.e., 1991).

(4) Full-hind: Full hindcasting simulations were generated with annually varying hy-
drological ICs taken from the same date of experiment (1) and with 24 ensembles of
MFs from CSM_1.1m for the 6 target months. For example, for the full hindcasting
simulation starting in February 1991, the ICs were identical to experiment (1) in
January 1991, while the MFs were the 24 ensemble hindcasts from CSM_1.1m during
February–July of 1991.

3. Results
3.1. Yellow River
3.1.1. Skill of Deterministic Streamflow Hindcasts

The seasonal variation of the ACC for the six lead times for the Yellow River is shown
in Figure 3a. It can be seen that there is a decreasing (increasing) tendency before (after)
summer. Therefore, the ACC is generally smaller for target months in summer than in
other seasons. However, the ACC is significant at the 0.05 significance level for almost
all target months for lead month 1, and it is significant for those months during winter
and the first 2 months of spring (i.e., December–April) for the other five lead times. This
suggests that streamflow forecasting with the proposed method is generally skillful for
most target months for lead month 1, and that it is more skillful for dry and relatively drier
months during transition seasons than for other months for all six lead times. It can also be
observed in Figure 3b that there is a tendency of decline with the extension of lead time, i.e.,
the ACC of 0.774 for lead month 1 decreases to 0.346 for lead month 6. A similar decreasing
tendency can also be seen in Figure 3a, where the ACC is significant for 11 target months
for lead time 1 but for only 5 target months for lead month 6.



Water 2021, 13, 162 8 of 14Water 2021, 13, x FOR PEER REVIEW 8 of 14 
 

 

 
Figure 3. Variation of (a) anomaly correlation coefficient (ACC) and (c) ratio of forecast to the observation variance with 
the target month for six lead times, and (b) skill scores variation with the lead time in terms of ACC and relative operating 
characteristic (ROC) areas for the Yellow River. 

3.1.2. Skill of Probabilistic Streamflow Hindcasts 
The seasonal variation of the ROC areas for three tercile categories for the six lead 

times for the Yellow River is illustrated in Figure 4. The ROC areas for the below-normal 
tercile are >0.5 for target months during winter, spring, and the final month of the transi-
tion from wet to dry seasons (i.e., November–May) for all six lead times, and even for all 
12 months for lead month 1, but <0.5 for most target months during the summer flood 
season for lead months 5 and 6 (Figure 4a). A similar seasonal variation in the ROC areas 
for the above-normal tercile can be observed in Figure 4b, but the skillful target months 
extend forward to October from November for all six lead times, and even cover all 12 
months for lead months 1 and 2. However, for the near-normal tercile, streamflow fore-
casting generally has no valid information for target months of April–November (Figure 
4c). These findings reveal that skill is generally higher for target months during the dry 
season and certain months during the transition season than for wet months, higher for 
the abnormal terciles than for the near-normal tercile, and higher for the above-normal 
tercile than for the below-normal tercile. The ROC area is 0.738, 0.642, and 0.767 for the 
below-normal, near-normal, and above-normal terciles, respectively, over all target 
months and all six lead times (Table 2), suggesting that skill is highest (lowest) for the 
forecasting of the above-normal (normal) tercile. The relationship between the three cate-
gories illustrates a tendency of decline of the ACC with the extension of lead time (Figure 
3b). 

Table 2. Mean skill metrics over all target months and lead times for the study areas. 

Basin ACC Below-Normal Near-Normal Above-Normal 
Yellow River 0.507 0.738 0.642 0.767 

Yangtze River 0.436 0.688 0.601 0.728 
Xijiang River 0.168 0.573 0.531 0.560 

 
Figure 4. Variation of ROC areas for (a) below-normal, (b) above-normal, and (c) near-normal with the target month for 
six lead times for the Yellow River. 
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3.1.2. Skill of Probabilistic Streamflow Hindcasts

The seasonal variation of the ROC areas for three tercile categories for the six lead times
for the Yellow River is illustrated in Figure 4. The ROC areas for the below-normal tercile
are >0.5 for target months during winter, spring, and the final month of the transition from
wet to dry seasons (i.e., November–May) for all six lead times, and even for all 12 months
for lead month 1, but <0.5 for most target months during the summer flood season for
lead months 5 and 6 (Figure 4a). A similar seasonal variation in the ROC areas for the
above-normal tercile can be observed in Figure 4b, but the skillful target months extend
forward to October from November for all six lead times, and even cover all 12 months
for lead months 1 and 2. However, for the near-normal tercile, streamflow forecasting
generally has no valid information for target months of April–November (Figure 4c). These
findings reveal that skill is generally higher for target months during the dry season and
certain months during the transition season than for wet months, higher for the abnormal
terciles than for the near-normal tercile, and higher for the above-normal tercile than for
the below-normal tercile. The ROC area is 0.738, 0.642, and 0.767 for the below-normal,
near-normal, and above-normal terciles, respectively, over all target months and all six
lead times (Table 2), suggesting that skill is highest (lowest) for the forecasting of the
above-normal (normal) tercile. The relationship between the three categories illustrates a
tendency of decline of the ACC with the extension of lead time (Figure 3b).
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Table 2. Mean skill metrics over all target months and lead times for the study areas.

Basin ACC Below-Normal Near-Normal Above-Normal

Yellow River 0.507 0.738 0.642 0.767
Yangtze River 0.436 0.688 0.601 0.728
Xijiang River 0.168 0.573 0.531 0.560
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3.1.3. Streamflow Predictability from Hydrological ICs and MFs

The seasonal variation of the ratio of the RMSE of streamflow from the ESP simulations
to that from the revESP simulations is shown in Figure 3c. All the ratio curves show peaked
shapes that indicate that the greatest values are associated with the wet season. However,
the values of <1.0 are concentrated in target months of October–June for lead month 1,
of November–March for lead month 2, of December–February for lead month 3, and of
January–March for lead months 4 and 5. There are no target months with values of <1.0 for
lead month 6. These findings suggest that hydrological ICs play a dominant role in the dry
season and the relatively drier months of the transition seasons, but that the importance
of this role declines as the lead time increases. The duration of influence of the ICs is up
to 3 months in the dry season and early spring, but it is only 1 month in mid–late spring
and early summer. The MFs play a dominant role for target months of July–September
(May–October) from the 1st (3rd) month forecast.

3.2. Yangtze River
3.2.1. Skill of Deterministic Streamflow Hindcasts

The seasonal variation of the ACC for the Yangtze River, illustrated in Figure 5a, shows
that the ACC is significant for all 12 target months for lead month 1 at the 0.05 significant
level, for December–June for lead month 2, and generally significant for December–May
for lead months 3–6. These findings suggest that streamflow forecasting is generally more
skillful for winter and spring than for other seasons, and that it is more skillful for a shorter
lead time than for a longer lead time. The ACC curves at the lead time level further illustrate
the tendency of decline with the extension of lead time (Figure 5b). The greatest (smallest)
value of the ACC is 0.711 (0.309) for lead month 1 (5).
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3.2.2. Skill of Probabilistic Streamflow Hindcasts

The ROC areas for the two abnormal terciles show a decreasing tendency during the
earlier months and an increasing tendency during the following months with different
turning points for different lead times (Figure 6a,b). The ROC areas are >0.5 for all target
months for lead months 1–3 for the below terciles, and for more than 8 target months,
including those in winter, spring, and some of the other seasons, for lead months 4–6.
In comparison with the below-normal tercile, the skillful periods for the above-normal
tercile are slightly extended. Among the skillful target months, the ROC areas are generally
higher for those in winter and spring than in other seasons. Similar to the abnormal terciles,
there are more skillful target months for the first three lead times than for the other three
longer lead times, and the ROC areas for winter are relatively greater than in other seasons
for all lead times except for lead month 6. However, there are slightly fewer skillful target
months for the normal tercile than for the abnormal terciles. These findings suggest that
skill is generally higher for shorter lead times than for longer lead times, higher for the dry
season than for the wet season, and higher for the abnormal terciles than for the normal
tercile. It can also be observed in Figure 5b that there is a tendency of decline with the



Water 2021, 13, 162 10 of 14

extension of lead time and the relationship between the three tercile categories. The latter
is presented more clearly in Table 2, where the mean ROC area is greatest (smallest) for the
above-normal (normal) tercile. This further confirms that the streamflow forecasting skill
is highest (lowest) for the above-normal (normal) tercile.
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Figure 6. Variation of ROC areas for (a) below-normal, (b) above-normal, and (c) near-normal with
the target month for six lead times for the Yangtze River.

3.2.3. Streamflow Predictability from ICs and MFs

For the Yangtze River, it can be seen from Figure 5c that the ratio of the RMSE of
streamflow from the ESP simulations to that from the revESP simulations is slightly smaller
than 1.0 for the target months of December–February for lead months 2–5, and for the
target months of September–February for lead month 1, although the ratio is close to 1.0
for February. For this wet river basin, these findings indicate that the slight dominance
of the influence of the ICs usually persists for 5 months in winter but for only 1 month in
autumn. However, the slight dominance of the influence of the MFs prevails in spring and
summer for the first month forecast, but the role becomes more obvious from the second
month forecast in these two seasons, as well as in autumn.

3.3. Xijiang River
3.3.1. Skill of Deterministic Streamflow Hindcasts

Different from the other two rivers, the curves of the seasonal variation of the ACC
for the Xijiang River are more complex (Figure 7a). The ACC is significant for all target
months other than May for lead month 1, and significant only for 1 or 2 target months for
the other five lead times, suggesting that streamflow forecasting is skillful only for lead
month 1. The tendency of decline with the extension of lead time is illustrated more clearly
in Figure 7b, where the ACC is as high as 0.645 for lead month 1, but decreases abruptly to
0.152 for lead month 2 and falls to even smaller values for the longer lead times.
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Figure 7. Variation of (a) ACC and (c) ratio of forecast to the observation variance with the target
month for six lead times, and (b) skill scores variation with the lead time in terms of ACC and ROC
areas for the Xijiang River.
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3.3.2. Skill of Probabilistic Streamflow Hindcasts

As shown in Figure 8, the changes of monthly ROC areas are complicated for the
Xijiang River. They do not show a tendency with the delay of the target month but they
are >0.5 for target months in winter. Similar to the other rivers, for the same target month,
the ROC area is usually greater for lead month 1 than for other lead times and greater
for the abnormal terciles than for the normal tercile. The tendency of decline with the
extension of lead time shown in Figure 7b is similar to that found for the other rivers.
Overall, the mean ROC area is 0.573, 0.531, and 0.560 for the below-normal, near-normal,
and above-normal terciles, respectively, over all target months and for all six lead times
(Table 2).
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the target month for six lead times for the Xijiang River.

3.3.3. Streamflow Predictability from ICs and MFs

The ratio of the RMSE of streamflow from the ESP simulations to that from the revESP
simulations for the Xijiang River is shown in Figure 7c. It can be seen that the ratio is <1.0
for all 12 target months for lead month 1, but >1.0 for target months of June–November for
the other five lead times, although the ratios are close to 1.0 for the first 5 months of the year.
For this wet river basin, these findings indicate that the period over which the influence of
the ICs is dominant is only 1 month in summer and autumn, and that the influence of the
MFs prevails from the second month in both seasons. However, the importance of the role
of the MFs is almost equal to that of the ICs in winter and spring.

3.4. Skill Comparison between Rivers

The values of the mean ACC and ROC areas for each river over all target months and
lead months are listed in Table 2. The values are greatest (smallest) for the Yellow (Xijiang)
River for any metric of skill, suggesting that streamflow forecasting is more skillful for dry
rivers in northern China than for wet rivers in southern China.

4. Discussion and Conclusions

Based on the investigation of metrics of skill in terms of the ACC and ROC areas, and
the relative influence of ICs and MFs in relation to the three studied rivers, certain findings
related to streamflow predictability were revealed.

(1) There are more skillful target months and the skill scores are generally greater for
lead month 1 than for longer lead times. This is consistent with the tendency of decline
with the extension of lead month, which was highlighted by Greuell et al. (2018) [30] in
relation to regions of Europe with snow-rich winters. This might be due to the low skill
of climate models at local scales and to the declining influence of the ICs after the first
month forecasts.

(2) As for seasonal variation of the skill metrics, the skill scores are generally higher for
target months in winter and early spring than for those months during the wet period for
the Yellow River, and generally higher for target months in winter than for those months in
the wet period for the Yangtze River. However, no obvious seasonal variation was found
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for the Xijiang River. This suggests that streamflow prediction is more skillful for potential
drought forecasting than for flood forecasting in the Yellow and Yangtze rivers.

(3) Generally, in terms of both the ACC and the ROC area, streamflow forecasting
is more skillful for the dry river in northern China than for the two wet river basins in
southern China. Moreover, forecasting is more skillful for the abnormal terciles than for the
near-normal tercile for each of the three rivers, more skillful for the above-normal tercile
than for the below-normal tercile for the Yellow and Yangtze rivers, and more skillful for
the below-normal tercile than for the above-normal tercile for the Xijiang River.

(4) The period of dominance of the influence of the hydrological ICs and MFs depends
on the season and geographic location. The prevailing role of the ICs is concentrated in the
dry season for the Yellow River, during which the period of dominance of the influence of
the ICs can persist for up to 5 months. Although the period and duration of the influence
of the ICs are largely the same as for the Yellow River, the influence of the ICs declines
for the Yangtze River. Different from the other two rivers, the period of dominance of the
influence of the ICs for the Xijiang River is concentrated in the first month of summer and
autumn and the influence prevails for only 1 month. From the second month forecast,
the MFs play an obvious prevailing role in the wet season and the relatively wetter periods
of the transition seasons for all the three rivers. Similar findings were revealed by both
Yuan et al. (2016) [19] and Wood and Lettenmaier (2008) [28], where the importance of the
MFs was found to outweigh that of the ICs during the wet season, and the duration of
the influence of the ICs varied from 2 to 5 months during the dry season for the Yellow
River Basin, and where the ICs yielded the streamflow forecasting skill for up to 5 months
during the transition period between the wet and dry seasons in northern California (USA).
The differences in the seasons and durations of influence of the ICs between the above
studies could possibly be attributed to uncertainties associated with the hydrological
modeling, MF datasets, and river locations.

(5) Target months in winter with higher skill scores match well with periods when
the influence of the ICs outweighs that of the MFs, and target months in wet periods with
lower skill scores generally match with periods when the influence of the MFs outweighs
that of the ICs for the Yellow and Yangtze Rivers. These findings suggest dominance of the
influence of the ICs (MFs) on streamflow predictability in the dry (wet) season and for dry
(wet) rivers. To improve the streamflow forecasting skill in the dry season and for dry rivers,
it is more important to obtain precise hydrological conditions. However, in the wet season
and for wet rivers, the streamflow forecasting skill could be improved through various
valid methods. For example, remote sensing information and streamflow assimilation
by a hydrological model or a land surface model can improve the ICs (i.e., Montero et al.
2016 [31]; Mazrooei and Sankarasubramanian 2019 [32]), while bias-correcting outputs from
CGCMs and multi-model ensemble predictions and dynamical downscaling can improve
either the MFs or the ICs (i.e., Yuan et al. 2015 [22]; Yao and Yuan 2018 [33]; Lee and
Ahn 2019 [34]). In addition, the application of satellite and remote sensing products in
hydrological model inputs [12,35], and hydrological postprocessing are able to increase the
forecast skill and reduce uncertainty [15,22].

The findings of this study will help improve the understanding of the predictability
of streamflow forecasting based on the output of a hydrological model driven by CSM.
Moreover, the results reveal the focus for the improved streamflow forecasting skill, i.e.,
obtaining precise hydrological ICs in the dry season for dry rivers, and enhanced MFs in
the wet season for wet rivers. However, a further investigation will be required to clarify
the reasons for the complex seasonal variation of the skill metrics, elucidate the relative
roles of the ICs and MFs (especially for the Xijiang River), and introduce various methods
to improve hydrological forecasting. In addition, it is left for future work to investigate the
uncertainty of skill of discharge predicted from the hydrological model structure.
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